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Abstract

Introduction—Preventive care delivery is an important quality outcome, and electronic data 

reports are increasingly being used to track these services. It is highly informative when electronic 

data sources are compared to information manually extracted from medical charts to assess 

validity and completeness.

Methods—This cross-sectional study used a random sample of Medicaid-insured patients seen at 

43 community health centers in 2011 to calculate standard measures of correspondence between 

manual chart review and two automated sources (electronic health records [EHRs] and Medicaid 

claims), comparing documentation of orders for and receipt of ten preventive services (n=150 

patients/service). Data were analyzed in 2015.

Results—Using manual chart review as the gold standard, automated EHR extraction showed 

near-perfect to perfect agreement (κ=0.96–1.0) for services received within the primary care 

setting (e.g., BMI, blood pressure). Receipt of breast and colorectal cancer screenings, services 

commonly referred out, showed moderate (κ=0.42) to substantial (κ=0.62) agreement, 

respectively. Automated EHR extraction showed near-perfect agreement (κ=0.83–0.97) for 
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documentation of ordered services. Medicaid claims showed near-perfect agreement (κ=0.87) for 

hyperlipidemia and diabetes screening, and substantial agreement (κ=0.67–0.80) for receipt of 

breast, cervical, and colorectal cancer screenings, and influenza vaccination. Claims showed 

moderate agreement (κ=0.59) for chlamydia screening receipt. Medicaid claims did not capture 

ordered or unbilled services.

Conclusions—Findings suggest that automated EHR and claims data provide valid sources for 

measuring receipt of most preventive services; however, ordered and unbilled services were 

primarily captured via EHR data and completed referrals were more often documented in claims 

data.

Introduction

Preventive care delivery is an important quality outcome in value-based care models.1–3 

With the 2015 passage of the Medicare Access and Children’s Health Insurance Program 

(CHIP) Reauthorization Act, increasing emphasis will be placed on preventive service 

delivery and population health outcomes. Data reports that extract information from 

electronic health records (EHRs) and health insurance claims are increasingly used to track 

such measures of preventive care quality.1,2,4–7 Federal programs, notably the Centers for 

Medicare and Medicaid Services’ “Meaningful Use” (MU) of EHRs Incentive Program, 

accelerated these efforts. It is meaningful for electronic data sources to be compared to 

manually extracted medical chart data to assess validity and completeness. The validity of 

data used to track receipt of preventive services has important implications. It is also useful 

to assess preventive care offered to the patient, such as orders for screening tests, particularly 

in settings such as community health centers (CHCs) where patients routinely face barriers 

to follow-through on referrals.

Before electronic data sources were used, delivery of preventive services was measured by 

manually extracting information from patients’ medical charts. In research, manual chart 

review is often still considered the “gold standard,”8–12 though this method is time 

consuming and expensive and thus can only be applied to small numbers of patients. As 

electronic systems matured, administrative health insurance claims were increasingly used to 

capture information on larger populations. Claims data, however, do not capture unbilled 

services or services provided to uninsured patients. EHRs, now commonly used, have the 

potential to supplement (or supplant) claims data as a more complete electronic source of 

information. Although many systems have switched to using EHRs, especially in light of 

MU requirements, little is known about how different data sources compare in the quality of 

their data on preventive care. Previous comparisons of two data sources (e.g., EHR versus 

manual chart review,10,13–19 or EHR versus administrative claims11,12,20–28) typically 

focused on a limited number of measures and yielded mixed results. Few studies have used 

specifications from Stage 1 MU of EHRs to assess provision of a broad range of 

recommended preventive services,10,24 and none have compared both EHR extraction and 

claims data to manual chart review.

In this cross-sectional study, EHR data and Medicaid administrative claims data were 

extracted via automated processes and compared to manual chart review (data abstracted 
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from individual patient charts) among continuously Medicaid-insured adults served by a 

network of CHCs. Patient-level agreement was assessed on documentation of receipt of ten 

preventive services that were part of Stage 1 MU2 or recommended in national 

guidelines.29,30 Documentation of whether preventive services were ordered in the two data 

sets containing this information (EHR, manual chart review) was also compared. It was 

hypothesized that EHR data extracted using automated processes would have higher 

agreement with manual chart review than data from Medicaid claims. If automated EHR 

data have high agreement with manual chart review, automated EHR data may be less time 

intensive and more cost effective than manual review, and would allow for real-time 

assessment of receipt of preventive care, regardless of insurance coverage.

Methods

Study Population

Oregon Medicaid enrollment data were used to identify patients aged 19–64 years, who were 

continuously insured by Medicaid throughout 2011, and had one or more billing claim from 

an Oregon OCHIN CHC in 2011. Medicaid identification numbers were used to match 

patients across data sets. Among matched patients, those with one or more primary care 

encounter in one or more of the 43 Oregon CHCs that implemented the OCHIN EHR before 

January 1, 2010 (to ensure use of the EHR for ≥1 year prior to data collection; N=18,471 

patients) were identified. Patients were excluded who had evidence of any insurance 

coverage other than Medicaid (n=3,870), were pregnant (n=1,494), or died (n=6) in 2011. 

The resulting data set included 13,101 patients who appeared in both the OCHIN EHR and 

Oregon Medicaid claims data sets.

Sample size calculations31 were performed based on an expected kappa statistic of 0.65, a 

prevalence of 30% receipt in preventive services (as a conservative estimate) and a minimum 

difference of ±0.10 between the kappa statistic and its lower (or upper) 95% confidence 

bound. Based on these calculations, 150 patients eligible for each preventive service 

(described below) were randomly sampled; patients could be in more than one denominator 

(i.e., the same patient might be randomly chosen for inclusion in the blood pressure 

subsample and the hyperlipidemia screening subsample).

This study was approved by the IRB of Oregon Health and Science University.

Data Sample

The EHR data were obtained from OCHIN (formerly the Oregon Community Health 

Information Network; now “OCHIN,” as other states joined), a non-profit community health 

information network providing a single, linked Epic© EHR to CHCs.32–34 “Ordered” and 

“received” were calculated separately for services that would likely be ordered and 

completed at different times (e.g., cholesterol screening) or for services commonly referred 

out (e.g., mammogram, colorectal cancer screening).

For each measure, standardized manual data collection algorithms that utilized discrete and 

free text fields and scanned documents were created, to include data inaccessible via 

electronic extraction. Reviewers entered data into a secure data management system 
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formatted using Research Electronic Data Capture (REDCap) software.35 Individual patient 

charts were reviewed by two OCHIN staff members by outcome. Both were trained by a 

physician researcher who uses Epic© charting in clinical practice. Prior to review, a random 

subset of charts (n=20 for each outcome) was evaluated by each OCHIN abstractor and the 

physician researcher to confirm inter-rater reliability. The two reviewers had perfect 

agreement for most outcomes (screenings for breast cancer, hyperlipidemia, diabetes; BMI, 

and blood pressure assessments) and >75% agreement on all remaining measures.

Using structured query language coding, data were extracted on preventive services from the 

source EHR database. This automated EHR extraction included data captured in discrete 

fields only (e.g., diagnoses, procedure orders, medication orders) based on standardized code 

sets. For the EHR automated queries, codes were based on Stage 1 MU measures, 

developed/implemented in 2011, when the ordered and received services were documented.2 

These included ICD-9-CM diagnosis codes, Current Procedural Terminology and Healthcare 

Common Procedure Coding System codes, Logical Observation Identifiers Names and 

Codes codes, and medication codes. Relevant codes and groupings specific to the OCHIN 

EHR for internal reporting,24 and discrete fields that capture data entered into the EHR via 

“check boxes,” typically used to record receipt of patient-reported services with an 

associated date (e.g., influenza vaccination received at another facility), were also included.

Enrollment and claims data were obtained for all patients insured by Oregon’s Medicaid 

program for 2011. This data set was obtained >18 months after the end of the measurement 

year to account for lag time in claims processing. Codes used to capture service provision in 

these data were based on the Healthcare Effectiveness Data and Information Set 

specifications, which are tailored to claims-based reporting3 and included standard 

diagnosis, procedure, and revenue codes. The physician measures did not include 

specifications for influenza vaccination, blood pressure assessment, or hyperlipidemia 

screening, so the code sets used for assessing these measures in claims were the same as 

those used for the automated EHR data extraction.

Measures

Within each of the data sources, documentation of orders for/receipt of ten recommended 

adult preventive care services29,30 during 2011 were assessed—screening for cervical, 

breast, and colorectal (i.e., colonoscopy, fecal occult blood test, or flexible sigmoidoscopy) 

cancers; screening for chlamydia, hyperlipidemia, and diabetes (hemoglobin A1c); blood 

pressure, BMI, and smoking status assessments; and receipt of influenza vaccination. The 

intent of this analysis was to compare the data sets in their documentation of preventive 

service delivery for a given patient, not to identify who should have received that service 

based on time of last receipt. Thus, patient eligibility for a given preventive service was 

based on recommended age, sex, and history of previous procedures (Table 1 footnotes), but 

not whether the patient was due for a service.

Statistical Analysis

Study sample demographics using EHR data were described, and documentation of each 

preventive service in each of the three data sources was assessed. First, the percentage of 

Bailey et al. Page 4

Am J Prev Med. Author manuscript; available in PMC 2017 November 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



eligible patients (per sex, age, and relevant medical history) with documented services in the 

automated EHR extraction, manual chart review, and in Medicaid claims were tabulated; 

proportions were compared between manual chart review and each automated data source 

using McNemar’s test of agreement. Then, common statistical measures of correspondence 

were calculated at the patient level between the manual chart review and (1) automated EHR 

extraction, and (2) Medicaid claims: sensitivity (proportion of patients where the comparator 

data set denoted “ordered” or “received” when manual chart review did the same), 

specificity (proportion of comparator patients correctly classified as “not received” when 

manual chart review denoted not having received a service), positive predictive value 
(probability of a patient having received the service when the data source denoted 

“received”), negative predictive value (probability of a patient not having received the 

service when the data source denoted “not received”), agreement (total proportion of patients 

in which the compared data sets denote the same status), and kappa statistic (similar to 

agreement, but removes agreement that would be expected purely by chance), with exact 

95% CIs where appropriate.36 Kappa values of 0.00–0.20 were considered slight agreement, 

0.21–0.40 as fair agreement, 0.41–0.60 as moderate agreement, 0.61–0.80 as substantial 

agreement, and 0.81–1.00 as near-perfect agreement.37 Analyses were performed in 2015 

using SAS, version 9.4.

Results

Demographic characteristics of the 150 randomly sampled patients for each outcome are 

shown in Table 1 (n=1,113 unique individuals, as patients could be in more than one 

denominator). The EHR automated extraction documented a significantly lower number of 

patients receiving breast and colorectal cancer screenings compared with manual chart 

review (Table 2). Medicaid claims data recorded significantly lower numbers of patients 

receiving BMI assessments and influenza vaccinations, and higher numbers of receipt of 

hyperlipidemia and chlamydia screenings, as compared with data from manual chart review.

At the patient level (i.e., service documentation for a given patient), EHR data obtained via 

automated extraction agreed with manual chart review perfectly for BMI and blood pressure 

assessment (Table 3). Near-perfect agreement (>92%, κ>0.8) was observed for 

hyperlipidemia and diabetes screening, influenza vaccination, chlamydia screening, and 

cervical cancer screening, and substantial agreement for smoking assessment and receipt of 

colorectal cancer screening (>90%, κ>0.60). The lowest agreement was for breast cancer 

screening documented as “received” (80%, κ=0.42), although documentation of “ordered” 

mammography showed near-perfect agreement (98%, κ=0.95). The automatically extracted 

EHR data correctly identified patients for whom services were received (positive predictive 

value ≥0.94 for all; sensitivity ≥0.8 for all measures except received breast and colorectal 

cancer screening [sensitivity of 0.36 and 0.50, respectively]). Automatically extracted EHR 

data also had high specificity (≥0.92) and negative predictive value (≥0.93) for all measures 

except smoking status assessment (0.67 specificity, 0.71 negative predictive value).

Near-perfect agreement (≥94%, κ>0.81) was observed between Medicaid claims and manual 

chart review at the patient level for receipt of hyperlipidemia and diabetes screening, and 

substantial agreement for receipt of breast cancer screening (91.3%, κ=0.80), cervical cancer 
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screening (86.7%, κ=0.67), colorectal cancer screening (93.3%, κ=0.79), and influenza 

vaccination (88.0%, κ=0.74). Chlamydia screening had moderate agreement (79.3%, 

κ=0.59). Few patients had BMI, blood pressure, or smoking assessment identifiable in the 

claims data, thus these measures had very low agreement. Excluding services that usually do 

not generate a claim and documentation, Medicaid claims performed well on both 

identifying patients who received services (sensitivity ≥0.75 for all) and those who did not 

(specificity ≥0.71 for all). In most cases, these measures of performance were somewhat 

lower for the Medicaid claims comparison than for the automatically extracted EHR data.

Discussion

This is the first study to examine agreement between manual chart review and two electronic 

sources in assessing preventive care provision in primary care. When measuring rates of 

receipt of referred preventive services (as a percentage), claims data sources appeared more 

complete than the manual chart review and the automated EHR data (Table 2). However, the 

three data sources were more similar in agreement of receipt at the patient level (Table 3). 

Overall, there was high agreement between the EHR data and manual chart review. Claims 

data had moderate to near-perfect agreement with manual chart review for many services; 

however, clinical quality measures that do not often generate a separate claim (e.g., assessing 

smoking status, blood pressure, BMI) were not well documented in the claims data. The 

ability to electronically extract these measures from the EHR in a way that shows near-

perfect to perfect agreement with manual review supports the use of electronic methods that 

extract EHR data to measure these and other unbilled services much more efficiently than 

manual review.

Agreement was higher between the manual chart review and EHR data than between manual 

chart review and claims data for receipt of services usually performed in the clinic (e.g., 

cervical cancer screening, hyperlipidemia screening). Consistent with previous findings, 

services that are often referred out of the primary care setting (e.g., breast and colorectal 

cancer screenings) were more commonly documented in Medicaid claims.24 In the EHR, 

documentation of completed mammography and colonoscopy, for example, are often 

returned as scanned documents, which cannot be accessed using automated queries and 

would only be found upon manual review. Previous studies also noted this limitation of 

automated EHR data extraction, especially when information is not contained in structured 

fields.10,14,24 To maximize the use of EHRs for reporting receipt of services, improved 

processes that expand capture of services rendered outside of the primary care clinic are 

warranted. These improvements might include changes in the clinical workflow, data entry 

tools that force information into discrete data fields, or data extraction procedures such as 

natural language processing.38,39 The lack of systemwide integration of EHRs and immature 

health information exchanges in the U.S. also limit the ability to assess services obtained 

outside of a specified network. Based on findings from a previous analysis, the integration of 

EHR and claims data could provide the most comprehensive assessment of healthcare 

quality. However, this “hybrid” method would be limited to patients with a single payer 

source; given the necessity to match patients in both data sources and the lag time from 

service receipt to insurance claims submission and approval, is likely not an efficient long-

term solution that would produce “real-time” data for supporting clinical decisions.24
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This study highlights a limitation of using insurance claims data as the basis for assessing 

provision of preventive services: claims data capture completed services only, thus missing 

services that were ordered but not completed. Measuring performance based solely on 

completed screenings could lead to inadvertent bias against providers who order appropriate 

screening tests, but whose patients face multiple barriers to follow through on such referrals. 

Consequently, these providers might not meet requirements for incentive payments, despite 

ordering recommended preventive care. Knowledge of whether a test was ordered but not 

received also provides a critical opportunity for outreach to patients to encourage follow-

through. In this study, when the metric of interest was whether the provider attempted to 

provide the service (i.e., ordered the screening), automated EHR data extraction had high 

agreement with manual chart review. Future studies should examine the differences in care 

quality if the metric is ordered versus received care, particularly among uninsured 

populations.

Although automated EHR data extraction queries are more efficient than manual chart 

reviews for large populations, identifying the code sets and developing the data extraction 

process can take considerable time and resources; such technologies are still being 

developed and not currently available as “out-of-the-box” options from most EHR vendors. 

Potential financial barriers to developing automated EHR extraction processes could be 

offset by the incentives offered by Centers for Medicare and Medicaid Services’ MU 

program, and standardized metrics could result in specific code sets used to assess each 

outcome. In addition, these costs may be worth the investment as an increasing percentage 

of payers transition to value-based reimbursement models and healthcare systems will need 

the most accurate data sources possible to track and improve their care delivery.

Limitations

Only patients who were continuously insured by Medicaid and received services at Oregon 

CHCs were included in this study, which may limit generalizability. It could not be 

determined from Medicaid claims the location where services were received; thus, some 

services documented in the claims data could have been received somewhere other than an 

OCHIN CHC. The intent of the current analysis was to conduct a patient-level comparison 

of services documented in 1 year in each data set; whether the patient was due for the 

services was not assessed. Therefore, the reported rates should not be compared to national 

care quality rates. Finally, the data extraction procedure was conducted using data from one 

EHR system that allowed for query of the backend database, and was performed by an 

analyst with experience in conducting these queries; future studies are needed to determine 

whether other systems are capable of these queries and whether these results can be 

replicated.

Conclusions

The current findings suggest that data automatically extracted from an EHR is valid for 

evaluating and documenting preventive care, particularly ordered services and services 

received within the primary care setting, whereas Medicaid claims are better at capturing 

services that are referred out of the primary care setting. Although both the automated EHR 
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and Medicaid claims data sources agreed with the manual chart review for many preventive 

services, Medicaid claims do not include documentation of ordered screenings, and often do 

not capture receipt of unbilled services, many of which are included as MU measures or 

other national recommendations for preventive care quality. As primary care clinics must 

monitor both billed and unbilled services across patient populations with variable insurance 

statuses, it is essential to have valid technologies to electronically extract these data. There is 

also a need for continued focus on best practices for EHR-based electronic information 

exchanges between the primary care and specialty providers for referred preventive services.
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Table 1

Demographic Distribution of Study Sample by Measure

Measure
(N=150 patients per
measure)

Age
mean
(SD)

Male
N (%)

White
race

N (%)

Hispanic
ethnicity

N (%)

Primary language
English
N (%)

FPL
≤138%
N (%)

BMI assessment 41.4
(11.9)

64
(42.7)

125
(83.3) 19 (12.7) 128 (85.3) 141 (94.0)

Blood pressure
assessment

41.0
(12.0)

49
(32.7)

129
(86.0) 23 (15.3) 127 (84.7) 140 (93.3)

Smoking status
assessment

40.7
(12.5)

54
(36.0)

129
(86.0) 16 (10.7) 134 (89.3) 143 (95.3)

Hyperlipidemia

screening
a

39.8
(12.9)

49
(32.7)

124
(82.7) 19 (12.7) 133 (88.7) 143 (95.3)

Diabetes

screening
b

52.5
(5.2)

63
(42.0)

126
(84.0) 19 (12.7) 130 (86.7) 145 (96.7)

Influenza vaccination
c 56.0

(3.9)
62

(41.3)
111

(74.0) 19 (12.7) 121 (80.7) 142 (94.7)

Chlamydia screening
d 21.5

(1.4) -- 98 (65.3) 30 (20.0) 128 (85.3) 143 (95.3)

Cervical cancer

screening
e

38.6
(12.8) -- 134

(89.3) 24 (16.0) 128 (85.3) 143 (95.3)

Breast cancer screening
f 50.4

(6.5) -- 132
(88.0) 15 (10.0) 133 (88.7) 146 (97.3)

Colorectal cancer

screeningg
55.3
(3.8)

50
(33.3)

127
(84.7) 17 (11.3) 129 (86.0) 145 (96.7)

a
Males and females ages 20-64

b
Males and females ages 45-64

c
Males and females ages 50-64

d
Sexually active females ages 19-24

e
Females ages 19-64 with no history of hysterectomy

f
Females ages 40-64 with no history of bilateral mastectomy

g
Males and females ages 50-64 with no history of colorectal cancer or total colectomy FPL, federal poverty level
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Table 2

Percent of Eligible Patients
a
 Recorded as Positive For Service (Ordered or Received), by Data Source

b

Measure (N=150 patients per measure)
Manual chart
review (%)

EHR automated
extraction (%)

Medicaid
claims (%)

BMI assessment received 88.0 88.0 0.7 **

Blood pressure assessment received 99.3 99.3 0

Smoking status assessment received 90.0 90.7 0

Hyperlipidemia screening
c

 Ordered 34.7 32.7 --

 Received 32.0 32.7 36.7 *

Diabetes screening
d

 Ordered 39.3 41.3 --

 Received 37.3 38.0 39.3

Influenza vaccination
e
, received

40.0 39.3 32.0 *

Chlamydia screening
f

 Ordered 39.3 40.7 --

 Received 40.0 40.7 54.0 **

Cervical cancer screening
g

 Ordered 28.7 24.7 --

 Received 27.3 26.0 28.7

Breast cancer screening
h

 Ordered 28.7 26.7 --

 Received 30.0 11.3 ** 33.3

Colorectal cancer screeningi

 Ordered 26.7 23.3 --

 Received 18.7 9.33 ** 20.0

Notes: -- Not applicable; claims data measure only services received

*
Boldface indicates statistical significance p<0.05, McNemar test of agreement exact test, vs manual chart review

**
Boldface indicates statistical significance p<0.001, McNemar test of agreement exact test, vs manual chart review

a
Eligibility was based recommended age, sex, and medical history, not whether patient was due for a service

b
Percentages do not account for whether service provision documentation is for the same patient across data sources

c
Males and females ages 20-64; cholesterol screening includes LDL, HDL, total cholesterol, and triglycerides

d
Males and females ages 45-64

e
Males and females ages 50-64

f
Sexually active females ages 19-24
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g
Females ages 19-64 with no history of hysterectomy

h
Females ages 40-64 with no history of bilateral mastectomy

i
Males and females ages 50-64 with no history of colorectal cancer or total colectomy; colorectal cancer screening includes fecal occult blood test, 

flexible sigmoidoscopy, and colonoscopy EHR, electronic health record
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Table 3

Measures of Correspondence For Comparisons of Manual Chart Review vs. Automated Extraction of EHR 

Data and Medicaid Claims Data

Measure (N=150 patients 
per
measure)

Agreement
(%)

Kappa (95% CI) Sensitivity (95%
CI)

Specificity (95%
CI)

PPV
(95% CI)

NPV
(95% CI)

BMI assessment

  MCR vs. EHR, received 100 1.0 1.0 1.0 1.0 1.0

  MCR vs. claims, 
received

12.7 0.002 (−0.002, 0.006) 0.008 (0.0002, 0.04) 1.0 1.0 0.12 (0.07, 0.18)

Blood pressure assessment

  MCR vs. EHR, received 100 1.0 1.0 1.0 1.0 1.0

  MCR vs. claims, 
received

0.7 -- -- 1.0 -- 0.007 (0.0002, 0.04)

Smoking status assessment

  MCR vs. EHR, received 94.0 0.66 (0.45, 0.86) 0.97 (0.93, 0.99) 0.67 (0.38, 0.88) 0.96 (0.92, 0.99) 0.71 (0.42, 0.92)

  MCR vs. claims, 
received

10.0 -- -- 1.0 -- 0.10 (0.06, 0.16)

Hyperlipidemia screening
a

  MCR vs. EHR, ordered 94.0 0.87 (0.78, 0.95) 0.88 (0.77, 0.96) 0.97 (0.91, 0.99) 0.94 (0.83, 0.99) 0.94 (0.88, 0.98)

  MCR vs. EHR, received 99.3 0.98 (0.96, 1.0) 1.0 0.99 (0.95, 1.0) 0.98 (0.89, 1.0) 1.0

  MCR vs. claims, 
received

94.0 0.87 (0.78, 0.95) 0.98 (0.89, 1.0) 0.92 (0.85, 0.97) 0.85 (0.73, 0.94) 0.99 (0.94, 1.0)

Diabetes screening
b

  MCR vs. EHR, ordered 92.7 0.85 (0.76, 0.93) 0.93 (0.84, 0.98) 0.92 (0.85, 0.97) 0.89 (0.78, 0.95) 0.95 (0.89, 0.99)

  MCR vs. EHR, received 98.0 0.96 (0.91, 1.0) 0.98 (0.90, 1.0) 0.98 (0.93, 1.0) 0.96 (0.88, 1.0) 0.99 (0.94, 1.0)

  MCR vs. claims, 
received

94.0 0.87 (0.79, 0.95) 0.95 (0.85, 0.99) 0.94 (0.87, 0.98) 0.89 (0.79, 0.96) 0.97 (0.91, 0.99)

Influenza vaccination
c

  MCR vs. EHR, received 98.0 0.96 (0.91, 1.0) 0.97 (0.88, 1.0) 0.99 (0.94, 1.0) 0.98 (0.91, 1.0) 0.98 (0.92, 1.0)

  MCR vs. claims, 
received

88.0 0.74 (0.63, 0.85) 0.75 (0.62, 0.85) 0.97 (0.91, 0.99) 0.94 (0.83, 0.99) 0.85 (0.77, 0.92)

Chlamydia screening
d

  MCR vs. EHR, ordered 98.7 0.97 (0.93, 1.0) 1.0 0.98 (0.92, 1.0) 0.97 (0.89, 1.0) 1.0

  MCR vs. EHR, received 98.0 0.96 (0.91, 1.0) 0.98 (0.91, 1.0) 0.98 (0.92, 1.0) 0.97 (0.89, 1.0) 0.99 (0.94, 1.0)

  MCR vs. claims, 
received

79.3 0.59 (0.47, 0.72) 0.92 (0.82, 0.97) 0.71 (0.61, 0.80) 0.68 (0.57, 0.78) 0.93 (0.84, 0.98)

Cervical cancer screening
e

  MCR vs. EHR, ordered 93.3 0.83 (0.73, 0.93) 0.81 (0.67, 0.92) 0.98 (0.93, 1.0) 0.95 (0.82, 0.99) 0.93 (0.87, 0.97)

  MCR vs. EHR, received 97.3 0.93 (0.87, 1.0) 0.93 (0.80, 0.98) 0.99 (0.95, 1.0) 0.97 (0.86, 1.0) 0.97 (0.92, 1.0)

  MCR vs. claims, 
received

86.7 0.67 (0.54, 0.80) 0.78 (0.62, 0.89) 0.90 (0.83, 0.95) 0.74 (0.59, 0.86) 0.92 (0.85, 0.96)

Breast cancer screening
f
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Measure (N=150 patients 
per
measure)

Agreement
(%)

Kappa (95% CI) Sensitivity (95%
CI)

Specificity (95%
CI)

PPV
(95% CI)

NPV
(95% CI)

  MCR vs. EHR, ordered 98.0 0.95 (0.89, 1.0) 0.93 (0.81, 0.99) 1.0 1.0 0.97 (0.92, 0.99)

  MCR vs. EHR, received 80.0 0.42 (0.27, 0.57) 0.36 (0.22, 0.51) 0.99 (0.95, 1.0) 0.94 (0.71, 1.0) 0.78 (0.70, 0.85)

  MCR vs. claims, 
received

91.3 0.80 (0.70, 0.90) 0.91 (0.79, 0.98) 0.91 (0.84, 0.96) 0.82 (0.69, 0.91) 0.96 (0.90, 0.99)

Colorectal cancer screeningg

  MCR vs. EHR, ordered 96.7 0.91 (0.84, 0.99) 0.88 (0.73, 0.96) 1.0 1.0 0.96 (0.90, 0.99)

  MCR vs. EHR, received 90.7 0.62 (0.44, 0.79) 0.50 (0.31, 0.69) 1.0 1.0 0.90 (0.83, 0.94)

  MCR vs. claims, 
received

93.3 0.79 (0.66, 0.91) 0.85 (0.67, 0.96) 0.95 (0.90, 0.98) 0.80 (0.61, 0.92) 0.97 (0.92, 0.99)

Notes: 95% CIs were obtained using exact binomial CIs for proportions

-- Statistic cannot be computed due to zero cell count in claims data Eligibility was based recommended age, sex, and medical history, not whether 
patient was due for a service

EHR, electronic health record; MCR, manual chart review; PPV, positive predictive value; NPV, negative predictive value

a
Males and females ages 20-64; cholesterol screening includes LDL, HDL, total cholesterol, and triglycerides

b
Males and females ages 45-64

c
Males and females ages 50-64

d
Sexually active females ages 19-24

e
Females ages 19-64 with no history of hysterectomy

f
Females ages 40-64 with no history of bilateral mastectomy

g
Males and females ages 50-64 with no history of colorectal cancer or total colectomy; colorectal cancer screening includes fecal occult blood test, 

flexible sigmoidoscopy, and colonoscopy

Am J Prev Med. Author manuscript; available in PMC 2017 November 01.


	Abstract
	Introduction
	Methods
	Study Population
	Data Sample
	Measures
	Statistical Analysis

	Results
	Discussion
	Limitations

	Conclusions
	References
	Table 1
	Table 2
	Table 3

