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Summary  

Background. – The content of electronic medical records (EMRs) encompasses both structured data, 

such as billing codes, and unstructured data, including free-text reports. Epidemiological and clinical 

research into adult congenital heart disease (ACHD) increasingly relies on administrative claim data 

using the International Classification of Diseases (9th revision) (ICD-9). In France, administrative 

databases use ICD-10, the reliability of which is largely unknown in this context.  

Aims. – To assess the accuracy of ICD-10 codes retrieved from administrative claim data in the 

identification and classification of ACHD.  

Methods. – We randomly included 6000 patients hospitalized at least once in 2000–2014 in a 

cardiology department with a dedicated specialized ACHD Unit. For each patient, the clinical diagnosis 

extracted from the EMR was compared with the assigned ICD-10 codes. Performance of ICD-10 

codes in the identification and classification of ACHD was assessed by estimating sensitivity, 

specificity and positive predictive value. 

Results. – Among the 6000 patients included, 780 (13%) patients with ACHD were manually identified 

from EMRs (107,092 documents). ICD-10 codes correctly categorized 629 as having ACHD 

(sensitivity 0.81, 95% confidence interval 0.78–0.83), with a specificity of 0.99 (95% confidence 

interval 0.99–1). The performance of ICD-10 codes in correctly categorizing the ACHD defect subtype 

depended on the defect, with sensitivity ranging from 0 (e.g. unspecified congenital malformation of 

tricuspid valve) to 1 (e.g. common arterial trunk), and specificity ranging from 0.99 to 1. 

Conclusions. – Administrative data using ICD-10 codes is a precise tool for detecting ACHD, and may 

be used to establish a national cohort. Mining free-text reports in addition to coded administrative data 

may offset the lack of sensitivity and accuracy when describing the spectrum of congenital heart 

disease using ICD-10 codes. 

 

Résumé  

Contexte. – Les dossiers médicaux électroniques (DME) incluent des données structurées-codes de 

facturation- et des données non structurées sous forme texte libre. L’épidémiologie clinique 

concernant des adultes ayant une cardiopathie congénitale (ACC) repose de plus en plus sur des 

données administratives de remboursement utilisant la Classification internationale des Maladies, 
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neuvième révision (CIM-9). En France, ces bases de données utilisent la CIM-10 dont la fiabilité est 

inconnue dans ce contexte. 

Objectifs. – Évaluer la performance des codes CIM-10 extraits des données de remboursement pour 

identifier et classer les patients ACC. 

Méthodes. – 6000 patients adultes tirés au sort et hospitalisés au moins une fois en 2000–2014 ont 

été inclus. Le diagnostic clinique extrait du DME a été comparé aux codes CIM-10 assignés. La 

sensibilité, la spécificité et la valeur prédictive positive pour identifier et classer les patients ACC ont 

été évaluées. 

Résultats. – 780/6000 (13 %) patients ACC ont été identifiés à partir des DME (107,092 documents). 

Les codes CIM-10 ont identifié 629 d’entre eux (sensibilité 0,81, IC95 % 0,78–0,83) avec une 

spécificité de 0,99 (IC95 % 0,99–1). La performance du codage pour catégoriser le type de 

cardiopathie dépendait de celui-ci avec une sensibilité allant de 0 à 1 et une spécificité de 0,99 et 1. 

Conclusions. – Les données administratives utilisant la CIM-10 permettent d’identifier les ACC et 

pourraient servir à établir une cohorte nationale d’ACC. Les méthodes d’extraction automatique 

d’informations des comptes rendus cliniques pourraient compenser le manque de sensibilité et de 

précision de la CIM-10 à décrire le spectre des cardiopathies congénitales. 
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 Abbreviations: ACHD, adult with congenital heart disease; CDW, Clinical Data Warehouse; CHD, 

congenital heart disease; CM, Clinical Modification; EMR, electronic medical record; FN, false 

negative; FP, false positive; HEGP, Georges Pompidou European Hospital; ICD-9, International 

Classification of Diseases (9th revision); ICD-10, International Classification of Diseases (10th 

revision); NLP, natural language processing; NPV, negative predictive value; PFO, patent foramen 

ovale; PPV, positive predictive value; regex, regular expressions; TN, true negative; TP, true positive. 
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Background  

Advances in medicine, paediatrics and surgery have resulted in the improved survival of patients with 

congenital heart disease (CHD) [1, 2], with > 85% of patients now reaching adulthood [3]. Accordingly, 

the population of patients with adult congenital heart disease (ACHD) is growing, and their number 

now exceeds the number of children with CHD [4]. Despite surgical correction, patients with ACHD 

retain a lifelong risk of late complications, arising from residual defects and clinical sequelae, resulting 

in high rate of resource utilization [5]. The growing healthcare needs of patients with ACHD required 

the creation of specialized ACHD care units. To improve and assess healthcare for this growing 

population, specific guidelines have been published [6, 7] and quality indices have been proposed [8]. 

Research in this domain benefits from the collection of a large quantity of accurate detailed 

longitudinal routine data. Over the past 10 years, health administrative databases, such as 

administrative claims databases, have been used to study differences in surgical outcomes [9], lifelong 

co-morbidities such as arrhythmia [10], stroke [11], infective endocarditis [12] and hospitalization rates 

[13], drawing important conclusions.  

 In most countries (e.g. North America), health administrative data have been coded until now 

using the International Classification of Diseases (9th revision) (ICD-9), with or without modifications. 

However, several studies comparing the accuracy of ICD-9 codes with medical records in the 

identification of patients with CHD found variations in agreement [14-16]. Since 2000 in France, 

administrative data used for the Diagnosis-Related Groups in hospitals have been based on the 

International Classification of Diseases (10th revision) (ICD-10), first published in 1993, the reliability 

of which is still largely unknown in this context. Moreover, many other countries have moved recently 

from ICD-9 to ICD-10.  

 Electronic medical records (EMRs) are used as part of routine clinical care [17]; they have great 

potential to identify large cohorts, and serve as a rich data source for clinical and translational 

research. The information content encompasses both structured (i.e. coded) data and unstructured 

(i.e. narrative) data. Coded data are entered in a structured format, and usually include basic 

demographics and billing diagnostic codes, whereas narrative data are stored as free text in physician 

notes, and provide detailed information on a broad range of content, such as medical history or co-

morbidities. Free-text reports contain information not captured by the structured data in EMRs [18]. 

Thereafter, we will use the term “administrative diagnosis” for a diagnosis derived from codified 
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data/billing codes while “clinical diagnosis” will be derived from narrative data. With the implementation 

of EMRs in most countries, strategies for automated large-scale free-text processing have emerged. 

Natural language processing (NLP) computational methods aim to extract information automatically 

from text. A straightforward option consists of using a rule-based NLP approach, which typically 

involves a list of relevant terms to extract. Thus, NLP could be used to extract CHD terms from EMRs, 

and hence detect patients with CHD in a corpus of medical records. 

 In the current study, our primary objective was to assess the accuracy of administrative data (i.e. 

ICD-10 billing codes) to detect ACHD, using the clinical diagnosis from narrative data as a reference, 

at a French adult hospital – the Georges Pompidou European Hospital (HEGP). HEGP is an 800-bed 

AP-HP hospital located in Paris that has benefited from a clinical information system since 2000, and 

has a dedicated specialized ACHD Unit within the General Cardiology Department. To establish this 

clinical diagnosis, an expert reviewed the EMRs manually with the assistance of the NLP tool. Our 

secondary objective was to assess the accuracy of administrative data to correctly classify ACHD into 

specific subtypes of CHD.  

 

Methods 

Overview of methodology  

Fig. 1 shows an overview of our methodology. We randomly selected 6000 patients who had been 

hospitalized at least once in the General Cardiology Department within the HEGP, a tertiary academic 

medical centre. We then extracted all their documents between 2000 and 2014 from the Clinical Data 

Warehouse (CDW). We established a list of regular expressions (regex) to automatically identify 

potential mentions of CHD in patient records from the initial corpus of 6000 EMRs. EMRs with at least 

one match were reviewed manually by a clinician, to identify CHD lesions from the narrative reports. A 

web-based application, using information extraction methods, was used to assist clinicians in this task 

[19]. A clinical diagnosis was then attributed to each patient if at least one entity (i.e. at least one CHD 

lesion) was confirmed. In parallel, ICD-10 diagnosis codes for CHD were retrieved for the same set of 

patients. We then assessed the ability of the ICD-10 codes to detect ACHD by calculating sensitivity, 

specificity, negative predictive value (NPV) and positive predictive value (PPV). We analysed the 

results globally, and for each subtype of CHD separately. 
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Data source 

The HEGP is an 800-bed acute-care academic hospital in Paris; it was one of the first French teaching 

hospitals to implement a functional CDW [20]. The HEGP CDW relies on the i2b2 standard [21], and 

contains all information available from EMRs since the hospital opened in July 2000. As of 31 

December 2014, it had integrated data from 808,869 patients [22]. The large majority of the data 

stored in the CDW are structured data, including administrative records (for in-patients and out-

patients), diagnoses and procedures codes, structured observations, laboratory tests and drug 

prescriptions written in the hospital, but the CDW also integrates more than 3 million free-text reports 

in French, ranging from discharge summaries and letters to radiology and pathology reports.  

 Moreover, HEGP is the national reference centre for ACHD (http://hopital-

georgespompidou.aphp.fr/offre-de-soins/centre-de-reference). Therefore, this CDW provides a 

reference cohort of patients with ACHD, who are treated as both in-patients and out-patients by ACHD 

specialists in a dedicated unit within the General Cardiology Department.  

 All free-text medical documents produced for each encounter with the medical team are stored in 

the CDW as free-text reports (letters for out-patient encounters, discharge summaries for in-patient 

encounters). Furthermore, for stays in hospital, ICD-10 codes corresponding to the principal and 

secondary diagnoses are provided for billing purposes, and stored in the CDW. Thus, diagnoses of 

CHD are potentially present in various forms: administrative diagnoses derived from coded data using 

ICD-10 for hospital stays only, and clinical diagnoses derived from narrative reports for in-patients and 

out-patients.  

 

Data extraction from the CDW 

We included a random sample of 5500 patients who had at least one hospitalization between 2000 

and 2014 in the General Cardiology Department, and a random sample of 500 patients from the 

ACHD Unit. Motivation for selecting 500 patients from the ACHD Unit was to ensure a substantial 

prevalence of ACHD in our study population. For every patient included, we extracted all narrative 

reports produced between 2000 and 2014, including discharge summaries, out-patient reports, 

radiology reports, multidisciplinary expert meeting summaries, letters and all ICD-10 billing codes 

related to each hospital stay. The term corpus is used in the rest of the article to reference these 6000 
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EMRs. The corpus was automatically deidentified [20] to comply with the Institutional Review Board 

requirements. 

 The study protocol was approved by the Institutional Review Board of the hospital 

(IRB#00001072 Study #CDW_2014_0015), and the need for informed consent was waived. 

 

Administrative diagnoses from codified data 

Among the 14,400 existing ICD-10 codes, we identified 55 codes related to CHD (Q20–Q28.9). We 

used these ICD-10 codes to detect CHD from the billing data (Table A.1). Primary and secondary 

diagnoses were considered. Patients were classified as having ACHD according to administrative data 

if at least one ICD-10 CHD-related code was present in the EMR, or as not having ACHD if none was 

present.  

 

Gold standard setting: Clinical diagnoses from narr ative data  

Data processing 

Subset for linguistic resource 

We established a list of medical terms used by cardiologists to denote the 55 CHD codes present in 

the ICD-10. More precisely, a trained ACHD cardiologist (S. C.) developed a list of CHD terms for 

each of these CHD subtypes, and translated them into regex (a pattern of characters matching 

specific strings in text). We used a subset of the ACHD Unit records to build this list of regex, following 

an iterative process. To account for variability in language usage, several regex could be used to 

target a given concept (e.g. in English, the patterns \btransposition\s+of\s+(the\s)?great\s+arteries and 

\bTGA\b to match for transposition of the great vessels). More examples are provided in Table 1 and 

Table A.1 (the latter in French). We decided to define regex that were broad enough to ensure high 

sensitivity scores, while reducing the burden of manual review. All the reports selected by the regex 

were then reviewed manually by an ACHD cardiologist. 

 

Entity identification and corpus filtering  
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We applied the regex-based filtering method to the initial corpus of 6000 EMRs, to identify ACHD 

(Table 1, Table A.1). At the end of this process, we obtained two subsets: EMRs without any regex 

match were set aside, while EMRs with at least one match were kept for manual review. 

 

Reviewing the CHD diagnoses  

A trained ACHD cardiologist (S. C.) reviewed manually all EMRs in which at least one CHD regex was 

identified in its free-text reports, and then, if confirmed, extracted the clinical diagnosis (CHD subtype) 

to determine the reference diagnosis (gold standard). Therefore, a patient was considered as not 

having ACHD if no regex was recognised in their EMR or if none of the regex matches was confirmed 

by manual review. To facilitate the manual review, a browser-accessible application – FASTVISU [19] 

– was used, which highlights terms matching the regex in the text, and provides an interface to 

efficiently validate the presence/absence of each of the CHD subtypes (Fig. 2). A patient was 

considered as having ACHD regardless of the presence of surgical repair in their history, and native 

specific subtypes of CHD were still considered. 

 

Gold standard validation 

As shown in Fig. 1, two ACHD cardiologists (S. C. and L. I.) reviewed manually a subset of 2.5% 

randomly-selected EMRs (31 patients) containing at least one CHD regex, to evaluate the information 

extraction step performed by FASTVISU. Inter-reviewer agreements on the presence/absence of CHD 

lesion (primary objective) and on the presence/absence of specific CHD lesions (secondary objective) 

were estimated using Cohen’s kappa.  

 

Evaluation 

Administrative diagnoses were compared with the clinical diagnoses extracted from narrative data, 

considered as the reference diagnosis (gold standard), with the following definitions: true positives 

(TPs) were ACHD (or CHD subtype) correctly identified by ICD-10 codes; false positives (FPs) were 

ACHD (or CHD subtype) incorrectly identified by ICD-10, with no confirmation by the narrative data; 

true negatives (TNs) were no ACHD (or CHD subtype) without ICD-10 CHD codes; false negatives 

(FNs) were true ACHD (or CHD subtype) according to narrative data, where the ICD-10 CHD code 

was missing.  
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 We estimated sensitivity (TP/[TP + FN]), specificity (TN/[TN + FP]), NPV (TN/[TN + FN]), PPV 

(TP/[TP + FP]), accuracy (TP/Total) and their 95% confidence intervals. Each of these values was 

calculated: to assess the accuracy of administrative data in the detection of ACHD (primary objective); 

and for each specific CHD subtype (secondary objective). The HEGP CDW was queried using 

Structured Query Language (Oracle Server). 

 

Results 

Corpus 

A total of 6000 patients (14.9%) who were hospitalized at least once in the HEGP General Cardiology 

Department between 2000 and 2014 were included. The subset of 500 records from the ACHD Unit 

led to an over-representation of this population, as they represented 8.3% of the corpus, whereas the 

patients from the ACHD Unit represent only 3.1% (1262/40,234) of the General Cardiology 

Department (Fig. 1). The free-text corpus corresponding to the 6000 patients comprised 107,092 

documents, including discharge summaries, out-patient reports, multidisciplinary expert meeting 

summaries, letters and radiology reports. All records had at least one document. Patients had a 

median of 11 clinical documents [interquartile range 6; 23], with a maximum of 223.  

 

Extraction of clinical and administrative diagnoses   

Starting from the 6000 EMRs, 10,578 CHD regex matches were detected in 6272 documents from 

1214 EMRs (Fig. 1). After a manual review of these EMRs, CHD was confirmed for 64% of the EMRs, 

corresponding to 780 patients (13% of the corpus).  

 After querying billing data from the corpus, 1122 CHD-related ICD-10 codes were detected in 677 

patients out of 6000 (11.3% of the corpus) (Fig. 1). Of these potential patients with ACHD, 59.6% had 

only one ICD-10 code for CHD, 21.7% had two ICD-10 codes and 18.7% had at least three ICD-10 

codes to describe their defect.  

 For gold standard retrieval validation, 31 patients selected randomly were reviewed to evaluate 

inter-reviewer agreement. We obtained 100% agreement between the two ACHD cardiologists for the 

presence/absence of CHD lesion (Cohen’s kappa value of 1). The readers disagreed over 10 of the 

169 items they viewed from the 31 patients, assigning a different specific CHD lesion. Therefore, the 

Cohen’s kappa value for the secondary objective was 0.88 (95% confidence interval 0.81–0.95). 
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Accuracy of administrative data in the detection of  ACHD  

Among the 780 patients with confirmed ACHD (gold standard), 629 (81%) were correctly identified as 

having ACHD using the ICD-10 codes (sensitivity 0.81, 95% confidence interval 0.78–0.83). One-

hundred and fifty-one patients (19%) did not have a CHD code, and thus could not be identified by 

administrative data. Of the 5220 patients identified as not having ACHD, 48 were wrongly categorized 

as having ACHD by ICD-10 codes. Table 2 summarizes the accuracy of administrative nomenclature 

(ICD-10) in the detection of ACHD, and its sensitivity, specificity, NPV and PPV. 

 

Accuracy of administrative data in the identificati on of specific CHD 

The most prevalent CHD lesions according to narrative data (clinical diagnoses) were "atrial septal 

defect” (Q211) (n = 223; 28.6% of the CHD population), “ventricular septal defect” (Q210) (n = 169; 

21.7%), “bicuspid aortic valve and other congenital insufficiency of aortic valve” (Q231) (n = 147; 

18.9%) and “tetralogy of Fallot” (Q213) (n = 110; 14.1%) (Table 3). Sensitivity, specificity, NPV and 

PPV of the administrative data (ICD-10 codes) are reported for each defect in Table 3. Sensitivity 

ranged from 0 to 1 and specificity from 0.99 to 1 (Fig. 3). “Common arterial trunk” (Q200), “congenital 

malformation of great vein, unspecified” (Q269), “tetralogy of Fallot” (Q213), “transposition of the great 

vessels” (Q203) and “Ebstein anomaly” (Q225) showed the highest sensitivity, whereas “congenital 

malformation of aortic and mitral valves, unspecified” (Q239) “other congenital malformations of 

tricuspid valve” (Q228), “congenital malformation of great arteries, unspecified” (Q259), “congenital 

malformation of tricuspid valve, unspecified” (Q229), “congenital heart block” (Q246) and “cor 

triatriatum” (Q242) had a sensitivity value of 0. 

 

Discussion 

In this study, we evaluated the performance (sensitivity, specificity, NPV and PPV) of ICD-10 codes in 

the identification of ACHD in a hospital population with a high proportion of patients with ACHD, and 

obtained a sensitivity of 0.81 and a specificity of 0.99. To our knowledge, this is the first study to 

investigate the performance of ICD-10 codes in this field. Frohnert et al. reported similar results (i.e. 

86% sensitivity and 98% specificity) in the EMRs of infants using ICD-9-CM (Clinical Modification) 

codes from hospital discharge data and keywords in medical records at one hospital in Minneapolis, 
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MN, USA [15]. Although designed for billing, administrative databases coded with ICD codes have 

been used extensively in research related to CHD epidemiology and health services worldwide [1, 23, 

24]. Nowadays, more and more countries have replaced ICD-9 with ICD-10 as the legacy coding 

system. In France, the French hospital discharge database (Programme de Médicalisation des 

Systèmes d'Information) contains a record for each acute in-patient stay. Nationwide record 

production has been mandatory since 1996, but it is limited to in-patient stays. The Programme de 

Médicalisation des Systèmes d'Information database has already been used in other clinical domains 

for disease monitoring or epidemiological purposes, particularly in cancer [25-28]. Thus, as no national 

comprehensive registry exists for ACHD, and given their coverage, administrative health databases 

may be an interesting tool for conducting ACHD studies on a national scale, and to help to build a 

French ACHD cohort. Moreover, record linkage in such databases gives access to longitudinal data, 

which may provide better information about patients lost to follow-up during translation from childhood 

to adulthood, for example.  

 Our analysis demonstrated that the performance of ICD-10 codes varied widely according to the 

CHD lesion, with a sensitivity ranging from 0 to 1. While ICD codes are ubiquitous in clinical practice, 

given their usage for billing purposes, several authors have shown that they have some limitations in 

describing accurately the spectrum of CHD. This trend was documented by Frohnert et al; in their 

study, only 41.2% of ICD-9-CM codes accurately reflected the cardiac defect diagnosed in infants [15]. 

Also using ICD-9, Cronk et al. found that state administrative databases exactly matched only half of 

the specific CHD diagnoses [14]. In a recent study of 2193 individuals with a CHD ICD-9 diagnosis 

code from a tertiary hospital, 1069 were confirmed with a CHD diagnosis by review, yielding overall 

accuracy of 48.7% [16]. However, when limited to those with moderate or complex lesions, accuracy 

reached 77% [16]. In our analysis, the highest sensitivity was reached for unambiguous ICD-10 codes, 

such as “Tetralogy of Fallot” (Q213), “transposition of the great vessels” (Q203) or “Ebstein anomaly” 

(Q225). On the other hand, unspecified ICD-10 codes, such as “congenital malformation of aortic and 

mitral valves, unspecified” (Q239) “other congenital malformations of tricuspid valve” (Q228), 

“congenital malformation of great arteries, unspecified” (Q259) and “congenital malformation of 

tricuspid valve, unspecified” (Q229), had the lowest sensitivity. This poor agreement between 

administrative codes and medical records in the classification of CHD may be explained by the lack of 

granularity of the ICD codes, even though ICD-10 has addressed some of the issues relating to ICD-9. 
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Since the 1990s, members of the paediatric cardiology and cardiac surgery communities have 

expressed the need for improved nomenclature [29, 30]. In 2005, the International Paediatric and 

Congenital Cardiac Code was created, and is now recognized as the standard nomenclature within 

the field [31], More clinically-oriented coding systems, such as SNOMED CT, are used in several 

countries, and provide finer-grained codes for CHD. In the future, ICD-11 will be introduced, using the 

classic segmental sequential approach, linked to the International Paediatric and Congenital Cardiac 

Code [32], and will also integrate mapping to SNOMED CT [33]. 

 However, even when the relevant code exists, there can be errors, as seen for coarctation of 

aorta (Q251; sensitivity 0.63), ventricular septal defect (Q210; sensitivity 0.58) or patent ductus 

arteriosus (Q250; sensitivity 0.50). In our study, reasons for misclassification included: misuse of 

congenital disease codes instead of acquired disease codes (e.g. acquired aortic valve disease coded 

as congenital aortic stenosis); non-exhaustiveness of description (e.g. Eisenmenger syndrome [Q218] 

resulting from a ventricular septal defect [Q210] coded as Eisenmenger syndrome only); 

misinterpretation of non-specific ICD-10 codes (“other/unspecified” terms); and inherent limitations 

with the lack of discriminatory detail in the ICD classification scheme. For example, ICD-10 fails to 

distinguish between atrial septal defect and patent foramen ovale (PFO), as they map to the same 

code (Q211). Similarly, in their study using ICD-9 codes, Khan et al. reported that the most common 

error was the erroneous classification of patients with PFO as having an atrial shunt [16] . Errors may 

occur at each step of the coding process: poorly described information may be given in the medical 

record; and physicians or administrative personnel in charge of coding may lack expertise in CHD 

terminology (especially in adult hospitals that are less familiar with CHD coding). In addition, as the 

primary purpose of these data is billing, coding may be financially driven. All of this may lead to 

considerable variations in the quality of administrative data in terms of diagnosis [14, 15].  

 To cope with the challenge of inaccuracy or incompleteness of ICD diagnosis codes, some 

investigators deployed algorithms, using both structured and unstructured data to find specific 

phenotypes in EMRs [34-36]. Outside the scope of CHD, Wei et al. evaluated the phenotyping 

performance of three major components of EMRs and their combination: billing codes (ICD-9); primary 

notes; and medications [37]. By working on a broad spectrum of phenotypes (atrial fibrillation, 

Alzheimer’s disease, breast cancer, gout, human immunodeficiency virus infection, multiple sclerosis, 

Parkinson’s disease, rheumatoid arthritis and diabetes mellitus), they demonstrated that combining the 
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three components results in superior phenotyping performance [37]. Much of the research into ACHD 

has relied largely upon administrative codes and, to our knowledge, none had the benefit of using 

additional EMR unstructured information. However, some initiatives are aimed at addressing these 

issues, such as merging multiple data sources. In Québec, Marelli et al. developed an algorithm to 

identify patients with CHD by using all available data for a given subject, including in-patient, out-

patient, surgical procedural act and provider information [1]. Similarly, the addition of other information 

that is likely to be available in administrative data sets, such as age or encounter type, improved the 

accuracy of the data for CHD determination [16]. 

 Clinical notes entered by physicians are valuable sources of patient information. In chronic 

disease such as CHD, repeated consultations are required, leading to an increasing amount of 

medical reports per patient. Therefore, NLP methods that automatically extract information from text 

are needed [38]. Shivade et al. reviewed 97 articles describing approaches to identifying patient 

phenotype cohorts using EMRs, of which 46 used an NLP-based approach [36]. Although used in 

general cardiology, particularly in the field of heart failure [39], NLP techniques have not been used for 

CHD documents. Unlike international classifications, such as ICD, which can benefit from shared 

algorithms, NLP techniques must be adapted to each language, and expert validation is required. 

Applications such as FASTVISU can be used to assist experts in validating the information that has 

been extracted automatically from text, and thus save them time in this task [19]. 

 Clinical practice is nowadays largely supported by information technology. The widespread 

adoption of EMRs in hospitals enables large-scale secondary use of the data for research purposes. 

EMRs hold great potential in the context of ACHD, which is a relatively rare disease. Indeed, it 

provides an opportunity to aggregate longitudinal data and to increase sample size compared with 

transversal recruitment, which has a narrower window span. Selection of eligible patients for a clinical 

study is a tedious and costly task that would benefit from CDWs in the ACHD field [40-42]. Data 

extraction from EMRs is also a means of tracking quality indicators that are specific to the ACHD 

population [43]. Finally, in the USA, there have been several initiatives to create data integration 

models across other fields. PEDSnet is a clinical data research network in paediatrics, which 

harmonized data captured through the EMR systems of members using a common terminology, and 

uses open-source software to support data submission and aggregation [44]. The Cardiovascular 

Research Network consists of 15 geographically distributed healthcare delivery systems. Within this 
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network, data captured through the EMRs of each healthcare system are standardized across the 

virtual data warehouse at each site, with common data elements, naming conventions and definitions, 

to facilitate combining information in aggregate analyses. Then they are linked to multiple other 

electronic databases to conduct large-scale adult cardiovascular research more efficiently, including 

epidemiological studies, outcomes research, comparative-effectiveness studies and clinical trials [45]. 

These models may be useful examples to consider even more in the current era of harmonization of 

practices. The secondary use of EMRs opens new perspectives, and our ACHD community needs to 

fully leverage available and emerging data sources to support important investigations and conduct 

research most efficiently. 

 

Study limitations 

The generalizability of the study results regarding accuracy of ICD-10 codes obtained from discharge 

data is limited by the monocentric feature. However, ICD-10 is largely used worldwide as a legacy 

coding system for billing, thus the results may be extrapolated to other hospitals using the same 

coding system for the same purposes. This study included a high proportion of patients with ACHD 

(roughly 13%), much higher than in the general population or general hospitals. Our institution is the 

national reference centre for ACHD, and we assume that the staff – even non-CHD staff – are used to 

CHD terminology. Coding by providers less familiar with ACHD diagnoses may result in decreased 

coding accuracy and broader use of non-specific codes (such as Q223, Q228, Q229, Q239, Q248, 

Q254, Q259, Q264, Q268, Q269, Q278). Furthermore, in non-tertiary care centres, the proportion of 

less complex CHD subtypes, such as bicuspid aortic valve or PFO, is expected to be higher. In fact, 

atrial septal defect and PFO share the same ICD-10 code (Q211). But PFO is more common than all 

other CHDs combined, so it may overestimate the prevalence of the CHD. Bicuspid aortic valve 

(Q231) is another frequent lesion, and it may be inaccurately coded as an acquired disease, as it is 

less commonly a clinically relevant issue. Therefore, our results should be interpreted with caution, 

and additional validation work is needed. 

 

Conclusions 

Administrative data using ICD-10 codes is a useful tool for detecting ACHD, and may be used to 

establish a national cohort. However, the lack of accuracy in describing the spectrum of CHD may 
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affect the ability to precisely describe the CHD populations in terms of CHD subtypes. On the other 

hand, secondary use of EMRs and text-mining methods offer new opportunities to provide accurate 

and reliable information. While efforts are made to create a successful multicentre collaborative 

programme in ACHD, and to harmonize clinical data across centres, assessment of existing resources 

is essential. Thus, combining administrative data and free text may tend to enhance performance and 

open up new horizons of research and improvement, such as exploring lifelong co-morbidities, 

assessing treatment efficacy or implementing clinical decision support. Creative solutions are needed 

to link diverse systems, with the aim of leveraging the treasure trove of information from EMRs for 

clinical and epidemiological research. 
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Figure legends 

 

Figure 1. Overview of the methodology. ACHD: adults with congenital heart disease; CHD: congenital 

heart disease; EMR: electronic medical record; HEGP: Georges Pompidou European Hospital; ICD-

10: International Classification of Diseases (10th revision); PPV: positive predictive value. 

 

Figure 2. Screenshot of manual review using FASTVISU. FASTVISU presents all documents from a 

patient in chronological order in the left screen panel. Keywords and expressions detected by the 

regular expressions (regex) modules are highlighted. These highlighted concepts are also 

summarized on the right screen panel of the application, and provided with a clickable link to the 

corresponding occurrence in the text. A “yes” or “no” vote for the presence or the absence of a 

congenital heart disease lesion is also available on the right screen panel.  

 

Figure 3.  Sensitivity and specificity value for each International Classification of Diseases (10th 

revision) code. CHD: congenital heart disease. 
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Table 1 Examples (translated into English) of congenital heart disease lesions with their associated patterns of regular expressions for entity recognition 

and their corresponding International Classification of Diseases (10th revision) codes.a  

CHD lesion Regular expressions ICD-10 code 

Transposition of the great vessels \btransposition\s+of\s+(the\s)?great\s+arteries  Q203 

 \bTGA\b  

Ventricular septal defect \bventricular\s+septal\s+defect\b Q210 

 \bvsd\w*\b  

 \bvsd\s*([IViv123]+[ab]?)\b  

Tetralogy of Fallot \bFallot\b Q213 

Atrial septal defect \batrial\s+septal\s+defect\b Q211 

 \basd\w*\b  

 \bostium\s+secondum\s+[defect]?\b  

 \bforamen\s+ovale\b  

 \bpfo\b  

 \bsinus\s+ve[i]?nosus\b  

Atrioventricular septal defect \bcommon\s+atrioventricular\s+canal\b Q212 

 \batrioventricular\s+septal\s+defect\  

 \batrioventricular\s+canal\s+defect\b  

 \bavsd\b  
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 \bavcd\b  

 \bav\s+defect\b  

 \bendocardial\s+cushion\s+defect\b  

Ostium primum atrial septal defect \bostium\s+primum(\s+atrial\s+septal\s+defect)?\b Q212 

 \bostium\s+primum\s+a(trial)?(\s)?s(eptal)?(\s)+d(efect)?\b  

Coarctation of aorta \bcoarctation\s+of\s+(the\s)?aorta\b Q251 

 \baortic\s+coarctation\b  

 \bcoarctation\b  

CHD: congenital heart disease; ICD-10: International Classification of Diseases (10th revision). 

a The comprehensive list of CHD lesions, regular expressions and ICD-10 codes is available in Table A.1 (in French). 
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Table 2. Sensitivity, specificity and positive and negative predictive values for International Classification of Diseases (10th revision) codes in the 

identification of adult congenital heart disease. 

From administrative data (ICD-10 codes) From narrative data (clinical diagnosis confirmed by expert)  

 ACHD No ACHD Total  

ACHD 629 (TP) 48 (FP) 677 PPV = 0.93 (0.91–0.95)a 

No ACHD 151 (FN) 5172 (TN) 5323 NPV = 0.97 (0.96–0.98)a 

Total 780 5220 6000  

 Sens = 0.81 (0.78–0.83)a Spe = 0.99 (0.99–1)a  Acc = 0.97 (0.96–0.98)a 

Acc: accuracy; ACHD: adult with congenital heart disease; FN: false negative; FP: false positive; ICD-10: International Classification of Diseases (10th 

revision) ; NPV: negative predictive value; PPV: positive predictive value; Sens: sensitivity; Spe: specificity; TN: true negative; TP: true positive. 

a Numbers in brackets are 95% confidence intervals. 
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Table 3 Sensitivity, specificity and positive and negative predictive values for International Classification of Diseases (10th revision) codes in the identification of specific 

congenital heart disease lesionsa. 

ICD-10 code Lesion Clinical diagnosesb  Sensitivity Specificity PPV NPV 

 All CHDs 780 0.81 0.99 0.93 0.97 

Q211 Atrial septal defect 223 (28.6) 0.54 0.99 0.79 0.98 

Q210 Ventricular septal defect 169 (21.7) 0.58 1.00 0.84 0.99 

Q231 Congenital insufficiency of aortic valve; bicuspid aortic valve 147 (18.9) 0.36 1.00 0.82 0.98 

Q213 Tetralogy of Fallot 110 (14.1) 0.92 1.00 0.80 1.00 

Q221 Congenital pulmonary valve stenosis 90 (11.5) 0.49 1.00 0.70 0.99 

Q203 Transposition of the great vessels; discordant ventriculoarterial connection 83 (10.6) 0.87 1.00 0.73 1.00 

Q254 Other congenital malformations of aorta: congenital aneurysm or dilatation 

of aorta; aneurysm of sinus of Valsalva 

68 (8.7) 0.13 1.00 0.45 0.99 

Q204 Single ventricle 58 (7.4) 0.66 1.00 0.84 1.00 

Q251 Coarctation of aorta 52 (6.7) 0.63 1.00 0.92 1.00 

Q261 Persistent left superior vena cava 44 (5.6) 0.05 1.00 1.00 0.99 

Q241 Laevocardia 43 (5.5) 0.09 1.00 1.00 0.99 

Q220 Pulmonary valve atresia 37 (4.7) 0.78 1.00 0.81 1.00 
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Q243 Pulmonary infundibular stenosis 37 (4.7) 0.05 1.00 1.00 0.99 

Q212 Atrioventricular septal defect 34 (4.4) 0.79 1.00 0.75 1.00 

Q240 Dextrocardia 28 (3.6) 0.14 1.00 1.00 1.00 

Q230 Congenital aortic atresia; congenital aortic stenosis 27 (3.5) 0.22 1.00 0.60 1.00 

Q268 Other congenital malformations of great veins: absence of (inferior or 

superior) vena cava; azygos continuation of inferior vena cava; persistent 

left posterior cardinal vein; Scimitar syndrome 

27 (3.5) 0.19 1.00 0.71 1.00 

Q239 Congenital malformation of aortic and mitral valves, unspecified 26 (3.3) 0.00 1.00 0.00 1.00 

Q250 Patent ductus arteriosus 26 (3.3) 0.50 1.00 0.68 1.00 

Q264 Anomalous pulmonary venous connection, unspecified 26 (3.3) 0.27 1.00 0.58 1.00 

Q238 Other congenital malformations of aortic and mitral valves 25 (3.2) 0.08 1.00 0.50 1.00 

Q245 Malformation of coronary vessels; congenital coronary (artery) aneurysm 25 (3.2) 0.52 1.00 0.76 1.00 

Q205 Discordant atrioventricular connection; corrected transposition 24 (3.1) 0.79 1.00 0.76 1.00 

Q218 Other congenital malformations of cardiac septa; Eisenmenger defect 23 (2.9) 0.43 1.00 0.50 1.00 

Q263 Partial anomalous pulmonary venous connection 23 (2.9) 0.43 1.00 0.91 1.00 

Q224 Congenital tricuspid stenosis; tricuspid atresia 22 (2.8) 0.59 1.00 0.81 1.00 

Q244 Congenital subaortic stenosis 22 (2.8) 0.27 1.00 0.43 1.00 

Q201 Double outlet right ventricle 21 (2.7) 0.24 1.00 0.56 1.00 
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Q225 Ebstein anomaly 20 (2.6) 0.85 1.00 0.94 1.00 

Q232 Congenital mitral stenosis; congenital mitral atresia 20 (2.6) 0.30 1.00 0.60 1.00 

Q233 Congenital mitral insufficiency 20 (2.6) 0.15 1.00 0.25 1.00 

Q223 Other congenital malformations of pulmonary valve 14 (1.8) 0.21 1.00 0.18 1.00 

Q228 Other congenital malformations of tricuspid valve: dysplastic tricuspid valve, 

straddling, overriding 

14 (1.8) 0.00 1.00 0.00 1.00 

Q229 Congenital malformation of tricuspid valve, unspecified 14 (1.8) 0.00 1.00 0.00 1.00 

Q256 Stenosis of pulmonary artery; supravalvular pulmonary stenosis 14 (1.8) 0.07 1.00 0.08 1.00 

Q259 Congenital malformation of great arteries, unspecified 14 (1.8) 0.00 1.00 0.00 1.00 

Q234 Hypoplastic left heart syndrome; mitral valve atresia 12 (1.5) 0.33 1.00 1.00 1.00 

Q206 Isomerism 11 (1.4) 0.18 1.00 0.67 1.00 

Q226 Hypoplastic right heart syndrome 11 (1.4) 0.09 1.00 0.17 1.00 

Q200 Common arterial trunk 8 (1.0) 1.00 1.00 1.00 1.00 

Q257 Other congenital malformations of pulmonary artery: aberrant pulmonary 

artery, agenesis or aneurysm or hypoplasia of pulmonary artery; pulmonary 

arteriovenous aneurysm 

8 (1.0) 0.13 1.00 0.07 1.00 

Q255 Atresia of pulmonary artery 6 (0.8) 0.17 1.00 0.33 1.00 

Q262 Total anomalous pulmonary venous connection 4 (0.5) 0.25 1.00 1.00 1.00 
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Q202 Double outlet left ventricle 3 (0.4) 0.67 1.00 0.50 1.00 

Q208 Other congenital malformations of cardiac chambers and connections 3 (0.4) 0.33 1.00 0.17 1.00 

Q253 Stenosis of aorta; supravalvular aortic stenosis 3 (0.4) 0.33 1.00 0.17 1.00 

Q242 Cor triatriatum 1 (0.1) 0.00 1.00 - 1.00 

Q246 Congenital heart block 1 (0.1) 0.00 1.00 0.00 1.00 

Q269 Congenital malformation of great vein, unspecified 1 (0.1) 1.00 1.00 1.00 1.00 

Q214 Aortopulmonary septal defect 0 - - - - 

Q222 Congenital pulmonary valve insufficiency 0 - - - - 

Q248 Other specified congenital malformations of heart; diverticulum of left 

ventricle; Uhl’s disease 

0 - - - - 

Q252 Atresia of aorta 0 - - - - 

Q260 Congenital stenosis of vena cava 0 - - - - 

Q278 Other specified congenital malformations of peripheral vascular system 0 - - - - 

ACHD: adult with congenital heart disease; CHD, congenital heart disease; ICD-10, International Classification of Diseases (10th revision); NPV: negative predictive value; 

PPV: positive predictive value. 

a Lesions are ranked in decreasing order of number of cases. 

b Data are expressed as number (%). 
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