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Summary
Objective: The goal of this study is to apply an ontology based assessment process to electronic 
health record (EHR) data and determine its usefulness in characterizing data quality for calculating 
an example eMeasure (CMS178).
Methods: The process uses a data quality ontology that references separate data quality, domain 
and task ontologies to compute measures based on proportions of constraints that are satisfied. 
These quantities indicate how well the data conforms to the domain and how well it fits the task.
Results: The process was performed on a de-identified 200,000 encounter sample from a hospital 
EHR. CodingConsistency was poor (44%) but DomainConsistency (97%) and TaskRelevance (95%) 
were very good. Improvements in the data quality Measures correlated with improvements in the 
eMeasure.
Conclusion: This approach can encourage the development of new detailed Domain ontologies 
that can be reused for data quality purposes across different organizations’ EHR data. Automating 
the data quality assessment process using this method can enable sharing of data quality metrics 
that may aid in making research results that use EHR data more transparent and reproducible.
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1. Introduction
Big data is an overused buzzword that seems to be applied to any application where large amounts of 
data are being used to solve a problem; even so, it has yielded great successes in areas as diverse as 
web searches, product recommendations, and natural language translations. Nowhere is the promise 
of big data more anticipated than in healthcare [1]. The United States (US) healthcare system is 
going through a transformation and rapidly adopting electronic health records (EHR) which cap-
ture patient health information in structured, semi-structured and free-form notes to document 
care delivery [2,3]. Because the data is now available in electronic form, it is increasingly used in ap-
plications such as clinical effectiveness research, quality improvement, and clinical decision support 
[4,5]. The hope is that big data analytics can find patterns in large amounts of health data to reveal 
the best treatment practices for different patient populations, understand which medications work 
best for an individual, and precisely target interventions that are most beneficial for each patient [6]. 
But the promised benefits can only be achieved if the quality of the data in the EHR is sufficient to 
support these continuing (secondary) uses. A number of studies have shown that EHR data contain 
errors that can affect research results [7–9]. What is needed is a way to quantify the data quality for a 
data set and determine if that quality is sufficient for a specific purpose.

A few healthcare data quality frameworks exist to address specific purposes, but there are no gen-
erally accepted definitions of healthcare data quality, methods to best characterize the data, nor gen-
eralized processes for quantifying data quality [10–12]. The Canadian Institute for Health Informa-
tion (CIHI) defined aspects of data quality and provided a process for assessing data based on those 
definitions [13]. The process consists of a questionnaire and relies on answers provided by data 
stewards to assess quality. It is a manual process and does not result in measures of data quality that 
are easily comparable across different data sets. The Observational Medical Outcomes Partnership 
(OMOP) was established to develop best practices for using observational health data to monitor the 
safety of prescription medications in the US [14]. Part of their approach is to ensure that all reported 
data meets certain data quality standards and is amenable to the analytic methods they employ. 
OMOP has defined a common data model and a series of data quality rules that all data contribu-
tions must pass. The current rules evolved over time to meet the specific mission of OMOP; how-
ever, the rules are not easily transferable for assessing the quality of other data sets that do not con-
form to the OMOP data model. But an advantage of the OMOP data quality process is that it can be 
automatically applied to datasets from multiple parties and can scale [15]. Similarly, the MiniSenti-
nel project grew out of a need for the Food and Drug Administration (FDA) to monitor the safety of 
medical products regulated by the agency [16]. A number of industry participants contribute data to 
faciliate medical product surveillance. There is a common data model and a set of data quality 
checks that must be adhered to by all contributors. While OMOP has approximately 35 data quality 
rules, MiniSentinel has a checklist of over 2,000 rules that must be satisfied for data to be acceptable. 
These sets of rules have evolved through multiple iterations to ensure that data are of sufficient 
quality, but the data quality rules are limited to medical product and safety surveillance.

While these frameworks produce useful information about how data satisfies quality rules along 
a number of dimensions, the rules are tailored to meet the goals of their respective organizations. 
The Electronic Data Methods (EDM) Data Quality Collaborative proposed that there be a standard 
approach for reporting data quality that would ensure transparency and consistency in data quality 
assessments [17]. They recommend that data quality be reported for the data in general as well as 
how well the data are fit for a specific purpose. 

The adoption of a standardized approach will lead to improved trust in research results and the 
ability to share data quality information across projects. Our recent work to define data quality as an 
ontology provides a good framework for characterizing aspects of the data [18]. The Data Quality 
Ontology (DQ Ontology) provides a vocabulary for discussing aspects of data quality and also de-
fines a process to quantify it. 

An ontology is a formal specification of a shared conceptualization [19]. Every concept in the on-
tology has a unique name, properties, relationships to other concepts and constraints that are always 
true for that concept. The benefits of using an ontology to describe data quality are that an ontology 
is written in a formal language, it is able to represent semantics, it provides a shared vocabulary for 
discussing data quality and it is sufficiently rigorous to be used directly in algorithms and computer 
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programs [20]. Key concepts and their definitions from the DQ Ontology are listed in ▶ Table 1 and
the relationships between them are shown in ▶ Figure 1 [18, p.1940]. This ontology precisely defines
data quality concepts in terms of relationships and constraints with other DQ concepts (shown in 
blue in ▶ Figure 1). Also included in ▶ Figure 1 is a link to 2 other ontologies described later in the
paper – Task (shown in ▶ Figure 2 in orange) and Domain (shown in ▶ Figure 3 in green). The DQ
Ontology is a meta-ontology that defines data quality concepts with respect to these two other on-
tologies.

Critically, a separate Domain ontology defines the formal semantics (using properties and con-
straints) of concepts represented in the data. The Task ontology is a specification for the concepts 
necessary to carry out a particular use of the data. The DomainConcepts link the Representations in 
the Dataset to the Domain and Task ontologies. Measures are further refined into Consistency-
Measures and CompletenessMeasures. These are described in more detail in ▶ Table 2.

Defining data quality as an ontology also provides a process for computing quantities that charac-
terize data quality [18]. The data quality assessment process evaluates constraints defined for each 
Measure to compute a proportion of constraints that are satisfied. This MeasurementResult is a frac-
tion where the denominator is the number of Representations for each concept and the numerator is 
the number of Representations with all constraints satisfied. An example is RepresentationConsist-
ency. The process (MeasurementMethod) counts the number of Representations that conform to its 
DataValueType (i.e. numeric fields only consist of numbers, decimal points or signs and dates have a 
valid format, etc). The RepresentationConsistency MeasurementResult is a fraction with the de-
nominator being all Representations and the numerator being the number of Representations that 
satisfy the DataValueType formatting rules. A more complex example is CodingConsistency which 
assesses how well a coded Representation maps to standard terminologies. For example, medi-
cations should be mapped to valid RxNorm values. CodingConsistency is computed as the ratio of 
the number of Representations with valid codes to the total number of Representations. Domain-
Constraints are the proportion of constraints defined for the Domain that are satisfied by each Rep-
resentation. If there are multiple constraints for a Representation, then all of them must be satisfied.

Measures such as DomainConsistency are based on other Measures. DomainConsistency 
requires that the combination of RepresentationConsistency, DomainComplete, CodingConsistency 
and DomainConstraints are all satisfied. The MeasurementResults for every DomainConcept are 
computed and then saved in a data quality database as meta-data about the Dataset. 

The purpose of this study was to apply this DQ assessment process and determine its usefulness 
in characterizing data quality for data that is used in calculating an example eMeasure. To accom-
plish this goal, software was developed that implements the process and uses Domain and Task on-
tologies to produce Metrics for specific Measures of data quality. The value of this approach is dem-
onstrated by examining how these quantities characterize an EHR dataset for conformance in repre-
senting a Domain and for its fitness to be used for a particular Task. 

2. Methods
Fairview Health Services and the University of Minnesota collaborated to create and maintain a 
clinical data repository (CDR) with over 2 million patients from seven hospitals and 40 clinics. Ap-
proval from the IRB (#1412E57982) was obtained to use the data for this study. A 200,000 encounter 
random sample was de-identified and used as the dataset for this research.

The process for characterizing data quality required the development of three ontologies and a 
software program that implements the data quality assessment process. The DQ Ontology defines 
Measures of interest and includes the constraints and interrelationships between data quality con-
cepts. The computation of an eMeasure will be used as an example Task for this research. An 
eMeasure computes the proportion of a population conforming to a specific health outcome of in-
terest [21]; CMS178 will be used as example eMeasure. It is defined as “Urinary catheter removed on 
Postoperative Day 1 (POD 1) or Postoperative Day 2 (POD 2) with day of surgery being day zero” 
[22][23]. Patients that have indwelling catheterization for long periods of time are at higher risk of 
developing catheter-associated urinary tract infection (CAUTI). This eMeasure quantifies the pro-
portion of patients that receive the evidence based best practice of removing the catheter within 48 
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hours post-surgery [24]. It provides a real-world secondary use for EHR data that can be compared 
to underlying data quality for this research.

Constraints were defined for 10 Measures and are listed in ▶ Table 2. The full DQ Ontology de-
scribes 19 measures that characterize data quality [18]. Nine of these were selected for this research 
to illustrate how Measures in the ontology quantify data quality. The other Measures were not in-
cluded as they either required another organization’s data or relied on meta-data that is not captured 
by the EHR used for this study. An additional Measure, DomainConstraints, was included for this 
paper to better illustrate an intermediate aspect of DomainConsistency.

A Task ontology for the CMS178 eMeasure was developed. The eMeasure is a proportion that 
consists of a “Denominator”, which is the entire patient population to which the eMeasure applies 
and a “Numerator”, which is the subset of patients that conform to the characteristic of interest. The 
denominator also specifies “Denominator Exclusions” for patients that should not be counted in the 
eMeasure. The instructions for computing CMS178 is 64 pages long, but for this paper, CMS178 will 
be simplified by eliminating some of the denominator exclusions and including in the denominator 
all surgeries instead of just major surgeries. The simplified definition for CMS178 is: 
Denominator:
• All hospital patients (age 18 and older) that had surgery during the measurement period with a

catheter in place postoperatively.
Denominator Exclusions: 
• Patients who expired perioperatively (CMS178_exclusion_expired).
• Patients who had physician/APN/PA documentation of a reason for not removing the urinary ca-

theter postoperatively (CMS178_exclusion_rationale).
• Patients who had medications administered within 2 days of surgery that were Diuretics, IV Posi-

tive Inotropic and Vasopressor Agents or Paralytic Agents (CMS178_exclusion_medication).
Numerator: 
• Number of surgical patients whose urinary catheter is removed on postoperative day (POD) 1 or

postoperative day (POD) 2 with day of surgery being day zero.

The eMeasure is computed as:

These statements are specified in the CMS178 implementation guide and were mapped to concepts 
in the Domain ontology. An encounter was considered a surgery when the admission_type field 
was coded as “SURGERY”. Patients who had catheters inserted during a procedure were indicated by 
the procedure_concept_code equalling “NUR380”. The Task ontology, shown in ▶ Figure 2,
specifies the relationship between aspects of the Task and the DomainConcepts that are required to 
calculate CMS178. 

Ideally, the Domain ontology should represent all of the data that is in the EHR or CDR. A com-
plete Domain ontology does not yet exist, but a Domain ontology was created for this research in 
order to illustrate the data quality assessment process. It includes all of the DomainConcepts refer-
enced by the Task and which are required to compute the CMS178 eMeasure. For this paper, the Do-
main ontology is documented using a UML diagram (▶ Figure 3) and a table that lists constraints
(▶ Table 3).

Domain constraints, including relationship cardinality (i.e. whether the data is optional or 
required) and data types for all of the fields are listed in ▶ Table 3. These constraints represent as-
pects of the data and its interrelationships that should always be true if the data accurately represents 
the clinical concepts of the Domain. For example, hospital discharge date should always occur after 
the hospital admission date. These were implemented as computer executable SQL but, for brevity, 
are shown as pseudo code in the table. For example, the first constraint for catheter_ -
insertion_date is “if catheter_insertion_date is not null then catheter_ -

insertion_by is not null” which can be paraphrased as “if there is a catheter insertion docu-
mented, then the name of the clinician who inserted it should also be documented”.

Concepts in the Domain ontology form a hierarchy and the parent concepts in the hierarchy can 
also have data quality Measures computed. There are MeasurementResults for parent concepts such 
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as medication, hospital_admission, and patient. The denominator for the parent concept 
MeasurementResult is a count of all of the Representations for all of its sub-concepts. The numerator 
is a count of all of the Representations for all of the sub-concepts that satisfy the Measure. In this way 
MeasurementResults can be aggregated up the hierarchy, including aggregating Measures that apply 
to the Dataset as a whole.

Some Measures such as TaskRelevance and DomainConsistency combine other Measures. Pipino 
[25] discusses a number of methods for aggregating multiple data quality indicators that include 
min, max and average of the Measure quantities. This study used the simple approach of treating 
each Measure equally and averaging the MeasureResults.

3. Results
The data quality assessment process was performed on the de-identified 200,000 encounter sample 
from the Fairview Health EHR data. ▶ Table 4 shows the MeasurementResults (expressed as percen-
tages) for DomainConcepts, parent concepts and the Dataset as a whole. DomainCoverage and 
TaskCoverage were 100% for the Dataset and are not listed. TaskSufficiency (99%) and TaskRel-
evance (95%) could only be calculated at the patient level since that was the only level in the Domain 
hierarchy that contained all of the DomainConcepts referenced by the Task.

RepresentationConsistency was 100%. RepresentationCompleteness assesses how many Repre-
sentations have a data value that is not missing. It varied from 10% for death_date to 100% for 
birth_date and procedure_concept_code. DomainCompleteness indicates whether the Do-
main permits a value to be missing (i.e. it is optional). For example, death_date only has a value 
for 10% of the patients, but since it is an optional DomainConcept in the Domain model, its Do-
mainCompleteness was 100%. CodingConsistency assesses how well the coded Representations 
conform to the standard terminology that is specified in the Domain ontology. This ranged from a 
low of 29% conformance with CPT4 procedure codes (procedure_concept_code) to a high of 
100% for admission_type.

DomainConstraints were satisfied overall 97% of the time, but constraints for some concepts 
were much lower (catheter_insertion_date was 78%). DomainConsistency is the combi-
nation of RepresentationConsistency, DomainComplete, CodingConsistency and DomainCon-
straints and it is the best overall Measure to indicate a Dataset’s conformance to a Domain. Overall, 
this Dataset had a DomainConsistency of 97%.

The TaskSufficiency and TaskRelevance Measures were also computed. TaskSufficiency assesses 
whether a Dataset has enough data to be used to perform a Task. TaskSufficiency is calculated by 
examining DomainComplete for each of the referenced DomainConcepts and ensuring they are 
above a certain threshold. And if they are, the result is the average of all of the DomainComplete ra-
tios. In this example, a threshold of 80% was used. This means that 80% of the Representations must 
be DomainComplete in order to be considered sufficient to carry out the calculation of the 
eMeasure. In this case, all of the DomainCompleteness’ were above 80% and the DomainComplete-
ness ratios for all of the referenced DomainConcepts are averaged to produce an overall TaskSuffi-
ciency of 99%. 

TaskRelevance not only assesses whether data is sufficient for a task but that it also conforms to 
the Domain (DomainConsistency). The DomainConsistency of each of the concepts referenced by a 
Task are averaged to produce an overall DomainConsistency which is then combined (averaged) 
with the TaskSufficiency value to yield a TaskRelevance value. For this example, the TaskRelevance 
of the Dataset for calculating the CMS178 eMeasure was 95%. 

Measures can also be calculated for the Dataset at particular points in time. Using data for each 
month from April 2011 to July 2013, MeasurementResults were calculated. The graph in ▶ Figure 4
shows DomainConsistency Metrics for a few concepts of interest (catheter_duration, 
 catheter_insertion_date, catheter_removal_date and 
 catheter_rationale_for_continued_use). ▶ Figure 5 shows how TaskRelevance changes
over time. ▶ Figure 6 shows the value for the CMS178 eMeasure over the same time period. And
▶ Figure 7 displays the monthly trend of DomainConsistency for the entire Dataset. The Pearson
correlation between DomainConsistency and the CMS178 eMeasure was 0.78.
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4. Discussion
The DQ assessment process described in this paper characterizes the data quality aspects of EHR 
data. The process requires correctly defined Task and Domain ontologies and yields specific quan-
tities that indicate data quality. For this set of EHR data, RepresentationConsistency was very good. 
All Representations matched their data formats 100% of the time. This high conformance is due to 
the data entry rules for the EHR that strictly enforce the correct data formats. 

DomainCompleteness was also very good, with an overall Dataset conformance of 98%. Again, 
this is likely indicative of the EHR data entry rules ensuring that when a data value is required to 
exist that the clinician is guided to enter a value. For example, an important field like birth_date 
has a value for all patients (both DomainComplete and RepresentationComplete were 100%). 
CodingConsistency was very high except for procedure_concept_code, which was only 29%. 
When the data was further examined, it was revealed that the procedures were coded using valid 
CPT4 code or codes which only had meaning to the hospital (i.e. “NUR380”) or which were vari-
ations of valid CPT4 codes (i.e. “82962.001”).

The DomainConstraint results, for the set of constraints defined in this research, revealed an 
overall conformance to the Domain of 97%. But catheter_insertion_date had a relatively low 
DomainConstraint value. The constraint requires that if the patient has a catheter, then the name of 
the clinician who performed the insertion must be documented in catheter_inserted_by and 
that if a catheter is inserted but no removal date is documented, then there should be a 
 catheter_rationale_for_continued_use documented by a clinician. These constraints 
were only satisfied 78% of the time.

▶ Figure 4 shows that DomainConsistency was improving for catheter_insertion_date
and catheter_removal_date over the measurement period. This parallels an improvement in 
the CMS178 eMeasure over that same time period (▶ Figure 6). In fact, Fairview had undertaken a
quality improvement initiative starting in November 2011 to better document catheter insertions 
and then in the summer of 2012 to focus on reducing CAUTI. This initiative required improvement 
in indwelling catheter documentation, including documenting the rationale for not removing a ca-
theter. The increasing DomainConsistency reflects the improved data quality as the initiative prog-
ressed. The correlation between DomainConsistency and the CMS178 eMeasure was 0.78, which is 
a moderately positive correlation. This suggests that as the data’s conformance to the Domain im-
proves, the computed value of CMS178 should converge on the true value.

DomainConsistency is the Measure that best reflects the Dataset’s conformance to the Domain 
since it incorporates the other Measures. The DomainConsistency ratio continued to improve over 
time for the Dataset as a whole. ▶ Figure 6 shows that it improves from 89% to over 92% during the
two years of the measurement period.

TaskRelevance is the Measure that best indicates that a Dataset can be used for a specific purpose. 
For this data, catheter_rationale_for_continued_use was not entered into the EHR be-
fore July 2012, so TaskRelevance was 0 prior to that date. If these data quality Measures had been in 
use by this healthcare organization, they might have decided not to compute the eMeasure before 
that date based on the low TaskRelevance. 

OMOP and MiniSentinel have developed data quality rules that provide detailed information 
about specific pieces of data that don’t conform to data quality expectations. The process described 
in this paper provides a data quality assessment approach that has several advantages over those 
methods. First, MeasurementResults are scalar quantities instead of lists of rules that failed. Scalar 
quantities are simpler to use and can be more easily compared across Datasets and across time. 
Heinrich [26] has proposed a set of requirements that all data quality quantities should possess. 
They should be normalized, interval scaled, interpretable, aggregatable, adaptable and feasible. The 
quantities for the data quality assessment method described in this paper meet these requirements. 
Since the quantities are proportions, they are both normalized (range from 0 to 1), interval scaled 
(the difference between 20% and 30% is the same as the difference between 70% and 80%) and easily 
interpreted (researchers are familiar with using proportions). The quantities can be aggregated to 
parent concepts and to the entire Dataset. These quantities are also adaptable in that they can be 
used with different Tasks, and they are computationally feasible. The OMOP and MiniSentinel data 
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quality rules are similar to DomainConstraints and they could be turned into a core set of con-
straints in a Domain ontology.

Secondly, this approach can be used to assess existing EHR data. The OMOP and MiniSentinel 
approaches assess the quality of incoming data feeds in order to filter out bad data from a central re-
pository. Most healthcare data is already in an existing repository and the data quality assessment 
method described in this paper can be used to evaluate that pre-existing data.

Finally, the MeasurementResults can be used for different Tasks focusing on the same time peri-
ods without having to recompute them for the Domain. Once a Domain ontology has been defined, 
some Measures (such as RepresentationConsistency, RepresentationComplete, DomainComplete, 
CodingConsistency, DomainConstraints and DomainConsistency) will characterize the data re-
gardless of how the data is to be used. This promotes reuse and sharing of the Metrics. If another 
Task is to be performed using the data, the already computed Domain Measures for each referenced 
DomainConcept can be reused. In addition, these MeasurementResults are comparable across 
multiple Datasets if they use the same Domain ontology.

One potential limitation of this research is the choice of the 80% threshold for TaskSufficiency. 
The selection of this value is reasonable but arbitrary. It is possible that different Tasks will require 
different thresholds for the amount of data necessary for a result to be valid. More research is needed 
to quantify the impact of TaskSufficiency on the validity of results for different Tasks. 

More research is also needed to determine the best way to combine multiple Measures. It is useful 
to be able to combine Measures to create a small number of quantities that can be used as a conveni-
ent score for the quality of a Dataset. The approach presented in this paper used a straightforward 
method of averaging the component Measures. For example, to compute TaskRelevance, the Do-
mainConsistency of each DomainConcept referenced in the Task is averaged and then combined 
(averaged) with TaskSufficiency. This method may be appropriate if each DomainConcept is equally 
important to the overall Measure and there are a sufficient number of DomainConcepts to make an 
average with its implied normal distribution meaningful. However, it may be the case that some Do-
mainConcepts are more important in a particular Task than others. In the example used in this 
paper, the DomainConsistency of catheter_duration is probably more important than the pa-
tient’s birth_date (for determining age) when computing the CMS178 eMeasure. Further re-
search is needed to determine if there is a better way to calculate Measures that combine other 
Measures that takes into account the data quality impact of each DomainConcept on the result. 
There are also additional Measures that should be defined for aspects of data quality not addressed 
in this paper. For example, duplication of data and records is an important concept and should be 
included as an additional Measure in the DQ Ontology. The original ontology left it out because it 
didn’t meet its inclusion criteria of being referenced in at least 3 data quality meta-analyses papers.

As more medical data is aggregated and organized, healthcare is able to benefit from big data ana-
lytic techniques. Future research should examine how the data quality assessment method described 
in this paper can be used for Tasks such as comparative effectiveness research and predictive model-
ing. In addition, this framework can be used to assess data quality in observational research. 
Measures of data quality could be computed on a timely basis (possibly nightly) so that researchers 
can quickly identify and mitigate data quality issues before they get too large.

5. Conclusions
This paper presented the results of a data quality assessment method that characterizes some aspects 
of the quality of EHR data. The method uses a DQ Ontology that references separate Domain and 
Task ontologies to compute Measures which quantify how well the data conforms to the Domain 
and how well it fits the Task. Metrics that show trends over time and for specific concepts in the data 
can be used to show changes in data quality and the Metrics can be compared to other Datasets that 
use the same Domain ontology. Different Tasks can reuse the Metrics without having to recompute 
them. These quantities may be easier to use and understand than some of the existing approaches to 
data quality assessment. This approach can encourage the use of existing or development of new de-
tailed Domain ontologies that can be reused across different organizations’ EHR data. Automating 
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the data quality assessment process using this method can enable sharing of data quality Metrics 
that may aid in making research results that use EHR data more transparent and reproducible.
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Fig. 1 Data Quality Ontology Diagram
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Fig. 2 Task Ontology (CMS178)

Research Article

S. G. Johnson et al.: Application of an Ontology for Characterizing Data Quality for a Sec-
ondary Use of EHR Data

T
hi

s 
do

cu
m

en
t w

as
 d

ow
nl

oa
de

d 
fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 U
na

ut
ho

riz
ed

 d
is

tr
ib

ut
io

n 
is

 s
tr

ic
tly

 p
ro

hi
bi

te
d.



79

© Schattauer 2016

Fig. 3 Domain Ontology
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Concept

Measure

MeasurementMethod

Measurement

MeasurementResult

Metric

Dataset

Representation

DomainConcept

Domain

Task

CorrectnessMeasure

ConsistencyMeasure

CompletenessMeasure

CurrencyMeasure

Definition

An aspect of data quality that quantifies a characteristic of the data.

Measures that assess whether the data that exists in the Dataset is true.

Measures that assess data conformance to constraints, rules and restrictions of the 
Domain.

Measures that assess whether a truth about the world is contained in the data.

Measures that assess timeliness of the data to represent the Domain and Task.

A series of steps used to quantify an aspect of data quality for a Measure.

The process of performing a MeasurementMethod to produce a MeasurementResult

The quantity produced by a MeasurementMethod.

Statistics for how a MeasurementResult varies over time or other dimensions.

The entire set of Representations that are being assessed.

The lowest level, atomic piece of information that exists in the data being assessed 
(also known as a data field, observation, value). 

Concepts in the clinical Domain and Task of interest that map to Representations in 
the set of data being assessed.

A separate ontology describing the clinical domain of interest.

A separate ontology describing the specific purpose of using the data.

Table 1 Data Quality Ontology – Key Concepts

Table 2 Data Quality Ontology – Measure Detail with Constraints

Measure

ConsistencyMeasure

Representation -
Consistency

Domain -
Consistency

Domain -
Constraints

Coding -
Consistency

CompletenessMeasure

Representation -
Complete

Domain Complete

Task Sufficiency

Task Relevance

Definition

The data is a valid value and format for its Data-
ValueType and all of the Representations for the 
same information have the same values.

Concepts in the Domain are represented in the 
data and the data satisfies syntactic and semantic 
rules. Constraints for the Domain are satisfied.

All of the constraints defined for the DomainCon-
cept are satisfied.

Representations that are of coded text data type 
must be correctly mapped to an enumerated list or 
a terminology.

Domain independent extent to which data is not 
missing.

The extent to which information is present or ab-
sent as expected.

The data has sufficient Representations along a 
given dimension (i.e. time, patient, encounter) to 
perform the Task.

The data is sufficient for the Task and conforms to 
the Domain.

Constraint

value.isValidFormat()

RepresentationConsistency and Repre-
sentationComplete and CodingConsist-
ency and DomainConstraints

for each constraint in value.Domain-
Concept.constraints: constraint is True

value.dataValueType() == ‘coded’ and 
value.isValidCode()

value is not null

RepresentationComplete or (Cardinality 
== ’optional’)

if all(concept.DomainComplete > 
THRESHOLD) then average all con-
cept.DomainComplete

TaskSufficiency and (for all concepts in 
Task.DomainConcepts: average all con-
cept.DomainConsistency)
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Table 2 Continued

Measure

DomainCoverage

TaskCoverage

Definition

The data can represent the values and concepts 
required by the Domain.

The data contains all of the information required by 
the Task.

Constraint

For each concept in Domain.Domain-
Concepts: isMapped(concept)

For each concept in Task.DomainCon-
cepts: isMapped(concept)

Table 3 Domain Ontology with Constraints

DomainConcept

dataset

patient

birth_date

death_date

hospital_admission

admission_date

admission_type

discharge_date

procedure

procedure_concept_code

procedure_date

medication

medication_concept_code

medication_end_date

medication_start_date

catheter_intervention

catheter_duration

catheter_insertion_date

catheter_removal_date

catheter_rationale_for_ -
continued_use

catheter_inserted_by

Domain 
Complete
(Cardinality)

required

optional

required

required

required

required

required

required

optional

required

optional

optional

optional

optional

optional

Representation
Consistency
(DataValue-
Type)

date

date

date

code:CHOICE

date

code:CPT4

date

code:RXNORM

date

date

numeric

date

date

string

string

DomainConstraint

birth_date <= today

if death_date is not null then death_date 
>= birth_date

discharge_date – admission_date < 1000

admission_date <= discharge_date

procedure_date >= admission_date

medication_start_date < medi-
cation_end_date

medication_start_date >= admission_date

catheter_duration >= 0 
catheter_duration < 1000

if catheter_insertion_date is not null then 
catheter_inserted_by is not null 
if catheter_insertion_date is not null and 
catheter_removal_date is null then 
 catheter_rationale_for_continued_use is 
not null

if catheter_removal_date is not null then 
catheter_insertion_date is not null

if catheter_rationale_for_continued_use is 
not null then  
 catheter_insertion_date is not null

if catheter_inserted_by is not null then ca-
theter_insertion_date is not null
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