
Systematic identification of rare disease patients in electronic health records 

enables evaluation of clinical outcomes 
Arjun S. Yadaw1*, Eric Sid2, Hythem Sidky1, Chenjie Zeng3, Qian Zhu1, Ewy A. Mathé1*, On behalf the 

N3C Consortium 
1Division of Preclinical Innovation, National Center for Advancing Translational Sciences (NCATS), 

NIH, Rockville, MD, USA 
2Division of Rare Diseases Research Innovation, National Center for Advancing Translational 

Sciences (NCATS), National Institutes of Health, Bethesda, MD 20892, USA. 
3Precision Health Informatics Section, National Human Genome Research Institute, National 

Institutes of Health, Bethesda, MD, 20814 

 

Keywords: Rare disease; Clinical outcomes, Disease harmonization, Retrospective analysis, ICD-10; 

SNOMED-CT; N3C, COVID-19 outcomes. 

* Author for Correspondence: ewy.mathe@nih.gov or arjunsingh.yadaw@nih.gov 

Address for correspondence:  9800 MEDICAL CENTER DR-BLDG B, RM 366, ROCKVILLE MD 20850, 

USA.  

Abstract 

Background 

Identifying rare disease (RD) patients in electronic health records (EHR) is challenging, as more than 

10,000 rare diseases are not typically captured by clinical coding systems. This limits the assessment 

of clinical outcomes for RD patients. This study introduces a semiautomated approach to map RDs to 

appropriate codes, that is applicable across various EHR systems. By improving RD patient 

identification, this method facilitates the analysis of clinical outcomes and disease severity in the RD 

population. We exemplify this by utilizing large EHR datasets such as those in the National COVID 

Cohort Collaborative (N3C) with over 21 million patients. 

Methods 

We developed a semiautomated workflow to enumerate RD-specific SNOMED-CT and ICD-10 codes, 

starting with 12,003 GARD IDs mapped to ORPHANET. This process linked RDs to SNOMED-CT and 

ICD-10 codes, applying exclusion criteria based on group of disorders. We created an extensive list of 

SNOMED-CT codes with descendants from the OHDSI atlas and performed phenotype filtering, 

removing irrelevant codes. The final list included 12,081 SNOMED-CT codes and 357 ICD-10 codes 

for further analysis, enabling the identification and mapping of rare diseases in EHR.  

Results 

Our semiautomated workflow identified 357 RD-specific ICD-10 codes and 12,081 SNOMED-CT codes 

representing 6,342 RDs which are categorized into 30 Orphanet linearization classes. We exemplify 

the utility of these codes by performing a preliminary univariate analysis of COVID-19 outcomes in a 

large cohort of 4,835,718 COVID-19 positive individuals in N3C, of which 404,735 (8.37%) were 

identified as having preexisting RD. The mortality and hospitalization risk ratios for rare RD classes 

ranged from 0.23 - 5.28 and 0.93 - 3.13, respectively (p-values <0.001). 

Conclusions 

 Our systematic and automated workflow enables rapid identification of rare disease patients across 

diverse EHR systems. We demonstrate its utility by evaluating COVID-19 severity outcomes by rare 

disease classes in the N3C cohort. These findings support the need for targeted preventive healthcare 

interventions and highlight the potential for future research on long COVID, COVID-19 reinfection, and 

other outcomes in the rare disease population. 
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Introduction 

Currently, 25 to 30 million individuals in the United States (US) and over 300 million people across the 

world are diagnosed with a rare disease (RD)1–3.  This means that 3.5% to 5.9% of the world’s 

population is affected by RDs3.  Collectively, rare diseases represent a significant public health burden 

with more than 10,000 identified RDs1. Among them, only 5% have FDA approved therapeutic options1. 

Indeed, developing interventions for a single RD is very costly and timely, and drug development costs 

are recouped by a limited number of patients, resulting in markedly higher costs of orphan drug 

treatments than non-orphan drugs, particularly in the US4. Notably, our ability to identify and evaluate 

this patient population as a whole or as groups, rather than one disease at a time, provides opportunities 

for finding shared interventions. It thus becomes possible to leverage shared information about 

diseases, including similarities in genetic or other molecular profiling, mechanisms or action, symptoms, 

to group them for drug repurposing efforts or implementation of basket trials5.  In this work, we focus 

on identifying RD patients in electronic health records (EHRs), as these provide a rich source of 

information for translational research efforts that aim to understand disease patterns, find new potential 

treatments and the guide implementation of clinical trials6–8. 

 The identification of RD patients in EHRs remains challenging due to the heterogeneity of the coding 

systems used across hospital systems and the lack of collection of RD based codes9. In the US, most 

hospital systems rely on the Health Insurance Portability and Accountability Act (HIPAA)-compliant 

standardized ICD10-CM codes to report disease diagnoses10. Importantly, these systems are primarily 

put in place for billing and business assessments11. An independent and complementary standard 

nomenclature established in 1999, SNOMED-CT, provides a means for comparing clinical healthcare 

information across different institutions and can be mapped to the ICD10-CM12.  In the United States, 

the ICD10-CM and SNOMED codes are heavily used in EHR systems to capture diagnosis-related 

information and standardized complementary information on diseases, respectively. Another highly 

utilized and relevant standard is the Observational Medical Outcomes Partnership (OMOP) Common 

Data Model (CDM)13 which produces standardized vocabularies that group differing medical terms 

across disparate clinical systems into a standardized concept.  Using such standardized concepts 

enables the integration and cross-evaluation of data across different systems, each of which collects 

data via its own standards and criteria.  

     In parallel, large national and international initiatives are providing detailed, complementary 

information on RDs to further enhance data cross-linking and definitions of diseases.  In the United 

States, the GARD (Genetic and Rare Diseases Information Center) provides access to up-to-date 

research, resources and diagnostic guidance to RD patients1.  The Monarch Initiative14, an international 

consortium aggregating and harmonizing resources on human genes and diseases, model organisms, 

genomic data, and expression/pathway information, produces MONDO (Monarch Merged Disease 

Ontology)15.  MONDO provides an ontology for connecting diseases across databases and resources. 

Orphanet16, an international effort supported by the European Commission, provides information on 

RDs in many different languages as well as orphan drug and RD inventories. Importantly, these 

resources cross-reference each other to promote interoperability and cross-sharing of information, 

which enables the RD code generation introduced in this study1,12,16,17. 

     There are two broad approaches to identifying RD patients in EHRs, those based on knowledge 

mining of EHR records and those based on the use of standardized codes.  One example of the former 

includes the use of EHR records to learn text embeddings, which are in turn used to predict the 

likelihood of patients having an RD or lipodystrophy in this case18. In another study, acute hepatic 
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porphyria patients were predicted via support vector machines with information on diagnosis, 

medications, procedures and clinical notes as input19. AI-based digital health assistants have also been 

applied to identify RDs in EHR records, largely using symptom data20,21. In contrast, other studies rely 

heavily on standardized codes.  For example, one study performed on Asian healthcare system data 

utilized a value set of SNOMED codes with demographic and symptom filters to evaluate patients with 

Fabry disease and familial hypercholesterolemia (rare genetic disease)22. Another recent study 

developed algorithms to identify patients with Goucher disease (GD) in an EHR system using ICD 

codes and standardized laboratory results and symptoms23. Globally, these studies aim to ameliorate 

the process of identifying RD patients in EHR records to help shorten the diagnostic odyssey length.   

     Nonetheless, it is worth noting that a recent study comparing the performance of LLMs in diagnosing 

diseases demonstrated that more traditional methods still outperforming LLMs24. Furthermore, 

predictions via knowledge mining are typically focused on single diseases and it is currently not feasible 

to develop such an algorithm for all RDs. Furthermore, while the use of standardized codes is applicable 

to a broader set of diseases, a comprehensive starting list of disease codes is needed.  We note that 

there is currently no gold standard covering more than 10K existing RDs that are EHR system types 

agnostic. To the best of our knowledge, no algorithm to date has aimed to identify all US-defined RDs 

in EHRs.   

    In this study, we aimed to develop an automated process for generating RD-specific ICD-10 and 

SNOMED-CT codes for systematic identification of RD patients in EHRs. We recognize the continued 

impact of COVID-19 with more than 7.09 million deaths worldwide, as of February 23rd, 202525 and thus 

exemplify the utility of this list of RD-specific codes to assess the potential impact of COVID-19 on RD 

patients. We mapped these RD-specific codes to OMOP concepts to identify RD patients in the National 

COVID Cohort Collaborative (N3C)26,27. Patients with RD were further classified into Orphanet 

linearization groups to evaluate their univariate relative risk of COVID-19 severity outcomes.  

Preliminary findings from our analysis demonstrate the utility of this mapping for evaluating clinical 

outcomes within the rare disease population using EHR records, particularly in the context of the 

COVID-19 outcomes. By establishing a standardized and comprehensive framework for rare disease 

identification, this work lays the groundwork for a wide range of downstream analyses, including 

assessments of long COVID, COVID-19 reinfection, antiviral treatment effects, and other pandemic-

related outcomes in vulnerable rare disease cohorts. 

   

Methods and Materials  

Development of the RD phenotyping algorithm  

As a starting point, we compiled a curated RD list of 12,003 comprising GARD IDs, where each 

represents a unique RD. The GARD maintains a comprehensive registry of RDs, with particular 

emphasis on conditions meeting the United States regulatory definitions of rare disease status. This 

registry incorporates external citations to authoritative sources regarding disease etiology, diagnostic 

criteria, and therapeutic management protocols.1These GARD IDs were mapped to Orphanet concepts 

(July 2023 version)16 which have been mapped to SNOMED-CT and the ICD-10.  

    These retrieved SNOMED-CT and ICD-10 mappings then underwent a series of filtration steps to 

produce the final list of RD-specific codes.  Prior to converging to a final RD phenotypic algorithm, four 

semiautomated approaches were evaluated prior to converging to the final algorithm. These iterations 

are described in the Supplementary Materials and in (Supplementary Figure 1).  
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    In the final algorithm, we first removed RDs associated with the tag of “group of disorders” (e.g., 

Disorder of carbohydrate metabolism has 396 descendent record counts and is thus tagged as “group 

of disorders”) on the basis of the Orphanet definition. Second, we expanded the list of codes to include 

descendent concepts of our remaining 6,327 SNOMED-CT codes by searching for SNOMED-CT codes 

using the Observational Health Data Sciences and Informatics (OHDSI) Atlas tool28. We assumed that 

parent concepts are RDs and that their corresponding descendant concepts are thus also RDs. We 

then curated descendent concepts to filter out those concepts that were represented in the Human 

Phenotype Ontology (HPO)29 via the HPO API. Filtering out phenotypes ensures that the resulting 

codes represent the specific disease itself rather than manifestations or characteristics of the disease 

which could be shared across multiple diseases (e.g., sensory motor neuropathy, muscle weakness, 

etc.). The application of these final filtering steps resulted in the final list of RD-specific codes that can 

be utilized to identify RDs in any EHR system.  See further details in the Supplementary Materials.   

    The resulting SNOMED-CT codes from all 4 phenotypic algorithms were evaluated against a 

manually curated list.  To create this list, we conducted comprehensive manual reviews by cross-

referencing multiple authoritative rare disease knowledge bases to verify disease classification as rare. 

In addition to the estimated prevalence in the US general population, the prevalence of each disease 

in large scale population-based cohorts was also considered during this verification process. 

Characterization of RDs  

The Orphanet linearization classification, accessed through Orphadata (July 2023 version), was used 

to produce groups of RDs with similar etiologies. The RD-specific SNOMED-CT and ICD-10 codes 

were directly mapped to the Orphanet linearization. When a disease is present in multiple classes, the 

linearization rules for Orphanet classifications prioritize the most severely affected body system, the 

most determining involvement for prognosis, and finally the specialist most likely to be relied on for the 

management of the disease30. The number of RDs mapped to the linearization is based on the number 

of unique GARD IDs prior to phenotype filtering.            

    We also retrieved RD related publications from the Rare Disease Alert System (RDAS) 

[https://rdas.ncats.nih.gov], an RD based integrative research data platform, to access the research 

effort made on those RDs. GARD IDs were applied to search for relevant publications via the RDAS 

API [https://rdas.ncats.nih.gov/apis/publications]. 

Establishing the COVID-19 cohort in the N3C enclave 

The National COVID Cohort Collaborative (N3C)15 is an aggregated clinical data resource with 

participating data partners in the U.S., harmonized using the Observational Medical Outcomes 

Partnership (OMOP) data model, and subjected to quality reviews and checks. All patients within the 

N3C Enclave possess historical data from the same healthcare system dating back to January 1, 2018. 

This dataset includes information on preexisting health conditions (e.g., comorbidities) and other 

relevant medical history (lookback data)31. For this study, we used N3C enclave data tables from 

version V154 which includes 21,704,702 patients. Patients with COVID-19 were identified as those with 

a positive COVID-19 diagnosis, based on reverse transcription polymerase chain reaction (RT-PCR) 

or Antigen (Ag) or U07.1 diagnosis tests, between 1st January 2020 and 4th January 2024.  The following 

exclusion criteria were then applied to construct the COVID-19 cohort in this study: 1) patients with 

missing or invalid data on sex (missing) and age (missing or ages ≤ 1) were removed; 2) patients with 

no encounter visit before and after COVID-19 diagnosis date were removed; and 3) removed records 

from data partners with data that did not meet N3C quality control criteria (Supplementary Figure 2). 

The N3C Data Enclave is approved under the authority of the National Institutes of Health Institutional 
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Review Board. Each N3C site maintains an institutional review board–approved data transfer 

agreement. 

Identifying RD patients in the COVID-19 cohort 

We map our RD-specific SNOMED-CT codes to the OMOP concept table to obtain the corresponding 

OMOP concept IDs. These were then linked, along with the ICD-10 codes, to the condition occurrence 

table, allowing us to identify patients diagnosed with a rare disease (RD) prior to their COVID-19 

diagnosis within our COVID-19 cohort. An additional RD incidence filter was applied to remove diseases 

with an incidence rate greater than 6/10,000, following the definition of RD in the United States1. 

Furthermore, patients associated with the Orphanet linearization class of “rare disease due to toxic 

effects” were removed, because this linearization contained a mix of etiologies and disease types (e.g., 

complications from a medical product, environmental exposures, substance use and abuse), rendering 

interpretation of this group difficult.  Patients associated with the “rare transplantation disease” group 

were removed because the group was limited to diseases that are a comorbidity or complication of 

having had a transplant (e.g., aneurysm of the vein of the transplanted kidney). Other patients with 

“rare odontologic disease” and “rare abdominal surgical disease” were removed due to missing 

mortality information for those patients available in N3C.   The “Rare genetic disease” and “rare 

infertility” classes were not evaluated because no patients mapped to those classes. 

 

COVID-19 Outcomes and demographics 

Unadjusted mortality and hospitalization were evaluated as binary variables.  Mortality was defined by 
intersecting patients who were reported as dead (any cause) with patients who were deceased upon 
discharge from their COVID-19 visit.  Hospitalization was defined as positive for patients with a 
hospitalization stay within 16 days of the date of COVID-19 diagnosis 13,16.   

    The demographic variables evaluated included: 1) age in years categorized as 1-20, 21-40, 41-65, 

>65years and 2) body mass index (BMI, in kg/𝑚2 ) categorized as underweight (<18.5), normal (18.5 - 
25), overweight (25 - 30), BMI obese (≥30); 3) sex (Male, Female); 4) self-reported race (Asian, Black 
or African American, White, missing/unknown); 5) ethnicity (Hispanic or Latino,  Non Hispanic or Latino, 
missing/unknown); 5) smoking status (Current or former smoker, Non-smoker). The baseline 
characteristic demographic table (Table 1) was created by using the R libraries (gtsummary (2.1.0), 
tidyverse (2.0.0) & gt (0.11.1) libraries)32 

 

Statistical assessments 

Mortality and hospitalization risk ratios (RRs) were calculated via the following formula: 
 

𝑅𝐷 𝑟𝑖𝑠𝑘 𝑟𝑎𝑡𝑖𝑜 (𝑅𝑅) =  
𝑃𝑅𝐷

𝑃𝑛𝑜𝑛−𝑅𝐷
 

where 𝑃𝑅𝐷 and 𝑃𝑛𝑜𝑛−𝑅𝐷 are the probabilities of the event (mortality/hospitalization) occurring in 

preexisting RD patients and non-preexisting RD patients respectively. RR = 1: The risk of the event is 

the same in both groups (no effect), RR > 1: The event is more likely in the exposed group (increased 

risk). RR < 1: The event is less likely in the exposed group (decreased risk or protective effect). 

Statistical significance was defined for p-values < 0.05 and 95% confidence intervals around the 

estimates of RRs. Statistical modeling was conducted within the N3C enclave using SQL, Python 

(3.10.16), statsmodels (0.14.4), Patsy (1.0.1), Numpy (1.26.4), Pandas (1.5.3) and Spark SQL 

(3.4.1.34).  
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Results 

Our main goal is to build a semiautomated phenotyping algorithm that produces RD-specific ICD-10 

and SNOMED-CT codes (Figure 1). These codes are key to identifying RD patients in any EHR system 

that leverages them, thereby enabling analyses of numerous RDs together. We exemplify this utility in 

a COVID-19 case study where we conducted a clinical assessment of RD patients in the N3C Enclave, 

including COVID-19 related mortality and hospitalization (Figure 1).   

Phenotyping algorithm for the systematic identification of RD patients in EHR systems 

As a starting point, a list of RDs, based on the US definition, was derived by mapping a curated list of 

12,003 GARD IDs to Orphanet, resulting in 9,369 RDs with 6,553 SNOMED-CT codes and 575 ICD-

10 codes. Four algorithms were subsequently tested (Supplementary Figure 1), and for each, various 

combinations of filters were applied to remove phenotypes, groups of diseases and common diseases. 

Our goal was to produce a final algorithm that reduced the reliance on manual curation while retaining 

as many RDs as possible. An evaluation of the commonalities in the resulting ICD-10 and SNOMED-

CT codes between the four algorithms revealed that the codes dropped in the final algorithm largely 

represented groups of disorders or phenotypes (Supplementary Figure 3). We further compared the 

resulting SNOMED-CT codes from our semiautomated approaches to those obtained from a manually 

curated list of 1,715 diseases (Supplementary Table 1). Importantly, our final approach showed the 

largest percentage of diseases mappable in our manually curated list at 89.8%.  Of these,11.6% were 

determined not RD (false positives), leaving the large majority, 88.4% as true RDs.  While other 

approaches greatly minimize this false positive rate (as low as 1.0%), this approach comes at the cost 

of low mappability (a low as 42.6%). We conclude that overall, our final algorithm (Figure 2) minimized 

the amount of manual curation, number of phenotypes and number of groups of diseases, and number 

of false positives resulting in an optimized approach to producing RD-specific codes for the identification 

of RD in EHRs. Of the initial 6,553 SNOMED-CT and 575 ICD-10 codes, 112 ICD-10 and 226 

SNOMED-CT codes were removed because they are associated with a group of disorders, and 106 

ICD-10 and 488 SNOMED-CT codes were removed because they are associated with phenotypes (as 

per available HPO mapping) rather than diseases. In total, a final list of RD-specific codes comprised 

357 ICD-10 codes and 12,081 SNOMED-CT IDs, representing a total of 6,342 unique RDs.  This list is 

available in (Supplementary Table 2), along with associated GARD IDs, names and Orphanet 

linearization classes and further details on each filtering step are found in the Supplementary 

Materials.  

 

Characteristics of disease represented by RD-specific SNOMED/ICD-10  

At least 6,342 diseases (estimated prior to the phenotype filter) with RD-specific codes were 

categorized via Orphanet linearization (Supplementary Table 3). Because each Orphanet RD maps 

to a single Orphanet linearization, these categories are useful for evaluating groups of diseases and 

for clinical assessment. (Figure 3A) depicts the number of RDs per category for the 30 linearizations 

that represent the 6,342 diseases. Several linearization classes are poorly represented with < 10 codes. 

These underrepresented linearizations include rare urogenital, rare maxilo-facial surgical, rare 

abdominal surgical, rare infertility, rare genetic, rare surgical thoracic, rare transplantation, and rare 

surgical cardiac diseases.   
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    The most well represented classes of RD are “rare developmental defects during embryogenesis” 

and “rare neurologic disease" with 2002 and 1,044 RDs in each, respectively. The least represented 

linearizations include rare urogenital, rare maxillo-facial surgical and rare surgical thoracic diseases, 

with fewer than 10 ICD-10 and SNOMED-CT codes. The remaining linearization classes include 13 to 

490 unique codes. 

    Interestingly, the number of representative codes for each linearization aligns well with how well 

these diseases are evaluated in the literature. (Figure 3B) shows the number of associated 

reports/publications obtained via Orphanet linearization. The most widely reported (with > 750,000 

publications/reports) categories include rare neoplastic, rare infectious and rare neurological diseases, 

which are also the top 3 represented linearizations by our resulting RD-specific codes.  The 3 least 

represented linearizations in the literature, with fewer than 250 publications are rare transplantation, 

infertility and rare genetic disease.   

 

Use case: evaluation of RD patients in a COVID-19 cohort using the N3C enclave 

We exemplify the utility of our list of RD-specific codes by studying a large number of patients with RDs 

in the N3C enclave which comprises 21,704,702 patients, with 8,463,370 having a positive COVID-19 

diagnosis (Supplementary Figure 2, Methods). After applying exclusion criteria based on missing 

data on age and sex, <1 encounter visits before/after COVID-19 diagnosis date, and data that did not 

pass N3C quality control, our final COVID-19 cohort comprised 4,835,718 patients.  As a final step, we 

further applied filtering criteria based on incidence, ensuring that only diseases with an incidence rate 

less than 6/10,000 were represented. In total, 7 ICD-10 codes and 18 SNOMED-CT codes were 

removed (Supplementary Figure 4).   

    We next cross-linked our list of RD-specific codes resulting from our phenotypic algorithm to stratify 

patients into those with or without a preexisting RD diagnosis.  Of the 12,081 RD-specific codes 

identified by our algorithm, 10,611 were mappable to N3C, including 350 ICD-10 codes and 12,063 

SNOMED-CT codes.  In total, we identified 404,735 patients (8.37%) with a preexisting RD, while 

4,430,983 did not have a preexisting RD (Supplementary Figures 2 and 4, Table 1). Given the 

heterogeneity of RDs, we further stratified patients into the 23 Orphanet linearization (Supplementary 

Figure 5A). The rare skin disease group shows the largest representation in N3C (N=103,614), 

followed by rare neoplastic disease (N= 79,021) and rare systemic or rheumatologic disease 

(N=47,375). Conversely, rare surgical disease (N= 101), the rare maxillo facial surgical diseases (N= 

119), and rare circulatory system diseases (N= 727) were the least represented. The number of patients 

in the remaining groups ranged from 3,226 to 37,579. Notably, no patients mapped to the Orphanet 

linearization classes of rare genetic disease and rare infertility.   

    Globally, among the 404,735 patients with preexisting RD, 37,323 (9.22%) were hospitalized and 

18,199 (4.50%) died. These patients with preexisting RD were more likely to be female than male 

(64.57% female in the RD group vs 59.63% female in the non-RD group), and their age distributions 

differed (for example, 9.30% under 20 years in the RD group vs 16.23% under 20 years in the non-RD 

group) from those of patients without preexisting RD. The demographic data are shown in Table 1, 

which reveals significant differences in age, BMI, race, ethnicity, and smoking status between patients 

with and without preexisting RD. Furthermore, higher rates of mortality (4.50% vs 1.98% in non-

preexisting RD patients) and hospitalization (9.22% vs 4.92% in non-preexisting RD patients) were 

observed in patients with preexisting RD (Table1). The distribution of mortality for patients with and 

without preexisting RDs was also evaluated by age and sex categories to reveal potential differences 

between those two demographics (Supplementary Figure 6).  
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    We next conducted univariate analyses to evaluate the impact of age and sex on mortality of patients 

with and without preexisting RD. For all age groups, we observed a higher mortality in both males and 

females although the increasing rate of mortality is more pronounced in males than in females 

(Supplementary Figure 6).  For example, in the 65+ age group, the percent mortality difference 

between patients with and without preexisting RD is 4.22% higher in males, whereas it was 2.2% (Chi-

square p-value < 0.0001). We also observe an increase in the percent mortality difference as patients 

get older. For example, male patients aged 1-20 years had a 1.14% mortality, whereas those aged 65+ 

years had an 11.83% mortality. Similar observations are made when evaluating the hospitalization rate.     

    The rates of mortality and hospitalization were then explored for each linearization class except for 

those classes excluded because of missing mortality heterogeneity of RD represented, or a lack of 

patient mapping (see Methods). Our analyses revealed the highest percentages of mortality and 

hospitalization for patients with rare neoplastic disease (10.4% mortality and 12.8% hospitalization), 

rare respiratory disease (9.0% mortality and 15.0% hospitalization), and rare gastroenterological 

disease (7.1% death and 12.5% hospitalization) (Supplementary Figures 5B and 5C).  The least 

affected linearization classes include rare skin diseases (1.6% mortality and 4.6% hospitalization), rare 

gynecologic or obstetric diseases (0.5% mortality and 6.2% hospitalization) and rare urogenital 

diseases (1.8% mortality and 5.2% hospitalization).   

    Finally, we aimed to evaluate the unadjusted risk of COVID-19 related hospitalization and mortality 

in COVID-19 patients with and without preexisting RDs (Table 2).   The highest mortality RRs were 

observed for the rare neoplastic disease group (RR=5.275; 95% CI= 5.272-5.278; p < 0.001), the rare 

respiratory disease group (RR = 4.56; 95% CI= 4.556-4.562; p < 0.001), and the rare gastroenterologic 

disease (RR = 3.563; 95% CI= 3.553-3.575; p < 0.001) (Table 2). For hospitalized individuals, the three 

highest hospitalization RRs were observed for rare endocrine disease (RR = 3.128; 95% CI= 3.118-

3.135; p < 0.001), rare respiratory disease (RR= 3.038; 95% CI= 3.036-3.039; p < 0.001), and rare 

hematology disease (RR= 2.885; 95% CI=2.885-2.887 p < 0.001) (Table 2).  

 

Discussion 

Although numerous research articles have been published on identifying rare disease patients in 

electronic health record (EHR) systems, there remains a notable scarcity of automated approaches 

capable of identifying a wide array of rare diseases on a large scale. To address this gap, we have 

developed an algorithm to automate the identification process of rare diseases in extensive EHR 

systems. The major outcome of this study is thus the development of a phenotyping algorithm that 

produces RD-specific codes, specifically 12,081 SNOMED-CT codes and 357 ICD-10 codes 

representing at least 6,342 RDs. To the best of our knowledge, this is the largest number of RDs 

represented by SNOMED-CT and ICD-10 codes. These RDs represent 30 Orphanet classes 

(Supplementary Table 4). The availability of these codes allows investigation of RDs as groups, rather 

than individuals or small numbers of RDs, in any EHR system.  This capacity empowers clinicians and 

researchers to find novel shared treatment options for this difficult to study population.  

    Our phenotype algorithm addresses major challenges in systematically defining RDs in EHR 

systems. First, we eliminated RD codes that relate to group of disorders that could erroneously bring in 

common diseases when we expanded the code list with their descendants, and we also removed those 

that relate to phenotypes. Second, we focused on minimizing manual curation so that the process can 

be readily executed when updates to source databases (e.g., GARD, Orphanet, OHDSI) are applicable.  

Third, recognizing the lack of convergence in the definition of rare diseases across the world, we 

anchored our algorithm to GARD IDs and thus followed the US definition of RDs. While our algorithm 
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produces a comprehensive list of RD codes, we acknowledge that some RDs might be missed because 

of the exclusion criteria applied. In addition, as we minimize manual curation, we recommend careful 

evaluation of codes when they are used to create a cohort. In our study, we added an incidence filter 

to remove potentially erroneously represented RDs in the EHR system.  This filter removed 25 codes 

(Supplementary Table 5) which represent common diseases. The remaining are likely to either 

represent issues in how the codes are used in the EHR systems or could represent false positives (a 

disease we consider rare but is actually common).  

    A recent study by Thygesen et al17 evaluated the prevalence, and clinical and demographic data for 

RD using a large retrospective observational study in England. An algorithm specific to their study was 

designed to identify RD using Orphanet and implement filters to remove certain disease types (e.g., 

clinical group, clinical subtype, etiological subtype, and biological anomaly, etc.) and mappings without 

existing codes in the observational study.  While some key similarities exist between the algorithm 

presented in  Thygesen et al. and ours (e.g., use of Orphanet, incidence and removal or groups/broad 

disorders), our algorithm produces codes that are independent of a specific cohort.  Therefore, our list 

of RD-specific codes can be used directly as a starting point for any EHR system. 

    We note that there is a large skew in the distribution of the numbers of RD-specific codes and 

associated publications by linearization classes (Figure 3).  Surprisingly, while 80% of RDs are related 

to genetic disorders, only 3 RD-specific codes map to that category33. Notably, this underrepresentation 

is an artifact of the rare genetic disease linearization and the priority rules applied when mapping a 

disease to a linearization30. Specifically for rare genetic diseases, a disease is first mapped to the most 

relevant body system affected, with involvement for prognosis and specialist type for disease 

management.  The remaining diseases only will be mapped to rare genetic disease. If this linearization 

were to be further analyzed, the grouping of this genetic RD category could be revised.  

     As a use case of this list of RD-specific codes, we systematically identified RD patients in a COVID-

19 cohort established within the N3C enclave to broadly compare the demographics of COVID-19 

patients with and without preexisting RDs and to evaluate the RRs of COVID-19 related hospitalization 

and mortality in patients with and without preexisting RDs. Our analyses are preliminary, as only 

univariate analyses were performed, and we did not adjust for relevant clinical covariables, which is 

beyond the scope of this manuscript. Nonetheless, this analysis exemplifies the utility of our RD-specific 

codes and represents, to the best of our knowledge, the largest study in the United States that evaluates 

COVID-19 severity outcomes in relation to RD classes at scale by maximizing the coverage of RD 

patients using a comprehensive list of RD-related codes. We provided unadjusted risk ratios of each 

rare disease class with respect to COVID-19 positive patients without rare diseases. Similar to our 

findings, Thygesen et al. reported that patients with rare developmental defect during embryogenesis, 

rare renal disease, rare neurologic disease, rare immune disease, rare ophthalmic disorder, rare 

systemic or rheumatologic disease, and rare bone diseases had higher risk of mortality in their cohort 

of COVID-19 patients that were vaccinated.  They also found that patients with rare genetic, rare and 

systemic and rheumatological diseases of childhood showed a higher risk of mortality although those 

RD groups were not evaluated in our study as they were not represented in our cohort. Thygesen et al. 

also reported that patients with rare skin disease showed a higher risk of mortality while in our analyses, 

this group exhibited a protective effect. This discrepancy could be due to differences in the diseases 

represented in both cohorts. 

    Our results also align with a comprehensive analysis in Hong Kong showing that RD patients had an 

increased risk of COVID-19 related mortality compared with the general population34. Interestingly, 

stratified analyses in the Hong Kong cohort demonstrated that the risk of mortality increases with age 

in the general population whereas in the RD population, mortality rates are much higher in the younger 
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population (≤18 years old). In our study, we did not find a large increase in the percent mortality for RD 

patients in the younger population (2-20 years) although we did find a higher percent mortality in the 

RD population compared to the non-RD population. We note here that our study does not account for 

vaccination status, exposure to anti-virals, demographics and other relevant clinical factors since the 

focus of the study is on the generation of RD-specific codes. Findings from our preliminary use case 

demonstrate the utility of our RD-specific codes in identifying RD patients in large clinical cohorts.  As 

we know, RD patients are underrepresented in EHR systems due to heterogeneity of the coding 

systems used in different clinical settings. Our approach is based on Orphanet classification and further 

usage of ICD-10 codes or SNOMED-CT codes to the confirmed cases of rare diseases. Patients with 

suspected rare diseases or undiagnosed conditions were not included in our analysis. Further limitation, 

The N3C (National COVID Cohort Collaborative) data are aggregated from multiple healthcare 

systems, which use four common data models with varying levels of granularity. However, harmonizing 

these disparate data requires making assumptions and inferences, which could introduce systematic 

biases. Additionally, accurately determining race within N3C is challenging due to variations in how 

race is reported across different healthcare systems. 

    We also recognize that ICD-10 codes lack granularity in RDs. Orphanet’s mappings currently cover 

only three-digit ICD-10 codes rather than the ICD10-CM four-digit level codes that provide more 

precision. Once these become available, our algorithm could be readily adapted to use ICD10-CM 

rather than ICD-10.  The mappings could be improved even further by leveraging ICD-11 codes 

alongside SNOMED-CT.  

    Overall, these findings provide a robust foundation for broader evaluation of RDs in EHR systems.  

Evaluations of groups of RDs are advantageous for increasing the statistical power for finding clinically 

relevant patterns and better understanding RDs as complex systems rather than single diseases.  Our 

use case evaluation in COVID-19 provided preliminary findings that further highlight the need for 

tailored monitoring of RD patients to prevent worse COVID-19 outcomes.  Moving forward, this 

framework provides a crucial foundation for future investigations into how comorbidities, vaccination 

status, and antiviral treatments influence outcomes such as COVID-19-related mortality, 

hospitalization, long COVID, and reinfection among individuals with preexisting rare diseases. 

Continued research in this direction holds significant potential to improve clinical decision-making and 

health equity for this often-overlooked population. 
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Figure 1: Study design. In this study, we developed a phenotyping algorithm that leverages GARD, 

Orphanet, and OHDSI to produce RD-specific ICD-10 and SNOMED-CT codes. These codes are 

specific to individual diseases are devoid of group disorders and phenotypes. We demonstrate the 

utility of these codes through a clinical assessment of RD patients in the N3C Enclave.  Specifically, 

we systematically identified RD patients in the enclave and evaluated distributions of RD patients by 

their Orphanet class, as well as risk of COVID-19 mortality.   
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Figure 2: RD phenotyping Algorithm.  A semi-automated algorithm was built to define RD-specific 

ICD-10 and SNOMED-CT codes.  The algorithm starts with 12,003 RDs, each defined by a unique 

GARD ID, which are mapped to Orphanet to retrieve associated ICD-10 and SNOMED-CT codes.  At 

this step, groups of disorders and broad concepts (e.g., one-to-many mappings) are removed.  Next, a 

phenotype exclusion step is performed after pulling in descendent concepts of the remaining SNOMED-

CT codes. As a result, 357 ICD-10 codes and 12,081 SNOMED-CT codes are produced, representing 

at least 6,342 RDs.   
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Figure 3: Characteristics of the 6,342 unique RDs represented by RD-specific ICD-10 and 

SNOMED-CT codes.  A) Number of diseases by Orphanet linearization; B) Number of 

publications/reports from (RDAS). 
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Table 1: Characteristics of COVID-19 patients identified within the N3C enclave stratified by 

those with or without preexisting RD. Distribution of all covariables differ between patients with/without 

RD Chi-square test for categorical variables p-values <0.001). 

 

 

 

 

 

 

 

 

  

Characteristic
Overall 

(N = 4,835,718)

Rare Disease 

(No)

(N = 4,430,983)

Rare Disease 

(Yes)

(N = 404,735)

p  value*

Demographic

    Age, n (%)  <0.001

           Age (1-20) 756,843 (15.65%) 719,188 (16.23%) 37,655 (9.30%)

           Age (20-40) 1,298,094 (26.84%) 1,214,917 (27.42%) 83,177 (20.55%)

           Age (40-65) 1,765,726 (36.51%) 1,597,498 (36.05%) 168,228 (41.56%)

           Age (>65) 1,015,055 (20.99%) 899,380 (20.30%) 115,675 (28.58%)

     BMI, n (%) <0.001

          BMI under weight (<18.5) 175,712 (3.63%) 162,053 (3.66%) 13,659 (3.37%)

          BMI normal (18.5 - 25) 549,293 (11.36%) 502,468 (11.34%) 46,825 (11.57%)

          BMI over weight (25 - 30) 775,317 (16.03%) 700,650 (15.81%) 74,667 (18.45%)

          BMI obese (≥30) 3,335,396 (68.97%) 3,065,812 (69.19%) 269,584 (66.61%)

     Sex, n(%) <0.001

           Female 2,903,745 (60.05%) 2,642,391 (59.63%) 261,354 (64.57%)

           Male 1,931,973 (39.95%) 1,788,592 (40.37%) 143,381 (35.43%)

     Race, n(%) <0.001

          Asian 169,248 (3.50%) 157,018 (3.54%) 12,230 (3.02%)

          Black or African American 638,220 (13.20%) 572,475 (12.92%) 65,745 (16.24%)

          Missing/Unknown/Other 573,602 (11.86%) 530,486 (11.97%) 43,116 (10.65%)

          White 3,454,648 (71.44%) 3,171,004 (71.56%) 283,644 (70.08%)

     Ethinicity, n(%) <0.001

          Hispanic or Latino 573,977 (11.87%) 533,099 (12.03%) 40,878 (10.10%)

          Not hispanic or Latino 3,905,198 (80.76%) 3,568,870 (80.54%) 336,328 (83.10%)

          Missing/Unknown 356,543 (7.37%) 329,014 (7.43%) 27,529 (6.80%)

     Smoking status, n(%) <0.001

           Current or former smoker 819,634 (16.95%) 752,144 (16.97%) 67,490 (16.68%)

           Non-smoker 4,016,084 (83.05%) 3,678,839 (83.03%) 337,245 (83.32%)

     Death, n(%) 105,920 (2.19%) 87,721 (1.98%) 18,199 (4.50%) <0.001

     Hospitalized, n(%) 255,429 (5.28%) 218,106 (4.92%) 37,323 (9.22%) <0.001

*
 
Pearson's Chi-squared test
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Table 2: Relative Risk Ratio of Rare Disease Classes with Respect to Control (COVID-19 positive) for Severity Outcomes 
(Mortality/Hospitalization) 
 

 

Mortality Hospitalization

Variables
Total 

Patients

Number of 

mortality

Mortality risk

 ratio (95% CI)
p value Variables

Total 

Patients

Number of 

hospitalization

Hospitalization 

risk  ratio (95% CI)
p value

Rare neoplastic disease 32606 3405 5.275 (5.272 - 5.278) <2.2E-308 Rare endocrine disease 3994 615 3.128 (3.118 - 3.135) <2.2E-308

Rare respiratory disease 31549 2848 4.56 (4.556 - 4.562) <2.2E-308 Rare respiratory disease 31549 4718 3.038 (3.036 - 3.039) <2.2E-308

Rare gastroenterologic disease 8493 599 3.563 (3.553 - 3.575) <2.2E-308 Rare hematologic disease 37579 5337 2.885 (2.885 - 2.887) <2.2E-308

Rare hepatic disease 8375 572 3.45 (3.438 - 3.46) <2.2E-308 Rare circulatory system disease 727 98 2.739 (2.692 - 2.789) <2.2E-308

Rare endocrine disease 3994 268 3.389 (3.367 - 3.414) <2.2E-308 Rare neoplastic disease 32606 4175 2.601 (2.6 - 2.602) <2.2E-308

Rare bone diseases 4113 255 3.132 (3.11 - 3.156) <2.2E-308 Rare gastroenterologic disease 8493 1059 2.533 (2.528 - 2.536) <2.2E-308

Rare hematologic disease 37579 2269 3.05 (3.047 - 3.052) <2.2E-308 Rare bone diseases 4113 476 2.351 (2.343 - 2.36) <2.2E-308

Rare infectious disease 19326 1140 2.98 (2.975 - 2.985) <2.2E-308 Rare renal disease 3226 368 2.317 (2.305 - 2.327) <2.2E-308

Rare systemic or rheumatologic disease 47375 2526 2.693 (2.692 - 2.696) <2.2E-308 Rare ophthalmic disorder 9767 1111 2.311 (2.308 - 2.315) <2.2E-308

Rare cardiac diseases 3584 186 2.621 (2.596 - 2.649) <2.2E-308 Rare hepatic disease 8375 944 2.29 (2.287 - 2.295) <2.2E-308

Rare maxillo facial surgical disease 119 <20 2.547 (1.866 - 3.476) 1.88E-02 Rare systemic or rheumatologic disease 47375 5103 2.188 (2.187 - 2.189) 1.88E-02

Rare ophthalmic disorder 9767 481 2.488 (2.477 - 2.497) <2.2E-308 Rare infectious disease 19326 2077 2.183 (2.182 - 2.186) <2.2E-308

Rare immune disease 9479 453 2.414 (2.403 - 2.423) <2.2E-308 Rare cardiac diseases 3584 377 2.137 (2.126 - 2.146) <2.2E-308

Rare neurologic disease 79021 3744 2.393 (2.393 - 2.395) <2.2E-308 Rare neurologic disease 79021 8177 2.102 (2.102 - 2.103) <2.2E-308

Rare circulatory system disease 727 33 2.293 (2.167 - 2.427) 1.07E-06 Rare developmental defect during embryogenesis 25905 2641 2.071 (2.07 - 2.072) <2.2E-308

Rare renal disease 3226 131 2.051 (2.021 - 2.08) <2.2E-308 Rare immune disease 9479 868 1.86 (1.857 - 1.865) <2.2E-308

Rare developmental defect during embryogenesis 25905 853 1.663 (1.66 - 1.667) <2.2E-308 Rare otorhinolaryngologic disease 4875 432 1.8 (1.793 - 1.808) <2.2E-308

Rare inborn errors of metabolism 6087 187 1.552 (1.537 - 1.569) 1.08E-09 Rare inborn errors of metabolism 6087 492 1.642 (1.636 - 1.648) <2.2E-308

Rare otorhinolaryngologic disease 4875 102 1.057 (1.037 - 1.077) 5.73E-01 Rare maxillo facial surgical disease 119 <20 1.366 (1.086 - 1.719) 3.61E-01

Rare surgical thoracis disease 101 <20 1.0 (0.383 - 2.614) 1.00E+00 Rare gynecologic or obstetric disease 8419 515 1.243 (1.239 - 1.248) 3.70E-07

Rare urogenital disease 9576 169 0.891 (0.881 - 0.902) 0.1321632 Rare urogenital disease 9576 501 1.063 (1.059 - 1.067) 1.61E-01

Rare skin disease 103614 1690 0.824 (0.823 - 0.825) 1.78E-15 Rare surgical thoracis disease 101 <20 1.006 (0.692 - 1.462) 9.90E-01

Rare gynecologic or obstetric disease 8419 39 0.234 (0.223 - 0.246) <2.2E-308 Rare skin disease 103614 4762 0.934 (0.934 - 0.935) 1.62E-06
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