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ABSTRACT

Objective: Accurate and robust quality measurement is critical to the future of value-based care. Having incom-

plete information when calculating quality measures can cause inaccuracies in reported patient outcomes. This

research examines how quality calculations vary when using data from an individual electronic health record

(EHR) and longitudinal data from a health information exchange (HIE) operating as a multisource registry for

quality measurement.

Materials and Methods: Data were sampled from 53 healthcare organizations in 2018. Organizations repre-

sented both ambulatory care practices and health systems participating in the state of Kansas HIE. Fourteen am-

bulatory quality measures for 5300 patients were calculated using the data from an individual EHR source and

contrasted to calculations when HIE data were added to locally recorded data.

Results: A total of 79% of patients received care at more than 1 facility during the 2018 calendar year. A total of

12 994 applicable quality measure calculations were compared using data from the originating organization vs

longitudinal data from the HIE. A total of 15% of all quality measure calculations changed (P< .001) when includ-

ing HIE data sources, affecting 19% of patients. Changes in quality measure calculations were observed across

measures and organizations.

Discussion: These results demonstrate that quality measures calculated using single-site EHR data may be lim-

ited by incomplete information. Effective data sharing significantly changes quality calculations, which affect

healthcare payments, patient safety, and care quality.

Conclusions: Federal, state, and commercial programs that use quality measurement as part of reimbursement

could promote more accurate and representative quality measurement through methods that increase clinical

data sharing.

Key words: health information interoperability, electronic clinical quality measure (eCQM), Quality Indicators, Health Care,

Patient Safety
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INTRODUCTION

Clinical quality measures identify opportunities to improve care, re-

port performance, and increasingly contribute to healthcare pro-

vider reimbursement.1–2 As electronic health record (EHR) adoption

has risen dramatically over the past decade, many providers now

must generate and submit quality reports through their EHR or

another certified technology.3,4 These reports typically use

standardized measures, known as electronic clinical quality meas-

ures (eCQMs), to report performance to healthcare payers. The larg-

est U.S. program for EHR-based quality reporting is the Merit-based

Incentive Payment System (MIPS) that affects Medicare payments.

This program attaches up to an 18% annual adjustment to a physi-

cian’s payment rate, the largest component of which is quality per-

formance. In 2020, about 890 000 clinicians are subject to MIPS.5

Impediments to EHR quality reporting
Care providers often describe EHR quality reporting as costly, diffi-

cult, or irrelevant to their practice given available measures. A 2015

study estimated the cost of quality reporting for general internists,

family physicians, cardiologists, and orthopedists at $15.4 billion

annually.6 Much of this cost stems from time spent documenting

care through varying workflows to make quality calculation possi-

ble. In 2020, the Centers for Medicare and Medicaid Services (CMS)

acknowledged the significant documentation burden resulting from

EHR quality reporting.7 While EHRs and other technology are re-

quired to have the capability to calculate care quality, many are nei-

ther easy to use nor liked by clinicians due to concerns about their

validity.2,8,9

The accuracy of EHR-based quality reporting has shown mixed

performance when compared with manual chart review.10,11 Elec-

tronic quality reporting is frequently inaccurate due to challenges in

data completeness, accuracy, terminology use, gaps between struc-

tured fields and available free text, and inconsistency of measure

logic implementation and certification.11–14 Data completeness and

interoperability between EHRs are specific concerns given known

fragmentation of patient care and data across institutions.15–17 For

example, EHR problem lists showed significant increases in com-

pleteness when clinicians are encouraged to include data from previ-

ous encounters and external sources.18,19 When 2 providers see the

same patient in a given year, but only one records that the patient is

diabetic, diabetes-related eCQMs from those separate EHRs will

conflict. Missing diagnoses are one source of variation in quality cal-

culations, and similar discrepancies can be caused by varying com-

pleteness and recency of encounter, immunization, medication,

laboratory result, procedure and vital sign information. Previous re-

search has shown that data incompleteness and lack of data ex-

change between systems may impair clinical care, patient safety, and

secondary research.20–24

Health information exchanges and quality

measurement
Health information exchanges (HIEs) are organizations that facili-

tate data exchange across multiple institutions, often using different

EHRs within a geographical region. There are over 100 HIEs in the

United States, many of which collect data in a centralized reposi-

tory.25 These repositories provide a longitudinal data source that

may address data incompleteness concerns related to quality mea-

surement and other reporting.26,27 While previous research has ex-

plored potential benefits of HIEs on healthcare utilization, costs,

and quality, there has been limited research on how data complete-

ness facilitated by an HIE quantitatively affects quality measure

calculation.28–30

Study aim
This study examines how electronic clinical quality measurement

varies when using data collected by an individual organization vs

longitudinal data collected by a statewide HIE operating as a multi-

source registry for quality measurement. We sought to quantify and

characterize the impact of missing data across a range of ambulatory

eCQMs and organization types.

MATERIALS AND METHODS

Data sources
The Kansas Health Information Network (KHIN) operates a state-

wide HIE for Kansas, connecting over 10 000 clinicians with ap-

proximately 95% of hospitals and 75% of ambulatory providers in

the state. Since 2017, KHIN has operated as a clinical registry au-

thorized by CMS and submitted data on behalf of providers for

MIPS in 2017, 2018, and 2019.

To exclude facilities that did not regularly contribute data for a

majority of the calendar year, we sampled data across all KHIN fa-

cilities that had at least 100 clinical documents exchanged monthly

for more than 6 months from January to December 2018. Clinical

documents were defined as any document using the HL7 (Health

Level 7) Clinical Document Architecture standard, the vast majority

of which were Continuity of Care Documents.31 We grouped 119

facility names meeting these criteria into integrated medical practi-

ces or health systems to equally represent organizations that sepa-

rated specialties and office locations vs those that did not. In

addition, 5 facilities not located in Kansas were removed. These

steps resulted in 53 distinct organizations.

We randomly sampled 100 distinct patients from each organiza-

tion in which no inclusion or exclusion criteria were applied (ie,

patients may or may not qualify for any quality measure). For the

resulting 5300 patients, all KHIN clinical data were extracted from

all facilities participating in the HIE, consisting of clinical docu-

ments and HL7 messages. To remove duplicate records of the same

encounter, only the most recent record from a specific facility on

that date was included for each patient. Records were not dedupli-

cated over multiple dates or across facilities before loading into the

software for quality measurement.

Quality measure selection and technology
We selected 14 quality measures that represent a range of preventive

care screenings (eg, breast, cervical, and colon cancer screening),

measures of disease control (eg, glucose control among diabetic

patients, blood pressure control among hypertensive patients), and

patient safety (eg, high-risk medication use in the elderly). Because

patients were randomly sampled, measure selection also valued vari-

ety across age ranges and common clinical conditions. All selected

measures are eligible for MIPS eCQM reporting and many have

been profiled in previous research.9,10,32–34

The software (Diameter Health version 3.59; Diameter Health,

Farmington, CT) used for electronic quality measurement has been

demonstrated in prior research and is certified by the National Com-

mittee for Quality Assurance and the Office of the National Coordi-

nator for Health Information Technology.32 Certification allows for

the use of this technology in MIPS and other quality reporting pro-
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grams. The technology has been used by KHIN and other organiza-

tions since 2017.

Quality measure comparison
Each extracted record was categorized as either originating from the

organization where the patient was sampled (ie, the originating or-

ganization) or from another KHIN data source. This allowed for

quality measurements to be calculated twice. The first calculations

included data only from the originating organization for all 5300

sampled patients. The second calculations included data from the

originating organization and other KHIN data sources for these

same 5300 patients.

Quality measures were calculated by patient and then aggregated

by organization and measure to total the number of discrepancies

and calculate performance rates. In calculations designated as not

applicable, the measure eligibility criteria (ie, denominator logic)

were not fulfilled. For calculations meeting eligibility criteria (ie, ap-

plicable quality measures), a patient outcome was characterized as

excluded if the patient met exclusionary criteria for the measure, or

clinically compliant or noncompliant if no exclusion criteria were

met, in which compliant represents recommended care.

Data presentation and statistical analysis
Patient demographics, record counts, and applicable quality meas-

ures were summarized by organization type (health system vs ambu-

latory practice). For all applicable measures, we examined quality

measure calculation changes based on the inclusion of all HIE data

compared with the originating organization only. While both calcu-

lations would be eligible for value-based quality reporting affecting

provider payments, we consider the usage of all available data to be

the reference standard because it incorporates more complete and

longitudinal data from the HIE.

Pairwise changes for each applicable quality measure by patient

were summarized and statistically examined using McNemar’s test,

adapted for a multinomial extension for the 4 outcomes of quality

measurement (ie, not applicable, excluded, noncompliant, or com-

pliant). Each of the 14 measures was also examined independently

for statistical significance using a Monte Carlo multinomial test cor-

rected for false discovery rate. Quality measure discrepancies were

examined by facility to determine whether quality measure changes

were localized or broadly observed.

RESULTS

Facilities and data sampled
Of the 21 health systems sampled, 10 were critical access hospitals

and 11 were prospective payment hospital-based health systems. Of

the 32 ambulatory care practices, 21 were private practices, 8 were

federally qualified health centers, and 3 were mental health centers.

The sampled facilities used 15 different EHR technologies, including

several major vendors such as Allscripts (Chicago, IL), Cerner (Kan-

sas City, MO), eClinicalWorks (Westborough, MA), Epic (Verona,

WI), Meditech (Westwood, MA), and NextGen (Irvine, CA).

Record distribution and quality calculation
Of the 5300 patients sampled for quality measure calculation, 5

were rejected by the software due to large clinical record size (mean

¼ 989 MB). Of the remaining 5295 patients with quality calcula-

tions, 2100 (38.9%) were sampled from integrated health systems

and 3195 (61.1%) were sampled from ambulatory practices. Be-

cause patients were randomly selected based on data presence

reflecting healthcare received across the HIE, their distribution

skews older (mean ¼ 46.5 years of age) and more female (59.6%)

than the overall Kansas population.35 Nonetheless, the sample did

represent a mix of patients across multiple age, race, and ethnicity

categorizations as shown in Table 1.

For the patients sampled, 1712 (81.5%) from health systems and

2456 (76.9%) from ambulatory practices had data from sources be-

sides the originating organization. In total, 50 903 (46.4%) of the

109 805 total records came from sources other than the originating

organization, effectively doubling the data used in quality calcula-

tions when including HIE data.

Not every quality measure was applicable to every patient due to

age, sex, and disease inclusion criteria. A total of 4466 (84.3%)

patients qualified for at least 1 quality measure, with the mean ap-

plicable quality measures per patient being 2.4 62.2 (range, 0-9).

The patient selection and quality calculation process are shown as a

flow diagram in Figure 1. In total, there were 12 994 applicable

quality measure calculations that could be compared between the 2

methods for quality measurement.

Quality measure comparison
Each of the 12 994 measurements was compared between the calcu-

lations for originating organization data and all KHIN data. A total

of 1974 (15.2%) of these measurements changed when all data were

included (P< .001). The types of these discrepancies in quality mea-

surement are shown in Figure 2. The largest discrepancies were

changes from not applicable to noncompliant (n¼943) and not ap-

plicable to compliant (n¼478), which occurred when a patient be-

Table 1. Demographics and Data Distributions of Sampled Patients

Sampled Facilities

Health

Systems

Ambulatory

Practices

Data sampled

Facilities 21 32

Patients 2100 3195

Average records per patienta 21.35 19.87

Sex

Female 57.0% 61.3%

Male 43.0% 38.7%

Age

0-4 y 7.5% 5.8%

5-17 y 9.4% 12.7%

18-64 y 48.5% 57.3%

65þ y 34.6% 24.2%

Race

White 84.9% 76.8%

Black 4.3% 6.7%

Other or unknown 10.8% 16.6%

Ethnicity

Non-Hispanic 90.5% 92.8%

Hispanic 9.5% 7.2%

Quality measures calculated

Mean applicable quality measures

per patient

2.44 2.39

Fraction of patients with 1 or more

applicable quality measures

87.1% 82.5%

aRecords were HL7 (Health Level 7) formatted clinical documents or sets

of HL7 messages.
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came eligible for a measure through inclusion of additional data

from the HIE. The next largest change was from noncompliant to

compliant (n¼412), which occurred when data recorded elsewhere

in the HIE enabled the patient to achieve compliance. The last major

discrepancy was from compliant to noncompliant (n¼87), which

occurred when more recent and complete information overrode

compliance that would have been measured by the EHR data alone.

Overall, 1000 (18.9%) patients were subject to at least 1 change in

quality measure calculation.

Significant differences in quality measure calculations were ob-

served for 13 of the 14 measures (P< .001). The one measure that did

not show significance was the episodic measure of appropriate testing

for childhood pharyngitis. Changes in individual quality measure cal-

culations may or may not affect overall quality performance rates. For

example, if 10 hypertensive patients are found to have an increase in

blood pressure before end of year, while 10 are found to have a de-

crease (ie, 20 discrepancies), there would be no net change to the prac-

tice’s reported compliance. To determine if overall compliance was

affected by individual discrepancies, we examined compliance change

by measure. The measure for high-risk medication use in older adults

showed a decrease in compliance. Nine other measures, mostly related

to preventive care or disease management, showed an increase. Four

measures showed minimal (<1.0%) absolute change in compliance.

Overall changes in compliance as well as the types of measure discrep-

ancies are shown in Table 2.

Facility distribution
We found a wide variance on the impact of quality measurement by

organization. Overall, 42 of the 53 organizations had more than 5%

of their quality measure calculations change based on the inclusion

of data from the HIE. Four ambulatory practices had 100% of their

calculations change. For these facilities, further investigation

revealed that they were not recording encounter information in an

appropriate format and did not have any eligible calculations before

the inclusion of other facility data; therefore, quality measures could

only calculate when other facility data were included.

Figure 3 displays the overall rate of quality measure variance for

health systems and ambulatory practices, excluding the facilities

with 100% discrepancy rates. The mean rate of quality measure dis-

crepancies was 16.5 6 12.0% for health systems and 11.2 6 9.3%

for ambulatory practices.

DISCUSSION

Previous research has demonstrated that patient care is fragmented

and a single EHR may omit relevant clinical information.16,19,27,28

This study demonstrates that adding standards-based data available

through an HIE significantly changes quality measurement. Includ-

ing longitudinal data often results in performance rate improve-

ments, although any change can be viewed as more complete

measure calculation that includes all relevant data. Reviewing these

improvements and interoperability’s role in quality calculation con-

textualize the impact to efficient care, patient safety, and value-

based payment programs. Policy implications from these findings

have the potential to improve the accuracy and robustness of future

quality measurement.

Data incompleteness leads to quality measurement

discrepancies
Previous studies have demonstrated that EHR data are often incom-

plete, although the extent to which this affects quality measurement

has not been directly examined.17–19,22–24 One prior study demon-

strated that external data access was correlated with quality measure

improvements but compared different organizations managing vary-

ing patient populations.30 Our current cross-sectional study exam-

Figure 1. Flow diagram of patient selection and quality calculation. eCQM:

electronic clinical quality measure; KHIN: Kansas Health Information Net-

work.

Figure 2. Discrepancies in quality measure calculations.
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ines the same patients and organizations with and without longitudi-

nal data inclusion and demonstrates that 15% of quality measure

calculations, affecting nearly one-fifth of sampled patients, change

when longitudinal data from an HIE are included. Quality measure

discrepancies range across different types of quality measures and

organizations and provide additional evidence that external data ac-

cess can affect quality measurement.

The largest source of quality measure discrepancies are inclusion

criteria, which rely on eligible encounters and documented condi-

tions. Prior research has shown EHR problem list incompleteness

rates between 10% and 60% for an individual health system.18,19,23

For the 4 measures that included diagnoses as part of the measure

calculation (ie, diabetes and hypertension measures), over 24% of

measure calculations change when HIE data are included. Because

data sharing through an HIE closes a portion of incomplete diagno-

ses before quality calculation, the magnitude of measure discrepan-

cies observed in this research generally align with incompleteness

expectations from other research.

This research demonstrates that discrepancies affect performance

rates for some, but not all, quality measures. For example with glu-

cose control among diabetic patients (ie, cms122), a 10.7% perfor-

mance variance improves relative performance by more than 2

deciles based on 2019 benchmarks.33 While most measures show

favorable changes in compliance, the use of high-risk medications in

older adults (ie, cms156) shows a 4.6% decrease. This variance

could move an organization from the 90th to the 30th percentile of

performance based on 2019 benchmarks.33 While changes in rela-

tive performance are important because they impact payments asso-

ciated with value-based care programs, any quality measure

discrepancy matters in context of the patient. Knowing patient mea-

sure eligibility informs care guidelines and clinician outreach, and

knowing patient compliance reduces unnecessary communication

and duplicate testing. Many studies have examined how HIEs can

contribute to reduced cost and duplicate testing, and this study sup-

ports that more longitudinal quality measurement is another oppor-

tunity for organizations facilitating clinical data sharing.28–30

Impact on care efficiency, patient safety, and payment
The time and costs associated with quality reporting are significant

and many clinicians express frustration with the process.6,9 This

study’s methods perform quality measurement based on standards-

based data exchange and incur no incremental time or effort on the

behalf of sampled facilities. Data already exchanged using clinical

data standards allow for calculation of many quality measures.32

While the primary intent of this research was to determine whether

there was a significant difference in quality measurement when lon-

gitudinal data from an HIE were included, this approach has the po-

tential to reduce administrative effort and decouple eCQM

calculation from any specific EHR. While not directly measured in

this research, lack of relevant measures in an EHR has been a docu-

mented concern.8,9 The methods employed in this research support

ongoing initiatives to integrate interoperability standards into the

quality measurement process.15,36,37

In addition, data incompleteness has a role in patient safety.38

This study found that data sharing identifies high-risk medication

use (cms156) that may not have been detected without clinical data

exchange. This measure draws on consensus guidance from the

American Geriatrics Society and research connecting specific drugs

to preventable adverse drug events, poorer health status, and in-

creased risk of death.39–41 The 68 measure changes from compliance

to noncompliance point to individual organizations having incom-

plete medication histories and illustrate how data sharing affects

both patient safety and quality measurement.

Ambulatory quality performance rates also affect payments for

clinicians that participate in Medicare, state, and commercial

value-based contracting. Performance rates that impact a meaning-

ful portion of provider payments therefore should be highly vetted

and rigorous. Calculating how clinical data sharing impacts specific

payments was not performed in this research because insurance mix

affects value-based payments and clinicians may report measures

other than those examined. Comparing observed performance

changes to relative benchmarks, however, suggests that measure-

ment changes are likely important for some measures. Measurement

discrepancies contributed roughly equally to noncompliant and

compliant outcomes (inaccuracies of 1030 and 890, respectively), al-

though a majority of measures showed a positive change in reported

compliance, as shown in Table 2.

Interoperability and quality measurement
Interoperability and quality measurement are often considered sepa-

rate initiatives in the scope of healthcare operations, although their

interrelationship has increasingly been recognized.15,36,37 This re-

search demonstrates that clinical data sharing significantly affects

quality measurement. It also substantiates findings by CMS and

Figure 3. Rate of quality measure discrepancies by facility. Hospital or health system (HH) is shown in red and ambulatory practice (AMB) is shown in blue.
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others that federal programs for EHR adoption have not achieved

widespread interoperability.38,42 While EHRs remain a primary

source of clinical quality calculations today, research supports that

EHRs and associated workflow challenges often result in inadequate

data for accurate quality measure calculations.9,12 This study sup-

ports that alternative infrastructures for more accurate quality cal-

culation may be possible.

This study also provides evidence that EHR-based eCQM report-

ing discrepancies are not isolated occurrences because variation was

observed across many organizations. In this research, the automated

inclusion of HIE data provides a reference standard for longitudinal

eCQM calculation. In contrast to eCQM programs, the Health Ef-

fectiveness Data and Information Set (HEDIS), which is the longest

established program for U.S. quality measurement by health plans,

always bases its program on multisource, longitudinal billing data

for a patient. Although using billing data, as opposed to clinical

EHR data, has some downsides (eg, the presence of a lab test is de-

tectable but its value may not be), it has the advantage that if any

provider records eligible diagnoses or procedures, then they apply

universally to quality measurement for that patient. This minimizes

errors due to data incompleteness, as partly reflected through na-

tional benchmark data between HEDIS and eCQM programs. For

example, the average rate of colorectal cancer screening is 65% to

75% nationally based on the HEDIS program and 71% according

to CMS claims-based reporting.33,43 The eCQM-based performance

rate for this measure collected through MIPS is substantially lower

at 44%.33 While KHIN does not include claims data in its central-

ized repository, other HIEs do, and prior research suggests that bill-

ing data integration may improve quality measurement.34,44 Future

research should explore how data aggregation that incorporates

both longitudinal clinical and claims information may improve qual-

ity measurement.

Policy implications
Three policy implications emerge from an acknowledgment that in-

dividual EHRs often have incomplete data for quality measurement.

First, ambulatory quality programs that encourage data interopera-

bility may improve quality calculation for practices and health sys-

tems. Health plans have long appreciated that HEDIS measures are

computed across all the patient’s care settings and invest heavily in

data completeness. Healthcare providers burdened with interopera-

bility challenges and limited resources may not obtain patients’ med-

ical records from disparate providers to ensure complete

information for accurate eCQM calculation.36 Refocusing quality

programs on data sharing reinforces the value of data interoperabil-

ity and reduces the provider pressure to chase medical records from

all possible locations.

Next, harmonized quality reporting methods can provide more

consistency in quality measurement. While some facilities saw mea-

sure discrepancy rates over 20% in this research, others were below

5%. Until widespread interoperability is achieved, longitudinal cal-

culation or EHR-based episodic quality measurement may provide

more comparable performance rates.

Finally, effective data sharing provides an alternative infrastruc-

ture for measure calculation. This has the potential to reduce admin-

istrative burden, cost, and frustration associated with measure

calculation. Longitudinal data aggregation using standards, such as

those promoted by the Office of the National Coordinator for

Health Information Technology and National Committee for Qual-

ity Assurance, can provide a foundation for this transition. This was

demonstrated at a statewide HIE in this research, although other

data aggregators could be explored in future research.37 While not

all measures work equally well through standard-based automated

measure calculation, pairing interoperability with quality measure-

ment may benefit patient safety, streamlined calculation, and mea-

surement accuracy.32,37,38,45

Limitations
This research has several limitations based on data availability and

study methods. Although most providers in Kansas participate in

KHIN, data sharing remains a voluntary process. Therefore,

standards-based exchange used in this research may still have data

gaps that affect quality measurement. While electronic quality mea-

surement using certified technology as performed in this research

affects provider payments today, the reference standard of longitudi-

nal data inclusion may vary from manual chart abstraction and

methods incorporating billing information. In addition, this study’s

patient selection process of random patient selection at healthcare

facilities biases results toward patients more likely to pursue care.

Most eCQM programs implicitly include this bias, while other pro-

grams like HEDIS examine all health plan members.

This study focused on 14 ambulatory quality measures using cer-

tified technology, which represent a fraction of the over 200 meas-

ures available for MIPS ambulatory quality reporting.33 Future

studies could examine the impact on other measures as well as quan-

tify data incompleteness independent of quality measurement. Fi-

nally, quality improvement and reporting initiatives of the selected

facilities were not taken into consideration. While having a large set

of organizations increases the generalizability of our findings, fo-

cused quality improvement efforts may affect the magnitude of ob-

served changes for an individual institution.

CONCLUSION

Electronic quality reporting has been required as a part of EHR

adoption over the past decade. While certified EHRs have the capa-

bility to calculate quality measures as required by MIPS, individual

EHR-based calculations differ significantly when compared with

multisource, longitudinal calculations. While this is a natural conse-

quence of patients seeing multiple providers annually and incom-

plete interoperability, this study finds that data sharing affects

patient safety and measures routinely used in value-based payment

models. Therefore, programs that incorporate longitudinal data are

more likely to result in accurate quality measurement. Federal poli-

cies that promote data interoperability and the harmonization of

reporting methods may result in more accurate and representative

quality measurement in the coming years.
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