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ABSTRACT 

Background and Objectives: Data Quality (DQ) programs are recognized as a critical aspect of new-

generation research platforms using electronic health record (EHR) data for building Learning 

Healthcare Systems. The AP-HP Clinical Data Repository aggregates EHR data from 37 hospitals to 

enable large-scale research and secondary data analysis. This paper describes the DQ program 

currently in place at AP-HP and the lessons learned from two DQ campaigns initiated in 2017. 

Materials and Methods:  As part of the AP-HP DQ program, two domains - patient identification 

(PI) and healthcare services (HS) - were selected for conducting DQ campaigns consisting of 5 phases:  

defining the scope, measuring, analyzing, improving and controlling DQ. Semi-automated DQ 

profiling was conducted in two data sets – the PI data set containing 8.8M patients and the HS data set 

containing 13099 consultation agendas and 2122 care units. Seventeen DQ measures were defined and 

DQ issues were classified using a unified DQ reporting framework. For each domain, actions plans 

were defined for improving and monitoring prioritized DQ issues. 

Results: Eleven identified DQ issues (8 for the PI data set and 3 for the HS data set) were categorized 

into completeness (n=6), conformance (n=3) and plausibility (n=2) DQ issues. DQ issues were caused 

by errors from data originators, ETL issues or limitations of the EHR data entry tool. The action plans 

included sixteen actions (9 for the PI domain and 7 for the HS domain). Though only partial 

implementation, the DQ campaigns already resulted in significant improvement of DQ measures. 

Conclusion: DQ assessments of hospital information systems are largely unpublished. The 

preliminary results of two DQ campaigns conducted at AP-HP illustrate the benefit of the engagement 

into a DQ program. The adoption of a unified DQ reporting framework enables the communication of 

DQ findings in a well-defined manner with a shared vocabulary. Dedicated tooling is needed to 

automate and extend the scope of the generic DQ program. Specific DQ checks will be additionally 

defined on a per-study basis to evaluate whether EHR data fits for specific uses. 

Keywords: Data accuracy; data quality; Electronic Health Records; Data Warehousing; Observational 

Studies as Topic  
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1 Introduction 

A Learning Health System (LHS) is defined by the Institute of Medicine(1) as a system in which 

“science, informatics, incentives, and culture are aligned for continuous improvement and innovation, 

with best practices seamlessly embedded in the delivery process and new knowledge captured as an 

integral by-product of the delivery experience.” LHS aim to maximize the potential of large-scale, 

harmonized data from variable quickly-developing digital sources including Electronic Health Records 

(EHRs). With the rapid adoption of EHRs, clinical information collected in structured, semi-structured 

and free-text notes during routine care is emerging as a powerful tool to facilitate discoveries that can 

improve health. EHR data is increasingly used for clinical research, effectiveness studies, innovation 

in digital health, quality improvement, and clinical decision support. Comparative effectiveness 

studies, patient-centered outcomes research, and pragmatic trials using EHR data from one or more 

practice settings are becoming an important complement to prospective randomized trials for 

generating new insights and knowledge. But the promised benefits of LHS can only be achieved if the 

quality of the data in the data sources is sufficient to support various secondary uses. EHR data are 

generated by electronic transactions in operational systems that are not primarily intended for research 

and secondary analysis. EHR systems rarely include predefined, unambiguous data definitions and 

uniform data collection procedures. They are optimized for administrative or clinical activities for 

which data collection is much less standardized and controlled than in clinical research and therefore 

can vary across healthcare facilities, even among users of the same systems. Data validity is one of the 

critical problems in reusing such “real-world” datasets. A number of studies have shown that EHR 

data contain errors that can have negative impacts on findings generated from these data and affect 

research results (2–4). With the development of hospital clinical data warehouses as well as large scale 

– regional, national or international – EHR-based data networks dedicated to clinical research (5–9) or 

public health (10), a key challenge is to determine for any specific purpose if the quality of the data is 

sufficient and fit the intended use. There is a need to set up consistent Data Quality (DQ) programs in 

practice settings and to report DQ findings to help secondary data users understand the potential 

impact of DQ on reusing data and interpreting findings(11). 

1.1 Healthcare data quality programs 

In the healthcare domain, existing DQ frameworks usually address specific purposes and there are no 

generally accepted methods to best characterize the data and quantifying DQ (12). DQ is recognized as 

a multi-dimensional concept. Each dimension of DQ consists of a set of attributes characterizing 

specific DQ requirements. In a recent review about 39 studies of DQ in the public health domain, 

Chen et al stated that a broad number of different house-defined or standardized national or 

international frameworks were used (13). In the selected studies, a range of 1 to 30 data variables were 

selected for DQ analysis – usually including demographics such as age, gender, and birth date, and 

specific information such as diagnostic code or laboratory testing results – but the rationale for 
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selecting the set of DQ measures was not always given. They identified a total of 49 quality attributes 

and corresponding measures used in 39 studies to describe DQ. Completeness, conformance, 

plausibility and timeliness were the attributes measured most often. In order to ensure transparency 

and consistency in reporting DQ findings across sources, the Electronic Data Methods (EDM) Forum 

recommends using a unifying DQ reporting framework integrating harmonized existing published DQ 

terms and a set of 20 DQ reporting rules for studies that use observational clinical and administrative 

data for secondary data analysis (11,12). The EDM forum reporting framework identifies three main 

DQ categories: Completeness, conformance and plausibility. Completeness focuses on the frequencies 

of data attributes present in a data set without reference to data values (its structure or plausibility). 

Conformance focuses on the compliance of the representation of data against internal or external 

formatting, relational, or computational definitions. Plausibility focuses on the believability or 

truthfulness of data values. In addition, the EDM forum also recommends reporting both general and 

analysis-specific DQ features (11).  

A data quality (DQ) program involves setting up organizations, processes, methods and tools to 

achieve and maintain data quality in line with healthcare issues. The DMAIC (Define Measure 

Analyze Improve Control) methodology is an iterative and continuously active approach, based on DQ 

campaigns, used for data quality management process. Each DQ campaign is a 5-step cycle consisting 

in: i) defining the scope, ii) measuring the quality of the data in the defined scope, iii) analyzing the 

results, iv) improving the quality of the data and v) controlling it over time.  

Defining the scope of the DQ campaign consists in selecting the domain, the datasets, the variables of 

interest and the DQ measures to be provided accordingly to priorities depending on the intended use of 

the data. Measuring DQ consists in providing the selected DQ measures. Each DQ measure can be 

produced by different quantitative and/or qualitative methods; therefore, there is flexibility in methods 

used to measure DQ. DQ checks consist of computed DQ measures sometimes combined by 

qualitative observations using checklist and rating scales or informal observations (13). Qualitative 

methods based on interviews with key informants may be used to understand the context of 

quantitative DQ findings. Structured interviews or qualitative in-depth interviews provide end users’ 

view on DQ (14,15). Statistical data analysis methods are determined by the purpose of the study and 

the types of data collected. Analyzing the DQ findings consists in characterizing DQ issues (DQI) and 

identifying their cause. Improving DQ requires prioritizing DQI, defining explicit objectives in terms 

of expected DQ level and setting up an action plan addressing the causes of the selected DQI. At the 

end of the action plan, controlling DQ consists in monitoring the outcome in order to prevent future 

issues and ensure that optimum DQ is maintained over time. 

In the healthcare domain, few care practices or distributed data networks report on DQ programs 

ensuring the continuous monitoring of the quality of their datasets. The Canadian Institute for Health 

Information (CIHI) DQ process consisting of a manual process based on questionnaire to data 

stewards does not result in measures of DQ that are easily comparable across different data sets 
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(https://www.cihi.ca/en/data_quality_framework_2009_en.pdf). The Observational Health Data 

Sciences and Informatics (OHDSI) (https://www.ohdsi.org/) program is a multi-stakeholder, 

interdisciplinary collaborative partnership developing best practices for using observational health data 

through large-scale analytics (10). OHDSI has defined a common data model – the OMOP model - 

and a DQ process to ensure that all reported data meet certain DQ standards. A series of approximately 

35 DQ rules are automatically applied to any OHDSI datasets. The OHDSI DQ rules are not easily 

transferable for assessing the quality of other data sets that do not conform to the OMOP data model. 

Similarly, MiniSentinel project conducted by the Food and Drug Administration to monitor the safety 

of medical products regulated by the agency has defined a checklist of over 2,000 DQ rules that must 

be satisfied for data to be acceptable (16). Besides these initiatives of continuous monitoring of DQ, 

most published DQ studies report retrospective, cross-sectional DQ assessments using variable 

sampling methods and data collection period considered.  

1.2 AP-HP Electronic Healthcare Record (EHR) and Clinical Data 

Repository (CDR) 

The Assistance Publique – Hôpitaux de Paris (AP-HP) (https://www.aphp.fr) is the largest hospital 

entity in Europe with 39 hospitals (22,474 beds) mainly located in the Greater Paris region. 92,000 

dedicated professionals including 22,000 physicians offer advanced treatments to patients with 1.5M 

hospitalizations per year (10% of all hospitalizations in France). AP-HP is also the first biomedical 

research center in Europe with > 500 clinical trials and > 8,000 publications per year (25% of all 

medical research publications in France). Integrating health records across care delivery sites is critical 

to develop a more comprehensive and accurate picture of health and healthcare delivery for the 

individual, and in aggregate may provide clearer insight into the health of particular populations. 

Since 2010, AP-HP is deploying a common Electronic Healthcare Record (EHR), based on the Orbis 

solution (AGFA Healthcare), for sharing information across the AP-HP hospitals and communicating 

with the hospitals and physicians outside AP-HP. To date, 37 AP-HP hospitals are using Orbis. Since 

2017, in order to improve patient experience, AP-HP has been deploying a common online medical 

booking service across all AP-HP hospitals (https://www.aphp.fr/rendez-vous). As part of the Orbis 

project, AP-HP has set up an Enterprise Master Patient Index service to assign a single common 

identifier for a patient across hospitals using a linkage algorithm that minimize the need for human 

review (17,18). The linkage process will end up in 2018 with the adoption of Orbis by the 2 last AP-

HP hospitals. In addition, ongoing efforts focus on defining common vocabularies and semantic 

interoperability solutions for health information exchange within AP-HP as well as within 

regional/national/international health information networks (regional TerriS@nté project and national 

personal health record).  

In parallel, since 2014, AP-HP is building a  LHS in order to answer medical questions more 

efficiently and to constantly extract new knowledge from the data and propagate it for quality 
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improvement. The analytics platform is based on a clinical data repository (CDR), aggregating day-to-

day clinical data from 8,8M patients captured by clinical databases. The AP-HP analytics platform 

consists of a PostgreSQL database, a Big Data computing cluster composed of both hadoop distributed 

CPU and nvidia GPU technologies. The ecosystem allows access to dedicated data marts and to a pool 

of analytics tools in order to explore and analyze AP-HP datasets. Dedicated applications are deployed 

to specifically support the different uses of the data. For research or innovation purposes, an open-

source cohort builder - the Integrating Biology and the Bedside (i2b2) software – deployed since 2016 

is used to identify patient population of interest for conducting studies. Since 2017, Jupyter is used in 

addition as a portal to access massive clinical data that are needed for the research studies. The AP-HP 

CDR and I2b2/jupyter solutions currently support both observational studies (21 on-going studies) and 

prospective randomized controlled trials (feasibility studies, patient recruitment, data collection). The 

data analytics platform is also used to develop and/or evaluate algorithms based on new Artificial 

Intelligence techniques (deep learning). Pilots are being built on medical images and real-time data 

generated by intensive care monitors. Multilingual semantic interoperability services have been 

developed (e.g. OMOP standardization https://www.youtube.com/watch?v=eJpnrPPErq0) and pilot 

integration with international research platforms are under evaluation (EHR2EDC project 

(EITHealth)). For hospital performance monitoring, the IBM Cognos solution is under deployment. 

Since 2017, different dashboards have been developed and used by clinical units for monitoring their 

activity. Figure 1 depicts the timeline of the deployment of both the AP-HP EHR (for patient care) and 

AP-HP CDR (for research and business intelligence). 
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Data Quality Campaign:
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Figure 1 : Timeline of the deployment of the common Electronic Health Record (AP-HP EHR) (for 

patient care) and of the Clinical Data Repository (i2b2, Jupyter, IBM Cognos)(for research and 

business intelligence). 

In this context, patient identification and healthcare services catalogue were identified as two high-

priority domains of the DQ program. Patient identification is a key concern in our process of linking 

EHR data from a large network of hospitals having overlap in patient populations. In this context, 

being unable to link records for individuals who visits multiple AP-HP hospitals may lead to double-

counting of individuals when aggregating health events across AP-HP hospitals. The healthcare 
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services catalogue describes the list of consultations and hospital services across the 39 hospitals of 

the AP-HP network. The quality of this catalogue is important in order to characterize the organization 

and performance of healthcare delivery in the institution.  

The objective of this paper is to describe the DQ program currently in place at AP-HP and to report 

the preliminary results of two DQ campaigns initiated in 2017 in the domains of Patient Identification 

(PI) and Healthcare Services (HS). 

2 Material and methods 

2.1 Patient identification 

Patient identification (PI) is the first act of any administrative or medical activity at registration time, 

during any visit or stay and at the patient's exit. Concerning all hospital stakeholders - administrative 

or healthcare professionals - and requiring patient involvement, identity vigilance is a key factor of 

patient safety and hospital management. A correct identification of the patient guarantees that the right 

care is delivered to the right patient and the corresponding invoice sent to the right payer. 

The Identity Vigilance committee defined the scope of the DQ campaign for the Patient Identification 

(PI) domain and decided to focus on 10 identification features to be evaluated on the data set of 8,8M 

patients’ identities aggregated across 37 AP-HP hospitals as part of the ORBIS project (table 1). 

Among the variables of interest, five identification features – birth last name, usual last name, first 

name, gender, birth date – were selected because they are used by the linkage algorithm to identify 

duplicates i.e. match identities that are likely to correspond to the same patient. The other 

identification features were selected because of their interest for epidemiological studies (birth zip 

code, birth country code and residence country code) or for the capacity of AP-HP to conduct massive 

information campaigns towards the patients for engaging them in both their personal care or research 

activities (address, email).  

Thirteen DQ measures grouped into three DQ categories: completeness (n=9), conformance (n=2) and 

plausibility (n=2) were considered (table 1). The completeness DQ measures evaluate the proportion 

of valued identification features without any reference to the structure or plausibility of the values. The 

conformance DQ measures allow checking that the values of the identification features meet the 

expected data representation and value set constraints described in the data dictionary. Value sets 

constraints are either locally defined or imposed by external terminology standards (e.g. HL7 FHIR 

value set for administrative gender, ISO 3166 value set for country codes).Two DQ measures of 

plausibility were defined to evaluate the believability or truthfulness of PI data. The first one is the 

identity confirmation rate. It measures the percentage of patient identities that were controlled using a 

trustworthy document. The AP-HP has two identity statuses – provisional or confirmed – related to the 

degree of confidence of the patient identification features. In the current identity management system, 

at registration time, an identity is initialized with the provisional status and is confirmed as soon as the 

strict identification features – birth last name, usual last name, first name, date of birth and 



7 
 

administrative gender – have been verified by the registration agent based on a reference identification 

document. The second plausibility DQ measure is the duplicate rate, which is the proportion of patients 

having multiple identities (and multiple medical records), as measured by an algorithm based on the 

five above mentioned strict identification features. This DQ measure, related to uniqueness 

plausibility, allows ensuring that data values that identify a single object are not duplicated. DQI were 

classified using the EDM forum unifying DQ reporting framework and an action plan was defined for 

improving and monitoring prioritized DQI. 

2.2 Healthcare services 

The catalog of AP-HP healthcare services (HS) is maintained in order to provide a clear description of 

all institutional consultation and hospitalization services. Each consultation or care unit is associated to 

a medical or paramedical specialty. In the context of the deployment of the online consultation 

booking service, the quality of the AP-HP HS catalog is important for both patients and physicians: 

the former needs must match the latter competencies. The deployment of the online consultation 

booking service generated dissatisfaction expressed by several patients and healthcare professionals, 

some of the latter decided to give up the service. 

The Healthcare Services (HS) catalog committee defined the scope of the DQ campaign for the 

domain focusing on two variables - care unit specialty and consultation specialty - to be evaluated 

respectively on 2122 active AP-HP care units and a subset of 825 active consultation agendas used in 

the Necker hospital. Four DQ measures grouped into two DQ categories: completeness (n=2) and 

conformance (n=2) were considered (table 3). The evaluation of the conformance of HS specialty is 

based on the compliance against a locally defined AP-HP specialty catalog. DQI were analyzed and an 

action plan was defined for improving and monitoring them. 

3 Results 

This section includes, for both PI and HS domains, the results of three steps of the DQ campaign 

cycle:  measuring, analyzing and improving the quality of the data. For each domain, the DQ 

measures are provided, the DQI identified and the action plan defined for acting on the cause of the 

DQI and therefore improving the DQ measures is described.  

3.1 Patient identification 

Table 1describes the list of DQ measures evaluated during the DQ campaign in the Patient 

Identification (PI) domain. A completeness rate of 100% is observed for four identification features - 

usual last name, first name, gender and birth date - for both confirmed and provisional identities. We 

identified eight DQI regarding completeness (n=5), conformance (n=1) and plausibility (n=2). The 

completeness rate of the birth last name is only of 55.7% for provisional identities. This identification 

feature was not mandatory in the previous identity management systems used in the AP-HP hospital 

before the deployment of the Orbis solution and this information needs to be completed when the 

patients come back to any AP-HP hospital. The completeness rate for other identification features – 
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birth zip, birth country code, address and email – is not satisfactory, especially in the case of 

provisional identities. The completeness rate of email is less than 8%. The conformance rate evaluated 

on gender and residence country code is respectively of 100% and 22.8%. The low conformance rate 

of country code was due to a programming error of the ETL process. Only 18% of identities are 

confirmed with a great disparity between AP-HP hospitals. This low rate of identity confirmation, 

observed since the linkage process, is relatedto the fact that the identification system used currently at 

AP-HP considers an additional strict identification feature - birth last name – which was not 

systematically collected with the previous identification system (considering only usual last name, first 

name, date of birth and administrative gender as strict identification features). Therefore, all identities 

processed during the linkage period have a provisional status until they are match to a confirmed 

identity or confirmed at registration time when the patient come back to any AP-HP hospital. 

Systematic identity confirmation by registration agents is a big challenge to be addressed to achieve an  

identity confirmation rate>50% defined as initial short term target. 

As of March 2018, the duplicate rate in the database is only of 2.5% of the total number of identities in 

the Orbis database. To date, duplicates mainly result from the still ongoing linkage process across the 

AP-HP hospitals and to a lesser extent to errors during data entry at registration time (unsuccessful 

search for already existing identity and erroneous data entry for newcomers). This DQI need to be 

fixed by better quality of data entry at registration time and more efficient merge of duplicates by data 

stewards of the identity vigilance units. 

Table 1: DQ campaign in the Patient Identification (PI) domain – DQ measuring phase: DQ 
measures, DQI and targeted values. (*: identification features used by the linkage algorithm to 

identify duplicates). Conf. Id: confirmed identity; Prov. Id: provisional identity. 

 
DQ measure 

Value (%) 
(March 2018) 

Objective 
DQI / Target 

(%) 
Completeness 

 
All Id 
(%) 

Conf. Id 
(%) 

Prov. Id 
(%) 

 

Birth last name* 

Completenes
s rate 

63.6 100 55.7 
Features used for 
duplicate 
detection shall not 
be null 

DQI 1/80 
Usual last name* 100 

 
First name* 100 

Gender* 100 
Birth date* 100 

Birth zip code 32.3 52.3 27.9 
 

DQI 2/100 
Birth country code 71.2 82.5 68.7 DQI 3/100 
Address 93.7 93.7 94.3 Features used to 

contact patient 
shall not be null 

DQI 4/100 

Email 8.0 21.1 4.8 DQI 5/40 

Conformance 

Residence country 
code Rate of 

compliance 
with the data 
dictionary 

22.8 

Country codes 
shall conform to 
ISO 3166 country 
codes  

DQI 6/100 

Gender*  100 
Gender values 
shall conform to 
the code system 
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http://hl7.org/fhi
r/administrative
-gender (male, 
female, other, 
unknown) 

Plausibility 

Patient uniqueness 
Duplicate 
rate 

2.5% 
Minimizing the 
duplicate rate. 

DQI 7/ < 1 

Identity confirmation  
Identity 
confirmation 
rate 

18.0% 
Maximizing the 
identity 
confirmation rate 

DQI 8/ > 50 

DQI: Data Quality Issue 

 
In summary, DQI are caused by unintended errors from data originators – registration agents or 

healthcare professionals, from data stewards in identity vigilance units and/or from the patient. Staff-

related errors are mainly related to the absence or defects of verification due to the lack of identity 

document or unreliable identity documents. The patient's role in the identification process should not 

be neglected, (change of usual names e.g. after marriage, inability to communicate, non-disclosure of 

identity, identity theft). DQI may also be caused by limitations of the EHR data entry tool (inadequacy 

of value sets constraints, lack of DQ checks) or be false positives due to programming errors of the 

ETL process. 

Based on the analysis of the type and causes of DQI, the identity vigilance committee defined a set of 

actions for improving the DQ measures and reaching explicit objectives in terms of expected level of 

quality.  

Table 2 summarizes the action plan established to ensure a better completeness of the patient 

identification features and more systematic verification of identities with trustworthy documents. The 

actions are grouped in four axes: communication and teaching, engagement of registration agents or 

health professionals, patient engagement and information system. Improving patient identification 

features and the rate of confirmed identities is likely to improve the result of the linkage algorithm and 

reduce the workload of the manual check of duplicates distinguishing true and false matches.  

Table 2: DQ campaign in the Patient Identification (PI) domain – DQ improvement phase: action 
plan 

Axes and actions DQI 
impacted 

Involved actors 

P
at

ie
nt

s 

D
at

a 
or

ig
in

at
or

 

D
at

a 
st

ew
ar

d
  

D
at

a 
co

ns
um

er
  

 
R

es
ul

ts
 

co
ns

um
er

  

Axis 1: Communication and teaching 
Leaflets DQI 1-8 x x x x x 
Completed Procedures Guide DQI 1-8  x x   
Educational videos on identity 
vigilance issues 

DQI 1-8  x x   

Feedback process DQI 1-8  x x   
Axis 2: Engagement of registration agents or health professionals  
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Patient identity confirmation 
campaign 

DQI 7  x    

Duplicate merging campaign DQI 8  x    
Axis 3: Patient engagement  
 Involvement of the patient (re-
reading by the patient of the seized 
elements and labels) 

DQI 1-6 x     

Axis 4: Information system  
Basic equipment (computers, tablets, 
etc.) and use of new technologies 
(barcode scanner, etc.) 

DQI 1-8  x x   

Data quality checks (completeness, 
conformance) 

DQI 6  x    

DQI: Data Quality Issue (see table 1) 
Some of the actions of the action plan have been engaged. For example, the programming error of the 

ETL regarding country codes has been fixed. In order to monitor DQ improvement within the current 

DQ quality campaign, a dashboard has been developed using the IBM Cognos solution. This 

dashboard allows the data stewards in the identity vigilance units to follow the progress of the action 

plan at both the global AP-HP and hospital level. 

 

Figure 1: DQ control - Patient Identification (PI) dashboard for data stewards in the identity 
vigilance units. 

3.2 Healthcare services 

Table 3 describes the list of DQ measures evaluated during the DQ campaign in the Healthcare 

Services (HS) domain classified in the completeness and conformance categories. A completeness rate 

of 100% is observed for specialty in consultation agendas. We identified three DQI regarding 

completeness (n=1) and conformance (n=2). The completeness rate of specialty in care unit is of 

97.4%. The conformance rate of specialties for the AP-HP care units and consultation agendas are 

respectively of 46.9% and 85.7%. The low score of conformance rate of specialty in the AP-HP care 

units is related to the use of a financially-oriented specialty catalog defined to optimize rather the 

billing than care process. The financially-oriented specialty catalog needs to be aligned to the 
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medically-oriented specialty catalog and the latter needs to be updated to provide missing codes. The 

cause of suboptimal score of conformance rate of specialty in the consultation agendas has been 

analyzed in the hospital with the lowest score. This suboptimal score was due to human errors (typos 

(18%), formalism errors (41%)) and inadequacy of the specialty catalog (41%). 

Table 3: DQ campaign in the Healthcare Services (HS) domain – DQ measuring phase: DQ 
measures, DQI and targeted values 

Check data 
DQ 
measure 

Value (%) 
(March 2018) Objective 

DQI / Target 
(%) 

Completeness 
Consultation 
specialty Complet

eness 
rate 

100 
Healthcare services shall be 
associated to a specialty 

 
Care unit 
specialty 

97.4 
DQI 9/100 

Conformance 
Consultation 
specialty Conform

ance rate 

85.7 Specialties associated to 
healthcare services shall be 
compliant with the AP-HP 
specialties catalogue 

DQI 10/100 

Care unit 
specialty 

46.9 
DQI 11/100 

In order to correct the identified DQI, the Healthcare Services (HS) committee defined a set of actions 

grouped in three axes: communication and teaching, engagement of the staff and information 

technology support (table 4). Some of the actions have been already engaged. In order to address the 

DQI 10 (non-conformance of specialty consultation agenda), new specialties were added to the AP-HP 

catalog to better describe the specialty of the healthcare professionals.. In order to address the DQI 11 

(non-conformance of specialty in the AP-HP care units), the mapping from the financially-oriented to 

the medically-oriented specialty catalogs of respectively 342 and 169 terms has been done. Thirty-one 

specialties of the financially-oriented specialty catalog will be introduced in the medically-oriented 

catalog and 110 specialties are under consideration. One difficulty in managing the specialty catalog, 

as for any terminology, is to find the right level of granularity allowing both a correct and usable 

description of the domain. A new version of the data dictionary and procedure guide will be available 

soon.  

Table 4: DQ campaign in the Healthcare Services (HS) domain – DQ improvement phase: action plan 

Axes and actions DQI 
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Axis 1 : Communication and teaching 

Update of the Procedures Guide DQI 9-11  x   x 

Communication/dissemination of the procedure guide DQI 9-11 x     

Feedback process DQI 10-11 x  x x x 

Axis 2 : Engagement of the staff (vocabulary team, IT and healthcare professionals) 
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Update of the specialty  catalog DQI 10-11 x x   x 

Update of the consultation agendas DQI 10 x     

Update of the care unit catalog DQI 11 x     

Axis 3 : Information system 

Data quality checks (completeness, conformance) DQI 9-11 x     

DQI: Data Quality Issue (see table 3) 

4 Discussion 

Reflecting an important part of healthcare practice, EHR data are essential to research and public 

health. Improving EHR data quality toward longitudinal health records is a key challenge for patient 

care as well as for clinical effectiveness research, clinical research, phenotyping, drug safety, 

population health, pharmaceutical surveillance, etc. Personal health records, health information 

exchange as well as secondary use of EHR data for research or public health are key enabling 

technologies for improving EHR data quality. 

Like more and more institutions maturing in clinical data warehousing, AP-HP has set up a Clinical 

Data Repository aggregating data from 8,8M patients collected during the past 10 years in 37 hospitals 

of the greater Paris area. In the context of this project, we emphasized the importance of systematic 

data quality assessment considering that data quality is a component of the quality and effectiveness of 

the EHR. Data quality is influenced by technical, organizational, behavioral and environmental factors 

and covers large information systems contexts, specific knowledge and multi-disciplinary techniques 

(19). 

As first step of the AP-HP DQ program, DQ campaigns were initiated by the DQ manager focusing on 

the patient identification (PI) and healthcare services (HS) domains. 

Eleven DQI have been identified (8 for the PI data set and 3 for the HS data set) and categorized into 

completeness (n=6), conformance (n=3) and plausibility (n=2) DQI. The adoption of a unifying DQ 

reporting framework enabled the communication of DQ findings in a well-defined manner with a 

shared vocabulary across domains. DQI were caused by errors from data originators, ETL issues or 

limitations of the EHR data entry tool (inadequate value set constraints, lack of DQ checks). Although 

related to a very limited scope, these results are consistent with prior studies describing major causes 

of data quality issues (20). 

Action plans defined in both PI and HS domains included respectively nine and seven actions. Though 

only partially implemented, the DQ campaigns already resulted in significant improvement of DQ 

measures. For example, in the PI domain, the implementation of the first actions of the plan resulted in 

an increase of 11,7% of the identification confirmation rate (from 18% in May to 20.12% in July). In 

the HS domain, in order to address the DQI 10 (non-conformance of specialty consultation agenda) in 

the hospital with the lowest score, seven new specialties were added to the AP-HP catalog. The update 

of the value set constraints – based on the April version of the specialty catalog - resulted in increase 

of 30.8% of the conformance rate of the specialty consultation agenda (from 71.6% to 93.7 %).  These 
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preliminary results illustrate the benefit of the engagement into a DQ program. The major achievement 

was the development of manual and automated DQ checks and the increased awareness about DQI 

within the AP-HP direction and across AP-HP hospitals. The DQ campaigns contributed to position 

data quality at the forefront of data governance. 

4.1 Limitations 

This study reports preliminary results of DQ assessment conducted on a very limited scope related to 

only two non-clinical domains. The future DQ campaigns will have to address clinical data including 

diagnoses, conditions, procedures, observations, etc. 

We used only quantitative DQ attributes and simple analysis methods. Data quality assessment should 

use mixed methods (e.g., qualitative and quantitative assessment methods) to assess data from multiple 

sources (e.g., records, organizational documentation, data collection process and data users) and used 

at different levels of the organization (13). Even though, we considered data generators’ and data 

stewards’ perspective (collecting their feedback on the DQ campaign), our analysis of DQI did not 

extensively consider all DQ documentation and assessment performed at each step along the chain of 

data stewardship. Moreover, our DQ tooling is still at its infancy and most of the DQ checks require 

manual process. Dedicated tooling is needed to automate and extend the scope of the generic DQ 

program. Evaluating the quality of data for secondary use is challenging. Although DQ should be 

defined from an end user’s perspective, it is often implemented from the perspective of the data 

producer. Determining if a data set is, in fact, fit for its intended use, is highly context specific. For 

example, a generic DQ summary is unlikely to provide a comprehensive analysis of the data quality 

for a specific study which is necessarily dependent on the analysis plan for the study. We started to 

take into account the feedback from data consumers including research study investigators in order to 

define a method for developing specific DQ checks defined on a per-study basis. 

4.2 Future work 

Future DQ campaigns will cover an extended scope of clinical variables with the challenging objective 

of validating automated phenotype identification algorithms. We also plan to include assessment of 

unstructured clinical data and validation against external established gold standard datasets. 

Dedicated tooling still needs to be developed to automatically generate DQ annotations. AP-HP is 

currently building a data mart based on the OMOP CDM as an internal data model. We will 

implement the data quality checks that are designed accordingly and intend to leverage the lessons 

learned by other users of OMOP-based CDMs. It is important to deploy the DQ monitoring tool and to 

engage data generators and data stewards in regular check of the DQ dashboard. Brown et al. noted 

that a previously validated dataset does not necessarily guarantee that there will be no new DQI over 

time (21). 

“Fitness for use” is a key concept in determining if a data set can be used in a specific task. While 

generic DQ checks are important in an initial assessment of fitness for use for a specific analysis or 
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study, these checks may not be sufficient to understand the fitness for a highly specialized use. We 

will develop detailed DQ assessment metrics to be incorporated into analytic programs using study-

specific data sets. 
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