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Background: Health care providers are routinely incentivized
with pay-for-performance (P4P) metrics to increase the

“standard” method, which attributes each patient to only
1 provider.

quality of care. In an inpatient setting, PAP models typically  gesyjts: When ranking by clinical outcomes, both methods

measure quality by attributing each patient’s outcome to a
single provider even though many providers routinely care
for the patient. This study investigates a new attribution
approach aiming to distribute each outcome across all
providers who provided care.

Methods: The methodology relies on a multi-membership
model and is demonstrated in the Banner Health system
using 3 clinical outcome measures (length of stay,
30-day readmissions, and mortality) and responses to
3 survey questions that measure a patient’s perception
of their care. The new approach is compared to the

roviders practicing in hospitals are routinely eval-
uated based on their performance and, in many
cases, are financially incentivized for a bet-
ter-than-average performance within a pay-for-perfor-
mance (P4P) model. The use of P4P models is based on
the belief that they will “improve, motivate, and enhance
providers to pursue aggressively and ultimately achieve
the quality performance targets thus decreasing the
number of medical errors with less malpractice events.”
Although P4P models continue to be a movement in
health care, they have been challenging to implement.
One concern involves the general quality of imple-
mentation, such as defining metrics and targets, setting
payout amounts, managing technology and market
conditions, and gauging the level of transparency to
the provider.2 Another challenge, and the focus of this
project, are concerns around measuring performance
to avoid perceptions of unfairness. This concern can be
minimized if the attribution is handled in a fairer way, by

were concordant 72.1% to 82.1% of the time for top-half/
bottom-half rankings, with a median percentile difference
between 7 and 15. When ranking by survey scores, there
was more agreement, with concordance between 84.1%
and 86.6% and a median percentile difference between
11 and 13. Last, Pearson correlation coefficients of the
paired percentiles ranged from 0.56 to 0.78.

Conclusion: The new approach provides a fairer solution
when measuring provider performance.

Keywords: patient attribution; PAMM; PAPR; random effect
model; pay for performance.

spreading it across all providers who affected the out-
come, both in a positive or negative direction.?

To implement these models, the performance of pro-
viders needs to be measured and tracked periodically.
This requires linking, or attributing, a patient’s outcome
to a provider, which is almost always the attending
or discharging provider (ie, a single provider).® In this
single-provider attribution approach, one provider will
receive all the credit (good or bad) for their respective
patients’ outcomes, even though the provider may have
seen the patient only a fraction of the time during the hos-
pitalization. Attributing outcomes—for example, length of
stay (LOS), readmission rate, mortality rate, net promoter
score (NPS)—using this approach reduces the validity
of metrics designed to measure provider performance,
especially in a rotating provider environment where
many providers interact with and care for a patient. For

From Banner Health Corporation, Phoenix, AZ.
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example, the quality of providers’ interpersonal skills and
competence were among the strongest determinants of
patient satisfaction,* but it is not credible that this is solely
based on the last provider during a hospitalization.

Proportionally distributing the attribution of an outcome
has been used successfully in other contexts. Typically, a
statistical modeling approach using a multi-membership
framework is used because it can handle the some-
times-complicated relationships within the hierarchy. It
also allows for auxiliary variables to be introduced, which
can help explain and control for exogenous effects.5” For
example, in the education setting, standardized testing is
administered to students at defined years of schooling: at
grades 4, 8, and 10, for instance. The progress of students,
measured as the academic gains between test years, are
proportionally attributed to all the teachers who the student
has had between the test years. These partial attributions
are combined to evaluate an overall teacher performance.8®

Although the multi-membership framework has been
used in other industries, it has yet to be applied in mea-
suring provider performance. The purpose of this project
is to investigate the impact of using a multi-provider
approach compared to the standard single-provider
approach. The findings may lead to modifications in the
way a provider’s performance is measured and, thus,
how providers are compensated. A similar study inves-
tigated the impact of proportionally distributing patients’
outcomes across all rotating providers using a weighting
method based on billing practices to measure the partial
impact of each provider.®

This study is different in 2 fundamental ways. First,
attribution is weighted based on the number of clinically
documented interactions (via clinical notes) between a
patient and all rotating providers during the hospitaliza-
tion. Second, performance is measured via multi-mem-
bership models, which can estimate the effect (both
positive and negative) that a provider has on an outcome,
even when caring for a patient a fraction of the time
during the hospitalization.

Methods

Setting

Banner Health is a non-profit, multi-hospital health care
system across 6 states in the western United States that
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is uniquely positioned to study provider quality attribution
models. It not only has a large number of providers and
serves a broad patient population, but Banner Health also
uses an instance of Cerner (Kansas City, MO), an enter-
prise-level electronic health record (EHR) system that
connects all its facilities and allows for advanced analytics
across its system.

For this study, we included only general medicine and
surgery patients admitted and discharged from the inpa-
tient setting between January 1, 2018, and December 31,
2018, who were between 18 and 89 years old at admis-
sion, and who had a LOS between 1 and 14 days. Visit-
and patient-level data were collected from Cerner, while
outcome data, and corresponding expected outcome
data, were obtained from Premier, Inc. (Charlotte, NC)
using their CareScience methodologies.® To measure
patient experience, response data were extracted from
post-discharge surveys administered by InMoment (Salt
Lake City, UT).

Provider Attribution Models

Provider Attribution by Physician of Record (PAPR).
In the standard approach, denoted here as the PAPR
model, 1 provider—typically the attending or discharging
provider, which may be the same person—is attributed
to the entire hospitalization. This provider is responsi-
ble for the patient’s care, and all patient outcomes are
aggregated and attributed to the provider to gauge his
or her performance. The PAPR model is the most pop-
ular form of attribution across many health care systems
and is routinely used for P4P incentives.

In this study, the discharging provider was used
when attributing hospitalizations using the PAPR model.
Providers responsible for fewer than 12 discharges
in the calendar year were excluded. Because of the
directness of this type of attribution, the performance of
1 provider does not account for the performance of the
other rotating providers during hospitalizations.

Provider Attribution by Multiple Membership
(PAMM). In contrast, we introduce another attribution
approach here that is designed to assign partial attribution
to each provider who cares for the patient during the hospi-
talization. To aggregate the partial attributions, and possibly
control for any exogenous or risk-based factors, a multi-
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Day 1 Day 2

Provider: Dr. Smith
Admitting History & Physical
History & Physical Note

Provider: Dr. Green
Progress Note

Provider: Dr. Johnson
Progress Note

Provider: Dr. Smith
Progress Note

Day 3 Day 4 Day 5
Provider: Dr. Smith

Progress Note

Provider: Dr. Johnson
Progress Note

Provider: Dr. Johnson
Discharge Summary
Note

Provider: Dr. Johnson
Progress Note

In this example, 8 clinical notes were authored by 3 providers. Based on the count of note authorships, the attribution of the
hospitalization would be shared by Dr. Smith, Dr. Green, and Dr. Johnson, with corresponding weights of 3/8, 1/8, and 4/8, respectively.

Figure. Example of partial attributions for a patient hospitalized for 5 days who was cared for by 3 providers.

ple-membership, or multi-member (MM), model is used.
The MM model can measure the effect of a provider on an
outcome even when the patient-to-provider relationship is
complex, such as in a rotating provider environment.®

The purpose of this study is to compare attribution
models and to determine whether there are meaningful
differences between them. Therefore, for comparison
purposes, the same discharging providers using the PAPR
approach are eligible for the PAMM approach, so that both
attribution models are using the same set of providers. All
other providers are excluded because their performance
would not be comparable to the PAPR approach.

While there are many ways to document provid-
er-to-patient interactions, 2 methods are available in
almost all health care systems. The first method is to link
a provider’s biling charges to each patient-day combi-
nation. This approach limits the attribution to 1 provider
per patient per day because multiple rotating providers
cannot charge for the same patient-day combination.®
However, many providers interact with a patient on the
same day, so using this approach excludes non-billed
provider-to-patient interactions.

The second method, which was used in this study, relies
on documented clinical notes within the EHR to determine
how attribution is shared. In this approach, attribution
is weighted based on the authorship of 3 types of eligi-
ble clinical notes: admitting history/physical notes (during
admission), progress notes (during subsequent days), and
discharge summary notes (during final discharge). This will
(likely) result in many providers being linked to a patient on
each day, which better reflects the clinical setting (Figure).

Recently, clinical notes were used to attribute care of
patients in an inpatient setting, and it was found that this
approach provides a reliable way of tracking interactions
and assigning ownership."

The provider-level attribution weights are based on the
share of authorships of eligible note types. Specifically, for
each provider j, let a, be the total count of eligible note types
for hospitalization / authored by provider j, and let a, be the
overall total count of eligible note types for hospitalization .
Then the attribution weight is

(Ea. 1)

for hospitalization / and provider j. Note that w, =1
in other words, the total attribution, summed across all
providers, is constrained to be 1 for each hospitalization.

Patient Outcomes

Outcomes were chosen based on their routine use in
health care systems as standards when evaluating pro-
vider performance. This study included 6 outcomes:
inpatient LOS, inpatient mortality, 30-day inpatient read-
mission, and patient responses from 3 survey questions.
These outcomes can be collected without any manual
chart reviews, and therefore are viewed as objective out-
comes of provider performance.

Each outcome was aggregated for each provider
using both attribution methods independently. For the
PAPR method, observed-to-expected (OE) indices for
LOS, mortality, and readmissions were calculated along
with average patient survey scores. For the PAMM
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method, provider-level random effects from the fitted
models were used. In both cases, the calculated mea-
sures were used for ranking purposes when determining
top (or bottom) providers for each outcome.

Individual Provider Metrics for the PAPR Method
Inpatient LOS Index. Hospital inpatient LOS was mea-
sured as the number of days between admission date and
discharge date. For each hospital visit, an expected LOS
was determined using Premier’s CareScience Analytics
(CSA) risk-adjustment methodology.® The CSA methodol-
ogy for LOS incorporates a patient’s clinical history, demo-
graphics, and visit-related administrative information.

Let n, be the number of hospitalizations attributed to
provider j. Let 0, and e, be the observed and expected
LOS, respectively, for hospitalization i = 7,.. N, attributed
to provider j. Then the inpatient LOS index for provider
jis Lj, = Z,,o,j/z,,e,j.

Inpatient Mortality Index. Inpatient mortality was
defined as the death of the patient during hospitalization.
For each hospitalization, an expected mortality probabil-
ity was determined using Premier's CSA risk-adjustment
methodology.’® The CSA methodology for mortality incor-
porates a patient’s demographics and comorbidities.

Just as before, let n, be the number of hospitalizations
attributed to provider j. Let m, =1 if the patient died
during hospitalizationi=1, ..., n, attributed to provider j;
m;, = 0 otherwise. Let p‘fm) be the corresponding expected
mortality probability. Then the inpatient mortality index for
provider jis M, = zfm,,j/z/.p,m.

30-Day Inpatient Readmission Index. A 30-day
inpatient readmission was defined as the event when a
patient is discharged and readmits back into the inpa-
tient setting within 30 days. The inclusion criteria defined
by the Centers for Medicare and Medicaid Services
(CMS) all-cause hospital-wide readmission measure was
used and, consequently, planned readmissions were
excluded.”” Readmissions could occur at any Banner
hospital, including the same hospital. For each hospital
visit, an expected readmission probability was derived
using Premier's CSA risk-adjustment methodology.”®
The CSA methodology for readmissions incorporates a
patient’s clinical history, demographics, and visit-related
administrative information.
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Let n, be the number of hospitalizations attributed to
provider j. Let ry=1 if the patient had a readmission fol-
lowing hospitalization i =1, ..., n, attributed to provider j;
r, =0 otherwise. Let p,j‘” be the corresponding expected
readmission probability. Then the 30-day inpatient read-
mission index for provider jis R, = X1, /Zip,,"’-

Patient Survey Scores. The satisfaction of the
patient’s experience during hospitalization was measured
via post-discharge surveys administered by InMoment.
Two survey questions were selected because they
related directly to a provider’s interaction with the patient:
“My interactions with doctors were excellent” (Doctor)
and “l received the best possible care” (Care). A third
question, “I would recommend this hospital to my family
and friends,” was selected as a proxy measure of the
overall experience and, in the aggregate, is referred to
as the net promoter score (NPS).'*™ The responses
were measured on an 11-point Likert scale, ranging from
“Strongly Disagree” (0) to “Strongly Agree” (10); “N/A” or
missing responses were excluded.

The Likert responses were coded to 3 discrete values
as follows: if the value was between 0 and 6, then -1
(ie, detractor); between 7 and 8 (ie, neutral), then O; other-
wise 1 (ie, promoter). Averaging these coded responses
results in a patient survey score for each question.
Specifically, let n, be the number of hospitalizations
attributed to provider j in which the patient responded
to the survey question. Let s, e{-1, O, 1} be the coded

response linked to hospitalizationi=1, ..., n, attributed to
provider j. Then the patient experience score for provider
JisS; = %s,/n,.

Handling Ties in Provider Performance Measures.
Because ties can occur in the PAPR approach for all
measures, a tie-breaking strategy is needed. For LOS
indices, ties are less likely because their numerator is
strictly greater than 0, and expected LOS values are typ-
ically distinct enough. Indeed, no ties were found in this
study for LOS indices. However, mortality and readmis-
sion indices can routinely result in ties when the best pos-
sible index is achieved, such as O deaths or readmissions
among attributed hospitalizations. To help differentiate
between those indices in the PAPR approach, the total
estimated risk (denominator) was utilized as a secondary
scoring criterion.



Mortality and readmission metrics were addressed by
sorting first by the outcome (mortality index), and second
by the denominator (total estimated risk). For example, if
provider A has the same mortality rate as provider B, then
provider A would be ranked higher if the denominator
was larger, indicating a higher risk for mortality.

Similarly, it was very common for providers to have
the same overall average rating for a survey question.
Therefore, the denominator (number of respondents)
was used to break ties. However, the denominator sort-
ing was bidirectional. For example, if the tied score was
positive (more promoters than detractors) for providers
A and B, then provider A would be ranked higher if the
denominator was larger. Conversely, if the tied score
between providers A and B was neutral or negative (more
detractors than promoters), then provider A would be
ranked lower if the denominator was larger.

Individual Provider Metrics for the PAMM Method
For the PAMM method, model-based metrics were
derived using a MM model.2 Specifically, let J be the num-
ber of rotating providers in a health care system. Let Y, be
an outcome of interest from hospitalization /, X,, ..., pr
be fixed effects or covariates, and 8,, ..., ﬁp be the coeffi-
cients for the respective covariates. Then the generalized

MM statistical model is

(Ea.2) !
g(uf)=ﬁ’o+ﬂ1X1,+---+ﬁ,,X,,,+Z WY,
=)

where g(u) is a link function between the mean of the
outcome, u, and its linear predictor, f3,, is the marginal
intercept, w; represents the attribution weight of provider
j on hospitalization / (described in Equation 1), and Y, rep-
resents the random effect of provider j on the outcome
with y,~N(0,57).

For the mortality and readmission binary outcomes,
logistic regression was performed using a logit link func-
tion, with the corresponding expected probability as the
only fixed covariate. The expected probabilities were first
converted into odds and then log-transformed before
entering the model. For LOS, Poisson regression was
performed using a log link function with the log-trans-
formed expected LOS as the only fixed covariate. For
coded patient experience responses, an ordered logistic
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regression was performed using a cumulative logit link
function (no fixed effects were added).

MM Model-based Metrics. Each fitted MM model
produces a predicted random effect for each provider.
The provider-specific random effects can be interpreted
as the unobserved influence of each provider on the out-
come after controlling for any fixed effect included in the
model. Therefore, the provider-specific random effects
were used to evaluate the relative provider performance,
which is analogous to the individual provider-level metrics
used in the PAPR method.

Measuring provider performance using a MM model is
more flexible and robust to outliers compared to the stan-
dard approach using OE indices or simple averages. First,
although not investigated here, the effect of patient-, visit-,
provider-, and/or temporal-level covariates can be con-
trolled when evaluating provider performance. For example,
a patient’s socioeconomic status, a provider’'s workload,
and seasonal factors can be added to the MM model.
These external factors are not accounted for in OE indices.

Another advantage of using predicted random effects
is the concept of “shrinkage.” The process of estimating
random effects inherently accounts for small sample
sizes (when providers do not treat a large enough sample
of patients) and/or when there is a large ratio of patient
variance to provider variance (for instance, when patient
outcome variability is much higher compared to provider
performance variability). In both cases, the estimation
of the random effect is pulled ever closer to O, signaling
that the provider performance is closer to the population
average. See Henderson's and Mood'® for further details.

In contrast, OE indices can result in unreliable esti-
mates when a provider has not cared for many patients.
This is especially prevalent when the outcome is binary
with a low probability of occurring, such as mortality.
Indeed, provider-level mortality OE indices are routinely
0 when the patient counts are low, which skews perfor-
mance rankings unfairly. Finally, OE indices also ignore
the magnitude of the variance of an outcome between
providers and patients, which can be large.

Comparison Methodology
In this study, we seek to compare the 2 methods of attri-
bution, PAPR and PAMM, to determine whether there
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Table 1. Summary of Patient Characteristics

Characteristic Value
Female, no. (%) 30,646 (52.2)
Age, mean (SD), y 59.6 (17.4)
Caucasian, no. (%) 40,542 (69.0)

Table 2. Overall Summary of Unadjusted Outcomes

Outcomes Value
LOS, mean (SD), days 4.8 (2.7)
Mortality, n (%) 490 (0.9)
Readmissions, n (%) 5196 (9.4)
Doctor (Survey), mean, % 63.2
Care (Survey), mean, % 60.1
NPS (Survey), mean, % 62.9

LOS, length of stay; NPS, net promoter score.

are meaningful differences between them when mea-
suring provider performance. Using retrospective data
described in the next section, each attribution method
was used independently to derive provider-level met-
rics. To assess relative performance, percentiles were
assigned to each provider based on their metric values
so that, in the end, there were 2 percentile ranks for each
provider for each metric.

Using these paired percentiles, we derived the following
measures of concordance, similar to Herzke, Michtalik®:
(1) the percent concordance measure—defined as the
number of providers who landed in the top half (greater
than the median) or bottom half under both attribution
models—divided by the total number of providers; (2) the
median of the absolute difference in percentiles under
both attribution models; and (3) the Pearson correlation
coefficient of the paired provider ranks. The first mea-
sure is a global measure of concordance between the
2 approaches and would be expected to be 50% by
chance. The second measure gauges how an individual
provider’s rank is affected by the change in attribution
methodologies. The third measure is a statistical measure
of linear correlation of the paired percentiles and was not
included in the Herzke, Michtalik® study.

All statistical analyses were performed on SAS (ver-
sion 9.4; Cary, NC) and the MM models were fitted using
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PROC GLIMMIX with the EFFECT statement. The Banner
Health Institutional Review Board approved this studly.

Results

Descriptive Statistics

A total of 58,730 hospitalizations were included, of which
care was provided by 963 unique providers across 25
acute care and critical access hospitals. Table 1 contains
patient characteristics, and Table 2 depicts overall unad-
justed outcomes. Providers responsible for less than 12
discharges in the calendar year were excluded from both
approaches. Also, some hospitalizations were excluded
when expected values were not available.

Multi-Membership Model Results

Table 3 displays the results after independently fitting
MM models to each of the 3 clinical outcomes. Along
with a marginal intercept, the only covariate in each
model was the corresponding expected value after a
transformation. This was added to use the same infor-
mation that is typically used in OE indices, therefore
allowing for a proper comparison between the 2 attribu-
tion methods. The provider-level variance represents the
between-provider variation and measures the amount of
influence providers have on the corresponding outcome
after controlling for any covariates in the model. A pro-
vider-level variance of O would indicate that providers do
not have any influence on the outcome. While the mor-
tality and readmission model results can be compared
to each other, the LOS model cannot given its different
scale and transformation altogether.

The results in Table 3 suggest that each expected
value covariate is highly correlated with its correspond-
ing outcome, which is the anticipated conclusion given
that they are constructed in this fashion. The estimated
provider-level variances indicate that, after including
an expected value in the model, providers have less of
an influence on a patient’s LOS and likelihood of being
readmitted. On the other hand, the results suggest that
providers have much more influence on the likelihood of
a patient dying in the hospital, even after controlling for an
expected mortality covariate.

Table 4 shows the results after independently fitting
MM-ordered logistic models to each of the 3 survey



Original Research

Table 3. Multi-Membership Model Results of Patient-Level Clinical Outcomes

Clinical Outcomes

LOS Model Mortality Model Readmission Model
Effects (N =57,731) (N = 57,593) (N = 55,597)
Fixed
Intercept 0.27* -0.89* -0.38*
Ln(Expected LOS) 0.79* - -
Ln(Expected Mortality Odds) - 1.04* -
Ln(Expected Readmission Odds) - - 0.87*
Random
Provider-Level Variance (G7) 0.03" 0.82* 0.09"

LOS, length of stay.
*P value < 0.001.

questions. The similar provider-level variances suggest
that providers have the same influence on the patient’s
perception of the quality of their interactions with the doc-
tor (Doctor), the quality of the care they received (Care),
and their likelihood to recommend a friend or family
member to the hospital (NPS).

Comparison Results Between Both
Attribution Methods
Table 5 compares the 2 attribution methods when
ranking providers based on their performance on each
outcome measure. The comparison metrics gauge how
well the 2 methods agree overall (percent concordance),
agree at the provider level (absolute percentile difference
and interquartile range [IQR]), and how the paired per-
centiles linearly correlate to each other (Pearson correla-
tion coefficient).

LOS, by a small margin, had the lowest concordance
of clinical outcomes (72.1%), followed by mortality (75.9%)
and readmissions (82.1%). Generally, the survey scores
had higher percent concordance than the clinical out-
come measures, with Doctor at 84.1%, Care at 85.9%,
and NPS having the highest percent concordance at
86.6%. Given that by chance the percent concordance
is expected to be 50%, there was notable discordance,
especially with the clinical outcome measures. Using
LOS performance as an example, one attribution meth-
odology would rank a provider in the top half or bottom
half, while the other attribution methodology would rank

the same provider exactly the opposite way about 28%
of the time.

The median absolute percentile difference between
the 2 methods was more modest (between 7 and 15).
Still, there were some providers whose performance
ranking was heavily impacted by the attribution meth-
odology that was used. This was especially true when
evaluating performance for certain clinical measures,
where the attribution method that was used could
change the provider performance percentile by up to
90 levels.

The paired percentiles were positively correlated when
ranking performance using any of the 6 measures. This
suggests that both methodologies assess performance
generally in the same direction, irrespective of the meth-
odology and measure. We did not investigate more com-
plex correlation measures and left this for future research.

It should be noted that ties occurred much more fre-
quently with the PAPR method than when using PAMM
and therefore required tie-breaking rules to be designed.
Given the nature of OE indices, PAPR methodology
is especially sensitive to ties whenever the measure
includes counting the number of events (for example,
mortality and readmissions) and whenever there are
many providers with very few attributed patients. On
the other hand, using the PAMM method is much more
robust against ties given that the summation of all the
weighted attributed outcomes will rarely result in ties,
even with a nominal set of providers.
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Table 4. Multi-Membership-ordered Logistic Model
Results of Patient Survey Responses

Patient Survey Models

Doctor Care NPS
Effects (N =3266) (N =3277) (N =23264)
Fixed
Intercept (Promoter) 1.06** 1.00** 1.16**
Intercept (Neutral) 2.09** 1.91 1.89**
Random
Provider-Level Variance ((572) 0.20* 0.24** 0.24*

Note: In all models, the Detractor level was the reference outcome.
*P value < 0.01; **P value < 0.001.

Discussion

In this study, the PAMM methodology was introduced and
was used to assess relative provider performance on 3
clinical outcome measures and 3 patient survey scores.
The new approach aims to distribute each outcome
among all providers who provided care for a patient in
an inpatient setting. Clinical notes were used to account
for patient-to-provider interactions, and fitted MM statis-
tical models were used to compute the effects that each
provider had on each outcome. The provider effect was
introduced as a random effect, and the set of predicted
random effects was used to rank the performance of
each provider.

The PAMM approach was compared to the more
traditional methodology, PAPR, where each patient is
attributed to only 1 provider: the discharging physician
in this study. Using this approach, OE indices of clinical
outcomes and averages of survey scores were used to
rank the performance of each provider. This approach
resulted in many ties, which were broken based on the
number of hospitalizations, although other tie-breaking
methods may be used in practice.

Both methodologies showed modest concordance
with each other for the clinical outcomes, but higher
concordance for the patient survey scores. This was
also true when using the Pearson correlation coefficient
to assess agreement. The 1 outcome measure that
showed the least concordance and least linear correla-
tion between methods was LOS, which would suggest
that LOS performance is more sensitive to the attribu-
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tion methodology that is used. However, it was the least
concordant by a small margin.

Furthermore, although the medians of the absolute per-
centile differences were small, there were some providers
who had large deviations, suggesting that some provid-
ers would move from being shown as high-performers
to low-performers and vice versa based on the chosen
attribution method. We investigated examples of this and
determined that the root cause was the difference in effec-
tive sample sizes for a provider. For the PAPR method, the
effective sample size is simply the number of hospitaliza-
tions attributed to the provider. For the PAMM method, the
effective sample size is the sum of all non-zero weights
across all hospitalizations where the provider cared for a
patient. By and large, the PAMM methodology provides
more information of the provider effect on an outcome
than the PAPR approach because every provider-patient
interaction is considered. For example, providers who do
not routinely discharge patients, but often care for patients,
will have rankings that differ dramatically between the 2
methods.

The PAMM methodology has many statistical advan-
tages that were not fully utilized in this comparative study.
For example, we did not include any covariates in the MM
models except for the expected value of the outcome,
when it was available. Still, it is known that other covariates
can impact an outcome as well, such as the patient’s age,
socioeconomic indicators, existing chronic conditions,
and severity of hospitalization, which can be added to
the MM models as fixed effects. In this way, the PAMM
approach can control for these other covariates, which
are typically outside of the control of providers but typically
ignored using OE indices. Therefore, using the PAMM
approach would provide a fairer comparison of provider
performance.

Using the PAMM method, most providers had a large
sample size to assess their performance once all the
weighted interactions were included. Still, there were a few
who did not care for many patients for a variety of rea-
sons. In these scenarios, MM models “borrow” strength
from other providers to produce a more robust predicted
provider effect by using a weighted average between
the overall population trend and the specific provider
outcomes (see Rao and Molina"). As a result, PAMM is a
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Table 5. Comparison of Provider Performance when Using Either a Provider Attribution by Physician-of-Record
(PAPR) Approach vs a Multi-Membership (PAMM) Approach

Top-Half/Bottom-Half
Percent Concordance

Measures Between the 2 Methods
LOS 721%

Mortality 75.9%

30-day readmissions 82.1%

Patient Survey Scores

Doctor 84.1%

Care 85.9%

NPS 86.6%

IQR, interquartile range; LOS, length of stay; NPS, net promoter score.
*P value < 0.001.

more suitable approach when the sample sizes of patients
attributed to providers can be small.

One of the most interesting findings of this study was
the relative size of the provider-level variance to the size of
the fixed effect in each model (Table 3). Except for mortal-
ity, these variances suggest that there is a small difference
in performance from one provider to another. However,
these should be interpreted as the variance when only 1
provider is involved in the care of a patient. When multiple
providers are involved, using basic statistical theory, the
overall provider-level variance will be Gf wa (see Equation
2). For example, the estimated variance among providers
for LOS was 0.03 (on a log scale), but, using the scenario in
the Figure, the overall provider-level variance for this hospi-
talization will be 0.03 (0.375?+0.125?+0.5%)=0.012. Hence,
the combined effect of providers on LOS is less than would
be expected. Indeed, as more providers are involved with
a patient’s care, the more their combined influence on an
outcome is diluted.

In this study, the PAMM approach placed an equal
weight on all provider-patient interactions via clinical note
authorship, but that may not be optimal in some settings.
For example, it may make more sense to set a higher
weight on the provider who admitted or discharged the
patient while placing less (or 0) weight on all other inter-
actions. In the extreme, if the full weight were placed on
1 provider interaction (eg, during discharge, then the MM
model would be reduced to a one-way random effects

Absolute Percentile Differences

Pearson Correlation
Coefficient (p) Between
Paired Percentiles

Between the 2 Methods,
Median (IQR); Maximum

15 (6-28), 90 0.56*
7 (3-20), 88 0.58*
15 (7-24), 81 0.72*
13 (5-23), 67 0.75"
13 (5-23), 69 0.76*
11 (5-22), 78 0.78*

model. The flexibility of weighting interactions is a feature of
the PAMM approach, but any weighting framework must
be transparent to the providers before implementation.

Conclusion

This study demonstrates that the PAMM approach is a
feasible option within a large health care organization. For
P4P programs to be successful, providers must be able
to trust that their performance will be fairly assessed and
that all provider-patient interactions are captured to provide
a full comparison amongst their peers. The PAMM meth-
odology is one solution to spread the positive (and nega-
tive) outcomes across all providers who cared for a patient
and therefore, ifimplemented, would add trust and fairness
when measuring and assessing provider performance.
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