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Abstract Background Hospital electronic health record (EHR) data are increasingly being
called upon for research purposes, yet only recently has it been tested to examine
its reliability. Studies that have examined reliability of EHR data for research purposes
have varied widely in methods used and field of inquiry, with little reporting of the
reliability of perinatal and obstetric variables in the current literature.
Objective To assess the reliability of data extracted from a commercially available
inpatient EHR as compared with manually abstracted data for common attributes used
in obstetrical research.
Methods Data extracted through automated EHR reports for 3,250 women who
delivered a live infant at a large hospital in the Pacific Northwest were compared with
manual chart abstraction for the following perinatal measures: delivery method, labor
induction, labor augmentation, cervical ripening, vertex presentation, and postpartum
hemorrhage.
Results Almost perfect agreement was observed for all four modes of delivery
(vacuum assisted: kappa ¼ 0.92; 95% confidence interval [CI] ¼ 0.88–0.95, forceps
assisted: kappa ¼ 0.90; 95%CI ¼ 0.76–1.00, cesarean delivery: kappa ¼ 0.91; 95%
CI ¼ 0.90–0.93, and spontaneous vaginal delivery: kappa ¼ 0.91; 95%CI ¼ 0.90–
0.93). Cervical ripening demonstrated substantial agreement (kappa ¼ 0.77; 95%
CI ¼ 0.73–0.80); labor induction (kappa ¼ 0.65; 95%CI ¼ 0.62–0.68) and augmenta-
tion (kappa ¼ 0.54; 95%CI ¼ 0.49–0.58) demonstrated moderate agreement
between the two data sources. Vertex presentation (kappa ¼ 0.35; 95%CI ¼ 0.31–
0.40) and post-partum hemorrhage (kappa ¼ 0.21; 95%CI ¼ 0.13–0.28) demon-
strated fair agreement.
Conclusion Our study demonstrates variability in the reliability of obstetrical data
collected and reported through the EHR. While delivery method was satisfactorily
reliable in our sample, other examined perinatal measures were less so when compared
with manual chart abstraction. The use of multiple modalities for assessing reliability
presents a more consistent and rigorous approach for assessing reliability of data from
EHR systems and underscores the importance of requiring validation of automated EHR
data for research purposes.

received
August 2, 2017
accepted after revision
January 1, 2018

Copyright © 2018 Schattauer DOI https://doi.org/
10.1055/s-0038-1627475.
ISSN 1869-0327.

Research Article156

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.

mailto:molly.altman@ucsf.edu
https://doi.org/10.1055/s-0038-1627475
https://doi.org/10.1055/s-0038-1627475


Background and Significance

Electronic health records (EHRs) have been widely adopted
in the United States healthcare system for management of
patient clinical data. President GeorgeW. Bush’s 2004 Execu-
tive Order called for the development and implementation of
a nationwide, interoperable health information technology
infrastructure that could be used to improve the quality and
efficiency of healthcare, calling for the creation of an EHR for
all Americans by the year 2014.1 After years of sluggish
adoption rates, that mandate was eventually funded in
2009 by the Obama administration’s stimulus legislation,
The American Recovery and Reinvestment Act (ARRA). The
HITECH Act was embedded in ARRA and authorized the
Centers for Medicare and Medicaid Services along with the
Office of the National Coordinator for Health Information
Technology to establish the EHR Incentive Program. Mean-
ingful Use, as it is commonly known, has been wildly
successful in spurring the adoption of EHR in hospital set-
tings. The last decade has seen a rapid increase in the use of
EHRs in clinical practice from a low of 9% in 2008 to a high of
84% in 2015.2 More than 96% of non-federal acute care
hospitals have adopted a basic EHR, a nine-fold increase
since 2008.2

Hospital EHR data are disseminated in report format for a
variety of purposes, including clinical decision making,
administrative evaluation, and research purposes; however,
only recently have we begun to question its reliability.
Reliability, the degree to which the result of a measurement
or calculation is considered accurate, reflects the qualities of
trustworthiness and consistency in data performance. A
well-known feature of EHR systems is the ability to docu-
ment the same thing in multiple places. For end users,
flexibility and customization are highly desirable, but these
can be cumbersome and inaccurate for non-clinical applica-
tions that rely on data being captured in one discrete field on
a structured form.More often than not, a great deal of clinical
information in the EHR is recorded in free-text fields or
dictated narrative notes and therefore not captured using
automated processes. Compounding the problem, individual
EHR installations can alter structured templates and fail to
alter “out of the box” vendor-generated reports that make it
possible to extract data automatically by pulling documen-
ted discrete data elements. In this way, we run the risk that
auto-generated EHR reports under report cases of interest.

To help assimilate data that are entered in different ways
and retrieved by a variety of methods, innovative techniques
have been tested to assess the reliability of extracted EHR
data. These include (1) automated extractive text summar-
ization methods of free text in assisting clinicians with
clinical care,3 (2) reconciliation of registries to administra-
tive data in hospital discharge databases,4 (3) the reporting
of reliability of EHR data used in providing financial incen-
tives for performance,5 (4) predictive models using EHR data
for hospital readmission,6 and (5) clinical applications that
test the reliability of EHR data in electronic surveillance
systems to detect urinary tract infections7 and for improving
diagnosis of gastroesophageal reflux in infants.8

Few studies have examined reliability of perinatal mea-
sures, and those reported have done so in large adminis-
trative databases using predominantly birth certificate and
hospital discharge data9 and have not used a comparative
reference group.10 Studies that did compare EHR data to
manually extracted data chose to descriptively report find-
ings rather than quantitatively assess reliability.11 A 2012
systematic review examined the quality of perinatal mea-
sures using administrative and population-based datasets
(not EHR however) and reported those perinatal measures
that are reliably captured within these sources of data.12 As
EHR data become more readily available for research pur-
poses within perinatal research, there is a need to assess the
reliability of these data obtained from automated EHR
reports for variables of interest, as well as to determine
the best methodology for these reliability assessments.

Objective

The purpose of our study is to assess the reliability of data
extracted from an established EHR as compared with manu-
ally abstracted data for common variables used in perinatal
research including mode of delivery, labor induction and
augmentation, fetal presentation, and postpartum hemor-
rhage, using measurement of sensitivity, specificity, and
Cohen’s kappa. We aim to provide insight into the reliability
of EHR data in perinatal research and make recommenda-
tions for the adoption of techniques that can be used to
report reliability of EHR data used in clinical and practice-
based decision making.

Methods

Our current study is a secondary analysis from a larger
retrospective study examining women who gave birth at a
large, multi-payer institution in the Pacific Northwest,
United States.13 Women were included if they gave birth
between January and September 2013 at the study institu-
tion. By design, only women who had their delivery data
within the EHR available for data extraction and whose
charts were considered to be relatively complete with less
than 20% missing data were included. Women who had a
‘break-glass’ privacy feature enabled on their EHR were
excluded (►Fig. 1).

The study took place at a large, multi-payer institution
that has been using the Epic EHR system since 2011. All
providers who attend deliveries within the hospital system
are trained to document within the EHR system. In the
original study, variables were collected using standard,
automated reporting tools available within the Epic EHR.
Variables not able to be captured using these reporting tools
were collected by manual chart abstraction, and several
variables of interest were captured by both chart abstraction
and by the automated extraction process. The capture of
variables by two different data collection modalities, with
manual chart abstraction as the “gold standard,” allowed for
reliability testing of the available EHR extraction tools. The
principal investigator, a certified nurse midwife and content
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expert, performed the majority of the manual chart abstrac-
tion,with a subset of 10% of themedical records assessed bya
separate content expert (an obstetrician) from the study
institution for internal validity. A standardized data collec-
tion form was used and discrepancies were addressed. Con-
cordance between data collectors was satisfactory for the
study (Cohen’s kappa ¼ 0.76), with discordance almost
entirely due to variables incorrectly entered in multiple
locations in the EHR.

Variables were chosen based on the parent study, which
was a comparative analysis between different obstetrical
providers for labor and delivery care in the hospital setting.
Those variables collected by both modalities were chosen
due to importance in the parent study (for inclusion criteria
and outcomes of interest) and suspected inaccuracies in data
capture using the standard reports.Manually abstracted data
were obtained through free-text provider summaries, med-

ication administration records, and nursing documentation
of intervention use, with secondary sources utilized in the
case of missing data or for verification purposes (►Table 1).

Mode of delivery variables included spontaneous vaginal
birth, cesarean delivery, vacuum-assisted delivery, and for-
ceps-assisted delivery andwere all defined as the method by
which the woman delivered her infant. Labor induction was
defined as the use of synthetic oxytocin (Pitocin) to initiate
labor, labor augmentationwas defined as the use of Pitocin to
improve a labor that has already started spontaneously, and
cervical ripening was defined as the use of any modality to
prepare awoman’s cervix for induction prior to the initiation
of Pitocin. Lastly, vertex presentation of the fetuswas defined
as the fetus presenting head down at the time of admission,
and postpartum hemorrhage was defined as greater than
500cc estimated blood loss for a vaginal birth and greater
than 1,000cc estimated blood loss for a cesarean delivery.

Fig. 1 Study chart depicting inclusion/exclusion criteria.

Table 1 Data abstraction processes

Variable of interest Primary chart location Secondary chart location

Cervical ripening (yes/no) History and physical on admission (free
text), medication administration record

Labor progress notes describing
methods used (free text)

Labor induction (yes/no) History and physical on admission (free
text), medication administration record

Labor progress notes describing
induction (free text)

Labor augmentation (yes/no) Labor progress notes, medication
administration record

N/A

Vertex presentation (yes/no) History and physical on admission (form
entry)

Delivery summary (free text), labor
progress notes (free text)

Postpartum hemorrhage (yes/no) Delivery summary (yes/no) Delivery note (quantitative,
transformed to yes/no)

Mode of delivery

Vacuum assisted (yes/no) Delivery summary Delivery note (free text)

Forceps assisted (yes/no) Delivery summary Delivery note (free text)

Cesarean (yes/no) Delivery summary Delivery note (free text)

Spontaneous vaginal (yes/no) Delivery summary, lack of other mode
of delivery noted

Delivery note (free text)
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Due to lack of a consistent methodology for assessment of
reliability and quality of EHR data in the extant literature, we
chose to use a combination of techniques: sensitivity, spe-
cificity, agreement, and Cohen’s kappa. Using the manually
abstracted data by content experts as the gold standard,
sensitivities and specificities were calculated for the system-
atically extracted EHR data. However, given that there was a
level of discordance between data abstractors due to the
inherent structure of the EHR, we have also included agree-
ment statistics tomore fully and completely assess reliability.
Cohen’s kappa scores were calculated to assess agreement
between the two data collection modalities. Kappa statistics
approaching 1.0 indicate perfect agreement between data
sources. A commonly cited scale was used to interpret kappa
scores in this study, with almost perfect agreement as 0.81 to
0.99, substantial agreement as 0.61 to 0.80, moderate agree-
ment as 0.41 to 0.60, and fair agreement as 0.21 to 0.40.14 All
calculations were performed and confirmed using several
modalities, including Excel, SPSS, and by hand calculations.

Results

Therewere a total of 3,304medical records for which we had
both extracted and abstracted data from the labor and
delivery hospital stay during the study period, 3,250 of
which included the variables of interest for this study
(►Fig. 1). Demographic and clinical characteristics of study
participants are typical for a large hospital in the Pacific
Northwest (►Table 2). Average gestational age was over
39 weeks, with 97.6% of women with a singleton fetus and
95.0% with the fetus in vertex presentation. Nearly half of
womenwere aged20 to 29with�45% of women aged 30 to 9.
While 58.0% of women were covered by commercial insur-
ance, 40.8% of women were insured by Medicaid. Most
women were White and non-Hispanic.

The reliability of key attributes related to perinatal mea-
sures varied (►Table 3). Kappa statistics provide a measure of
agreement between data extracted from the EHR and an
expert’s manual extraction. Almost perfect agreement was
observed for all four mode of delivery variables (vacuum
assisted kappa ¼ 0.92; 95% confidence interval [CI] ¼ 0.88–
0.95, forceps assistedkappa ¼ 0.90;95%CI ¼ 0.76–1.00, cesar-
ean delivery kappa ¼ 0.91; 95%CI ¼ 0.90–0.93, and sponta-
neous vaginal delivery kappa ¼ 0.91; 95%CI ¼ 0.90–0.93).
Additionally, the attribute of cervical ripening demonstrated
substantial agreement (kappa ¼ 0.77; 95%CI ¼ 0.73–0.80).
Induction (kappa ¼ 0.65; 95%CI ¼ 0.62–0.68) and augmenta-
tion (kappa ¼ 0.54; 95%CI ¼ 0.49–0.58) demonstrated mod-
erate agreement between the two data sources. Finally, vertex
presentation (kappa ¼ 0.35; 95%CI ¼ 0.31–0.40) and post-
partum hemorrhage (kappa ¼ 0.21; 95%CI ¼ 0.13–0.28)
demonstrated fair agreement. Additional reliability statistics
presented varying agreement between data extracted from
the EHR and an expert’s manual extraction. Specificity was
generally high, except for vertex presentation at 78.8% (95%
CI ¼ 72.4–85.1). However, sensitivity varied considerably. The
lowest sensitivity observed in this study was the attribute of
post-partum hemorrhage at 38.2% (95%CI ¼ 26.7–49.8).

Discussion

To perform rigorous research using EHR data, it is imperative
that we are able to trust the quality of what is captured and
reported through EHRmechanisms. Given the importance of
assessing the reliability of the EHR data utilized in our parent

Table 2 Characteristics of study sample (N ¼ 3,250)

Mean (SD)

Maternal age (y) 29.5 (5.6)

Gestational age (wk) 39.1 (2.4)

n (%)

Maternal age (y) 16–19 75 (2.3)

20–29 1,573 (48.4)

30–39 1,454 (44.8)

40þ 148 (4.6)

Primary payer Commercial 1,885 (58.0)

Medicaid 1,327 (40.8)

Unknown 16 (0.5)

Medicare 22 (0.7)

Maternal race White 2,293 (70.5)

Black 103 (3.2)

Asian 210 (6.5)

American-Indian 76 (2.3)

Hawaiian islander 34 (1.0)

Other 470 (14.5)

Mixed, refused,
unknown

64 (2.0)

Maternal
ethnicity

Not Hispanic or
Latino

2,830 (87.1)

Hispanic or Latino 414 (12.8)

Unknown,
refused

6 (0.2)

Marital status Married 2,017 (62.1)

Single 1,112 (34.2)

Divorced or
separated

107 (3.3)

Significant other 11 (0.3)

Widowed 2 (0.1)

Unknown 1 (0.0)

Maternal BMI
classification

Recommended
(<25 kg/m2)

701 (22.0)

Overweight
(25–30 kg/m2)

1,060 (33.2)

Obese
(>30 kg/m2)

1,429 (44.8)

Vertex presentation 3,090 (95.0)

Singleton fetus 3,174 (97.6)

Abbreviations: BMI, body mass index; CI, confidence interval.
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study, which documented the interventions, resources, and
costs for care by providers during labor and birth,13 wewere
able to compare extractions of automated EHR report data to
manual chart abstraction completed by content experts to
assess the reliability of automated reports. While mode of
delivery captured by the EHR was satisfactorily reliable in
our sample, other perinatal measures, such as labor induc-
tion, labor augmentation, cervical ripening, fetal presenta-
tion, and presence of postpartum hemorrhage, were less so
when compared with manual chart abstraction. Such varia-
bility in reliability of variables captured in the EHR for
obstetrical research implies a serious limitation in how these
data can be used, as well as a need for reporting reliability
and validity measures whenever perinatal, and likely other,
EHR data are used for research purposes.

The variability in reliability across perinatal measures
mayalso reflect the nature of the phenomena being captured
by the variable. For example, those variables that have very
clear-cut categories that have value outside of clinical deci-
sionmaking (such asmode of delivery) tended to be themost
reliable, as compared with variables that may reflect pro-
cesses of care (labor induction, augmentation, or cervical
ripening), clinically important but often assumed variables
(vertex presentation), and those variables requiring a level of
interpretation by provider (postpartum hemorrhage). Other
potential reasons for variability in reliability may be due to
poor reporting and missing data in the EHR, variability in
entering clinical data (i.e., multiple entry points on different
forms), or variables that required interpretation by clinical
providers.11 Our findings support what was reported in the
2012 systematic review examining similar measures,12 sug-
gesting measures that are publicly reported for quality or
financial initiatives have greater reliability. We believe this
may reflect the organizational attention focused on the
documentation and reporting of variables that are publicly
reported. When facilities are invested in the reporting of
clinical parameters to meet such criteria as Meaningful Use,
clinicians are trained and repeatedly reminded about the

importance of documenting those variables, and reports are
tested and verified to determine appropriate capture. The
same rigorous level of attention and focus is not always
applied to non-reportable variables, which may create pro-
blems for using these data for research purposes.

Our work supports a need for reliability assessment of EHR
data, both in perinatal research as well as across other dis-
ciplines. Other areas of clinical research more frequently
utilize and report a variety of statistical tests to assess the
reliability of extracted EHR data. Studies commonly report (1)
Cohen’s kappa;15–19 (2) measures of test performance, such as
sensitivity20 and specificity,7,18,19,21–25 positive predictive
value (PPV),7,19,20,23,25,26 and negative predictive value
(NPV);19,23 (3) the area under the curve (AUC);7 (4) regres-
sion;24,27 and (5) with simple agreement indices.10,28–31 Due
to lack of a consistent methodology for assessment of relia-
bility and quality of EHR data in the extant literature,we chose
to use a combination of techniques: sensitivity, specificity,
agreement, and Cohen’s kappa. The use ofmultiplemodalities
for assessing reliability and quality is a methodological
strength in the current work. By internally validating the
reliability of the manually abstracted data used as the gold
standard, we also provided a rigorous reference for compar-
ison. Encouraged by the call to report kappa scores as the new
standard in EHR research,18weevaluated our extracted versus
abstracted datawithmultiple statistical analysis techniques to
increase the trustworthiness of our work, to introduce the
concept of reliability testing to perinatal researchers and to
make our work more readily generalizable.

We do acknowledge that by the use of an EHR within a
single institution, we are limited to interpretation of relia-
bility of obstetrical datawithin this particular EHR; however,
our methods to assess reliability could be transferable across
EHR systems and within other clinical areas. Data entered
into the EHR for obstetrical care may differ from other fields
of inquiry given that data are used for clinical, not research,
purposes. The potential for misclassification and underre-
porting of outcomes is also inherent in these types of data, for

Table 3 Reliability of key attributes of labor and delivery research (N ¼ 3,250)

Data element Kappa 95% CI Agreement % Sensitivity % 95% CI Specificity % 95% CI

Cervical ripening 0.77 0.73–0.80 94.4 69.3 65.3–73.3 99.1 98.8–99.5

Induction 0.65 0.62–0.68 88.0 59.7 56.4–62.9 98.2 97.7–98.8

Augmentation 0.54 0.49–0.58 90.0 52.7 48.1–57.3 96.0 95.3–96.7

Vertex presentation 0.35 0.31–0.40 88.2 88.6 87.5–89.8 78.8 72.4–85.1

Post-partum
hemorrhage

0.21 0.13–0.28 94.7 38.2 26.7–49.8 95.9 95.2–96.6

Delivery method

Vacuum assisted 0.92 0.88–0.95 99.4 94.2 90.1–98.4 99.6 99.4–99.8

Forceps assisted 0.90 0.76–1.00 99.9 100.0 100.0–100.0 99.9 99.9–100.0

Cesarean 0.91 0.90–0.93 96.8 88.2 86.1–90.4 99.8 99.7–100.0

Spontaneous vaginal 0.91 0.90–0.93 96.2 95.2 94.3–96.1 98.4 97.6–99.2

Abbreviation: CI, confidence interval.
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which we had to include only variables that were relatively
complete in reporting. A large limitation to our study is that
our study is a secondary analysis, hence reliant on the
variables chosen for the parent study and not necessarily
examining variables of importance for research purposes.
Limitations within the parent study include that the princi-
pal investigator conducted chart abstraction with a limited
number of chart abstractions replicated by a second
reviewer, introducing the potential for bias. Despite these
limitations, our study presents a rigorous approach to asses-
sing reliability of EHR data in perinatal research.

We have identified several implications from our study to
guide future research. Such variability in reliability of vari-
ables captured in the EHR for perinatal research implied a
serious limitation in how these data can be used. As such,
studies that use EHR data should have an assessment of
reliability as part of their findings. Until EHR reporting
mechanisms are better tailored to accurately capture vari-
ables of interest, reliability and validity measures are crucial
for determining the trustworthiness of thefindings reported.
On that note, there is a need for continued improvement of
data capture mechanisms within available EHR systems,
specifically for those variables that may be important for
research purposes. Standardization of forms, data capture
techniques, and use of advanced analytic processing tools
may help with the capture of variables often found in free-
text formats. Lastly, we have demonstrated the use of an
innovative combination of statistical measures to compre-
hensively assess reliability of variables captured in the EHR;
using sensitivity, specificity, and Cohen’s kappa. These ana-
lyses in combination provide a rigorous assessment of relia-
bility that can be used not only in perinatal research, but
across different areas of inquiry.

Conclusion

With increasing use of EHR data for perinatal research
purposes, there is a need to assess the quality of the data
retrieved from EHRs. We support the call for more rigorous,
quantitative techniques for the routine assessment of data
extracted from the EHR. In our assessment reliability of
commonly used perinatal variables, we have found variabil-
ity in specificity, sensitivity, and Cohen’s kappa scores indi-
cating a need for better capture of variables within the
standardized reporting EHR tools, as well as more rigorous
assessments of reliability while using standardized EHR data
in perinatal research.

Future work on assessing and improving the quality of
data from the EHR can take many forms. Quality improve-
ment projects can address documentation issues, but more
advanced data science approaches are likely to be more
helpful in the long term. Hospital mergers and acquisitions
of smaller centers and practices are continuous, as is the
routine replacement and upgrading of EHR, clinical, and
administrative software used by healthcare facilities. This
necessitates the consolidation of disparate data sources in
data lakes and managing traditional reporting functions
from a single source in innovative ways.

Clinical Relevance Statement

Our study reports variability in reliability for variables
captured by EHR report mechanisms in a perinatal hospital
setting, limiting the ability to use these data for research and
other purposes. Efforts to improve reliability of EHR data
should start in the clinical setting, with standardized data
entry systems for providers, improved variable capture using
automation or advanced data analytics, and informatics
support for continuous reliability and validity assessments
of clinical data collected for research.

Multiple Choice Questions

1. The following variable types have been found to be con-
sistently reliable as documented in the EHR in obstetrical
research:
a. Mode of delivery
b. Labor interventions
c. Maternal outcome variables
d. None of the above
Correct Answer: The correct answer is a,mode of delivery.

2. Given the lack of standards in assessing reliability of EHR
data, ourstudyusedacombinationof thefollowingmethods:
a. Content analysis, area under the curve
b. Sensitivity, specificity, and Cohen’s kappa
c. Negative predictive value, positive predictive value,

area under the curve
d. Multiple regressions, Cohen’s kappa
Correct Answer: The correct answer is b, sensitivity,

specificity, and Cohen’s kappa.

Protection of Human and Animal Subjects
This study has been approved by the academic research
institution’s Institutional Review Board as well as by the
study healthcare institution.
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