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Background and Significance

TheU.S. healthcare system continues to invest in information
technology to improve health outcomes.1 This not only
includes infrastructure such as electronic health record
(EHR) systems and interoperability standards but also in-
itiatives for quickly translating clinical research into best
practices.2Now that health information is in electronic form,
it is more available for research.3 This increasing secondary

use of EHR data to improvehealth outcomes is promising, but
it depends on clinical information being of sufficiently high
quality to support the research.4

One of the secondary uses of EHR data is evaluating care
quality and outcomes. eMeasures are standardized perfor-
mance measures based on data extracted and aggregated
from EHRs to quantify how well patient care is meeting best
practices.5 eMeasures are just now becoming computable
within EHR systems.6,7 There are 297 active eMeasures listed
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Abstract Objective The objective of this study was to demonstrate the utility of a healthcare data
quality framework by using it tomeasure the impact of synthetic data quality issues on the
validity of an eMeasure (CMS178—urinary catheter removal after surgery).
Methods Data quality issues were artificially created by systematically degrading the
underlying quality of EHR data using two methods: independent and correlated
degradation. A linear model that describes the change in the events included in the
eMeasure quantifies the impact of each data quality issue.
Results Catheter duration had the most impact on the CMS178 eMeasure with every
1% reduction in data quality causing a 1.21% increase in the number of missing events.
For birth date and admission type, every 1% reduction in data quality resulted in a 1%
increase in missing events.
Conclusion This research demonstrated that the impact of data quality issues can be
quantified using a generalized process and that the CMS178 eMeasure, as currently
defined, may not measure how well an organization is meeting the intended best
practice goal. Secondary use of EHR data is warranted only if the data are of sufficient
quality. The assessment approach described in this study demonstrates how the
impact of data quality issues on an eMeasure can be quantified and the approach can be
generalized for other data analysis tasks. Healthcare organizations can prioritize data
quality improvement efforts to focus on the areas that will have the most impact on
validity and assess whether the values that are reported should be trusted.
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in the U.S. Department of Health and Human Services
Measures Inventory8 and many of these (93) are required
to be reported by providers to meet the requirements of
meaningful use.9–11

Computing avalid eMeasurevaluedependsonhowwell the
dataare recorded in theEHR;12however,EHRvendorshavenot
always ensured that data are captured at a quality sufficient to
compute the eMeasure.13 Data may be adequate to document
care delivery but may be insufficient to support the valid
computationofaneMeasure.14Datamaybemissing, incorrect,
out of range, or inappropriate for secondaryusesof a datafield.
The results from a Center for Medicare and Medicaid Services
(CMS) pilot study showed that eMeasures matched manually
abstracted measures less than half the time, primarily due to
missing data.15 Prior to 2014, encounters with missing data
used in the eMeasure calculation were considered to fail. In
2014, CMS changed its approach and no longer considers
missingdata as failing the eMeasure.16Whendata aremissing,
the patient’s record cannot be used in the calculation of the
eMeasure and some ability to quantify the best practice that
the eMeasure was intended to assess is lost. The validity of a
measurement is the degree to which it measures what it
purports to measure.17 Measures are deemed valid by com-
parison to measures computed from a “gold standard” data-
set.18 But in practice, the best comparison that is usually
available is a relative gold standard,19 which is the approach
used in this research.

Secondary uses of EHR data could be trusted more if the
impact of the underlying data quality was assessed.20 The
Electronic Data Methods (EDM) Data Quality Collaborative
recommends that researchers report on the quality of their
data.21 Frameworks for assessing healthcare data quality
exist, but they are limited to specific projects.22–24 We
previously developed a generalized healthcare data quality
framework (HDQF) that consists of a comprehensive data
quality ontology and associated data quality assessment
method that can be used to quantify data quality.25

Objective

The objective of this study was to demonstrate the utility of
the HDQF by using it tomeasure the impact of synthetic data
quality issues on the validity of an eMeasure (CMS178).

Methods

Data Source
Data were obtained from a clinical data repository (CDR) at
the University of Minnesota. Institutional review board
approval was received to extract a 72,127-encounter de-
identified random sample of patients admitted between
March 2011 and July 2013 to be used as the data source
for this study.

Framework and Analysis
The HDQF is an ontology that contains data quality concepts,
definitions, and relationships and an assessment method
that produces quantities to characterize data quality along

several dimensions. The HDQF has several benefits. The
ontology is specified in a formal language, is able to describe
semantics, uses a shared vocabulary for data quality con-
cepts, and is sufficiently well defined to be used by computer
software.26 Concepts in the ontology are linked to two other
ontologies: a Task ontology that describes the concepts,
relationships in the data, and calculations necessary to carry
out a particular use of the data and a Domain ontology that
describes the semantics of the data by specifying constraints
(rules) and relationships between concepts that the data
should satisfy to accurately represent a clinical area.

The HDQF assessment method is used to calculate the
proportion of the constraints that are satisfied for each type
of data in a dataset (calledDomainConcepts in the ontology).27

The denominator is the number of data values for each
DomainConcept in a population and the numerator is the
number of data valueswhich have all constraints satisfied. The
research described in this article looks at two important
aspects of data quality defined in the HDQF: Representation-
Complete and DomainConstraints. RepresentationComplete
measures the degree to which data in a dataset is not missing
(i.e., admission_date should not be blank). DomainConstraints
assesses how well the data conforms to the Domain ontology
(i.e., admission_date should be less than discharge_date).

The steps for applying the HDQF to this dataset were:

1. Define the Domain and Task ontologies.
2. Measure data quality.
3. Degrade the data.
4. Model and assess the impact.

Define the Domain and Task Ontologies
A Domain ontology was defined for this study and is shown
in ►Table 1.

The constraints defined in the ontology are the same as
those used in previous research.27 They were intentionally
kept simple to illustrate how to apply the HDQF. An example
of a constraint is that the admission_date must be earlier
than the discharge_date.

The Domain ontology (►Table 1) and a simplified CMS178
eMeasure (CMS178simple, calculation shown in►Fig. 1) were
used for this research as an example Task to illustrate the
assessment process.

The definition of CMS178 is “Urinary catheter removed on
Postoperative Day 1 (POD 1) or Postoperative Day 2 (POD 2)
with day of surgery being day zero.”28 Patients who are
catheterized for long periods of time are at greater risk for
developing catheter-associated urinary tract infection
(CAUTI). The best practice is to remove the catheter within
48 hours after surgery.29 CMS178 calculates the proportion
of patient encounters that satisfy this best practice.

The denominator includes all hospital patients (aged 18
and older) who had surgery during the measurement period
with a catheter in place postoperatively. The denominator
exclusions are (1) patientswho expired perioperativelyor (2)
patients who had physician documentation of a reason for
not removing the urinary catheter postoperatively or (3)
patients who hadmedications administered within 2 days of
surgery that were diuretics, intravenous positive inotropic,
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and vasopressor agents or paralytic agents. The numerator is
the number of denominator surgical patients whose urinary
catheter was removed within 48 hours of surgery. The steps
to compute the CMS178 numerator and denominator for the
baseline data are shown in ►Fig. 1. When computing
CMS178, missing data need to be handled in a consistent
manner. Prior to 2014, the definition of CMS178 required
that an encounter would fail the eMeasure if there were any
missing data. That requirement was removed from CMS178
definitions starting in 2014. The data quality inclusion policy
is left up to the implementer of the CMS178 calculation.
There are two approaches to data quality issues: (1) exclude
encounters with missing data and (2) impute some reason-
able value for the missing data (i.e., variable mean, a default
value, etc.). For this research, the former approach was used.
The eMeasure was computed as:

Measure Data Quality
For this research, two aspects of data quality, Representation-
Complete and DomainConstraints, were studied. Representa-

tionComplete quantifies the extent of missing data. It is the
proportion of encounters that have non null data values for a
DomainConcept divided by the total number of encounters.
DomainConstraintsquantify thedegreetowhichthedata satisfy
all of the rules (constraints) defined in the Domain ontology. An
example is that death_date must be after a patient’s birth_date
and thedeath_dateDomainConstraint value is theproportionof
encounters in a population where that is true.

In this study, the HDQF was extended by describing a
method for quantifying the degree that data quality issues for
each DomainConcept impact a Task. The impact is quantified
by deliberately injecting synthetic data quality issues into
the underlying EHR data in a systematic way and observing
how those changes affect the Task.

In this study, validity is a relative measure and was
operationalized by comparison to a relative gold standard.
The baseline, unmodified sample EHR data were used as the
relative gold standard. The variable, missing_events, was
computed to quantify the validity of the CMS178 eMeasure
after the data are modified. This variable represents the
number of patients who satisfied the CMS178 inclusion
criteria and had a catheter removed within 48 hours in the
baseline data but, after the data were degraded, were

Table 1 Domain ontology with constraints

DomainConcept Type DomainConstraint

Patient

Birth_date Date Birth_date <¼ today

Death_date Date If death_date is not null then death_date � birth_date

Hospital admission

Admission_date Date Discharge_date � admission_date < 1,000 d

Admission_type Code

Discharge_date Date Admission_date � discharge_date

Procedure

Procedure_concept_code Code

Procedure_date Date Procedure_date � admission_date

Medication

Medication_concept_code Code

Medication_end_date Date Medication_start_date < medication_end_date

Medication_start_date Date Medication_start_date � birth_date

Catheter intervention

Catheter_duration Numeric Catheter_duration � 0 d
Catheter_duration < 1,000 d

Catheter_insertion_date Date 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

Catheter_removal_date Date If catheter_removal_date is not null then
catheter_insertion_date is not null

Catheter_rationale_for_continued_use String If catheter_rationale_for_continued_use is not null then
catheter_insertion_date is not null

Catheter_inserted_by String If catheter_inserted_by is not null then
catheter_insertion_date is not null
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subsequently not counted as satisfying the CMS178 numera-
tor criteria. These are events of interest that were missing
due to the induced data quality issues. The missing_events
variable quantifies the impact that data quality issues have
on the eMeasure.

Degrade the Data
Each type of data quality issue requires a specific method for
degrading the data. For RepresentationComplete,missing data
are simulated by removing data values. For DomainCon-
straints, the data are degraded by changing data values to no
longer satisfy the Domain ontology rules. For example, for
discharge_date, the underlying data were changed to occur
before the admission_date by a randomnumber of days.While
“actual”dataquality issuesmaynotoccur in thismanner, these
synthetic data quality issues are used to illustrate how the
HDQF can be applied to assess the impact ofdata quality issues
on a Task. Since the data quality inclusion policy for this
researchwas to removeencounters that containeddataquality
issues, domain constraint violations have the same effect on
the Task as missing data.

The full degradation process consists of iteratively applying
the degradation method (i.e., removing data or violating

constraints) to the data for each of the DomainConcepts listed
in►Table 1. The Task was performed (in this case, computing
CMS178 and missing_events) and RepresentationComplete
and DomainConstraint were recomputed on the degraded
data. The RepresentationComplete and DomainConstraints
statistics for every DomainConcept, the CMS178 eMeasure,
and missing_events were recorded in an analysis database
(see ►Fig. 2).

Two approaches to degrading data were examined:
(1) independent and (2) correlated. Each process was per-
formed toyield 1,200 observationswithwhich to build each of
the linear models. To independently degrade each Domain-
Concept, a random set of 0 to 10% of records in the underlying
data for each DomainConcept was degraded in a succession of
1% increments leaving the data for all other variables un-
changed. The degradation procedure either replaced a data
value for a DomainConcept with a null value (to assess
RepresentationComplete) or changed the value to something
that would ensure the DomainConstraints for that Domain-
Concept would be violated (to assess DomainConstraints).

The correlated approach to degrading data ensured that
highly correlated DomainConcepts remain correlated. If each
DomainConcept was arbitrarily degraded, it would not

Fig. 1 Computation of CMS178 numerator and denominator for baseline data (undegraded).
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necessarily reflect how data quality impairments for related
DomainConcepts would likely occur in the real world. For
example, catheter_insertion_date and catheter_inserted_by
are often missing together. If the reason they are missing is
correlated (i.e., a clinician forgot or did not have time to
record the information before discharge), they would often
be missing at the same time. Each DomainConcept was
degraded from 0 to 10% leaving all other data unchanged
unless the DomainConcept was part of a highly correlated
cluster. In that case, the other DomainConcepts in the cluster
would also be degraded by the same percentage.

Thepairwise association between theDomainConceptswas
computed at the encounter level. An encounter could have
multiple instances of medication or catheter data associated
with it. Data for each encounter was aggregated to indicate
whether there was at least one data value for each of the
DomainConcepts for the encounter. For example, consider the
association between admission_date and medication_start_
date. An encountermay havemultiplemedications (and there-
fore, multiple medication_start_dates). The association was
computed between the presence of an admission_date and
the presence of a medication_start_date for at least one of the
medications associated with a particular encounter. The Pear-
soncorrelationcoefficient andachi-squarewere calculated ina
similar manner for the presence of data for each pair of
DomainConcepts. Variables were considered highly correlated
if they showed a significant chi-squared association and had a
Pearson correlation coefficient above 0.90. This approach en-
sured that whenone of the variables in a correlated clusterwas
degraded by a specific percent, the other variables in that
cluster were also degraded by the same percentage.

Model and Assess the Impact
A variable, missing_events_percent, is the number of missing
eventsdividedbythenumeratorof thebase (undegraded)data.A
linear regressionmodelwasfit tomissing_events_percent as the

dependent variable,withquantities for RepresentationComplete
and DomainConstraints for each DomainConcept as the predic-
tor variables. A linear regression model was computed using
stepwisebackward elimination. The regressionmodel quantifies
the effect of each DomainConcept. Negative changes (degrada-
tion) to the data increase missing_events and can be used to
quantifywhatwouldhappenif, instead,dataquality improvedby
the samepercentage. If data in an EHR are of lowquality (i.e., the
degraded data) and amethod existed to somehow improve it by
fixing the data (assuming the incorrect data could be identified),
then the number of missed events would be reduced.

Results

RepresentationComplete and DomainConstraint issues were
evaluated using the independent and correlated degradation
methods. Results from a pairwise Pearson correlation and
chi-square association between all 15 DomainConcepts
showed three clusters of highly correlated variables:

Cluster 1: admission_date, discharge_date.
Cluster 2: medication_concept_code, medication_start_-
date, medication_end_date.
Cluster 3: catheter_duration, catheter_insertion_date,
catheter_removal_date.

The resulting linear regression models for Representa-
tionComplete are shown in ►Table 2.

Degrading the data for RepresentationComplete removes
data for a variable and causes the numerator or the denomi-
nator to change for the CMS178 eMeasure. The impact that
each variable has on the value of the CMS178 eMeasure is
proportional to the amount of relevant data removed. To
illustrate,►Table 3 shows the baseline number of encounters
for the numerator and denominator and what those values
are when 10% of the data are degraded for two example
variables, catheter_duration and birth_date.

Fig. 2 Degradation process.
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The resulting linear regression models for DomainCon-
straints are shown in ►Table 4.

The CMS178 eMeasure was also computed, as data quality
was being degraded to show how it changed as the number of
missing_events increased. A graph of CMS178 compared with
RepresentationComplete for the dataset as data quality is

degraded for a DomainConcept (in this case, catheter_dura-
tion) is shown in ►Fig. 3.

CMS178 remains relatively constant when data quality
improves, whereas missing events decrease as data quality
improves.

Discussion

The objective of this study was to demonstrate the utility of
the HDQF by using it tomeasure the impact of synthetic data
quality issues on the validity of an eMeasure (CMS178). The
results of this study support two primary findings: (1) the
impact of data quality issues for different variables can
be quantified and (2) the CMS178 eMeasure, as currently
defined, may not measure how well an organization is
meeting the best practice goal of removing catheters within
48 hours of surgery.

Table 2 Linear regression models for missing_events_percent based on predictor variables of representation completeness of
Domain variables generated by applying independent and correlated degradation

Predictor Coefficient SE coefficient t-Value p-Value

Independent degradation

Birth_date �0.9949 0.0069 �144.7 < 0.0001

Admission_type �0.9941 0.0069 �144.6 < 0.0001

Medication_start_date �0.3927 0.0072 �54.3 < 0.0001

Catheter_duration �1.2136 0.0083 �145.9 < 0.0001

Catheter_rationale_for_continued_use �0.1226 0.0070 �17.6 < 0.0001

Correlated degradation

Birth_date �0.9955 0.0066 �151.2 < 0.0001

Admission_type �0.9972 0.0066 �151.5 < 0.0001

Medication_ start _date �0.4155 0.0073 �56.8 < 0.0001

Catheter_duration �1.1863 0.0080 �149.0 < 0.0001

Catheter_rationale_for_continued_use �0.1178 0.0067 �17.7 < 0.0001

Table 3 Impact of 10% degradation versus baseline

Baseline 10% degrade
(RepresentationComplete)

Birth_date Catheter_duration

Numerator 2,725 2,447 2,450

Denominator 3,541 3,185 3,200

Missing events 0 278 275

CMS178 0.770 0.768 0.766

Table 4 Linear regression models for missing_events_percent based on predictor variables of DomainConstraints for Domain
variables generated by applying independent and correlated degradation

Predictor Coefficient SE coefficient t-Value p-Value

Independent degradation

Birth_date �1.0099 0.0067 �150.3 < 0.0001

Admission_type �1.0020 0.0067 �149.2 < 0.0001

Medication_start_date �0.4018 0.0071 �56.9 < 0.0001

Catheter_duration �1.1970 0.0081 �147.5 < 0.0001

Catheter_rationale_for_continued_use �0.1219 0.0068 �17.9 < 0.0001

Correlated degradation

Birth_date �0.9839 0.0061 �161.5 < 0.0001

Admission_type �1.0000 0.0061 �164.1 < 0.0001

Medication_start_date �0.3858 0.0064 �60.2 < 0.0001

Catheter_duration �1.1685 0.0074 �158.7 < 0.0001

Catheter_rationale_for_continued_use �0.1136 0.0062 �18.4 < 0.0001
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In supportof thefirstfinding, the impactof thedataqualityof
eachDomainConcept on the eMeasure is reflected in the results
of the linear regressionmodels. Thedataquality issues related to
missing data andDomainConstraint violations that were exam-
ined had an impact on the number of encounters that were
included in both the numerator and denominator of the eMea-
sure and this is captured in missing_events. The coefficients in
themodels can be interpreted to quantify themagnitude of the
impact on missing_events for a 1 unit improvement in data
quality. For example, for the independently degraded Repre-
sentationComplete in ►Table 2, for every 1% reduction in
RepresentationComplete data quality for admission_type, there
were 0.9941% (essentially 1.0%) more events missed. But a
1% reduction in data quality for catheter_rationale_for_conti-
nued_use results only in 0.12% of cases being missed.

►Table 3 helps illustrate how different DomainConcepts
impact missing_events. The table shows denominator and
numerator values for two examples of DomainConcepts:
birth_date and catheter_duration. It shows that there were
278missing_eventswhenthebirth_datefieldwasdegradedby
10%.CMS178excludespatientswhoareyounger than18years;
so, when the birth_date is removed, the encounter is no longer
included in either the denominator or the numerator because
the age cannot be computed. In the study data, 100% of the
encounters have a birth_date. Everyencounter that is removed
from the denominator (due to missing birth_date) will also be
removed from the numerator so that there is a one-for-one
impacton thenumberofmissingevents. This is reflected in the
coefficient of the linearmodelwhich is approximately equal to
1.0 for birth_date.

In thecaseofcatheter_duration,a10%degradationof thedata
causes 275 missing events. The data quality inclusion policy for

this research is that if data are missing, then the encounter
should be removed from the CMS178 calculation and so would
be removed from both the numerator and denominator. In this
study, 17% of the encounters already had a missing catheter_-
duration (83% had values). So 1.17% of the catheter_duration
data must be degraded to remove 1% more missing events. The
coefficient of �1.21 in the linear model approximates this. For
this simple eMeasure, these relationships could potentially be
discovered algebraically without using a regression model, but
for more complex Tasks this is not likely to be the case.

In the independent model, catheter_duration has the most
impact on missing events. For every 1% decrease in Represen-
tationCompleteness of these variables (i.e., more missing data),
there is approximately a 1.21% increase in the number of
missing_events. The variables admission_type and birth_date
werealsovery impactfulvariables. Forevery1%decrease indata
quality, there is approximately a 1% increase in the number of
missing_events. Since age is used in the denominator (and
numerator) inclusion criteria, when age cannot be calculated
because birth_date is missing, the encounter is removed from
both the numerator and denominator. The eMeasure propor-
tion stays roughly the same, but missing_events increase. The
same is true for admission_type as a nonsurgical case is
removed from both the numerator and denominator and the
CMS178 eMeasure stays thesame. As catheter_durationhas the
largest impacton thenumber ofmissed events, anydataquality
initiatives should focus on improving its data quality first.

Degrading eachDomainConcept independently compared
with degrading in a correlated manner produced the same
set of variables that weremost impactful. In the independent
and correlated models, five variables were found to
be significant in the model. These were birth_date,

Fig. 3 CMS178 eMeasure and missing_events_percent versus catheter duration RepresentationComplete data quality.
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admission_type, medication_start_date, catheter_duration,
and catheter_rationale_for_continued_use. Results of this
study demonstrate that degrading each variable indepen-
dently or in a correlated way made no difference to which
variables where found to be significant. This is useful in-
formation in that it is less computationally expensive to
degrade each variable independently versus having to de-
grade a variable and maintain all of its correlations.

Degrading the DomainConstraints yielded the same set of
variables thatwere impactfulasRepresentationComplete. This
is due to the data quality inclusionpolicyof removingdata that
violate constraints, so it has the same impact as missing data.
As with RepresentationComplete, catheter_duration has the
largest impact on the number ofmissed events (�1.197%) and
a 1% improvement in data quality for admission_type and
birth_date results in a 1% reduction in missing events.

The second finding is that the CMS178 eMeasure may not
adequately measure catheter removal within 48 hours of
surgery. As seen in ►Fig. 3, even though missing_events
increase as the underlying data are degraded, CMS178 itself
does not appreciably change. This is due to the fact that the
eMeasure is a proportion. As the data are changed, it gen-
erally causes patient encounters to be removed fromboth the
denominator and numerator. But the absolute number of
missed events increases significantly over the range of the
degradation. This highlights a potential problem with using
CMS178 to assess catheterization best practices. The eMea-
sure is not affected by significant changes in data quality that
generate missed events. The way the eMeasure is currently
defined may not give CMS an accurate quantification of how
well an organization is removing catheterswithin 48 hours of
surgery due to the possibility of excluding cases that either
meet or do notmeet the inclusion criteria due tomissing data
or data violations. CMS may want to revisit their pre-2014
approach of reporting missing data.

Understanding how data quality for each DomainConcept
impacts the Task can be used to prioritize data quality
improvement efforts. A healthcare organization can target
data quality issues for DomainConcepts that have the most
chance of improving eMeasure validity. If data quality mea-
sures are too low in a particular area, it may be advisable not
to report the eMeasure or at least indicate the level of data
quality (using RepresentationComplete and DomainCon-
straint metrics) when the eMeasure is reported.

Limitations and Future Work
Therearesomelimitations to this research. This researchdidnot
attempt to quantify every type of data quality issue and looked
only at two types of problems: RepresentationComplete and
DomainConstraints. There are other types of data quality issues
that should be explored. This research also did not attempt to
assess which data quality issues were actually occurring in the
EHRdata; it only defines data degradationmethods to illustrate
how the HDQF can be applied. For example, an error in a date
variable can occur inmanyways. This research examinederrors
in dates that were large enough to cause a DomainConstraint to
be violated. But an error, such as a typo, could occur that only
affects the day of the month, which would not necessarily

violate the DomainConstraint. Other approaches are needed
to quantify those types of errors. The impact of an issue is also
dependent on the specific Domainmodel that is defined aswell
as theamountofdatathat isdegraded.Thisstudymodifiedupto
10% of thedata, but further research is needed to determine the
typical proportion of data errors in a CDR.

Another limitation is that RepresentationComplete should
be expanded to encompass different types ofmissingdata. The
definition of completeness is contextual and dependent on
how data will be used.30 RepresentationComplete should
differentiate between data that are missing completely at
random, missing at random, and missing not at random.

This study used the CMS178 eMeasure as an example
Task to study in detail the process for assessing the impact
data quality has on the validity of Task results. The techni-
que can be generalized for other data analysis Tasks that
depend on secondary use of EHR data such as predictive
modeling and comparative effectiveness research. It is
necessary to define a Task and Domain ontology with
constraints, but the same data quality assessment approach
can be used. Future research should evaluate this approach
for other secondary uses.

The current research showed that degrading each Domain-
Concept independently produced about the same results as
degrading the DomainConcepts in a correlated manner. This
may not always be the case with other, more complex, Tasks.
Only pairwise associations between DomainConcepts were
examined. It is likely that degrading in a correlated manner
may be the best, most robust approach. But degrading each
DomainConcept independently has the fastest execution time.
Further research isneededwithadditionalTasks tounderstand
wheneach degradation technique can be applied.Missingdata
in the real world is likely more complex thanwhat can just be
represented by pairwise associations of DomainConcepts.
Future research should build complete correlation networks
between all of the DomainConcepts so that the correlated
degradation process can precisely maintain the correlations
between all of the variables as the data quality is reduced.

Conclusion

Access to a significant amount of structured electronic health
data allows researchers to identify evidence-based best prac-
tices that improve patient outcomes. The secondary use of data
iswarranted only if the data are of sufficient quality to support
the secondary use. eMeasures have been introduced as a
method to assess howwell evidence-based practices are being
followed at a healthcare organization. This research described
application of a HDQF to quantify the impact of Representa-
tionComplete andDomainConstraint data quality issues on the
validity of an eMeasure and the assessment approach can be
generalized for other data analysis Tasks. The research also
raises some questions about how the CMS178 eMeasure is
currently defined. It may not adequately assess how well an
organization is removing catheters within 48 hours of surgery.
The usefulness of characterizing data quality using thesemeth-
ods enables healthcare organizations to prioritize data quality
improvement efforts to focus on the areas that will have the
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most impact and assess whether the values that are being
reported should be trusted.

Clinical Relevance Statement

Secondary use of EHR data iswarranted only if the data are of
sufficient quality to support the secondary use. The research
described in this article quantified the impact of Represen-
tationComplete andDomainConstraint data quality issues on
the validity of an eMeasure and the assessment approach can
be generalized for other data analysis Tasks.

Multiple Choice Question

The process of degrading data to build a model of the impact
of data quality issues on an eMeasure uses which of the
following as variables for the linear regression model:

A. Data quality metrics for DomainConcepts as the de-
pendent variables and missing events percent as an
independent variable.

B. The eMeasure as the dependent variable and missing
events as the independent variable.

C. The data quality metrics for DomainConcepts as the
independent variables and missing events percent as
the dependent variable.

D. You can’t quantify the impact of the data quality issues.

Correctanswer:Thecorrect answer isC.The linearmodel is
predicting the number of missing events based on the data
quality metrics (i.e., RepresentationComplete and Domain-
Constraints) of each of the DomainConcepts. As those metrics
vary, the coefficients in the linear regression model quantify
the effect that those data quality issues have in causing the
missing events.

Protection of Human and Animal Subjects
De-identified EHR data were used for this research and
proper precautions were taken to minimize privacy risk.
Patientswereallowedtooptoutofhaving theirmedicaldata
used for research. IRB approval was obtained (University of
Minnesota IRB #1412E57982).
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