
Exploratory Research in Clinical and Social Pharmacy 7 (2022) 100165

Contents lists available at ScienceDirect

Exploratory Research in Clinical and Social Pharmacy

j ourna l homepage: www.e lsev ie r .com/ locate / rcsop
Relative contribution of pharmacists and primary care providers to shared
quality measures☆
Benjamin Y. Urick a,b,⁎, Shweta Pathak c, Seth D. Cook d, Valerie A. Smith e,f,g, Patrick J. Campbell h, Mel L. Nelson i,
Lee Holland j, Matthew K. Pickering k
a Prime Therapeutics, LLC, Eagan, MN, United States of America
b University of North Carolina Eshelman School of Pharmacy, United States of America
c University of North Carolina Cecil G. Sheps Center for Health Services Research, Chapel Hill, NC, United States of America
d The Dedham Group, NY., United States of America
e Division of General Internal Medicine, Department of Medicine, Duke University School of Medicine, Durham, NC, United States of America
f Department of Population Health Sciences, Duke University School of Medicine, Durham, NC, United States of America
g Center of Innovation to Accelerate Discovery and Practice Transformation (ADAPT), Durham Veterans Affairs Health Care System, Durham, NC, United States of America
h Merck & Co., Kenilworth, NJ, United States of America
i Pharmacy Quality Alliance, Alexandria, VA, United States of America
j Xogene, Englewood, NJ, United States of America
k National Quality Forum, Washington, DC, United States of America
☆ Note:At the time this workwas conducted, Dr. Urick and
Principal Health Outcomes Researcher at Prime Therapeut
Research. Similarly, Dr. Pickering was serving as Senior Dir
Quality Forum. Dr. Holland served as the Research Fellow
Manager at Xogene. Dr. Campbell was the Director of Meas
& Co.
⁎ Corresponding author at: 2900 Ames Crossing Rd, Eaga

E-mail address: benurick@email.unc.edu (B.Y. Urick).

http://dx.doi.org/10.1016/j.rcsop.2022.100165
Received 5 October 2021Received in revised form 22
Available online xxxx
2667-2766/© 2022 Published by Elsevier Inc. This is
A B S T R A C T
A R T I C L E I N F O
Keywords:
Outcome assessment
Primary health care
Community pharmacies
Medication adherence
Background: Alternative payment models are common for both primary care providers and pharmacies. These models
rely on quality measures to determine reimbursement, and pharmacists and primary care providers can contribute to
performance on a similar set of medication-related measures. Therefore, payers need to decide which provider to
incentivize for which measures when both are included in alternative payment models.
Objectives: To explore the relative contribution of pharmacies and primary care group practices to a range of quality
measures.
Methods: This retrospective cross-sectional study used Medicare Part A, B, and D claims for a 20% random sample of
Medicare beneficiaries for 2014–2016. Eight quality measures were selected from the Merit-based Incentive Payment
System and Medicare Part D Stars Ratings. Measures included medication adherence measures, appropriate prescrib-
ing measures such as high-risk medication use in the elderly, statin use in persons with diabetes (SUPD), and others.
The residual intraclass correlation coefficient (RICC)was used to estimate the contribution of pharmacists and primary
care providers to measure variation. To estimate the relative contribution across provider types, the pharmacy RICC
was divided by the group practice RICC to yield a RICC ratio.
Results: Due to varying measure eligibility requirements, the number of patients per measure ranged from 179,430 to
2,226,129. Across all measures, the RICC values were low, ranging from 0.013 for SUPD to 0.145 for adult sinusitis.
Adherence measures had the highest RICC ratios (1.15–1.44), and the annual influenza vaccination measure had
the lowest (0.56).
Discussion and conclusions: The relative contributions of pharmacists and primary care providers vary across quality
measures. As payers design payment models with measures to which pharmacists and primary care providers can con-
tribute, the RICC ratio may be useful in aligning incentives to the providers with the greatest relative contributions.
Additional research is needed to validate this method and extend it to additional sets of providers.
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1. Introduction

Poor healthcare performance and high spending growth rates have cre-
ated pressure to shift from volume-driven, fee-for-service payment models
to value-based and alternative payment models that incentivize spending
reductions and quality improvements.1,2 Across the range of value-based
and alternative payment models, providers who perform better on quality
measures generally receive greater financial bonuses or a larger share of
savings than providers who perform poorly.3 These models are becoming
the dominant payment method for physician and hospital services in the
United States and are increasingly common for payments to community
pharmacies.4,5

As the use of value-based and alternative payment models expands,
there is a need to create common core measure sets across various payment
models.6 As measures are harmonized, different provider types may be sub-
ject to the same measures, creating redundancy of incentives if multiple
providers can contribute to measuring performance.7 Insurers may hesitate
to create programs with redundant measures as increases in performance
would result in payment to multiple types of providers, in a sense “double
dipping” on measure performance. For example, many quality measures
used to support theMerit-based Incentive Payment System (MIPS) program
for physician services through Medicare are medication-related, and com-
munity pharmacists have sufficient training and opportunity to impact
quality measures directed at non-pharmacist healthcare providers.8–10

This is especially true for measures such as medication adherence, which
is used in many value-based payment models and has been well-studied
in the community pharmacy setting.11–16 Additional studies have demon-
strated that pharmacists' impact can extend beyond adherence tomeasures,
including annual influenza vaccination rates, hemoglobin A1c control,
high-risk medication use in elderly patients (HRM), and statin use in per-
sons with diabetes (SUPD).9,14,17,18

Because pharmacists and primary care providers can contribute to a
similar set of medication-related measures, payers seeking to avoid redun-
dancy of measure incentives need to decide which provider to incentivize
when both are included in alternative payment models.19 Determining
the differential impact of these different provider classes on shared mea-
sures may be impossible to assess experimentally, as these different types
of providers provide unique quality-related services as a part of their stan-
dard of care, and denying patients access to these services would likely be
unethical. Additionally, experiments to determine the differential response
of the two provider types to incentives would require isolating attributed
patient populations to avoid cross-contamination, insurer cooperation in
implementing quality improvement incentives across only part of their
pharmacy and physician networks, and great expense to cover the cost of
incentives for all attributed patients. Statistical methods of variance decom-
position provide an alternative to assess provider influence on measures by
comparing provider-to-provider variation to total measure variation. The
stronger the influence of a given provider type on a measure, the greater
provider-to-provider variation exists as some providers outperform others
and create separation across providers (assuming a measure is not topped
out).20 While this evidence lacks the strength of experimental or quasi-
experimental studies, this statistical evidence can be used as a practical
tool for evaluating provider-level contributions to measure scores within
a population.

One method for calculating the provider-level contribution to quality
measures is the residual intraclass correlation coefficient (RICC), which es-
timates the extent to which a given type of provider to which patients are
attributed (e.g., pharmacy or primary care provider) contributes total vari-
ation in measure scores.21,22 RICCs, and intraclass correlation coefficients,
more generally, are frequently used in measure development to estimate
the ability of a given measure to detect true performance among a class of
providers for which performance is beingmeasured.20 A common approach
for deriving intraclass correlation coefficients is attributing providers to
group practices and using hierarchical (or mixed effects) regression models
to calculate practice-specific random intercept values. In the quality mea-
sure context, this information is often used to derive provider practice-
2

specific reliability estimates, which are averaged to produce an intraclass
correlation coefficient that can provide scientific evidence of measure
reliability.20

Similar to the calculation of intraclass correlation coefficients for mea-
sure testing, the RICC uses the estimate of provider practice-level variance
(the variance for the random intercept variable) and divides this by the sum
of practice and patient variance.21,23 In this sense, the RICC decomposes
variance in an outcome into two terms, a practice-specific and patient-
specific term, and estimates the share of total variance attributable to a
given class of provider for which performance is being measured. Impor-
tantly, this does not result in a provider-specific estimate of impact; rather,
this statistic measures the influence of the class of providers on measure
variation by dividing the practice-to-practice variance estimate by total
measure variance. This allows for a generalized estimate of provider influ-
ence, defined as the contribution of a given class of providers to overall
measure variation. This statistic is more interpretable than other intraclass
correlation coefficients, which are used to calculate reliability and are less
directly applicable to understanding the influence of providers on quality
measures.20

Larger RICC values indicate greater variation in performance scores
across providers and imply greater provider control over the measure,21,24

thus creatingmore opportunity for performance improvement as lower per-
formers adopt the successful practices of higher performers. Small RICCs in-
dicate lower variation across providers, suggesting either that providers
have little control over the measure and all observable variation is due to
statistical noise or that providers may have a high degree of contribution
to the measure but that all providers are performing equally well.21,24

Understandingwhich providers contributemore to qualitymeasure per-
formance may be useful while designing value-based arrangements. RICC
estimates for a given group of providers and the RICC ratio between various
provider types that contribute to a givenmeasure could informwhich mea-
sures are incorporated in value-based payment models. If the RICC ratio is
low for all provider types, the measure may have to be reconsidered as pro-
viders may not have a substantial opportunity to improve performance. If,
however, one group has a greater RICC than the other, this could suggest
that greater incentives be targeted at the group of providers with the larger
RICC since this group appears to have a greater contribution to the measure
and can therefore respond to incentives and improve overall measure per-
formance. To explore the feasibility of this approach, this study calculated
RICCs for pharmacies and primary care group practices across a range of
quality measures to explore variation in absolute and relative RICCs. This
work can be informative to payers considering aligning quality measures
across value-based paymentmodels and can be extended to a range of qual-
ity measures and provider types.

2. Methods

Data for this project came from a 20% sample of Medicare data from
2014 to 2016.25 The data consisted of Medicare Parts A, B, and D adminis-
trative claims and associated beneficiary summary files. The 2015 data
comprised the primary dataset to assess the quality measures used for this
analysis. The 2014 and 2016 datawere needed for two specific qualitymea-
sures, which require multi-year data. Patients were included in this study if
theywere eligible forMedicare Parts A, B, and D, living and aged at least 65
for the entirety of 2015, were not admitted to a skilled nursing facility or
received hospice, had at least onefill of a prescription drugwith a days' sup-
ply of 14 or more, and had at least one carrier claim underMedicare Part B.

2.1. Measure selection

There were 4 MIPS measures and 4 Medicare Part D Star Ratings mea-
sures selected for this study (eAppendix, Table A1). To facilitateMIPSmea-
sure selection, the Pharmacy Quality Alliance (PQA) developed and
validated a tool, the Quality Measure Impact Tool – Community Pharmacy
(QMIT-CP), to separate measures by the degree to which pharmacists were
likely to contribute to measuring performance.26 The goal was to identify
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measures with a high likelihood of contribution by community pharmacists
and those with a low or moderate likelihood. Additional descriptions of
these measures and adaptation of these measures to this study's dataset
can be found in the online eAppendix.

2.2. Attribution and sample selection

To evaluate the relative performance of pharmacists and primary care
providers on each measure, it was necessary to attribute patients to prac-
tices (e.g., community pharmacies or primary care group practices) for
the respective provider types. For both types of providers, every patient
who met the overall eligibility criteria described above was attributed to
a single pharmacy and/or primary care practice for all measures.27 Patient
attribution for pharmacies was based on the pharmacy at which the patient
filled 50% or more of their prescriptions with a days' supply of 14 days or
longer. For primary care group practices, patients were attributed to the
group, generating the majority of charges for primary care services.28 Addi-
tional descriptions of attribution methods can be found in the eAppendix.

Pharmacies and group practiceswere excluded from analysis if less than
10 patients were attributed for a given measure. Alternative minimums of
20, 30, and 40 were also tested. This cutoff was necessary to ensure the
measure included a sufficient number of patients to make reliable infer-
ences about provider performance. In addition to the attributed patient
minimums, amaximumwas applied at the 99.9th percentile for all pharma-
cies or group practices. This removed the highest volume group practices
for which these results were likely not generalizable and pharmacies that
were likely mislabeled as retail pharmacies when they were actually mail-
order pharmacies. If a patient was attributed to a pharmacy or group prac-
tice that was removed from analysis due to an out-of-range attributed
patient count, the patient was also removed.

2.3. Statistical analysis

Univariate statistics were used to describe patients attributed to either a
pharmacy or a group practice. Characteristics examined included race, gen-
der, end-stage renal disease (ESRD) status, low-income subsidy (LIS), loca-
tion within a rural county as defined by the rural-urban classification code,
count of Medicare Chronic Conditions Warehouse-defined chronic condi-
tions, and age, defined categorically as 65–74, 75–84, and 85+.

Once the attributed population was defined for each practice, the pro-
portion of the measure-eligible attributed patients who met the numerator
criteria was calculated. This created a separate score for each pharmacy or
group practice, and the means and distributions of these scores across pro-
vider types were also compared. Hierarchical logistic regression models
with a logit link and random intercept for attributed practice were created
for each measure [SAS v9.4 (SAS Institute, Cary, NC) PROC GLIMMIX].
Across all models, the outcome of interest was a patient-level indicator of
whether a measure-eligible attributed patient met the numerator criteria,
and risk adjustment variables were comprised of those described in the uni-
variate statistics paragraph above. Of note, the age category was excluded
from SUPD and Diabetic Eye Exam screenings since the maximum age for
inclusion in these measures was 75.

To calculate the RICC, the practice-to-practice variance was divided by
the total variance in the model (sum of practice-level and patient-level var-
iance; Eq. 1). Variance estimates were derived from the risk adjustment
model, and greater detail regarding the estimate of variance components
can be found in the eAppendix. The RICC statistic ranges from 0 to 1,
where 0 would suggest the provider has either no contribution to the mea-
sure performance and 100% of the variation is due to patients, or all pro-
viders perform equivalently. A value of 1 would suggest that all variation
in the measure is due to the provider from which a patient receives care.
In addition to a measure of the contribution of a class of providers to mea-
sure variation, RICC values are also used to assess the reliability of a mea-
sure in accurately measuring provider performance.20,24 While RICC
values depend greatly on the context and measures chosen, and there are
no standard RICC cutoffs for high or low RICCs, RICC values from a study
3

using similar data and methods found RICC values ranged from 0.008 to
0.013 when assessing the relationship between attributed pharmacy and
performance on adherence measures.21

Eq. 1. RICC Calculation

σ2
practice � to � practice

σ2
practice � to � practice þ σ2:

patient

Unadjusted and adjusted RICC values were calculated for each measure
and each practice type. To calculate the RICC ratio, the pharmacy RICCwas
divided by the group practice RICC.

3. Results

Therewere 2,530,062Medicare enrollees whomet all eligibility criteria
for this study. After applying measure-specific eligibility criteria and attrib-
uted patient count requirements, the number of eligible patients per mea-
sure ranged from 179,430 for adult sinusitis to 2,226,129 for HRM
(Table 1). All results shown are for minimum attributed patient counts of
10. It was found that statistical models for some measures with small num-
bers of eligible patients and providers either did not converge or yielded un-
interpretable results whenminimum attributed patient count requirements
approached 40.

Differences in eligibility criteria across the quality measures resulted in
variation in demographic characteristics (Table 1) and numbers of patients
per measure (Table 2). Measure scores also varied between pharmacies and
primary care group practices, but the difference in median values was less
than 1% for all measures except for adult sinusitis and SUPD, where the dif-
ference was 3% and 2%, respectively (Table 2).

RICC values varied substantially across measures and between the two
practice types. The measure with the highest RICC for both pharmacies
and primary care group practices was the Adult Sinusitis measure, which
had a RICC of 0.114 for pharmacies and 0.145 for primary care group prac-
tices (Table 3), suggesting that 11.4% of the variation in inappropriate use
of antibiotics for sinusitis in 2015 was explained by the attributed phar-
macy and the attributed primary care group practice explained 14.5%.
The smallest RICC value for pharmacies was for the SUPD measure at
0.013, and the smallest value for primary care group practices was for the
RASA adherencemeasure at 0.015. The RICC ratio analysis foundwide var-
iation by measure, and that risk adjustment tended to push ratios farther
from 1 (Fig. 1). Annual flu vaccination, SUPD, diabetic eye exam, and
adult sinusitis RICC ratios were below 1, indicating that variation in mea-
sure performance across pharmacies was less than variation in performance
across primary care group practices. However, the RICC ratios for adher-
ence measures were consistently above 1, particularly for the RASA and
NIDM adherencemeasures, whichwere both near 1.4 after risk adjustment.

4. Discussion

This study used a novel statistical tool, the RICC, to estimate the relative
contribution of pharmacies and primary care group practices on care deliv-
ered to Medicare enrollees across a range of quality measures. Medication
adherence measures had the highest relative contribution by pharmacists
to total measure variation, with adjusted RICC ratios ranging from 1.15 to
1.38. While the method applied in this study does not lend itself to causal
inference, this finding suggests pharmacistsmay have a greater opportunity
to contribute to performance on quality measures assessing adherence than
primary care providers. This is not surprising, as pharmacists have access to
dispensing records, the most accurate source of prescription filling data.
Additionally, literature shows that pharmacists can integrate various inter-
ventions to improve medication adherence rates.11–14

Given these results, payers may consider contracting directly with phar-
macies to improve medication adherence andmay have a greater return on
investment by engaging pharmacies rather than primary care group prac-
tices. Indeed, this opportunity emphasizes the potential impact that



Table 1
Demographics of measure-eligible population.

Variable Diabetic Eye Exam Adult Sinusitis Annual Flu Vaccination SUPD HRM RASA Adherence Statin Adherence NIDM Adherence

All Eligible Patients [N]a 296,365 176,430 2,108,796 222,320 2,226,129 1,089,554 1,156,931 259,383
Race (White) [%] 85.7 93.8 91.1 86.1 91.0 90.1 91.2 87.5
Sex (Female) [%] 49.3 65.5 58.8 48.6 58.8 55.5 53.5 50.4
ESRD [%] 1.0 0.22 0.4 0.76 0.4 0.29 0.44 0.25
Low-income Subsidy [%] 4.3 2.9 3.2 4.56 3.4 3.8 3.5 4.1
Rural [%] 22.0 22.7 20.8 23.5 21.1 22.0 20.6 22.8
Numerator Attainment [%] 75.6 83.3 60.2 76.5 13.1 82.6 78.1 80.0
Age [Mean (SD)] 69.8 (3.1) 72.4 (6.1) 74.4 (7.2) 69.7 (3.0) 74.7 (7.2) 74.5 (7.0) 74.3 (6.9) 73.7 (6.5)
Condition Countb

[Mean (SD)]
5.1 (2.2) 4.2 (2.4) 4.1 (2.4) 5.0 (2.2) 4.0 (2.4) 4.5 (2.3) 4.6 (2.4) 5.0 (2.2)

ESRD: End-stage Renal Disease; SUPD: Statin Use in Persons with Diabetes; HRM: High-risk Medications in the Elderly; RASA: Renin-angiotensin System Antagonists; NIDM:
Non-insulin Diabetes Medications. Higher scores indicate greater quality for all measures except HRM, where lower scores are preferable.

a Patients who are attributable to denominator-eligible pharmacies or primary care offices. In the case of Adult Sinusitis, the N is the total number of primary care visits for
sinusitis. Patients with more than one visit are counted more than once for the measure.

b Condition count is the sum of conditions as defined by the Medicare Chronic Conditions Warehouse.

Table 2
Comparison of eligibility and measure scores by type of provider.

Variable Number of Eligible Sites Number of Eligible Patients Measure Score [Median (IQR)]

Type of Provider Pharmacy Group Practices Pharmacy Total Group Practices Total Overlap Pharmacy Group Practices

Diabetic Eye Exam 8324 5917 194,630 241,935 140,200 0.75 (0.65–0.83) 0.75 (0.67–0.83)
Adult Sinusitis 4658 4532 102,471 150,436 76,477 0.83 (0.75–0.92) 0.86 (0.77–0.92)
Annual Flu 43,535 29,027 1,930,803 2,025,644 1,874,479 0.60 (0.50–0.69) 0.61 (0.48–0.71)
SUPD 5391 4509 180,350 131,999 90,029 0.75 (0.67–0.83) 0.77 (0.69–0.83)
HRM 44,088 29,851 2,069,093 2,172,069 2,015,029 0.13 (0.08–0.18) 0.13 (0.08–0.18)
RASA Adherence 32,030 18,463 964,247 1,002,475 877,166 0.82 (0.75–0.88) 0.83 (0.77–0.89)
Statin Adherence 32,396 18,896 1,032,753 1,070,054 945,876 0.77 (0.70–0.84) 0.78 (0.71–0.84)
NIDM Adherence 6687 5182 209,800 161,474 111,891 0.80 (0.70–0.87) 0.80 (0.74–0.86)

SUPD: StatinUse in Personswith Diabetes; HRM:High-riskMedications in the Elderly; RASA: Renin-angiotensin SystemAntagonists; NIDM:Non-insulin DiabetesMedication
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innovative pharmacy practice movements, including Flip the Pharmacy
and Community Pharmacy Enhanced Services Network (CPESN), can
have on payer-relevant quality measures.29,30 These initiatives support
practice change and help facilitate contracts between pharmacy networks
and payers to reward improvements in quality measures. As of July 2022,
CPESN networks were present in 44 states and had secured 33 contracts.31

These innovative efforts, in addition to traditionalmedication therapyman-
agement opportunities through platforms such as OutcomesMTM and Pre-
scribe Wellness, create established pathways for payer-pharmacy
collaboration to support engagement on quality measures evaluated in
this study.

Of the measures included in the MIPS measure set (diabetic eye exam,
adult sinusitis, annual flu vaccine, and HRM), HRM had the greatest RICC
ratio at 0.950. This suggests that pharmacists and primary care providers
have approximately equal contributions to measure variation and that
payers could consider incentives to either or both sets of providers to
Table 3
Pharmacy and primary care group practice RICC statistics.

Measure Unadjusted RICC Statistics Adjusted RICC Statistics

Pharmacy Group
Practice

Ratio Pharmacy Group
Practice

Ratio

Diabetic Eye Exam 0.037 0.055 0.667 0.038 0.059 0.653
Adult Sinusitis 0.114 0.145 0.786 0.107 0.138 0.775
Annual Flu Vaccine 0.064 0.108 0.591 0.057 0.102 0.555
SUPD 0.013 0.020 0.689 0.013 0.019 0.664
HRM 0.023 0.023 0.967 0.023 0.024 0.950
Statin Adherence 0.020 0.018 1.111 0.017 0.015 1.150
RASA Adherence 0.019 0.015 1.313 0.015 0.011 1.435
NIDM Adherence 0.022 0.016 1.338 0.016 0.012 1.376

SUPD: Statin Use in Persons with Diabetes; HRM: High-risk Medications in the El-
derly; RASA: Renin-angiotensin System Antagonists; NIDM: Non-insulin Diabetes
Medications

4

improve the measure. Literature also supports pharmacists' role in
deprescribing high-risk medications for elderly patients,9 as such, it is rea-
sonable that the RICC ratio for this measure would be higher than the
other three MIPS measures.

The diabetic eye exam and adult sinusitis measures were included to
check the validity of the RICC ratio as an estimate of relative contribution
to quality measure performance. If RICC ratio values for these measures
were close to 1, it would have called into question the strength of the find-
ings for the medication adherencemeasures. However, since the RICC ratio
values for these measures are considerably less than 1, it supports the find-
ing that pharmacists have greater relative contribution to the adherence
measures and that these results are not simply an artifact of the methodol-
ogy or the analytical technique.

The low RICC ratios for annual flu vaccine and SUPD are somewhat sur-
prising. These measures were categorized as having a high potential com-
munity pharmacist impact based on QMIT-CP categorization, yet the
RICC ratios are below 1. For influenza vaccination, providing these services
for elderly patients was within the scope of practice for pharmacists in
every state at the time these data were collected,32 and approximately a
third of elderly patients received their vaccination at a pharmacy during
this study.33 Therefore, it could be that all pharmacists had approximately
the same vaccination rate for elderly patients, thus reducing practice-to-
practice variation and, subsequently, the RICC. Alternatively, it could be
that since the measure-eligible attributed population is limited to those
who visited primary care group practices during the influenza season, this
population may have been more likely to receive their influenza vaccina-
tion from the primary care provider, reducing the ability of a pharmacist
to impact their care for this measure. Another explanation may be that de-
spite the service's broad offering, the pharmacist's ability to influence a
patient's decision to receive an influenza vaccination is low, resulting in a
smaller RICCvalue. Nevertheless, the lowest RICC ratio among allmeasures
included in this study was observed for the annual flu vaccine measure.
Therefore, payers hoping to maximize influenza vaccination rates among



Fig. 1.Unadjusted and adjusted RICC ratios bymeasure. Reference line at 1 indicates no relative impact. Values greater than 1 indicate greater pharmacist impact; values less
than 1 indicate greater primary care provider impact. RICC: Residual Intraclass Correlation Coefficient; SUPD: Statin Use in Persons with Diabetes; HRM: High-risk
Medications in the Elderly; RASA: Renin-angiotensin System Antagonists; NIDM: Non-insulin Diabetes Medications
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patients aged 65 and older may consider primary care group practice
incentives.

It is also logical that the SUPDmeasure would have a lower pharmacist
contribution than the other medication-related measures since this was the
only measure that required a new prescription to be written. Although re-
search has shown that a pharmacist can contribute to SUPD measure
through outreach to physicians,17 the extent to which this service was
employed during this study's time period is unknown.

Finally, many measures, such as SUPD and adherence, had low RICC
values, suggesting that providers may have little control over variation in
these measures. Formal reliability testing is recommended to include mea-
sures as a part of performance-based payment models.22,24 Including unre-
liable performance measures in value-based and alternative payment
models risk misclassification of performance based on random variation.34

Therefore, payers and measure developers may consider alternative mea-
sures or alternativemeasure specifications, which expand the number of at-
tributed patients per provider or the time period over which performance is
measured to improve the reliability of measure scores. However, when
plans receive bonuses or penalties based on measures decided by other
funders, such as Medicare Part C and managed Medicaid plans, there is
often interest in holding providers accountable for performance regardless
of the reliability.7 In these instances, plans can consider using RICC ratios to
incentivize performance for providers with the greatest relative control,
even if absolute RICC values are small.

4.1. Limitations

There are several limitations to this work. First, this is a cross-sectional
study, and causality cannot be inferred. Second, the Medicare 20% sample
used in this study captures a large number ofMedicare beneficiaries nation-
wide, and it does not allow for calculating RICC ratios for pharmacies or
group practices with exceptionally small numbers of attributed patients.
Third, while fidelity to measure specifications was the project's goal, adap-
tations had to bemade to endorsed specifications, whichmay likewise limit
generalizability to plans using data provided by vendors such as National
Commission onQuality Assurance and PharmacyQuality Solutions. Fourth,
while these calculations represent the influence of providers on quality
measures, they don't necessarily reflect the relative influence on underlying
care quality. For example, while the proportion of days covered is com-
monly used tomeasuremedication adherence, it is a proxymeasure that re-
lies on fills instead of assessing the actual rate at which patients take
medications as their prescriber intended. Finally, the calculation of the
RICC ratio can be sensitive to small differences in RICC values when RICC
5

values are small. This could lead to instability in estimates over time, and
analysis of RICC ratio stability over time is out of the scope of this study.
The development of confidence intervals for RICC ratios using methods
such as nonparametric bootstrapping could help quantify variation in
these RICC estimates, but this is outside the current study's scope.

5. Conclusions

Overall, this study found differences in provider-level variation across a
set of quality measures, suggesting that while a range of providers may be
able to contribute to performance on a given quality measure, some pro-
viders have greater contributions than others. Within this sample, pharma-
cists contributed more to performance on adherence measures, whereas
physicians demonstrated greater contributions to non-medication-related
measures. If the RICC ratio technique is further validated, these findings
may inform payer decisions on which providers to incentivize for which
measures.
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