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Abstract 

Objectives  The Charlson comorbidity index (CCI), the most ubiquitous comorbid risk score, predicts one-year mor-
tality among hospitalized patients and provides a single aggregate measure of patient comorbidity. The Quan adapta-
tion of the CCI revised the CCI coding algorithm for applications to administrative claims data using the International 
Classification of Diseases (ICD). The purpose of the current study is to adapt and validate a coding algorithm for the 
CCI using the SNOMED CT standardized vocabulary, one of the most commonly used vocabularies for data collection 
in healthcare databases in the U.S.

Methods  The SNOMED CT coding algorithm for the CCI was adapted through the direct translation of the Quan 
coding algorithms followed by manual curation by clinical experts. The performance of the SNOMED CT and Quan 
coding algorithms were compared in the context of a retrospective cohort study of inpatient visits occurring during 
the calendar years of 2013 and 2018 contained in two U.S. administrative claims databases. Differences in the CCI or 
frequency of individual comorbid conditions were assessed using standardized mean differences (SMD). Performance 
in predicting one-year mortality among hospitalized patients was measured based on the c-statistic of logistic regres-
sion models.

Results  For each database and calendar year combination, no significant differences in the CCI or frequency of 
individual comorbid conditions were observed between vocabularies (SMD ≤ 0.10). Specifically, the difference in CCI 
measured using the SNOMED CT vs. Quan coding algorithms was highest in MDCD in 2013 (3.75 vs. 3.6; SMD = 0.03) 
and lowest in DOD in 2018 (3.93 vs. 3.86; SMD = 0.02). Similarly, as indicated by the c-statistic, there was no evidence 
of a difference in the performance between coding algorithms in predicting one-year mortality (SNOMED CT vs. 
Quan coding algorithms, range: 0.725–0.789 vs. 0.723–0.787, respectively). A total of 700 of 5,348 (13.1%) ICD code 
mappings were inconsistent between coding algorithms. The most common cause of discrepant codes was multiple 
ICD codes mapping to a SNOMED CT code (n = 560) of which 213 were deemed clinically relevant thereby leading to 
information gain.

Conclusion  The current study repurposed an important tool for conducting observational research to use the 
SNOMED CT standardized vocabulary.
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Introduction
In observational research, measurements of patient 
disease burden and clinical prognosis are essential to 
describing study populations and adjusting for baseline 
clinical characteristics. Comorbid risk scores, widely 
accepted and applied in practice, provide a single 
aggregate measure of relevant comorbidities. The 
Charlson comorbidity index (CCI), the most ubiquitous 
comorbid risk score, provides a weighted index of 17 
comorbid conditions to predict one-year mortality 
among hospitalized patients. Originally developed based 
on medical chart reviews of 559 patients at a single 
hospital, comorbid condition identification was based on 
the manual review of patient healthcare records [1].

Since its inception in 1984, multiple adaptations of the 
CCI have emerged. Notably, Deyo, Romano, and D’Hoore 
independently revised the CCI coding algorithm for 
application to administrative claims data using the 
International Classification of Diseases, Ninth Revision 
(ICD-9), and its clinical modification (ICD-9-CM) [2–
4]. Subsequently, Quan translated the Deyo adaptation 
ICD-9-CM coding algorithm to the International 
Classification of Diseases, Tenth Revision (ICD-10). In 
the process, Quan produced an enhanced ICD-9-CM 
coding algorithm through the back translation of the 
ICD-10 coding algorithm [5]. Similarly, in 2019, Metcalfe 
developed and validated a coding algorithm for the CCI 
using Read codes through the translation of the Deyo 
adaptation of the CCI [6].

Although multiple vocabularies have been adopted as 
standards for data collection across healthcare databases, 
the two most commonly used vocabularies in the U.S. 
are ICD-10-CM and SNOMED CT. One of the primary 
advantages of SNOMED CT, a standardized vocabulary 
which maps to international coding systems, is improved 
consistency in research conducted across data sources 
containing disparate medical coding systems [6]. 
Furthermore, standardized vocabularies facilitate the 
performance of research across international federated 
research networks. As such, international efforts 
to group source vocabularies to SNOMED CT are 
currently ongoing and being led by organizations such 
as Observational Health Data Sciences and Informatics 
(OHDSI).

The OHDSI community has developed and 
implemented a coding algorithm for the CCI using 
SNOMED CT, henceforth referred to as the OHDSI 
adaptation. Although the OHDSI adaptation has been 

applied across several major studies, to our knowledge, 
no prior literature exists validating the OHDSI adaptation 
and recent research has shown significant discrepancies 
in patient identification between the OHDSI and Quan 
adaptations across multiple comorbid conditions 
comprising the CCI [7, 8]. Although SNOMED CT 
permits for the efficient mapping of standardized code 
sets to international coding systems, the conversion 
of code sets using non-standardized vocabularies to 
SNOMED CT requires careful manual curation [9]. 
As such, the current study describes the adaptation of 
SNOMED CT code sets for each comorbid condition 
comprising the CCI through the direct translation of 
the Quan coding algorithms and subsequent manual 
curation by clinical subject matter experts. Finally, the 
performance of the SNOMED CT and Quan coding 
algorithms are compared in the context of a retrospective 
cohort study of inpatient visits contained in two large 
U.S. administrative claims databases.

Material and methods
Study design and data sources
We conducted a retrospective cohort study of patients 
contained within two administrative claims databases 
in the United States; specifically, Optum® De-Identified 
Clinformatics Data Mart Database – Date of Death 
(DOD); and IBM® MarketScan® Multi-State Medicaid 
Database (MDCD).

DOD is comprised of inpatient visit, outpatient visit 
and outpatient pharmacy claims data from over 80 
million privately insured patients, who are fully insured 
by commercial, administrative services only (ASO) 
or Medicare Advantage plans. In DOD, death records 
are derived from the Death Master File maintained by 
the Social Security Office. MDCD includes hospital 
discharge records, outpatient diagnoses and procedures, 
and outpatient pharmacy claims from over 31 million 
Medicaid enrollees located across select geographically 
dispersed states. In MDCD, death data is captured from 
the discharge status field.

All data were standardized to the Observational 
Health and Data Sciences and Informatics (OHDSI) 
Observational Medical Outcomes Partnership (OMOP) 
Common Data Model (CDM) version 5.3 with the July 
2021 SNOMED CT International Edition Release [10]. 
Pursuant to Title 45 Code of Federal Regulations, Part 
46 of the United States, specifically 45 CFR 46.104 (d)
(4), retrospective analyses conducted in the DOD and 
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MDCD are considered exempt from informed consent 
and institutional review board (IRB) approval in the 
United States.

Study population
We identified patients aged ≥ 18  years with an inpatient 
visit occurring between January 1, 2013 to December 
31, 2013 or January 1, 2018 to December 31, 2018. The 
calendar years of 2013 and 2018 were selected for the 
current study as they represented time periods occurring 
prior to and after the ICD-9 to ICD-10 transition, 
respectively, which occurred on October 1, 2015. For 
each patient, index was defined as the earliest observed 
inpatient visit for a given calendar year. The study 
was limited to patients with a minimum of 365  days of 
continuous observation within the database prior to 
index, and the study population was stratified by calendar 
year.

Coding algorithms
Quan coding algorithm for Charlson comorbidity index
The current study considered both the Quan enhanced 
ICD-9-CM and ICD-10 coding algorithms [5]. As the 
current study was performed using U.S. administrative 
claims data, the Quan ICD-10 coding algorithm was 
directly translated to ICD-10-CM, and, subsequently, 
reviewed by clinical subject matter experts.

Adaptation of SNOMED CT coding algorithm for the Charlson 
comorbidity index
We adapted SNOMED CT code sets for each of the 17 
comorbidities comprising the CCI using the following 
steps:

•	 Step 1 An initial SNOMED CT code set was 
generated by directly mapping diagnosis codes 
included in the Quan ICD-9/10-CM coding 
algorithms to SNOMED CT.

•	 Step 2 The SNOMED CT code set was mapped back 
to ICD-9/10-CM and compared to the Quan ICD-
9/10-CM code sets. All discrepant codes, defined 
as ICD-9/10-CM codes not mapping to both the 
SNOMED CT and Quan coding algorithms, were 
identified.

•	 Step 3 All SNOMED CT codes mapping to a 
discrepant code were vetted for inclusion by clinical 
subject matter experts. Specifically, the clinical 
relevance of the ICD-9/10-CM codes mapping to 
each SNOMED CT code and the impact of removing 
the SNOMED CT code on patient identification was 
carefully assessed.

Measurement of patient characteristics
We measured patient age and sex at index. Patient 
baseline comorbidity was assessed based on all diagnosis 
codes recorded at or within 365  days prior to index. 
Specifically, the SNOMED CT and Quan coding 
algorithms were used to measure the CCI and 17 
comorbid conditions comprising the CCI (myocardial 
infarction [MI], congestive heart failure [CHF], 
peripheral vascular disease [PVD], cerebrovascular 
disease [CVD], dementia, chronic pulmonary disease, 
rheumatic disease, peptic ulcer disease [PUD], mild liver 
disease, diabetes with vs. without chronic complications, 
hemiplegia and paraplegia, renal disease, malignancy, 
moderate or severe liver disease, metastatic solid tumor, 
and AIDS/HIV).

Analyses were stratified by calendar year. As such, the 
Quan ICD-9-CM and ICD-10-CM coding algorithms 
were applied to source codes for the calendar years of 
2013 and 2018, respectively. In contrast, the SNOMED 
CT coding algorithm was applied to standard codes for 
both calendar years. Following the conventions outlined 
by Quan, the CCI was calculated as a weighted score of 
patient baseline comorbid conditions [5]. A complete list 
of SNOMED CT code sets used to query the database is 
available in Additional file 1: Appendix A.

Statistical analyses
The distribution of all aforementioned patient 
characteristics stratified by data source and calendar year 
was described using descriptive statistics. Standardized 
mean differences (SMD) were used to assess balance in 
measurements of patient baseline comorbidity between 
the SNOMED CT and Quan coding algorithms where a 
SMD less than 0.10 was considered balanced. For each 
comorbid condition, we counted the number of patients 
identified by only the SNOMED CT, Quan, neither, or 
both coding algorithms.

The performance of coding algorithms to predict one-
year mortality among hospitalized patients was assessed 
as described in Quan et al. using two logistic regression 
models [5]. In each model, the independent variable was 
one-year mortality and the dependent variable was the 
CCI. The CCI was measured using the SNOMED CT and 
Quan coding algorithms in models 1 and 2, respectively. 
The c statistic, defined as the area under the curve of the 
operating characteristics curve, was used to measure the 
predictive performance of each model.

Finally, we examined the overlap in ICD-9/10-CM 
diagnosis codes mapping from the SNOMED CT and 
Quan coding algorithms for each individual comorbid-
ity. Specifically, we counted the number of individual 
ICD-9/10-CM diagnosis codes mapped from only the 
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SNOMED CT, Quan or both code sets for each respec-
tive comorbid condition. Code mapping diagnostics were 
produced for each observed discrepant ICD-9/10-CM 
code. As shown in Fig. 1, we categorized discrepant codes 
into the following categories: multiple ICD codes map-
ping to one SNOMED CT codes, deprecated ICD codes 
unmapped to SNOMED CT codes, and lack of specific-
ity of SNOMED CT to ICD code mapping. We further 
differentiated clinically relevant and irrelevant discrep-
ant codes due to multiple ICD codes mapping to one 
SNOMED CT code as information gain or added noise, 
respectively.

Results
Study population
The eligible study population consisted of 1,133,447 
(MDCD: 328,740; and DOD: 804,707) and 1,600,700 
(MDCD: 491,311; and DOD: 1,109,389) patients with 
an inpatient visit in 2013 and 2018, respectively. Patient 
baseline characteristics are summarized in Table  1. 
As indicated by a SMD less than 0.10, no significant 
imbalances in patient comorbidities were observed 
between coding algorithms.

Among patients meeting the study criteria in 2013, 
the average age was 53.5 (sd = 21.0) years and just over 
a quarter of patients were male (28.5%) in MDCD. In 
DOD, the average age was 64.1 (sd = 19.3) years and 

40.8% of patients were male. The CCI was slightly higher, 
albeit non-significantly, with the SNOMED CT coding 
algorithm as compared to Quan ICD-9-CM coding 
algorithm (MDCD: 3.75 vs. 3.6, SMD = 0.029; and DOD: 
3.63 vs. 3.51, SMD = 0.024). Approximately a quarter 
of patients had the following comorbidities in either 
database: CHF, PVD, CVD, chronic pulmonary disease, 
and diabetes without chronic complications.

In 2018, the average age of patients was 46.9 (sd = 19.8) 
years and 31.5% were male in MDCD. As compared to 
MDCD, with an average age of 64.24 (sd = 18.14) years, 
patients in DOD were older and a higher proportion 
were male (42.1%). The CCI was comparable between the 
SNOMED CT versus Quan coding algorithms (MDCD: 
4.04 vs. 3.91, SMD = 0.029; and DOD: 3.93 vs. 3.86, 
SMD = 0.024). Over a quarter of patients were identified 
as having the following comorbidities in either MDCD 
or DOD: CHF, PVD, CVD, chronic pulmonary disease, 
diabetes with and without chronic complications, and 
renal disease.

Patient comorbidity overlap
The overlap in patients identified for each comorbidity 
comprising the CCI using SNOMED CT versus Quan 
ICD-9/10-CM coding algorithms is shown in Table  2. 
In 2013, over 1% of patients were identified by only the 
SNOMED CT coding algorithm in both databases for 

Fig. 1  Categorization of discrepant codes during code mapping diagnostics
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the following comorbidities: dementia, rheumatic dis-
ease, diabetes with chronic complications, and renal 
disease. Similarly, over 1% of patients were identified as 
having rheumatic disease and diabetes with chronic com-
plications by only the SNOMED CT coding algorithm 
in 2018. Fewer than 0.1% of patients were identified by 
only the Quan ICD-9/10-CM coding algorithms for all 
comorbidities.

Predictive performance
In MDCD, the frequency of one-year mortality was 
5.0% (N = 16,412) and 4.9% (N = 24,017) in 2013 and 
2018, respectively. Meanwhile, the frequency of one-
year mortality was 10.3% (N = 82,819) and 13.1% 
(N = 145,516) in 2013 and 2018, respectively, in DOD. 
For each calendar year and database combination, as 
indicated by the c-statistic, no significant difference in 
the performance of models 1 versus 2 (MDCD, 2013: 
0.725 vs. 0.723; DOD, 2013: 0.789 vs. 0.787; MDCD, 
2018: 0.754 vs. 0.752; and DOD, 2018: 0.757 vs. 0.757) to 
predict one-year mortality was observed. Furthermore, 
the performance of models was database dependent; a 
statistically significant improvement in performance was 
observed in DOD as compared to MDCD in both 2013 
and 2018. The performance of each model, including 95% 
confidence intervals, is further described in Additional 
file 1: Appendix B.

Code mapping overlap
The degree of overlap in ICD-9/10-CM diagnosis codes 
mapping to each comorbidity comprising the CCI 
between the SNOMED CT and Quan coding algorithms 
is shown in Table  3. A total of 5,343 diagnosis codes 
(ICD-9-CM: 1,500; and ICD-10-CM: 3,843) mapped 
to either coding algorithm of which 4,648 (87.0%) were 
consistent between algorithms. Among discrepant codes, 
553 (ICD-9-CM: 110; and ICD-10-CM: 443) and 147 
(ICD-9-CM: 4; and ICD-10-CM: 138) diagnosis codes 
mapped to only the SNOMED CT and Quan coding 
algorithms, respectively.

Perfect overlap in diagnosis codes was observed for the 
following comorbidities: ICD-9-CM, MI, PUD, moderate 
or severe liver disease, and AIDS/HIV; and ICD-10-CM, 
dementia, PUD and AIDS/HIV. On the other hand, 
comorbidities with less than 80% overlap in diagnosis 
codes between adaptations included: rheumatic disease 
(ICD-9-CM: 82.4%; ICD-10-CM: 78.5%); mild liver 
disease (ICD-9-CM: 73.0%; ICD-10-CM: 80.0%); diabetes 
without chronic complication (ICD-9-CM: 81.1%; ICD-
10-CM: 75%); diabetes with chronic complication (ICD-
9-CM: 35.7%; ICD-10-CM: 60.7%); and renal disease 
(ICD-9-CM: 79.3%; ICD-10-CM: 65.4%).

Code mapping diagnostics
The cause of all discrepant ICD-9/10-CM codes mapping 
to each comorbid condition is summarized in Table 4.

Multiple ICD codes to one SNOMED CT code
Accounting for 80.6% (560 of 695) discrepant codes, the 
mapping of 2 or more ICD-9/10-CM codes to a single 
SNOMED CT standard code was the primary source of 
discrepancies between coding algorithms. The frequency 
of such translation errors was especially pronounced 
among the code sets for rheumatic disease (n = 130) and 
diabetes with chronic complications (n = 211).

Approximately 24.6% (138 of 560) of these discrepant 
codes were not included in the Quan coding algorithms 
but, nevertheless, represented clinical conditions 
associated with their respective comorbid condition. 
The additional capture of these codes was due to the 
mapping of multiple ICD-9/10-CM codes to a single 
SNOMED CT code and led to information gain among 
the SNOMED CT coding algorithm. Information gain 
was most prevalent among the code set for diabetes 
with chronic complications (n = 30), CVD (n = 22), and 
mild liver disease (n = 20). For example, the SNOMED 
CT code 443,454 (cerebral infarction) mapped to ICD-
10-CM codes G43.6X associated with persistent migraine 
aura with cerebral infarction, which were not included 
in the Quan code set for cerebrovascular disease. As 
such, the SNOMED CT coding algorithm mapped to an 
additional ICD-10-CM codes for cerebrovascular disease 
leading to information gain.

On the other hand, 422 of these discrepant codes 
were deemed to contribute added noise to the code set 
for their respective comorbid condition. For instance, 
the SNOMED CT code 192,279 (disorder of kidney 
due to diabetes mellitus) mapped to 15 ICD-9/10-CM 
codes. While 7 of these diagnosis codes (250.4, 250.4X, 
E13.2 and E13.2X) were included in the Quan code 
sets for diabetes with chronic complications, this led 
to the additional capture of conditions associated with 
secondary diabetes (249.4 and 249.4X) and drug or 
chemical induced diabetes (E09.2 and E09.2X) with renal 
manifestations by the SNOMED CT coding algorithm.

Deprecated ICD code unmapped to SNOMED CT code
The Quan coding algorithm contained a total of 123 
deprecated ICD-10-CM codes, which were unmapped 
to SNOMED CT. These codes were associated with the 
two following comorbid conditions: malignancy, except 
skin neoplasms (n = 120) and diabetes without chronic 
complications (n = 3). No patient records containing 
deprecated ICD-10-CM codes were observed in either 
data source.
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Table 3  Overlap in mapping of diagnosis codes for each comorbidity comprising the CCI between coding algorithms

a Number of diagnosis codes mapping only to the respective coding algorithm

ICD-9/10-CM International Classification of Diseases, Ninth and Tenth Revision, Clinical Modification; CCI Charlson comorbidity index

Comorbid condition ICD-9-CM, n (%) ICD-10-CM, n (%)

Both SNOMED CT onlya Quan onlya Both SNOMED CT Onlya Quan onlya

Myocardial infraction 42 (100%) 0 (0%) 0 (0%) 24 (92.3%) 2 (7.7%) 0 (0%)

Congestive heart failure 33 (97.1%) 1 (2.9%) 0 (0%) 40 (93%) 1 (2.3%) 2 (4.7%)

Peripheral vascular disease 48 (90.6%) 4 (7.5%) 1 (1.9%) 319 (94.4%) 13 (3.8%) 6 (1.8%)

Cerebrovascular disease 91 (94.8%) 5 (5.2%) 0 (0%) 531 (96.9%) 17 (3.1%) 0 (0%)

Dementia 22 (84.6%) 4 (15.4%) 0 (0%) 18 (100%) 0 (0%) 0 (0%)

Chronic pulmonary disease 58 (95.1%) 2 (3.3%) 1 (1.6%) 85 (97.7%) 1 (1.1%) 1 (1.1%)

Rheumatic disease 14 (82.4%) 2 (11.8%) 1 (5.9%) 465 (78.5%) 125 (21.1%) 2 (0.3%)

Peptic ulcer disease 112 (100%) 0 (0%) 0 (0%) 40 (100%) 0 (0%) 0 (0%)

Mild liver disease 27 (73%) 9 (24.3%) 1 (2.7%) 48 (80%) 12 (20%) 0 (0%)

Diabetes without chronic complications 30 (81.1%) 7 (18.9%) 0 (0%) 72 (75%) 21 (21.9%) 3 (3.1%)

Diabetes with chronic complications 20 (35.7%) 36 (64.3%) 0 (0%) 270 (60.7%) 175 (39.3%) 0 (0%)

Hemiplegia or paraplegia 48 (87.3%) 7 (12.7%) 0 (0%) 55 (83.3%) 11 (16.7%) 0 (0%)

Renal disease 46 (79.3%) 12 (20.7%) 0 (0%) 34 (65.4%) 18 (34.6%) 0 (0%)

Malignancy, except skin neoplasms 738 (98.1%) 14 (1.9%) 0 (0%) 1177 (88.4%) 30 (2.3%) 124 (9.3%)

Moderate or severe liver disease 9 (100%) 0 (0%) 0 (0%) 21 (80.8%) 5 (19.2%) 0 (0%)

Metastatic solid tumor 47 (87%) 7 (13%) 0 (0%) 62 (83.8%) 12 (16.2%) 0 (0%)

AIDS/HIV 1 (100%) 0 (0%) 0 (0%) 1 (100%) 0 (0%) 0 (0%)

Table 4  Code mapping diagnostics of discrepant ICD-9/10-CM codes between coding algorithms

a Information gain: Discrepant code mapping to clinically relevant code
b Add noise: Discrepant code mapping to clinically irrelevant code

ICD-9/10-CM International Classification of Diseases, Ninth and Tenth Revision, Clinical Modification

Comorbid condition Multiple ICD codes to one SNOMED 
CT code

Deprecated ICD code 
unmapped to SNOMED CT 
code

Specificity of SNOMED 
CT to ICD code 
mapping

Information 
gaina

Added noiseb

Myocardial infraction 2 0 0 0

Congestive heart failure 0 3 0 1

Peripheral vascular disease 15 9 0 0

Cerebrovascular disease 22 0 0 0

Dementia 4 0 0 0

Chronic pulmonary disease 3 2 0 0

Rheumatic disease 9 121 0 0

Peptic ulcer disease 0 0 0 0

Mild liver disease 20 1 0 1

Diabetes without chronic complications 5 23 3 0

Diabetes with chronic complications 30 181 0 0

Hemiplegia or paraplegia 6 12 0 0

Renal disease 18 12 0 0

Malignancy, except skin neoplasms 2 36 120 10

Moderate or severe liver disease 2 3 0 0

Metastatic solid tumor 0 19 0 0

AIDS/HIV 0 0 0 0

Total 138 422 123 12
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Specificity of ICD code mapping to SNOMED CT code
Approximately 1.7% (12 of 695) of discrepant codes were 
due to a lack of specificity in the mapping of ICD codes 
to SNOMED CT. These errors in mapping were observed 
among diagnosis codes contained in the code sets for 
CHF (n = 1), mild liver disease (n = 1), and malignancy, 
except skin neoplasms (n = 10).

For instance, ICD-10-CM code I13.2 (hypertensive 
heart and chronic kidney disease with heart failure and 
with stage 5 chronic kidney disease, or end stage renal 
disease) mapped to SNOMED CT code 44,784,621 
(hypertensive heart and chronic kidney disease). 
Unfortunately, SNOMED CT code 44,784,621 also 
mapped to codes such as I13.1 (hypertensive heart and 
chronic kidney disease without heart failure) thereby 
making it inappropriate for inclusion in the SNOMED 
CT code set for CHF. However, modifying the mapping 
of I13.2 to SNOMED CT code 44,782,728 (hypertensive 
heart and chronic kidney disease with congestive heart 
failure) would have permitted for the capture of the code 
by the SNOMED CT code set.

Discussion
The current study found no evidence of significant 
differences in the overall CCI, frequency of individual 
comorbidities, or performance in predicting one-year 
mortality among hospitalized patients between the newly 
adapted SNOMED CT and Quan coding algorithms. In 
contrast, prior research has shown large discrepancies 
in patient identification and measurement of the CCI 
between the OHDSI and the Quan adaptations of the CCI 
[7, 8]. The improved consistency in patient identification 
between algorithms was achieved by adapting the 
SNOMED CT coding algorithm directly from the Quan 
adaptation of the CCI. Furthermore, all discrepant codes 
between coding algorithms were carefully vetted by 
clinical subject matter experts considering the cause and 
potential impact of each respective discrepant code on 
patient identification.

While the origins of the ICD system stem from 
epidemiology, the roots of SNOMED CT may be 
traced to bioinformatics. Consequently, fundamental 
differences exist in the constructs of these terminologies. 
Whereas the ICD system is a taxonomy, SNOMED 
CT is an ontology and, in contrast to the ICD system, 
polyhierarchical. For instance, pregnancy related renal 
disease is classified under pregnancy, childbirth and the 
puerperium in the ICD system but is associated to kidney 
disease, disorders of pregnancy, and complications of 
pregnancy, childbirth and/or puerperium in SNOMED 
CT. Due to its polyhierarchical nature, SNOMED CT 
facilitates the aggregation of related concepts in the 
development of code-based algorithms. As it relates 

to the translation of coding algorithms from ICD to 
SNOMED CT, the difference in constructs poses both 
unique challenges and opportunities.

A total of 5,343 ICD-9/10-CM codes mapped to 
either coding algorithm among which 695 (13.0%) were 
inconsistent between algorithms. The primary source 
of discrepant codes was the mapping of multiple ICD 
codes to a single SNOMED CT code (n = 560), which was 
especially prevalent among the code sets for rheumatic 
disease (n = 130) and diabetes with chronic complications 
(n = 211). These discrepant codes were in part due to 
the presence of diagnosis codes of unspecified or not 
otherwise specified (e.g., unspecified nephritic syndrome) 
in ICD that are typically represented as higher-level terms 
within SNOMED CT (e.g., nephritic syndrome). In 24.6% 
(n = 138) of cases, this was associated with the additional 
capture of clinically relevant diagnosis codes by the 
SNOMED CT coding algorithm leading to information 
gain. Although the additional capture of these diagnosis 
codes represents a technical departure from the Quan 
adaptation, the difference may be due in part to the 
advantages of the SNOMED CT construct or differences 
in clinical opinion. Other sources of discrepant codes 
included a lack of mapping of deprecated ICD codes to 
SNOMED CT (n = 123), and lack of specificity in the 
mapping between ICD and SNOMED CT codes (n = 12).

Nevertheless, no significant differences in the overall 
CCI were observed between the SNOMED CT vs. Quan 
coding algorithms among inpatient visits occurring 
in either 2013 (MDCD: 3.75 vs. 3.6; and DOD: 3.63 vs. 
3.51) or 2018 (MDCD: 4.04 vs. 3.91; and DOD: 4.55 vs. 
4.43). Despite a slight increase in patient identification 
by the SNOMED CT code sets for dementia, renal 
disease, rheumatic disease and diabetes with chronic 
complications, no significant difference in the frequency 
of comorbidities comprising the CCI was observed as 
indicated by a SMD less than 0.1. These findings reflect 
the low prevalence of patient records associated with 
discrepant codes.

In contrast, the currently implemented OHDSI 
adaptation has been associated with a higher average 
CCI as compared to the Quan adaptation by both Fortin 
et  al. and Viernes et  al. [7, 8] Specifically, Fortin et  al. 
found several comorbid conditions identified in over 5% 
of the study population by either only the OHDSI coding 
algorithm (chronic pulmonary disease, diabetes with 
chronic complications, renal disease, and malignancy) or 
only the Quan adaptation (peripheral vascular disease, 
chronic pulmonary disease, and mild liver disease) [7]. 
Viernes et  al. hypothesized the higher average CCI was 
associated the mapping of the OHDSI SNOMED CT 
coding algorithm to additional ICD codes although 
the current study indicates the impact of discrepant 
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codes on the CCI is also a function of the prevalence of 
each respective discrepant code observed in the study 
population [8].

The performance between coding algorithms in 
predicting one-year mortality among hospitalized 
patients was comparable. However, as indicated by 
the c-statistic, the predictive performance of the CCI 
fluctuated between data sources and by calendar year. It 
follows the impact of data source, vocabulary, and time-
dependent effects on the performance of the CCI were 
consistent between the newly adapted SNOMED CT and 
Quan coding algorithms in the current study.

Limitations
The current study was subject to limitations. First, MDCD 
and DOD do not contain complete capture of patient 
deaths. As such, the predictive performance of models 
may have been underestimated. However, the degree of 
underestimation was expected to be consistent between 
models thereby preserving the validity of comparisons 
of performance between models. Second, the SNOMED 
CT coding algorithm was validated in two large U.S. 
administrative claims databases. Estimates of predictive 
performance of the CCI may not be generalizable to 
other healthcare databases. Nevertheless, in practice, 
the CCI is most frequently used as a measure of disease 
burden as opposed to a predictor of one-year mortality. 
Third, new releases to SNOMED CT are published every 
6  months, and, consequently, additional differences 
between coding algorithms for the CCI may surface over 
time. Although the newly proposed SNOMED CT coding 
algorithm represents a significant advancement in terms 
of transparency and reproducibility, periodic validation 
and update of the coding algorithm using the methods 
outlined in this paper may be warranted.

Conclusion
The current study leveraged standardized vocabularies 
to repurpose an important tool for conducting 
observational research in administrative claims data. 
The newly adapted SNOMED CT coding algorithm 
possessed comparable performance to the Quan 
adaptation of the CCI in terms of the measurement 
of the CCI, patient identification across all comorbid 
conditions comprising the CCI, and performance in 
predicting one-year mortality among hospitalized 
patients; however, the new algorithm may be applied to 
standardized databases and allows for more consistent 
application across data sources with disparate medical 
coding systems. These innovations permit for improved 
transparency and reproducibility of observational 
research. Adoption of the SNOMED CT coding 

algorithm may be promoted through the development 
and implementation of data analytics tools by 
international research communities such as OHDSI.

Abbreviations
ASO	�	  Administrative services only
CCI		�  Charlson comorbidity index
CDM		�  Common data model
CHF		�  Congestive heart failure
CVD		�  Cerebrovascular disease
DOD		�  Optum® De-Identified Clinformatics Data Mart Data-

base–Date of Death
ICD-9		�  International classification of diseases, ninth revision
ICD-9/10-CM	� International classification of diseases, ninth and tenth 

revision, clinical modification
IRB		�  Institutional review board
MDCD		�  IBM® MarketScan® Multi-State Medicaid Database
MI		�  Myocardial infarction
OHDSI		�  Observational health data sciences and informatics
OMOP		�  Observational medical outcomes partnership
PUD		�  Peptic ulcer disease
PVD	�	  Peripheral vascular disease

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s12911-​022-​02006-1.

Additional file 1. Appendix A: A complete list of codes in the SNOMED 
CT coding algorithm for the Charlson comorbidity index used to query 
the database. Appendix B: Additional details on the performance of 
Charlson comorbidity indexcoding algorithms to predict one-year 
mortality.

Additional file 2. Review history.

Acknowledgements
The authors have no acknowledgements to declare.

Author contributions
All co-authors contributed to the conceptualization, methodology, 
investigation, and review and editing of the manuscript. The data curation, 
formal analysis, and writing of the original draft was led by Stephen Fortin. All 
authors read andapproved the final manuscript.

Funding
This study was funded and carried out by Janssen Research and Development, 
LLC, a subsidiary of Johnson and Johnson.

Availability of data and materials
The data that support the findings of this study are available from IBM 
MarketScan® and Optum®.but restrictions apply to the availability of these 
data, which were used under license for the current study, and so are 
not publicly available. Data are however available from the authors upon 
reasonable request and with permission of IBM MarketScan® and Optum®. 
Please, contact Stephen P Fortin with any data-related requests. All authors 
read and approved the final manuscript.

Declarations

Ethics approval and informed consent
Pursuant to Title 45 Code of Federal Regulations, Part 46 of the United States, 
specifically 45 CFR 46.104 (d)(4), retrospective analyses conducted in the DOD 
and MDCD are considered exempt from informed consent and institutional 
review board (IRB) approval in the United States. All methods were carried out 
in accordance with relevant guidelines and regulations.

https://doi.org/10.1186/s12911-022-02006-1
https://doi.org/10.1186/s12911-022-02006-1


Page 12 of 12Fortin et al. BMC Medical Informatics and Decision Making  2022, 22(1):261

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

Consent for publication
Not applicable.

Competing interests
All authors are employees of Janssen Research and Development, LLC, a 
subsidiary of Johnson and Johnson. Stephen Fortin, Jenna Reps, and Patrick 
Ryan own stock in Johnson & Johnson.

Review History
Review history available in Additional file 2.

Author details
1 Janssen Research & Development, LLC, Observational Health Data Analytics, 
920 U.S. Highway 202, Raritan, NJ 08869, USA. 

Received: 25 August 2022   Accepted: 13 September 2022
Published: 7 October 2022

References
	1.	 Charlson ME, Pompei P, Ales KL, MacKenzie CR. A new method of clas-

sifying prognostic comorbidity in longitudinal studies: development and 
validation. J Chronic Dis. 1987;40:373–83.

	2.	 Deyo RA, Cherkin DC, Ciol MA. Adapting a clinical comorbidity index 
for use with ICD-9-CM administrative databases. J Clin Epidemiol. 
1992;45(6):613–9. https://​doi.​org/​10.​1016/​0895-​4356(92)​90133-8 (PMID: 
1607900).

	3.	 Romano PS, Roos LL, Jollis JG. Adapting a clinical comorbidity index for 
use with ICD-9-CM administrative data: differing perspectives. J Clin 
Epidemiol. 1993;46(10):1075–9. https://​doi.​org/​10.​1016/​0895-​4356(93)​
90103-8 (PMID: 8410092).

	4.	 D’Hoore W, Bouckaert A, Tilquin C. Practical considerations on the use 
of the Charlson comorbidity index with administrative data bases. J Clin 
Epidemiol. 1996;49(12):1429–33. https://​doi.​org/​10.​1016/​s0895-​4356(96)​
00271-5 (PMID: 8991959).

	5.	 Quan H, Sundararajan V, Halfon P, Fong A, Burnand B, Luthi JC, Saun-
ders LD, Beck CA, Feasby TE, Ghali WA. Coding algorithms for defining 
comorbidities in ICD-9-CM and ICD-10 administrative data. Med Care. 
2005;43(11):1130–9. https://​doi.​org/​10.​1097/​01.​mlr.​00001​82534.​19832.​83 
(PMID: 16224307).

	6.	 Metcalfe D, Masters J, Delmestri A, et al. Coding algorithms for defin-
ing Charlson and Elixhauser co-morbidities in Read-coded databases. 
BMC Med Res Methodol. 2019;19(1):115. https://​doi.​org/​10.​1186/​
s12874-​019-​0753-5.

	7.	 Fortin SP. Predictive performance of the Charlson Comorbidity Index: 
SNOMED CT disease hierarchy versus international classification of 
diseases. OHDSI; 2021.

	8.	 Viernes B, Lynch KE, Robison B, Gatsby E, DuVall SL, Matheny ME. 
SNOMED CT disease hierarchies and the Charlson comorbidity index 
(CCI): an analysis of OHDSI methods for determining CCI. OHDSI; 2020.

	9.	 Suchard MA, Schuemie MJ, Krumholz HM, You SC, Chen R, Pratt N, 
Reich CG, Duke J, Madigan D, Hripcsak G, Ryan PB. Comprehensive 
comparative effectiveness and safety of first-line antihypertensive 
drug classes: a systematic, multinational, large-scale analysis. Lancet. 
2019;394(10211):1816–26. https://​doi.​org/​10.​1016/​S0140-​6736(19)​32317-
7.​PMID:​31668​726;​PMCID:​PMC69​24620.

	10.	 OHDSI. The book of OHDSI: observational health data sciences and infor-
matics. OHDSI; 2019.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.

https://doi.org/10.1016/0895-4356(92)90133-8
https://doi.org/10.1016/0895-4356(93)90103-8
https://doi.org/10.1016/0895-4356(93)90103-8
https://doi.org/10.1016/s0895-4356(96)00271-5
https://doi.org/10.1016/s0895-4356(96)00271-5
https://doi.org/10.1097/01.mlr.0000182534.19832.83
https://doi.org/10.1186/s12874-019-0753-5
https://doi.org/10.1186/s12874-019-0753-5
https://doi.org/10.1016/S0140-6736(19)32317-7.PMID:31668726;PMCID:PMC6924620
https://doi.org/10.1016/S0140-6736(19)32317-7.PMID:31668726;PMCID:PMC6924620

	Adaptation and validation of a coding algorithm for the Charlson Comorbidity Index in administrative claims data using the SNOMED CT standardized vocabulary
	Abstract 
	Objectives 
	Methods 
	Results 
	Conclusion 

	Introduction
	Material and methods
	Study design and data sources
	Study population
	Coding algorithms
	Quan coding algorithm for Charlson comorbidity index
	Adaptation of SNOMED CT coding algorithm for the Charlson comorbidity index

	Measurement of patient characteristics
	Statistical analyses

	Results
	Study population
	Patient comorbidity overlap
	Predictive performance
	Code mapping overlap
	Code mapping diagnostics
	Multiple ICD codes to one SNOMED CT code
	Deprecated ICD code unmapped to SNOMED CT code
	Specificity of ICD code mapping to SNOMED CT code


	Discussion
	Limitations
	Conclusion
	Anchor 28
	Acknowledgements
	References


