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A B S T R A C T

Background: As physician groups consolidate and value-based payment replaces traditional fee-for-service sys-
tems, physician practices have greater need to accurately measure individual physician clinical productivity
within team-based systems. We compared methodologies to measure individual physician outpatient clinical
productivity after adjustment for shared practice resources.
Methods: For cardiologists at our hospital between January 2015 and June 2016, we assessed productivity by
examining completed patient visits per clinical session per week. Using mixed-effects models, we sequentially
accounted for shared practice resources and underlying baseline characteristics. We compared mixed-effects and
Generalized Estimating Equations (GEE) models using K-fold cross validation, and compared mixed-effect, GEE,
and Data Envelopment Analysis (DEA) models based on ranking of physicians by productivity.
Results: A mixed-effects model adjusting for shared practice resources reduced variation in productivity among
providers by 63% compared to an unadjusted model. Mixed-effects productivity rankings correlated strongly
with GEE rankings (Spearman 0.99), but outperformed GEE on K-fold cross validation (root mean squared error
2.66 vs 3.02; mean absolute error 1.89 vs 2.20, respectively). Mixed-effects model rankings had moderate
correlation with DEA model rankings (Spearman 0.692), though this improved upon exclusion of outliers
(Spearman 0.755).
Conclusions: Mixed-effects modeling accounts for significant variation in productivity secondary to shared
practice resources, outperforms GEE in predictive power, and is less vulnerable to outliers than DEA.
Implications: With mixed-effects regression analysis using otherwise easily accessible administrative data,
practices can evaluate physician clinical productivity more fairly and make more informed management deci-
sions on physician compensation and resource allocation.

1. Introduction

As physician groups nationwide consolidate and risk-based con-
tracts replace traditional fee-for-service payment systems,1,2 outpatient
practices face new challenges.3 Larger group size leads to greater
sharing of resources, so practices must account for fixed costs in as-
sessing physician productivity. Additionally, the push to have providers
practice to the full extent of their training leads to greater team-based
care,4 and measurement of physician productivity in the context of the
healthcare team requires a more sophisticated approach. In conjunction
with metrics to define quality and outcomes, accurately measuring in-
dividual physician clinical productivity can allow practices to

compensate physicians fairly and improve value by incentivizing phy-
sicians to utilize shared resources more efficiently.

Most academic practices currently measure clinical productivity for
compensation purposes using a standardized unit, but such metrics
have not yet been refined to account for shared practice resources.5

Many shared practice-level factors are known to affect physician pro-
ductivity. Physical resources, such as number of exam rooms per phy-
sician, are associated with physician productivity.6 Incorporation of
other healthcare personnel such as nurse practitioners (NPs) or medical
scribes into medical teams also influence physician productivity and
can improve outcomes.7,8 However, these shared resources can also
increase overall practice cost,9 and in certain settings can actually lead
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to decreased profitability.10 Relative Value Unit (RVU)-based measures
of individual physician productivity,5,11,12 even after adjusting for ad-
ministrative or research activities in an academic setting,13 fail to
capture the effect of shared practice resources and team-based care. As
such, rigorous metrics to evaluate individual physician clinical pro-
ductivity in a group-practice context are needed.

This study contributes to the improvement of currently used pro-
ductivity measures by evaluating mixed-effects regression as a method
to control for shared practice costs in assessing individual physician
clinical productivity. Tactics developed in health services research that
have been used for public reporting of clinical outcomes, such as risk
standardization, offer the potential to refine measurements of physician
productivity while still being technically and conceptually accessible to
healthcare administrators and physicians responsible for changing
practice operations.14 This paper applies these risk-standardization
techniques using mixed-effects regression in a novel way as a method to
measure individual physician outpatient clinical productivity in order
to account for shared costs within a large academic cardiology practice.
This paper then quantitatively compares the novel application of
mixed-effects regression in this context to other methods used in both
the medical literature and the management literature to measure out-
patient clinical productivity.

2. Methods

2.1. Study population

We included all cardiologists at our academic medical center from
January 1, 2015 to June 30, 2016. In addition to providing outpatient
care, cardiologists can have other duties that are clinical (performing
procedures, reviewing cardiac imaging, and inpatient service) and non-
clinical (research and teaching), so the number of clinical sessions per
week varies widely.

2.2. Outcomes and covariates

The primary outcome was completed patient visits per half-day
clinical session per week. We chose this outcome measure for several
reasons. First, including completed visits in the numerator of this
measure incentivizes increasing volume of patients seen by providers,
which is important for our practice given a critical need to accom-
modate more patients awaiting specialist appointments. Although
quality is an increasingly important dimension of value-based care,
given significant practice variation in accountability for quality and
outcomes nationwide, we focused primarily on clinical visit volume to
broaden the generalizability of the results of this study. Second, stan-
dardizing by clinic session, a discrete half-day clinical period, allowed
us to compare clinicians with different proportions of effort devoted to
outpatient care. For instance, a physician who sees 4 patients per
clinical session and does only 1 session per week would have the same
value for our outcome measure as a physician who sees 4 patients per
clinical session and does 4 sessions per week. Third, examining pro-
ductivity at the provider-week level (as opposed to a longer time
period) allowed us to obtain multiple longitudinal observations for each
physician. We identified the total number of outpatient visits completed
and clinical sessions booked per week retrospectively from adminis-
trative scheduling data. We did not differentiate whether physicians
actually saw patients during clinical sessions for which they were
booked rooms or whether these rooms were left empty, since empty
rooms represent shared group costs. Of note, nurse practitioners either
jointly saw patients under the supervision of an attending cardiologist
or saw patients on their own and billed incident to an attending car-
diologist who could provide input, but not necessarily physically see
each patient. Visits were attributed to the attending physician regard-
less of whether patients were seen jointly or seen incident to a nurse
practitioner.

Covariates examined as possible predictor variables included NP
full-time equivalents (FTEs), fellow FTEs, and secretarial FTEs, with this
data obtained from hospital administrative records. We chose these
covariates since they represented shared human resources factors that
varied by physician and were thought to directly impact physician
productivity. We also considered provider age, a dummy variable for
each quarter, and patient scheduling characteristics, such number of
scheduled clinic sessions per week, and proportion of new vs follow-up
appointments, all summarized at the provider-week level. We ad-
ditionally considered patient characteristics summarized at the pro-
vider-week level such as average patient age, average zip code median
income, average Charlson score, proportion male, proportion non-
white, proportion non-English speaking, proportion out-of-state, and
proportion with Medicare, Medicaid, and private payers. Ambiguous
administrative data regarding shared resources or clinical sessions were
manually adjudicated in conversations with practice staff and, as such,
there were no missing data at the provider level. Missing data at the
patient level were minimal (limited to<1% for all variables aside from
neighborhood income).

2.3. Statistical analysis

We modeled physician productivity as a function of individual ef-
fort, shared human resources (e.g. NP, fellow, and secretary FTEs), and
underlying baseline characteristics (provider, scheduling, and patient
characteristics). We first examined the relationships between the out-
come variable and each individual quantitative or categorical variable
using the Pearson correlation coefficient and Pearson's chi-squared test,
respectively. We then used mixed-effects models with a gamma dis-
tribution and log link to estimate the relationship between each cov-
ariate and physician productivity (details in Supplemental Appendix).15

Shared resources and underlying baseline characteristics were included
as fixed effects and physicians were included as a random effect in our
models. The random effect in this model represents individual effort
and was the primary quantity of interest for physician productivity
rankings. To evaluate the impact of the different classes of covariates on
physician productivity at the provider level, we estimated the model
with a random effect only, and then sequentially included shared
practice resources and subsequently underlying baseline characteristics
as covariates. We compared successive models on their ability to ex-
plain variation in productivity using the proportional change in var-
iance and ability to fit data using the likelihood ratio test.

We also compared our mixed-effects model with two models com-
monly used in the literature to evaluate physician productivity:
Generalized Estimating Equations (GEE) and Data Envelopment
Analysis (DEA). Since we have longitudinal data for providers, a gen-
eralized linear model with a gamma distribution and log link was es-
timated using a Generalized Estimation Equation (GEE) with a com-
pound symmetry working correlation structure (details in Supplemental
Appendix). GEE has been used as a comparator to mixed-effect models
when comparing individual hospital quality.16 DEA is a non-parametric
method for measuring the productivity of decision-making units, which
in our case are physicians. In DEA, one develops an efficient frontier,
which is defined by the most productive physicians, and evaluates in-
dividual efficiencies by their deviations from the frontier.17 The DEA
model used in this paper was designated as an output-oriented, variable
returns to scale model without nondiscretionary variables.

Given the lack of gold standard comparing these methods, we used a
two-step approach. First, we compared mixed-effects and GEE models
based on K-fold cross validation with 5 groups. In particular, we used
stratified sampling, with physician as the strata, to randomly select
weeks from each physician into one of the five folds. We evaluated
predictive power using the Root Square Mean Error (RSME) and Mean
Absolute Error (MAE). DEA was not included in this comparison since it
does not provide predictive performance.

Next, we compared the three models, as well as the crude rate of
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patients seen per clinic session, based on ranking of physicians by
productivity. Crude rate is defined as the total number of patients seen
per clinic session per week without any adjustment and is akin to RVU-
based productivity measures that are currently in widespread use. To
allow for a fairer comparison with our DEA model, the mixed-effects
and GEE models were estimated using shared resources only.
Productivity was measured by the random intercept estimate in the
mixed-effects model, observed to expected (i.e. predicted) ratio for the
GEE model as has been done elsewhere,16,18 and efficiency output from
the DEA model. We compared rankings of providers by productivity
across all models both graphically and using Spearman correlation
coefficients.

Covariate selection was carried out using the backward elimination
method excluding variables with a p-value greater than 0.10. Shared
practice resources were included regardless of statistical significance
because they were key explanatory variables of interest. Additionally,
patient age, gender, and Charlson score were kept in the final model
regardless of significance based on known relationships in the literature
to capture patient severity.

Mixed-effects and GEE models were estimated using SAS version 9.4
(SAS Institute Inc., Cary, North Carolina) and DEA was estimated using
Open Source DEA (http://opensourcedea.org/about/). Since this work
was performed for administrative purposes, it was exempt from review
by our hospital's Institutional Review Board (IRB) per their policies.
Regardless, data security meets the common requirements of the IRB, as
data was kept on a secure server behind a firewall that is used for other
physician data and performance reporting and identifiable data were
only accessible by three co-authors of this manuscript.

3. Results

3.1. Unadjusted statistics

The final study sample included 4212 physician-weeks from 56
cardiologists. The median provider visits per clinical session per week
was 4.7 visits (range 1.0–12.5; interquartile range of 2.7). Table 1a
describes the distribution of underlying baseline characteristics (pa-
tient, scheduling, and provider characteristics) as well as their corre-
lations with visits per clinical session. Distribution of shared practice
resources across cardiologists and association with visits per clinical

session is detailed in Table 1b. Higher number of visits per clinical
session was associated with greater NP support (3.8 for no NP, 4.8 for
shared NPs, 6.7 for a full NP, and 8.3 for multiple NPs; p < 0.001). In
contrast, the number of visits per clinical session by level of fellow
support was different with any level of fellow support (3.8 for no fellow,
4.5 for a part-time fellow, 7.2 for one full-time fellow, and 5.3 for two
fellows; p < 0.001) in univariate analysis. Having one-third secretary
FTE or less was associated with fewer visits per clinic session compared
to having half, or having full or more secretary FTE (4.3 vs 5.0 or 5.4,
respectively; p < 0.001).

3.2. Mixed-effects model

We estimated three models sequentially. Adding shared resources to
a random effect-only model significantly improved model fitness (χ2

(9)= 54, P < 0.001) and drastically reduced variation in productivity
among providers (proportional change in variance=63%). Adding un-
derlying baseline characteristics (scheduling, patient, and provider
level variables) to the shared resource model slightly improved model
fitness (χ2 (12)= 89, P < 0.001) and only marginally increased var-
iation in productivity (proportional change in variance=3%).

The results of the complete mixed-effects model are presented in
Table 2. Having<1 NP FTE was associated with a 34% increase in
productivity (p=0.018), 1 NP FTE was associated with a 31% increase
in productivity (p= 0.020) and greater than one NP FTE was associated
with an 67% increase in productivity compared to not having an NP
(p= 0.001). Having 1 fellow FTE was associated with a 28% increase in
productivity compared to not having a fellow (P= 0.03). Secretary FTE
was not statistically significant.

3.3. Comparison to other models

In comparing the mixed-effects and GEE models using K-fold cross
validation, the mixed-effects model performed better than the GEE

Table 1a
Distribution of patient covariates by provider and correlation with visits per
clinical session.

Variable Mean Standard
deviation

Correlation with
outcomea

Provider/scheduling characteristics
Provider age 54.9 12.1 −0.186b

Number of clinical
sessions/week

3.7 2.0 −0.387b

Percentage new visits 0.2 0.2 −0.057c

Patient characteristics
Average patient age 66.39 8.85 −0.002
Median income (in 000 s) 83.67 11.95 0.046c

Average Charlson score 1.99 1.10 −0.088b

Percent male 0.61 0.21 −0.015
Percent minority 0.12 0.13 −0.047c

Percent non-English
speaking

0.06 0.09 −0.006

Percent out-of-state 0.14 0.15 −0.037c

Percent Medicaid 0.02 0.06 −0.015
Percent Medicare 0.51 0.22 −0.037c

Percent private insurance 0.47 0.22 0.042c

a Pearson correlation coefficient with clinic visits per session and its statis-
tical significance.

b Statistically significant at< 0.001 significance level.
c Statistically significant at< 0.05 significance level.

Table 1b
Distribution of visits per clinic session by practice resources.

Variable # Providers Visits per session mean (STD) P-Valuea

Full Sample 56 4.9 (3.5)
NP FTEb <0.001

No NP 28 3.8 (2.4)
Shared NP 13 4.8 (2.9)
One NP 11 6.7 (4.0)
> one NP 4 8.3 (4.1)

Fellow FTEc <0.001
No fellow 30 3.8 (2.5)
Shared fellow 7 4.5 (2.2)
One fellow 15 7.2 (4.4)
Two fellow 4 5.3 (3.0)

Secretary FTEd <0.001
One-third or less 13 4.3 (2.7)
Half 32 5.0 (3.4)
Full or more 11 5.4 (4.2)

Season # Visits 0.042
Q1 2015 9351 4.5 (3.3)
Q2 2015 11,888 5.2 (3.6)
Q3 2015 10,627 5.0 (3.5)
Q4 2015 11,105 5.0 (3.5)
Q1 2016 10,069 4.8 (3.2)
Q2 2016 10,634 4.9 (3.5)

a Pearson's chi-squared test of equality of mean of the visits per clinic session
across categories.

b Among those with shared NP, 10 providers have 0.5 FTE and 3 have 0.33
FTE. Among those with more than one NP, 3 have 2 NPs and one has 1.5 NP.

c Among those with shared fellow, 4 have 0.55 FTE and 3 have 0.67 FTE.
d One provider who has 1.5 secretary FTE is grouped as full FTE and one

provider who have no secretary FTE and one who has 0.1 FTE are grouped into
the one third FTE. NP=nurse practitioner, FTE=full time equivalent.

N.M. Butala, et al. Healthcare 7 (2019) 100356

3

http://opensourcedea.org/about/


model (RMSE 2.66 vs 3.02; MAE 1.89 vs 2.20, respectively; Table 3).
Fig. 1 and Table 4 show how the three models rank physician pro-

ductivity. The mixed-effects model was more strongly correlated with
the GEE model (Spearman 0.991) than with the DEA model (Spearman
0.692) or the crude rate (Spearman 0.545). Of note, the DEA model
correlated less strongly with the crude rate (Spearman 0.637) than with
the GEE model (Spearman 0.726).

In examining the results of the DEA model, we found that efficiency
results were extremely sensitive to the inclusion of one provider who
had 12.5 visits per session (the highest among providers). The efficiency
score rankings in the DEA model changed significantly when this pro-
vider was excluded. An additional provider only saw an average of 1.9
patients per session but had an efficiency score of 1 (indicating the
provider is on the frontier), which was misleading. Upon excluding
these outlier observations, the correlation between the mixed-effects
model and the DEA model rankings increased significantly from
Spearman 0.692 to Spearman 0.755 (Table 4). Upon removing these
providers from the mixed-effects model, provider rankings stayed lar-
gely similar. Taken together, these results suggest extreme sensitivity of

the DEA model rankings to potential outliers.

4. Discussion

In this paper, we apply a mixed-effects methodology for evaluating
individual physician clinical productivity in a novel way by in-
corporating aspects of practice-level resource utilization and compare it
to other models for measuring physician productivity. We found that
adjusting for shared practice resources reduced variation among pro-
viders by more than half, but subsequently adjusting for additional
underlying baseline characteristics had only marginal impact on var-
iation. Furthermore, we found that a mixed-effects model outperformed
GEE on K-fold cross validation, and that the mixed-effects model was
much less vulnerable to outliers than DEA in ranking providers ac-
cording to productivity. Variation in physician productivity as mea-
sured by the random effect in our mixed-effects model represents in-
dividual productivity that is not accounted for by differences in shared
group resources. As such, in conjunction with quality metrics, this can
be used as a basis for adjusting compensation with the intent of en-
hancing value in healthcare delivery.

Our model estimates for the effects of shared resources add to the
literature on shared resources and productivity. The estimated pro-
ductivity increase from adding an NP varies widely from 20% to
90%.7,19,20 The 31% increase from one additional NP in our mixed-
effects model falls within this range. The ambulatory clinical pro-
ductivity change from adding an additional trainee varies widely as
well,21 ranging from improvements of up to 3% to losses of up to 8% for
internal medicine residents in aggregate.22,23 We found that an

Table 2
Mixed effect analysis predicting number of visits per clinical session.

Predictors Rate ratio P-value

Mean [95% CI]

Intercept 4.40 1.96 9.88 0.0008
Quarter (ref = Q2_2016)

1st Q 2015 0.90 0.85 0.96 0.0006
2nd Q 2015 1.06 1.01 1.10 0.019
3rd Q 2015 1.02 0.97 1.07 0.473
4th Q 2015 1.00 0.95 1.06 0.8925
1st Q 2016 0.97 0.92 1.02 0.2412

NP FTE (rel = No NP)
<1 FTE 1.34 1.05 1.71 0.0177
1 FTE 1.31 1.04 1.65 0.0199
>1 FTE 1.67 1.25 2.23 0.0005

Fellow FTE (rel = No Fellow)
<1 FTE 1.13 0.88 1.45 0.340
1 FTE 1.28 1.02 1.49 0.0304
>1 FTE 1.04 0.70 1.55 0.8375

Secretary FTE (rel ≤ 0.33)
0.5 FTE 1.12 0.84 1.49 0.4489
≥1 FTE 1.06 0.71 1.57 0.7875

Payor (rel = Per Medicare)
Percent Medicaid 0.99 0.57 1.70 0.9698
Percent private 1.03 0.77 1.38 0.8368

Other Variables
Clinical session 0.90 0.86 0.95 <0.0001
Average patient age 1.01 1.00 1.02 0.2074
Percent male 1.03 0.85 1.26 0.7338
Average charlson score 0.94 0.90 0.98 0.004
Percent out-of-state 0.59 0.45 0.76 <0.001
Median income (in 000 s) 1.00 0.99 1.00 0.2306

NP = nurse practitioner, FTE = full time equivalent.

Table 3
Comparing actual number of visits per clinical session and predicted number of
visits per clinical session using K-fold cross validation.

Model GEE Mixed-effects

RMSE MAE RMSE MAE

K-fold_1 3.43 2.45 2.69 1.92
K-fold_2 2.84 2.07 2.54 1.79
K-fold_3 2.95 2.19 2.70 1.92
K-fold_4 3.06 2.23 2.81 1.96
K-fold_5 2.82 2.06 2.56 1.86
Average 3.02 2.20 2.66 1.89

GEE = Generalized estimating equation, RMSE = root mean squared error,
MAE = mean absolute error.

Fig. 1. Comparing provider ranking among alternative models. Pairwise
Spearman coefficients among different models are 0.991 for mixed-effects vs
GEE, 0.545 for mixed-effects vs crude rate, 0.692 for mixed-effects vs DEA,
0.596 for GEE vs crude rate, 0.726 for GEE vs DEA and 0.637 for crude rate vs
DEA (all p < 0.001). Rankings go from lowest productivity to highest. (e.g. 1
refers to the provider with lowest productivity and 56 with highest pro-
ductivity). GEE=generalized estimating equation, DEA=data envelopment
analysis.

Table 4
Spearman correlation coefficient between different provider ranking methods
with and without excluding outliers.

Models compared All providers Excluding outlier
1

Excluding outlier 2

Crude Rate vs DEA 0.637 0.624 0.684
Crude Rate vs GEE 0.596 0.609 0.602
Crude Rate vs Mixed-effects 0.545 0.553 0.552
GEE vs DEA 0.726 0.720 0.778
Mixed-effects vs DEA 0.692 0.687 0.755
GEE vs Mixed-effects 0.991 0.995 0.992

DEA = data envelopment analysis, GEE = generalized estimating equation.
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additional fellow was associated with an additional 28% increase in
productivity in multivariate analyses, but having less than 1 fellow FTE
or greater than 1 fellow FTE was not statistically significant. Under-
standing whether an optimum clinician-trainee ratio balancing assis-
tance from a trainee clinician with inefficiencies resulting from
teaching time exists would be a rich area for future inquiry. These in-
sights are important for understanding optimal allocation of resources
among providers, especially as practices grow and expand.

Our methodology for measuring outpatient individual physician
clinical productivity extends the existing published models of mea-
suring physician productivity by employing mixed-effects modeling to
account for shared practice resources, which is now increasingly im-
portant given recent healthcare trends. Most academic departments of
medicine measure clinical productivity for compensation purposes, and
84% of these use a standardized unit, such as an RVU generated for
billing purposes, which is akin to measuring productivity using a crude
rate.5 In this study, crude rate had only moderate correlation with the
mixed-effects model (Spearman 0.545), suggesting that our mixed-ef-
fects model would result in substantially different physician pro-
ductivity rankings compared to rankings from currently used RVU-
based productivity measures. While some have augmented RVU-based
metrics to account for research and teaching or to normalize physician
data to account for complexities in billing codes,13,24–26 such metrics
have not yet been refined to account for shared practice resources in the
medical literature. In examining physician productivity with repeated
observations, several clinical studies have used GEE, though none have
controlled for shared practice characteristics.27–29 From a statistical
standpoint, mixed-effects models are better suited for assessing in-
dividual physician clinical productivity than GEE models by the inclu-
sion of a random-effect to account for individual effort. Advanced
analytic models to calculate productivity such as DEA or stochastic
frontier analysis developed in operations and economics literature have
been applied to healthcare,30–38 though most focus on inpatient effi-
ciency or compare variation at aggregated levels, and few control for
shared practice characteristics such as ours to measure individual
physician productivity. In a landmark review of 317 papers on mea-
suring efficiency and productivity in healthcare,30 Hollingsworth finds
that most studies use nonparametric DEA and concludes by suggesting a
need to translate this work to end users such that it can be implemented
in routine clinical practice. Furthermore, a review of 39 studies ap-
plying DEA in the outpatient primary care setting found that much of
the literature targeted researchers and health economists and only 6
studies discussed how to put findings into practice.31 In contrast to
DEA, from a statistical standpoint, the mixed-effects model in our study
enables practices to define and quantify the nature of the relationships
between shared resources and output, which can provide further ac-
tionable insights on resource allocation, otherwise not be available in
DEA, which only generates efficiency scores for each provider.

Our comparison of different models has practical implications for
administrators wanting to measure physician outpatient productivity in
the context of shared practice resources. Several studies have compared
methods to measure productivity, though few have made this com-
parison in healthcare, much less in looking at individual physician
productivity in the clinical outpatient setting.30,39,40 One study com-
paring hospital productivity using different methods found a correla-
tion between a single output constant returns to scale DEA model and a
mixed-effects model ranging from 0.75 to 0.91, depending on mixed-
effects model specification.41 In contrast, our study found a lower
correlation of 0.69 between the ranking of physicians by productivity
calculated using the mixed-effects vs DEA models, but this improved to
0.76 after 2 outliers were removed. As has been noted elsewhere,41–45

we found that DEA is very vulnerable to outliers, and hence care must
be exercised in interpreting DEA results since outliers can be difficult to
identify. Furthermore, in our study, there is relatively little difference in
provider ranking between DEA and crude rate, reflecting the marginal
change in clinical practice from using the DEA model over currently

used RVU-based metrics for physician productivity. Additionally, we
found strong correlation in ranking of providers by productivity be-
tween the mixed-effects and GEE models. In comparing GEE and mixed-
effects methods based on K-score cross validation, we found that the
mixed-effects model had better predictive power, arguing for its use in
clinical practice over GEE. Finally, in comparing different specifications
for the mixed-effects model, we found that including shared resource
variables had higher impact on model fitness than subsequent inclusion
of underlying baseline characteristics, and the addition of underlying
baseline characteristics did not improve provider-level variance sub-
stantially. This has implications for practices where administrative data
regarding shared resources may easily be available, but underlying
patient-level baseline characteristic data may not. In such cases, the
marginal benefit gained from adding these underlying patient-level
baseline characteristics may not be worth the additional cost of ob-
taining this information. In our practice, in response to the results of
this analyses, standard expectations for NP-physician ratios as well as
utilization of clinic rooms have been established and the outpatient
clinics have been centralized.

The findings of our study should be interpreted in the context of its
limitations. First, our study was conducted at a single academic cardi-
ology practice so the extent to which point estimates in the mixed-ef-
fects model are generalizable to other settings is uncertain.
Nevertheless, the application of the underlying mixed-effects metho-
dology is reproducible, so a similar approach could be replicated for
other clinical settings. Second, our measure of productivity does not
consider quality, which is often subjective and difficult to assess, but
remains an important dimension of value-based care. Any attempt to
use our method to adjust compensation should also account for context-
specific quality metrics. Third, the associations between shared practice
resources and physician productivity do not necessarily imply causa-
tion. As such, providing more shared practice resources to less pro-
ductive physicians may not necessarily lead to the same impact on
productivity. Nevertheless, the use of shared practice resources still
imposes a practice-wide cost and accounting for them in physician
productivity rankings may still be helpful in determining individual
physician compensation. Further refining this model is a rich area for
further research, especially as digital administrative data becomes more
easily accessible.

In this work, we apply a risk-standardization methodology used in
public reporting to account for shared resources in measuring in-
dividual physician clinical productivity and compare it to other
methods for measuring physician productivity. Mixed-effects modeling
appears to be superior in terms of predictive performance than GEE and
far less vulnerable to outliers than DEA. By employing mixed-effects
regression analysis of shared resources using otherwise easily accessible
administrative data, practices can evaluate physician clinical pro-
ductivity more fairly and make more informed management decisions
on physician compensation and resource allocation, which can improve
practice efficiency. In conjunction with context-specific quality metrics,
this pragmatic methodology for measuring productivity can be used
more broadly to empower practices to deliver higher-value care.
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