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Abstract 
Motivation: Although common data models for electronic health record (EHR) data can facilitate multi-site data organization 
and querying, the same medical event may still be coded differently between healthcare systems. In this paper, we present 
statistical methods to identify and mitigate coding discrepancies using summary-level data, and demonstrate these methods 
using data from two FDA Sentinel data partners: Kaiser Permanente Washington and Kaiser Permanente Northwest.

Results: We first characterize differences in coding patterns, then compute a code mapping matrix to harmonize data be
tween systems. Our findings reveal significant heterogeneity in coded EHR data, even after adopting a common data 
model with the same coding system, highlighting the importance of data harmonization before downstream analyses. Our 
study also demonstrates the effectiveness of the data harmonization approaches, which provide a foundational data qual
ity step to promote semantic interoperability, enhance data integration, and improve the integrity of study conclusions.

Availability and implementation: Computation prototypes, including R/Python codes and examples, are included in 
Section 7, available as supplementary data at Bioinformatics online and will be posted on GitHub upon publication.
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1 Introduction
The U.S. Food and Drug Administration (FDA) launched the 
Sentinel Initiative to enhance medical product safety through a 
national system that answers safety questions about approved 
drugs and vaccines using electronic healthcare data (Robb et al. 
2012). Sentinel’s Distributed Data Network securely integrates 
insurance claims data, electronic health records (EHR), and 
other healthcare databases (Curtis et al. 2012) by sharing 
summary-level data across organizations while protecting pa
tient privacy. This allows the FDA to analyze extensive real- 
world data to rapidly identify and assess potential safety con
cerns and make regulatory decisions.

A key challenge for efforts like Sentinel is the heterogeneity in 
medical coding over time and across healthcare systems. 
Current practices to harmonize structured EHR data across sites 
include using a common data model (Klann et al. 2019, Haendel 
et al. 2021) and mapping to standardized coding systems, with 
principles published by organizations such as the World Health 
Organization and International Organization for Standardization 
(Pathak et al. 2011, Cartwright 2013). Although common data 
models and mappings between coding systems can facilitate 
multi-site data organization and querying with standard variable 
names and formats, the same medical event may still be coded 
differently within the same system due to varying clinical and 
administrative coding mechanisms (Zhou et al. 2022). For in
stance, billing incentives may encourage more detailed coding 
in one system than another. Code substitution, when two similar 
codes are used interchangeably for the same medical condition, 
can occur if systems have different technological or organiza
tional factors affecting coding patterns. Coding granularity dif
ferences, whereby systems use more or less specific codes for 
procedures or diagnoses, may also exist. These differences in 
code usage may be mistaken for true differences in clinical out
comes. Unless detected and harmonized, this heterogeneity can 
lead to measurement errors, lack of model portability across 
health systems, and ultimately downstream bias in study 
conclusions.

In this article, we study approaches to harmonize structured 
EHR data by detecting and reducing heterogeneity in coding dif
ferences between two healthcare systems. We focus on harmo
nization after datasets have been mapped to the same common 
data model and coding system. That is, we study how the same 
set of codes can be used differently across healthcare systems 
and how to mitigate such differences. Developing a formal ap
proach to reduce coding heterogeneity is critical but challenging 
due to high data dimensionality and data-sharing constraints to 
protect patient privacy in federated systems like Sentinel. 
Manual inspection is often ad hoc and not scalable for all codes 
of interest. Moreover, validation of harmonization results is diffi
cult without a known truth and requires multidisciplinary exper
tise from clinicians, informaticians, statisticians, and others.

To tackle these challenges, we apply and evaluate data- 
driven, privacy-enhancing statistical methods to describe and 
mitigate coding differences between healthcare systems. We il
lustrate these methods using data from two Sentinel healthcare 
systems: Kaiser Permanente Washington (KPWA) and Kaiser 
Permanente Northwest (KPNW). We use summary-level data to 
characterize heterogeneity in coding patterns and then perform 

harmonization of medical codes. We validate our results using 
novel statistical methods.

The primary contribution of this work is the development of 
an end-to-end framework for quality checking and harmonizing 
structured EHR data in federated data networks while preserv
ing patient privacy. While group-wise association tests and em
bedding alignment and mapping build on prior literature, their 
integration into a unified pipeline that operates entirely on 
summary-level information distinguishes this approach from 
existing methods. In addition, the proposed framework incorpo
rates an empirical validation strategy that does not rely on the 
availability of ground-truth mappings. Figure 1 presents a sche
matic of the end-to-end harmonization workflow, including het
erogeneity detection, code embedding, space alignment, code 
mapping, and validation.

2 Materials and methods
2.1 Data source
We assembled data from 2011 to 2022 to form a dynamic cohort 
of diabetes patients at KPWA and KPNW, two integrated health
care systems in Washington and Oregon, respectively. Data from 
both sites were mapped to the Sentinel Common Data Model 
with standard coding systems, and we obtained information on 
enrollment, ICD-9, ICD-10, CPT, LOINC, HCPCS, local health 
system-specific codes, and other code types (Xu et al. 2015, 
Garza et al. 2016). Patients newly meeting eligibility criteria (de
tailed below) on January 1 of each year (referred to as the eligi
bility year) entered the study cohort. The following year served 
as the study year, during which diagnosis, procedures, and labo
ratory data were captured. Existing cohort members who no lon
ger met eligibility criteria were censored. Eligibility criteria 
included: age 50+, had been enrolled in KPWA or KPNW for at 
least 9 months of the eligibility year, had a diagnosis of diabetes 
in the eligibility year, and ≥1 month of observed data during the 
study year. We restricted the cohort to patients aged 50 years 
and older to focus on a population with a higher prevalence of 
chronic comorbidities and richer coding patterns, thereby im
proving power and comparability across sites. The cohort 
includes patients with any type of diabetes, including type I, 
type II, and secondary diabetes, identified using diagnosis 
codes, laboratory measurements, and medication use, consis
tent with Sentinel definitions. See Section 1, available as supple
mentary data at Bioinformatics online for more details.

For each cohort member, we defined baseline characteristics 
from the first qualifying eligibility year: age, sex, insulin use, 
Elixhauser comorbidity index (Austin et al. 2015) and its compo
nents (e.g. cardiovascular disease, chronic kidney disease, de
pression), BMI, HbA1c, and healthcare utilization measures (e.g. 
number of hospitalizations, visits, and medications).

2.2 Describing coding heterogeneity
To assess coding heterogeneity between KPWA and KPNW, we 
compared the use of both individual and groups of codes across 
all patients and study years. We studied ICD, CPT, LOINC, reve
nue, HCPCS, local, and other codes. We computed a frequency 
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ratio for each code, defined as the ratio of coding frequency (to
tal number of code endorsements divided by total person-time) 
at KPWA to KPNW. A ratio substantially higher or lower than one 
indicates stronger or weaker endorsement at KPWA compared 
to KPNW. We also compared coding between consecutive study 
years to detect heterogeneity over time within each KP system.

For code-level comparisons, we used a weighted two-sample 
t-test, adjusting for person-time and baseline characteristics. 
For group-level comparisons, we aggregated ICD-9, ICD-10, and 
CPT codes into coarser clinical categories, using standard ICD 
phecode groups from the phenome-wide association study cata
log and the Clinical Classification Software for CPT grouping 
(Denny et al. 2013, Wei et al. 2017). We applied the sequence ker
nel association test (SKAT) and burden test, association tests ini
tially proposed for genomic research (Lee et al. 2014, Shi et al. 
2017). All tests were conservatively corrected for multiple com
parisons using Bonferroni correction and adjusted for baseline 
age, sex, insulin use, and Elixhauser index.

Specifically, we fit a logistic regression model in which the 
outcome is the healthcare system indicator, and the predictors 
include grouped medical code endorsements and patient char
acteristics. The null hypothesis for both the SKAT and burden 
test is that, after adjustment, the grouped codes are not associ
ated with the healthcare system, indicating no residual coding 
heterogeneity. While the burden test assumes effects in a com
mon direction, SKAT allows heterogeneous directions and is par
ticularly sensitive to code substitution within a group. We 

further enhanced privacy in these methods for distributed data 
networks like Sentinel by creating versions that require only 
summary data sharing but produce the same results as using 
individual-level data.

2.3 Mitigating coding heterogeneity
Inspired by language translation in the natural language proc
essing (NLP) literature (Mikolov et al. 2013), we harmonize data 
by creating a mapping of medical codes between KPWA and 
KPNW (the reference site) using a three-step process:

1) Code embedding: Generate site-specific code embeddings, 
which are analogous to word embeddings in NLP, using a 
method proposed in Beam et al. (2020). 

2) Space alignment: align two sets of code embeddings (each 
from a site) into a common “language” space, such that one 
can measure and compare distances across sites. 

3) Code mapping: find the nearest neighbor(s) of each KPWA 
code from KPNW codes within the same clinical category. 

Word embeddings are vector representations of words, where 
words with similar meanings have similar directions in the vec
tor space. Based on the analogy between words in human lan
guage and codes in healthcare data, one can generate code 
embeddings using the same strategy by analyzing the co- 
occurrence patterns of codes in patients’ medical records (Beam 

Figure 1 Workflow schematic for describing and mitigating cross-site coding heterogeneity in federated EHR networks using summary-level 
information.
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et al. 2020). See Section 2.1, available as supplementary data at 
Bioinformatics online for more details.

We clarify related terminology with distinct meanings as fol
lows. Throughout this paper, alignment refers to transforming 
site-specific embedding spaces into a common latent coordi
nate system; mapping refers to the learned correspondence be
tween codes across systems; and harmonization refers to the 
overall process that integrates code embedding, embedding 
space alignment, and code mapping to improve cross-site 
comparability.

We considered two methods for space alignment: projection- 
based alignment (PA) and rotation-based alignment (RA). 
Briefly, projection-based alignment uses regression techniques 
to predict codes across sites, while rotation-based alignment 
includes an additional constraint that the predictions remain 
standardized or have a common length (Xing et al. 2015, Shi 
et al. 2021). See Section 2.2.1, available as supplementary data
at Bioinformatics online for more details.

We define two versions of similarity for code mapping: direc
tional similarity (DS) and regression similarity (RS). Directional 
similarity, i.e. the cosine similarity, is commonly used in NLP. It 
essentially produces an unadjusted association between a pair 
of codes, while the regression similarity corresponds to an ad
justed association. With a given similarity measure, for each 
code in KPWA, we select either the first K codes with the highest 
similarities (top-K matching) or all codes whose corresponding 
similarities are higher than a data-driven threshold selected by 
cross-validation. See Section 2.2.2, available as supplementary 
data at Bioinformatics online for more details.

We denote our main analysis as RADS, which consisted of 
rotation-based embedding alignment followed by computing di
rectional similarity of each pair of codes between KPWA and 
KPNW for mapping. RADS was selected for the primary analysis 
because it is based on directional similarity in the embedding 
space and is therefore robust to scale differences across site- 
specific embeddings, which can arise from differences in code 
frequency distributions and co-occurrence structure (Xing et al. 
2015, Shi et al. 2021). Sensitivity analysis included: (i) PADS (pro
jection-based alignment followed by directional similarity); (ii) 
RARS (rotation-based alignment followed by regression similar
ity); and (iii) refining the similarity measure such that it matches 
individual code frequency between sites, which may improve 
code mapping (Section 4, available as supplementary data at 
Bioinformatics online).

2.4 Validation method
To validate the learned code mapping, we evaluated its ability 
to harmonize data between KPWA and KPNW by asking: “Can a 
site classifier be confused after harmonization?” Specifically, we 
trained a logistic regression model using cataract-related codes 
as predictors and the site indicator as the outcome. Predictors 
were derived from raw KPNW data and harmonized KPWA data. 
A successful mapping should make the harmonized KPWA data 
statistically indistinguishable from KPNW data, resulting in a 
model unable to accurately predict the site of origin. Effective 
harmonization is therefore reflected by poor classification per
formance, with an AUC approaching 0.5. For comparison, we 

also computed the AUC before harmonization, using overlap
ping codes between KPNW and KPWA as predictors.

This evaluation approach is motivated by domain confusion 
principles and provides an empirical strategy for assessing map
ping quality in the absence of ground-truth code mappings, 
which are infeasible to establish comprehensively across all 
medical codes. To complement this quantitative evaluation, 
clinical experts reviewed and validated code comparison and 
mapping results for selected disease conditions, including 
myocardial infarction, heart failure, diabetes, hypertension, 
and cataracts.

All technical details are presented in Sections 2–4, available 
as supplementary data at Bioinformatics online.

3 Results
3.1 Study population
Our final cohort included 74 475 patients at KPWA and 64 231 at 
KPNW. Table 1 presents patient baseline characteristics overall 
and by health system. Patients had a mean follow-up time of 
4.5 years, age of 62.8 years, an Elixhauser comorbidity index of 
3.6, and HbA1c of 7.2. KPWA and KPNW patients were similar in 
both demographics and prevalence of chronic conditions. KPWA 
had more missing data, including for race, BMI, and HbA1c. This 
is because, for example, the KPWA EHR does not capture HbA1c 
if the lab test was ordered at an outside contracting clinic.

We identified 65 935 unique medical codes recorded on our 
cohort members during the study years, including 11 950 ICD-9, 
36 538 ICD-10, 7749 CPT, 59 LOINC, 3174 HCPCS, 2100 local, 
3654 other, and 711 revenue codes. KPWA endorsed 53 004 
unique codes used 57 938 353 times (mean 664 usages per pa
tient, 1093 per code). Of these, 16% were ICD-9, 30% ICD-10, and 
35% CPT codes. KPNW endorsed 49 761 unique codes used 
55 876 254 times (mean 641 usages per patient, 1123 per code). 
Among these, 13% were ICD-9, 27% ICD-10, and 34% CPT codes.

3.2 Describing heterogeneity in coding 
between KPWA and KPNW
Using the adjusted and Bonferroni corrected two-sample t-test, 
we detected significant coding differences between KPWA and 
KPNW for 13% (8348/65 935) of the unique codes. The differen
ces were substantial: 6% (4086) of codes had a frequency ratio 
>5, and 4% (2744) had a frequency ratio <1/5, indicating a five- 
fold difference between health systems. Figure 2a shows P-val
ues from the t-test plotted against the (scaled) frequency ratio, 
revealing that KPNW uses more local and “other” codes. 
Because not all local codes map to common ontologies, this ob
servation highlights the need for data-driven code mapping.

In adjusted Bonferroni-corrected group-level comparisons, 
the burden test and SKAT detected significant coding differen
ces for 33% (828/2523) and 39% (994/2523) of phecode groups, 
respectively. Over 125 code groups had five-fold or more differ
ences. Figure 2b shows burden test P-values against the (scaled) 
frequency ratio, indicating more unique code groups used at 
KPWA. Note that group-level tests were performed for ICD and 
CPT code groups only, and the higher frequency ratio of these 
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groups at KPWA corroborates Fig. 2a’s finding that KPNW uses 
non-ICD/CPT codes more. These significant differences under
score the importance of code mapping.

Figure 2c plots the SKAT versus burden test P-values and 
shows that SKAT tended to return smaller P-values, indicating 
more significant results. This is because SKAT allows for individ
ual coding differences within a group to be in different direc
tions, whereas the burden test which assumes that differences 
are in the same direction. Thus, SKAT can better detect addi
tional types of heterogeneity, such as code substitution. For ex
ample, SKAT detected significant heterogeneity (P< 1 × 10−20) 
in the ICD-10 phecode group 366 (cataract), despite a frequency 
ratio of 1.03, indicating similar group-level counts but differing 
individual code usage. Table 2 explores individual code usage 

within the cataract group and lists the frequency and frequency 
ratio of individual codes. Codes for conditions characterized as 
unspecified were more frequently coded at KPNW, while KPWA 
used more specific codes.

We also compared group-level differences across consecutive 
study years within each system, focusing on ICD-10 codes 
(see Table 2, available as supplementary data at Bioinformatics 
online). A higher proportion of differences were found in 
2019 vs. 2020 and 2016 vs. 2017. Differences between 2019 and 
2020 may be explained by patient healthcare utilization changes 
and organizational upheaval at healthcare systems due to 
COVID-19, while those between 2016 and 2017 may reflect 
the delayed impact of the ICD-9 to ICD-10 transition in 
October 2015.

Table 1 Baseline patient characteristics by health system and overall.

KPWA (N = 74 475) KPNW (N = 64 231) All (N = 138 706)

Age, mean (SD) 62.8 (9.95) 62.8 (9.91) 62.8 (9.93)
Female 36 631 (49%) 31 461 (49%) 68 092 (49%)
Insulin use 17 184 (23%) 12 207 (19%) 29 391 (21%)
Race

Unknown 20 570 (28%) 4168 (6%) 24 738 (18%)
American Indian or 
Alaska Native

1300 (2%) 925 (1%) 2225 (2%)

Asian 5776 (8%) 3661 (6%) 9437 (7%)
Black or African American 3328 (4%) 2495 (4%) 5823 (4%)
Native Hawaiian or Other 
Pacific Islander

773 (1%) 855 (1%) 1628 (1%)

White 42 728 (57%) 52 127 (81%) 94 855 (68%)
Hispanic

No 52 534 (71%) 58 547 (91%) 111 081 (80%)
Unknown 19 107 (26%) 1407 (2%) 20 514 (15%)
Yes 2834 (4%) 4277 (7%) 7111 (5%)

Number of hospitalizations
Mean (SD) 0.190 (0.598) 0.198 (0.622) 0.194 (0.609)
Median [Min, Max] 0 [0, 13.0] 0 [0, 15.0] 0 [0, 15.0]

Number of ambulatory visits
Mean (SD) 13.7 (15.9) 11.1 (15.0) 12.5 (15.6)
Median [Min, Max] 9.00 [0, 365] 7.00 [0, 366] 8.00 [0, 366]

BMI
Mean (SD) 33.1 (7.44) 33.9 (7.71) 33.5 (7.61)
Missing 38 188 (51%) 13 946 (22%) 52 134 (38%)

HbA1c
Mean (SD) 7.22 (1.51) 7.17 (1.43) 7.19 (1.46)
Missing 31 151 (42%) 2916 (5%) 34 067 (25%)

Number of medications, 
mean (SD)

10.5 (6.67) 11.4 (7.51) 10.9 (7.09)

Use of other diabetes medica
tions (i.e. other than insulin)

45 996 (62%) 38 051 (59%) 84 047 (61%)

Cardiovascular disease 11 781 (16%) 9425 (15%) 21 206 (15%)
Chronic kidney disease 10 772 (14%) 9833 (15%) 20 605 (15%)
Congestive heart failure 5167 (7%) 4680 (7%) 9847 (7%)
Depression 12 689 (17%) 10 768 (17%) 23 457 (17%)
Elixhauser comorbidity score

Mean (SD) 3.59 (2.34) 3.52 (2.28) 3.56 (2.31)
Missing 339 (0.5%) 36 (0.1%) 375 (0.3%)
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3.3 Mitigating heterogeneity in coding 
between KPWA and KPNW
In this section, we focus on the cataract phecode group to inves
tigate if data-driven code mapping can address the code substi
tution identified in Section 3.2 by linking specific cataract codes 
used at KPWA with corresponding non-specific codes at KPNW. 
This analysis included 80 379 eligible patients at KPWA and 
68 484 at KPNW, as it does not require patients to have ≥9 total 
months of follow-up during a qualifying study year.

We generated embeddings for non-rare codes (frequency 
≥10), including 6400 ICD-9, 14 537 ICD-10, and 4253 CPT codes 
from KPWA, and 5545 ICD-9, 11 142 ICD-10, and 3334 CPT codes 
from KPNW. Before space alignment, the average within-group 
directional similarity was 0.046, which increased to 0.270 with 

rotation-based alignment and to 0.336 with projection- 
based alignment.

Within the cataract group, there were 17 and 15 non-rare 
codes at KPWA and KPNW, respectively. Figure 2a, available as 
supplementary data at Bioinformatics online presents a matrix 
of directional similarities (cosine values) of all possible pairs of 
these codes, while Fig. 2b, available as supplementary data at 
Bioinformatics online presents the refined matrix after incorpo
rating individual code frequency.

Figure 3 presents code mapping results from KPWA to KPNW 
using the RADS method. Thicker lines indicate higher similarity, 
with line color and type denoting mapping methods. Most lines 
are horizontal, indicating similar coding patterns between sys
tems. More specific codes at KPWA were collapsed and mapped 
to the relevant less specific codes at KPNW. For example, 

Figure 2 Results of individual- and group-level code comparison between KPWA and KPNW. Panel (a) presents adjusted P-values (y-axis) from t-test 
and frequency ratio comparing KPWA to KPNW (x-axis); Panel (b) presents adjusted P-values (y-axis) from burden test and frequency ratio comparing 
KPWA to KPNW (x-axis). A frequency ratio greater than one indicates more utilization per person-year at KPWA, and vice versa. Panel (c) plots 
adjusted P-values from SKAT against adjusted P-values from burden test. Each point corresponds to a specific code and codes are color coded by 
code type (e.g. ICD-9, ICD-10, CPT, etc.).
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“cataract (lens) fragments in eye following cataract surgery, 
right eye” at KPWA were mapped to “cataract (lens) fragments 
in eye following cataract surgery, unspecified eye” at KPNW.

We also noticed that three codes for “cataract extraction sta
tus” at KPWA (left, right, and unspecified eye) were all mapped 
to the right eye at KPNW based on top 1 mapping. In the similar
ity matrix, these three codes at KPWA showed high similarity to 
both the right and left eye codes at KPNW, but not to the unspe
cified eye code due to its less frequent use at KPNW. This exam
ple highlights the need to explore multiple ways to select a map, 
such as top 1, top 2, and thresholding.

For validation, we computed the AUC of classifying a patient’s 
health system site using their harmonized codes. Ideally, harmo
nization should yield an AUC of 0.5 (no better than chance) 

because the coding patterns from each health system site 
should be indistinguishable. The cross-validated AUC was 0.715 
(0.709, 0.720) before harmonization and 0.586 (0.580, 0.592) af
ter harmonization using the RADS method, much closer to the 
ideal value. This indicates that data from both systems were 
now well-aligned after harmonization. Using alternative align
ment methods yielded similar reductions in site-classification 
performance, with cross-validated AUCs of 0.556 (95% CI: 0.550, 
0.562) for PADS and 0.533 (0.527, 0.539) for RARS, which indi
cates that the conclusion of improved harmonization is robust 
to alignment choices.

Clinicians and informaticians on the team reviewed the code 
comparison and mapping results, focusing on specific disease 
conditions, including myocardial infarction, heart failure, 

Table 2 Differences in non-rare (frequency ≥ 10) individual ICD-10 codes within the cataract group (phecode 366): frequency of usage, frequency 
ratio adjusting for patient follow-up time (person-years), and adjusted P-value from t-test

Code Description Frequency Adjusted

KPWA KPNW Ratioa P-value

E08.36 Diabetes mellitus due to  
underlying condition with 
diabetic cataract

23 0 3.10 6.12 × 10−03

E10.36 Type 1 diabetes mellitus 
with diabetic cataract

92 117 0.75 6.06 × 10−02

E11.36 Type 2 diabetes mellitus 
with diabetic cataract

3065 2996 0.96 5.88 × 10−01

H26.40 Unspecified second
ary cataract

561 1144 0.46 1.62 × 10−39

H26.411 Soemmering’s ring, 
right eye

11 1 1.79 1.26 × 10−01

H26.491 Other secondary cataract, 
right eye

3044 771 3.67 <10−100

H26.492 Other secondary cataract, 
left eye

3129 741 3.93 <10−100

H26.493 Other secondary cata
ract, bilateral

3952 636 5.76 <10−100

H26.499 Other secondary cataract, 
unspecified eye

70 0 7.51 1.55 × 10−14

H26.8 Other specified cataract 526 1323 0.38 5.22 × 10−27

H26.9 Unspecified cataract 16704 15786 0.99 8.53 × 10−01

H59.021 Cataract (lens) fragments in 
eye following cataract  
surgery, right eye

47 14 2.23 1.31 × 10−01

H59.022 Cataract (lens) fragments in 
eye following cataract  
surgery, left eye

78 10 4.13 1.03 × 10−02

H59.029 Cataract (lens) fragments in 
eye following cataract  
surgery, unspecified eye

1 72 0.13 1.15 × 10−06

Z96.1 Presence of intraocular lens 35888 44526 0.76 1.31 × 10−79

Z98.41 Cataract extraction status, 
right eye

3950 199 17.79 <10−100

Z98.42 Cataract extraction status, 
left eye

3723 195 17.10 <10−100

Z98.49 Cataract extraction status, 
unspecified eye

622 112 4.87 1.15 × 10−33

a Frequency ratio is defined as (frequency in KPWA + 10)/patient years in KPWA divided by (frequency in KPNW + 10)/patient years in KPNW.
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diabetes, hypertension, and cataracts. For instance, to under
stand why KPWA uses more “specified” codes in the cataract 
group, we found that external providers frequently use specific 
codes for billing purposes, whereas such specificity is unneces
sary in integrated care settings. KPWA provides insurance cover
age across a much larger geographic region than KPNW and 
includes many providers from networks that are “external” to 
the organization. We confirmed that KPWA has a higher propor
tion of coding events that are generated by external providers: 
19.76% of Optometry codes and 46.82% of Ophthalmology 
codes at KPWA are generated externally, compared to only 
2.57% and 0.49% at KPNW, respectively.

Sensitivity analyses using PADS and RARS methods produced 
similar results (Fig. 3, available as supplementary data at 
Bioinformatics online), indicating robustness to different space 
alignment and similarity measurement methods.

4 Discussion
In this 2011–2022 study of diabetic patients aged 50 and older, 
we applied novel data-driven statistical methods to describe 
and mitigate coding differences between two health system 
sites: KPWA and KPNW. We showed that coded EHR data can be 
highly heterogeneous, with five-fold differences in many coding 
frequencies, even across two sites with similar health plans and 
patient populations, and even at an aggregated group level. We 
detected more local codes at KPNW, more granular codes at 
KPWA, and code substitution within the cataract phecode group. 
Our mapping methods successfully increased coding similarity 
between KPWA and KPNW. For phecode groups like cataract, 
our mapping corrected code substitution by collapsing and 
mapping more specific codes at KPWA to less specific ones at 
KPNW. These results highlight the importance of addressing het
erogeneity before conducting multi-site analysis or model 

transfer to ensure consistent assessment of key study measures 
and model inputs. Our approach can provide a foundational 
data quality step to promote semantic interoperability, enhance 
data integration across healthcare systems, and improve the in
tegrity of study conclusions.

Our statistical code mapping approach for structured EHR 
data is inspired by existing language translation methods. 
However, direct application of word embedding algorithms from 
NLP may not be suitable for EHR coding patterns. Word embed
dings are often obtained by decomposing a shifted positive 
pointwise mutual information (SPPMI) matrix, which zeroes out 
rows for extremely common words or stop words that do not 
provide semantic information (such as “and” or “the”). This 
principle, while useful in NLP, is unsuitable for EHR data where 
high-frequency medical codes may designate common disease 
conditions that are important outcomes or predictors. In this 
study, 15 (0.06%) of 27 167 non-rare codes in KPWA and 34 
(0.14%) of 23 767 in KPNW were zeroed out based on the SPPMI ma
trix, including important codes like CPT code 83036 [Hemoglobin; 
glycosylated (A1c)]. Therefore, we recommend using the PMI matrix 
for generating code embeddings instead of traditional word embed
ding methods.

Our methods address key challenges in EHR data harmoniza
tion. They are data-driven and objective. They do not simply col
lapse individual-level codes into phenotypes or general 
concepts, which is often used to bypass coding differences but 
may not suffice for all research objectives, particularly for prog
nostic models that use individual codes. Our mapping approach 
is also computationally efficient, feasible in distributed data set
tings where only population-level summary data need to be 
shared, and is comprehensive, in that it could be scaled to eval
uate the entire structured EHR. It can also be applied to codes 
at different granularity levels, such as rolled-up codes or code 
groups. These technical and practical strengths offer promise 

Figure 3 Results of mapping from KPWA to KPNW from the main analysis based on the RADS method. 17 KPWA codes are listed on the left and 15 
KPNW codes are listed on the right. Gray lines represent links with similarities larger than the data-driven thresholding (which is equal to 0.13), blue 
lines correspond to top 1 mapping, i.e. for each source code at KPWA, a blue line links it to the code at KPNW with the largest similarities as this 
source code, and orange dashed lines are based on selecting the second largest similarities. Line width indicates the magnitude of the similarity 
between the pair of linked codes.
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that such procedures could be automated and integrated into 
data quality assurance routines for data networks like Sentinel, 
either comprehensively or for targeted priority codes. Doing so 
would meet a critical goal noted by the FDA (Burns et al. 2022, 
Girman et al. 2022) to better describe variation in medical cod
ing among health system sites and over time to ensure 
consistency.

A key challenge is to distinguish discrepancies in coding prac
tices from genuine differences in patient populations and 
healthcare practices. In our study, we implemented several 
strategies to mitigate potential differences in patients and 
healthcare practices (rather than coding practices). First, we 
selected similar health systems (two regions of KP in close 
geographical proximity) and restricted analyses to a disease- 
specific cohort with similar patient characteristics and health
care practices. Table 1 confirms the comparability of our 
diabetic cohorts. Second, we adjusted for patient characteristics 
in t-test, SKAT, and burden test for code comparisons, including 
baseline age, sex, insulin use, and Elixhauser index, and per
formed space alignment prior to code mapping. These design- 
and model-based adjustments are intended to attenuate 
population-related differences; however, such differences may 
only be partially accounted for. For example, variations in 
healthcare practices may exist even within KP, such as specialty 
clinics at one site that may not be available at another site, 
which may force a mapping to less specific codes. As a result, 
code mapping procedures may reduce both site-specific coding 
differences and, in some cases, clinically meaningful differences. 
Similarly, our validation strategy based on site-classification 
performance should be interpreted as a pragmatic diagnostic of 
residual site-specific coding signal, as it operates solely on code- 
based representations. Residual site distinguishability after 
harmonization may therefore reflect coding heterogeneity, pop
ulation differences, or both. Future research should focus on de
veloping methods to detect and account for these residual 
differences to enhance harmonization validity. One potential di
rection is to develop privacy-preserving entropy-weighting 
approaches that balance factors likely to contaminate coding 
differences across sites, such as patient characteristics, referral 
patterns, and care-delivery structures. This approach requires 
sharing only aggregated moments of these factors to estimate 
entropy-balancing weights, so that the weighted distribution of 
patient characteristics at one site matches that of another site 
with respect to a prespecified set of balance functions. A key 
limitation is the assumption that all relevant factors are fully 
captured and available within the healthcare systems. An alter
native strategy that can accommodate unmeasured population 
differences is falsification, which involves examining a set of 
codes known to be consistently used across sites. Null results in 
code comparisons and mappings would be expected; any signifi
cant differences detected would likely reflect residual differen
ces unrelated to coding practices.

Our mapping method application lays the groundwork for fu
ture studies. First, validation methods could be improved. Our 
proposed validation approach can be further leveraged to select 
tuning parameters for code embedding, space alignment, and 
code mapping thresholds, all of which could improve mapping 
results. One could also assess the coefficients of codes in the 
site classification model to investigate which codes remain 

imbalanced between sites. Alternatively, one could reconduct 
SKAT, burden, and t-test analyses on harmonized codes to as
sess whether coding differences are reduced by code mapping. 
Second, one could extend our harmonization methods to multi
ple sites: embedding construction and alignment can be per
formed for each site, followed by mapping to a selected 
reference site or a consensus latent space; validation can be ex
tended using multiclass or one-versus-rest site classifiers. 
Identifying a reference site can be challenging and subjective. A 
suitable reference site may be characterized by the availability 
of outcome labels, richer and more complete data, stable coding 
practices, high-integrity coding documentation, or relevance to 
downstream analyses. Importantly, reference-site selection can 
substantially influence harmonization quality and downstream 
inference. For example, a reference site with poor data com
pleteness or coding quality may induce noisy or unstable map
pings, while a reference site misaligned with the scientific 
objective of interest may limit the generalizability of down
stream analysis. While Sentinel has implemented a distributed 
data network infrastructure and a standardized data model to 
accommodate diverse operational and administrative structures 
across healthcare systems, conducting multi-site comparisons 
may still present challenges due to different coding workflows, 
care delivery models, health information technology systems, 
reimbursement models, and so on. Greater heterogeneity may 
arise across substantially different Sentinel data partners (e.g. 
KP versus non-KP systems), and such settings may require stron
ger adjustment, additional diagnostics, or more conservative in
terpretation of mappings and validation results. Third, our study 
focused on one disease cohort. Cataracts were selected because 
they exhibit clear differences in coding granularity and substitu
tion across sites while remaining clinically well-defined. For con
ditions with lower prevalence or greater clinical heterogeneity, 
embedding stability and mapping performance may vary due to 
sparser co-occurrence patterns and more diffuse coding practi
ces. It is thus important to investigate the generalizability and 
robustness of our methods across different medical conditions 
with varying degrees of complexity, different coding practices, 
or less comprehensive data. Fourth, our methods can be poten
tially implemented in the Sentinel Routine Querying System, a 
SAS tool that facilitates rapid execution of standardized queries 
on the Sentinel common data model, to conduct periodic recali
bration as clinical guidelines and coding practices evolve over 
time. Future studies should evaluate whether harmonization 
effects vary over time. Fifth, our current approach maps KPWA 
to KPNW, possibly leaving some KPNW codes unmapped. In 
practice, bi-directional mapping may be preferable and war
rants future research. Lastly, integrating unstructured clinical 
notes with structured data could improve overall data integra
tion. Sixth, differences in missingness of baseline covariates 
across sites (e.g. BMI or HbA1c) may reflect variation in data cap
ture mechanisms and can affect covariate adjustment, thereby 
influencing harmonization results. Because code embeddings 
are learned from code co-occurrence patterns rather than from 
raw covariate values, the direct impact of covariate missingness 
on embedding construction is partially mitigated. Nevertheless, 
differential missingness may still indirectly affect harmonization 
and remains an important consideration when interpreting 
heterogeneity detection and mapping results.
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