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Abstract Background Health care disparity persists despite vigorous countermeasures. Clini-
cian performance is paramount for equitable care processes and outcomes. However,
precise and valid individual performance measures remain elusive.
Objectives We sought to develop a generalizable, rigorous, risk-adjusted metric for
individual clinician performance (MIP) derived directly from the electronic medical
record (EMR) to provide visual, personalized feedback.
Methods We conceptualized MIP as risk responsiveness, i.e., administering an
increasing number of interventions contingent on patient risk. We embedded MIP in
a hierarchical statistical model, reflecting contemporary nested health care delivery.
We tested MIP by investigating the adherence with prophylactic bundles to reduce the
risk of postoperative nausea and vomiting (PONV), retrieving PONV risk factors and
prophylactic antiemetic interventions from the EMR. We explored the impact of social
determinants of health on MIP.
Results We extracted data from the EMR on 25,980 elective anesthesia cases
performed at Penn State Milton S. Hershey Medical Center between June 3, 2018
and March 31, 2019. Limiting the data by anesthesia Current Procedural Terminology
code and to complete cases with PONV risk and antiemetic interventions, we evaluated
the performance of 83 anesthesia clinicians on 2,211 anesthesia cases. Our metric
demonstrated considerable variance between clinicians in the adherence to risk-
adjusted utilization of antiemetic interventions. Risk seemed to drive utilization only
in few clinicians. We demonstrated the impact of social determinants of health on MIP,
illustrating its utility for health science and disparity research.
Conclusion The strength of our novel measure of individual clinician performance is
its generalizability, as well as its intuitive graphical representation of risk-adjusted
individual performance. However, accuracy, precision and validity, stability over time,
sensitivity to system perturbations, and acceptance among clinicians remain to be
evaluated.
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Background and Significance

Social determinants of health (SoDHs), e.g., socioeconomic
status, race, ethnicity, andgender,mediated through individual
clinician and/or systemic biases lead to drastically inferior
perioperative outcomes.1,2 ►Fig. 1 conceptualizes SoDHs, the
conditions in which people are born, live, learn, work, play,
worship, and age.3 With a concrete example, ►Fig. 2 instan-
tiates mechanisms through which SoDHs can lead to inferior
perioperative outcomes, drawing on the concept of fundamen-
tal causes of disease1; we also illustrated this in a figure
elsewhere.4 Our goal is to offer individual clinicians, teams,
and institutions meaningful feedback on those process dispar-
ities which lead to subpar perioperative outcomes.5–8

Process andperformance are critically important for patient
safety and equitable outcomes.5,9–11 Rigorous assessment of
individual and team performance based on actual clinical care
remains elusive.12 Potential applications include individual-
ized feedback, reporting for pay for performance (P4P),4 health
systems science (HSS) implementation,13 and health care
disparity1,4,6,7,14 and outcomes research. HSS investigates de-
livery of care and implementation of quality improvements,
e.g., predictive clinical decision support (CDS).15

Process and outcome measures are already employed to
evaluatepatient care, processes, andCDS, althoughwithmixed

Fig. 1 Social determinants of health. Up to 80% of preventable
morbidity and mortality in the United States may be attributable to
social, economic, and behavioral factors,1 including in perioperative
medicine.5,7,67,68 The conditions in which people are born, live, learn,
work, play, worship, and age are termed social determinants of
health.3 (R)ace, (E)thnicity, (A)ffiliation, and (L)anguage (REAL) per-
tain to identify attributes. Socioeconomic status (SES) encompasses
scholastic achievement, wealth, social status, and class but also
access to resources or knowledge. REAL and SES both matter.14 Some
determinants are more stable, e.g., gender identity, and others
fluctuate, e.g., income. In their impact of health and outcomes,
individual-level attributes are as important as family-level or com-
munity-level determinants of health.3

Fig. 2 Key drivers behind adherence to guidelines on postoperative nausea and vomiting (PONV) prophylaxis. Important mechanisms that may
lead to the disparities in antiemetic prophylaxis are displayed in this key driver diagram. Collection of risk factors is a prerequisite for risk-adjusted
utilization of interventions to prevent PONV. Risk elicitation can be hindered by individual or systemic bias, e.g., language barriers, clinician
negligence, lack of insurance curtailing preoperative screening, etc. Uniform and standardized collection of risk provides reliable information for
clinical decision making. Still, patient risk data can drive appropriate PONV prophylaxis only if individual risk is accessible in the electronic
medical record and leveraged in automated clinical pathways, which mitigate potential individual clinician bias. Clinical decision support,
standardized nursing protocols, and enhanced recovery programs are all suited to enhance comprehensive and equitable adherence to
guidelines. Granular clinician- or team-level metrics of risk-adjusted adherence can identify localized under- and overutilization and focus on
targeted feedback, training, and process redesign on objective identifiable process disparities.
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results.16 Despite these efforts, the performance of individual
clinicians in the operating room is virtually nondescript to
payers, patients, and even the clinicians themselves.17,18

►Table 1 enumerates characteristics of ideal metrics and
shortcomingsofcurrentunidimensionalmetrics for individual
clinician performance (MIPs). Many suffer from floor and
ceiling effects, lack responsiveness, and are not adjusted for
risk.18 Ideal performance measures should be relevant, valid,
multidimensional, risk-adjusted, irrefutable, and able to dis-
criminate delivery of care by individual clinicians and across
institutions contingenton relevant predictors, e.g., SoDHs.19,20

A metric derived from the electronic medical record (EMR)
would be scalable to larger cohorts and national registries like
the Multicenter Clinical Outcomes Group (MPOG).21 Finally,
MIPs should focus on actions individual clinicians are account-
able for, e.g., for anesthesiologists risk-adjusted prophylaxis of
postoperative nausea and vomiting (PONV).5

To introduce a novel performance metric, we leverage anti-
emetic prophylaxis as both a reflective and a formative con-
struct of perioperative clinician performance and process
quality.5,22 If severe, PONV is associated with complications
such as aspiration or wound dehiscence, and costly unplanned

hospital admissions.23 Process metrics are reflective if they
represent latent, underlying quality, e.g., risk-adjusted anti-
emetic prophylaxismay reflect overall anesthesia quality. Anti-
emeticprophylaxis isalso a formative constructas itmeasuresa
phenomenon of interest, i.e., effective PONV prevention.24

We discussed elsewhere additional aspects that make
antiemetic prophylaxis suitable as one exemplary risk-
adjusted metric of perioperative process quality and equity,
demonstrating in particular that after controlling for PONV
risk, fewer antiemetics are administered in patients of lower
socioeconomic status.5 We hope that risk-adjusted person-
alized feedback might induce (anesthesia) clinicians to
adhere better to prophylactic guidelines and especially pro-
vide more equitable care.12,25–31

Objectives
Our objective is to demonstrate the utility and feasibility of a
new risk-adjusted, multidimensional, visual, and intuitive
performance metric, automatically derived from the EMR, to
serve as a reflective and/or formative construct of perioper-
ative process quality at the individual clinician, team, and
institutional level.32

Table 1 Ideal metric characteristics

Aspects Current metrics Ideal metrics Explanation Example Comment

Dimensionality Unidimensional Multidimensional Measures just one
aspect or action in the
care process

Glucose level was
measured in diabetic
patients before the
surgery (Y/N)

Glucose measurement
is important, but only
one small aspect of
appropriate periopera-
tive management of a
diabetic patient

Range of
instrument

Floor and ceiling effects Relevant performance
differences within the
responsive range

The restricted range of
the metric limits its
utility to discriminate

Percentage of cases
with preoperative
antibiotic administered

With a target of 100%
adherence, differences
between 99 and 98%
may not be informative

Risk
adjustment

Not adjusted for risk Risk adjusted Care should be tailored
to risk, with changing
risk leading to more or
different interventions

Contingent on patient
PONV risk, the number
of pertinent treatment
options are considered

Responsiveness to risk is
an important feature of
process quality in
medicine

Attribution Outside scope of
influence

Irrefutably attributable
to individual clinician

Clinicians should not be
evaluated on aspects of
care they are not
responsible for

On-time procedure start
may be delayed due to
events outside beyond
one’s control

Antiemetic prophylaxis
as the sole domain of
anesthesiologists, is
attributable to the
anesthesia clinician

Discrimination Poor differentiator of
“good” vs. “bad” care
quality

Classifies care quality
reliably and effectively

Precision, accuracy, and
responsiveness influ-
ence the ability of a
metric to classify

Postsurgical infection
rates fluctuate and
depend on multiple
process factors

Improving discrimina-
tion often increases
time, effort, and cost of
the assessment

Cost Manual or additional
documentation or
extraction drives cost of
classical metrics

Automated extraction
of processes already
documented during
routine delivery of care

Curated electronic
clinical records with
controlled vocabulary
facilitate metrics

In most EMRs, PONV risk
and antiemetics are
documented routinely

Automated process
evaluation starts with
machine-legible process
documentation

Abbreviations: EMR, electronic medical record; PONV, postoperative nausea and vomiting.
Note: This table enumerates and contrasts characteristics of current suboptimal versus ideal process metrics with examples and comments in the
right two columns. Constraint by the cost and effort going into documentation, extraction and cleaning of process data, many currently employed
perioperative metrics are not ideal. The Multicenter Perioperative Outcomes Group has a quality-improvement arm called ASPIRE, which offers
individualizedmonthly feedback to clinicians on their actual performance with regards to several quality measures.62 For example, MPOG reports on
the number of times the clinician treated high glucose with a time window, focused on one dimension of perioperative diabetic management, failed
for example to consider if glucose levels were checked when they should be, or how high glucose levels were.With a target of 100% adherence, such a
metric may lack the range and responsiveness to effectively distinguish quality care from subpar performance. Ideal metrics adjust for patient risk in
considering the number or quality of interventions. Risk responsiveness may be one of the most important characteristics of good-quality metrics.
Finally, clinicians can only be held accountable for processes they are controlling. Irrefutable attribution is hence likely important for clinical
acceptance of a performance metric. Together with procedural justice, the aforementioned characteristics have been shown to enhance physician
responses to feedback.69
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Hypothesis
Our hypothesis is that risk-adjusted adherence to established
PONV guidelines can be leveraged for personalized visual
feedback on the (equitable) performance of individual clini-
cians and to investigate health care delivery processes
quantitatively.

Methods

First in concept, we conceptualize and improve our MIP to
demonstrate the utility for personalized feedback on (equi-
table) performance (►Fig. 3 and ►Supplementary Fig. S1

[available in the online version]). Second in case study, we
describe an observational prospective cohort case study on
perioperative antiemetic prophylaxis to demonstrate the
utility and feasibility of MIP for quantitative comparative
HSS, following the STROBE (Strengthening the Reporting of
Observational Studies in Epidemiology) guidelines.33 In sta-

tistical modeling, we propose modeling approaches, but we
did not perform a quantitative statistical analysis.

Concept

Risk Responsiveness as a Generalizable Individual
Performance Metric
We developed a generalizable visual concept to measure indi-
vidual provider performance (MIP) for personalized feedback
and HSS. Individual clinician performance is conceptualized as
risk responsiveness in utilizing (prophylactic) interventions, for
example, anesthesia clinicians select and administer PONV
medications according to the presence of PONV risk factors
(young age, nonsmoker, previous PONV history, and female
gender). This is assessed as a count of separable intervention
items under the control of the individual clinicians adminis-
tered contingent on the number of risk factors motivating the
(prophylactic) intervention. As a concrete clinical example, we

Fig. 3 Performance metric conceptualization. Panel (A) visualizes risk-adjusted adherence to guidelines for an individual clinician by plotting
anesthesia cases with PONV risk in the x-axis and the number of interventions in the y-axis (simulated data). The dots represent individual
anesthesia case and are “jittered” to expose overlapping data points. The distribution of the number of interventions administered in each risk
category is better summarized in panel (B) by overlaying a violin plot onto the “jitter plot.” Finally, a fitted regression line provides a summary
measure for the individual clinician’s risk-adjusted utilization of PONV prophylaxis in panel (C). The intercept and slope of the regression line can
serve as quantitative measures of risk responsiveness of an individual clinician. Panel (D) demonstrates good adherence. The clinician responded
to increased patient risk with additional interventions for high-risk patients, leading to a low intercept and a steep regression line. Less
discriminate administration of prophylaxis is evident in panel (E), with a high intercept and an almost flat regression line indicating
indiscriminate utilization of prophylaxis following a “one-size-fits-all” approach. The graphical representation of our proposed measure of
individual clinician performance is both quantitative and intuitive, allowing us to compare adherence of two distinct groups (red vs. blue) of
individual clinicians (thin lines) and institutional averages (darker thicker lines) visually and numerically, as shown in panel (F). PONV,
postoperative nausea and vomiting.
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consider the administration of antiemetic interventions con-
tingent on known and accepted patient risk factors for PONVas
a formative and reflective measure of clinician-specific anes-
thesia quality, visualized with simulated data in ►Fig. 3. For
quantitative comparison between clinicians, the slope and the
intercept of the regression line across a scatter plot can serve as
a numerical reflection on how the individual clinician on
average adjusts the number of interventions to match the risk
of the individual patient (►Fig. 3).

Comparing Risk Responsiveness between Individual
Clinicians
In ►Fig. 3, we contrast the good adherence of one clinician
(panel D) against the poorer adherence of another clinician in
panel E (using simulated data to illustrate the concept).
While the clinician in panel D on average increases the
number of prophylactic interventions contingent on the
risk profile of the patients, the clinician in panel E is treating
high-risk cases with a similar number of interventions as
low-risk cases, which is not responsive to the risk of the
individual patient. For example, as illustrated in ►Fig. 4, an
older male smoker with no history of PONV (risk¼ 0)
requires little or no antiemetic prophylaxis (recommended
number of interventions¼ 0). On the other hand, a young
female nonsmoker with a history of PONV (risk¼ 4) would
benefit from receiving several interventions (ideal number of
interventions¼ 6–10) to reduce her risk of PONV.22,30,34

Our MIP concept allows us to investigate and contrast risk
responsiveness of groups, (between institutions or before or
after an intervention to enhance adherence), and to explore
team dynamics. In ►Fig. 3(F), we contrast two groups of
cliniciansfromdifferent institutionsusingsimulateddata. Local

culture and accessibility or availability of individual interven-
tions can impact the observed performance (responsiveness to
individualpatient risk)of individual clinicians, leading toflatter
regression curves in one institution and steeper response
curves in others. Additionally, we might compare clinician
performance before versus after an intervention, e.g., the
implementation of CDS to improve adherence with guidelines
or targeted feedback. Finally,we canexplore teamperformance
anddynamics in clinical dyads, in otherwords the adherence of
clinical care teammembers (residents and nurse anesthetists)
under the supervision of attending physicians (►Fig. 5).

Comparing Process Equity between Clinicians
We leverage the new metric to investigate process disparity
at the level of the individual clinician, who may treat differ-
ent groups of patients differently contingent on patients’
SoDHs. SoDHs are explained in ►Fig. 1. A clinician may on
average administer less prophylaxis to minority patients
versus white patients or contingent on insurance status,5

as suggested based on clinical data in ►Fig. 4.

Case Study
In our case study, we tested the MIP concept with clinical
data on risk-adjusted perioperative antiemetic prophylaxis
derived from the EMR.

Data Extraction
We tested the concept of MIP delineated above in clinical data
obtained from the perioperative EMR (Cerner, Kansas City,
Missouri, United States) and associated billing systems, using
SAP BusinessObjects (SAP, Walldorf, Baden-Württemberg,
Germany). To facilitate retrieval, data were assigned a Cerner

Fig. 4 Performance disparity between individual performances of several clinicians, employing the metric proposed. Extracting clinical data
from the electronic medical record of Penn State Milton S. Hershey Medical Center, we compare the risk-adjusted adherence to PONV prophylaxis
of our anesthesia clinicians using our individual clinician performance metric (MIP), as explained in►Fig. 3. The x-axis indicates PONV risk, the y-
axis the number of antiemetic interventions administered for an individual patient, each case represented by a dot. Panel (A) shows a risk-
responsive clinician with good adherence, as the clinician administers more interventions contingent on patient risk. For a low-risk case (light red
dot at [0, 2]) fewer interventions are administered than for a high-risk patient (the dark blue dot at [4, 5]), leading to a step regression line. Panel
(B) shows a clinician less discriminate in the utilization of prophylaxis, summarized by a MIP regression line that is rather flat. In panel (C), we
leverage the new metric to investigate process disparity at the level of the individual clinician. Panel (C) shows how a specific clinician treats
different groups of patients differently when we grouped patients by social determinants of health (SoDHs), in this case minority patients versus
white patients. SoDHs are explained in ►Fig. 1. However, we urge caution in the prima facie interpretation of the suggested individual clinician
bias leading to the observed disparity. Validity and stability of our model are still to be confirmed. Furthermore, local institutional effects may
dominate the performance of an individual clinician, meaning the constraints of the health system may overwhelm or force the hand of the
individual. PONV, postoperative nausea and vomiting.
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Knowledge Index. Clinical data were documented during the
routine clinical care of adult patients undergoing elective
surgery at the Penn State Milton S. Hershey Medical Center
(PSHMC) through various Cerner “PowerCharts” and “Power-
Forms” capturingmost patients scheduled for elective surgery
(►Supplementary Fig. S2, available in the online version).We
extracted antiemetic risk and antiemetic interventions from
anesthesia records for the 25,980 patients who underwent
elective surgery in the period between June 3, 2018 and
March 31, 2019.

The unit of analysis for the performance metric is the
individual anesthesia clinician (an attending physician or
nurse anesthetist). We identified individual anesthesia clini-
cians from the billing record. We de-identified clinicians at
data extraction by assigning them a random integer to
protect their privacy. For cases where more than one clini-
cian was providing the anesthesia service, we attributed the
case to thefirst anesthesiologist attendingon the case. On the
same or subsequent visits, a patient may undergo anesthesia
repeatedly. We counted these as separate observations,

Fig. 5 Effect of supervision on performance. Panel (A) demonstrates how different attending physicians may influence the performance of those
working under their direct supervision, such as nurse anesthetists (or residents) or vice versa. For each clinician dyad (attending/certified
registered nurse anesthetist [CRNA]), risk is in the x-axis against the number of interventions in the y-axis. Better adherence to risk-adjusted
prophylaxis is represented by a steeper regression line. The supervising attending (A, B, or C) may be exerting a heavy influence on the
performance of CRNA A, significantly improving adherence compared with attending C, but attending B seems less influential (simulated data).
Panel (B) (similar axes) illustrates how a supervising attendingmay attenuate or accentuate the disparity in adherence to risk-adjusted utilization
of interventions in a given CRNA, contingent on social determinants of health (simulated data). Our proposed metric could be used in team
systems to investigate the impact of system perturbations or patient characteristics on perioperative clinician dyads. But the question remains:
who is influencing whom? May be the nurse anesthetists and residents are in fact “managing up,” i.e., exerting an influence on the attendings
they work with? (The figure is specifically created to suit the above explanation by making the slope of the regression line of the supervised
provider contingent on the supervising attending physician.)
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without statistical adjustment for repeated observations.
This simplification reflects the regulatory constraints of
working with de-identified data.

We counted the pre- and intraoperative administration of
dexamethasone, ondansetron, aprepitant, and scopolamine
as pharmacological prophylaxis; we counted the pre- and
intraoperative use of acetaminophen and ketorolac, regard-
less of the time or route of administration as adjuvant
medications to reduce the opioid requirements. We counted
the use of total intravenous anesthesia, the complete avoid-
ance of nitrous oxide, and the use of regional blocks or
neuraxial anesthesia (detected as intraoperative use of bupi-
vacaine, chloroprocaine, or ropivacaine), among the intra-
operative anesthesia choices. The count of prophylactic
antiemetic interventions ranged from 0 to 10. We extracted
four patient-specific risk factors for PONV from the EMR:
patient younger than 50 years of age, female sex, nonsmok-
ing status, and positivehistory for PONVwere counted as risk
factors, resulting in a final risk score for each patient ranging
from 0 to 4. TheMIP visualizes the individual performance of
each clinician in ►Supplementary Fig. S3 (available in the
online version).

Exploring Social Determinants of Health to Elicit
Variability in Health System Processes
As an exploratory analysis, patient-reported billing-derived
SoDHs were obtained to differentiate how clinicians may
adjust their actions to patient risk differently inpatient groups
defined by social (as opposed to medical) indicators. We
extracted self-reported race from billing records, despite
recognized limitations of billing records on race.3,35 We ap-
plied our MIP concept to visually inspect the effect of race on
the risk responsiveness of individual clinicians (►Fig. 4

and►Supplementary Fig. S4, available in the online version).5

Statistical Modeling
The complexities of modeling the proposedMIP are sketched
briefly in ►Supplementary Appendix A (available in the
online version), but attrition limited our available data.
Instead we focus on demonstrating feasibility and utility of
the conceptual approach.

Whilewe considered the Conway–Maxwell–Poisson (CMP)
distribution, a generalization of the Poisson distribution,
hierarchicalmodeling (with several levels) of a positive integer
outcome using discrete distributions like the CMP can become
complicatedwith the available software. Insteadwe employed
a simplex vector and the concept of majorization (an ordering
on nonnegative vectors), to model the MIP in the typical
hierarchical context of contemporary medical care in the
United States, as described in greater detail andmore formally
in ►Supplementary Appendix A (available in the online
version), developed in cooperation with Jonah Gabry and
Benjamin Goodrich of GG services, New York, United States.

Software Used
We used R/Rstudio, and packages knitr, readxl, dplyr, and
ggplot2 for data importing, wrangling, and visualization,
respectively.36–40

Results

Data Extraction and Cleaning
We extracted data from the EMR on risk-adjusted utilization
of antiemetic prophylaxis from 25,980 elective anesthesia
cases performed at PSHMC in the time between June 3, 2018
and March 31, 2019. The flow diagram in ►Fig. 6 depicts the
number of caseswith complete data for the various subsets in
the data cleaning and filtering process of our clinical cohort.
Of the total 25,980 cases, only 3,969 cases had complete data
regarding all patient-risk factors for PONV. Of these, all had
complete data detailing the interventions considered in our
analysis. We limited the data to cases with anesthesia
Current Procedural Terminology (CPT) codes as defined by
MPOG for their performance metric on PONV, leaving 2,211
cases to implement and test ourMIP. All of these cases had an
individual (first) anesthesia clinician identified. We enumer-
ated the number of cases byclinician, dividing the population
into three groups according to the number of cases with
complete data for an individual clinician: 8 anesthesia clini-
cians had complete data on over 50 unique anesthesia cases,
43 anesthesia clinicians on over 25 cases, and 61 on over 10
cases. For our exploratory analysis, we further limited the
data to those 2,210 cases with complete data on race and
focused on the 26 anesthesia clinicians providing anesthesia
on greater than or equal to 5 minority patients. Typically,
clinicians administer approximately 500 cases per year.

Patient Demographics and Case Characteristics
Patient demographics and case characteristics are tabulated
in ►Table 2. The proportion of male patients was 40.8%. The
ages of patients ranged from 18 to 90, with a median of 48
and interquartile range of 27. We excluded patients younger
than 18 years of age. The most commonly reported race was
white (86.6%). In total, 1% identified as Asian American, 5.7%
as African American, and 6% as other minority or of mixed
descendance. By the anesthesia CPT code, the highest frac-
tion of case was lower or upper abdominal procedures
(19.9%). By primary surgical CTP codes, the most frequent
procedures in our cohort were surgery of the lower abdomen
00840 (13.9%), surgery of the upper abdomen 00790 (6%),
and surgery on the chest wall and shoulder girdle 00400
(5.5%).

Patient Risk Factors
The individual and aggregate patient risk factors and anti-
emetic interventions administered are summarized
in ►Table 3. The patient risk factors for PONV ranged from
0 to 4. After calculating the risk scores for patients, the
median number of risks factors was 3 with an interquartile
range of 2. 57 patients reported no risk factors, 565 reported
one, 827 two, 648 three, and 114 four risk factors, which is
representative of the general population undergoing anes-
thesia in the United States. In total, 85.3% of the patientswere
identified as nonsmokers, 12.8% reported a history of PONV,
59.2% had female gender as a risk factor for PONV, and 51.7%
were under 50 years of age, increasing their risk of PONV, as
well.
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Utilization of Antiemetic Prophylaxis and Anesthesia
Choices
Patient risk factors, antiemetic interventions, and anesthesia
choices are tabulated in detail in ►Table 3. Regional anes-
thesia was administered in 3.1% of the cases. Preoperative
antiemetic prophylaxis with aprepitant was administered in
109 cases (4.9%). Scopolamine was provided in 57 cases
(2.6%). Intraoperatively, 1,602 cases received dexametha-
sone and 1,880 cases received ondansetron. In 12.3% of cases,
no volatile anesthetic (i.e., sevoflurane, the commonly used
agent at our institution) was administered and in 12.9% of
cases no nitrous oxide was administered, both choices
reducing the risk of PONV. Ketorolac was administered in
477 cases (21.6%), while acetaminophenwas administered in
1,649 cases (74.6%), with their opioid sparing effects reduc-
ing the risk of PONV. The median of the cumulative number
of interventions givenwas 4, with an interquartile range of 2.

►Supplementary Fig. S3 (available in the online version)
summarizes clinician risk-adjusted adherence to antiemetic
prophylaxis in our clinical cohort with a summary line in red
for all clinicians. Uneven distribution across PONV risk
categories is evident as well as increasing utilization of
prophylaxis with risk. We also observed considerable varia-
tion among clinicians as to what extent they respond to
PONV risk in their individual patient with additional pro-
phylactic interventions.34 The overall slope of responsive-
ness to risk is disappointingly flat, suggesting a somewhat
undiscerning utilization of PONV prophylaxis, which we
discuss critically further below.

Individual Performance Variability
In ►Fig. 4, panels A and B provide exemplary plots of the
proposed MIP, displaying the variable risk-adjusted utili-

zation of antiemetic prophylaxis for two individual clini-
cians. In ►Supplementary Fig. S1 (available in the online
version), a faceted plot by individual attending anesthesi-
ologist, we report the MIP graphically for those anesthesia
clinicians with complete information on greater than or
equal to five cases, again showing tremendous variability
in how individual clinicians respond to the same patient
risk. Each panel represents a unique clinician. Panels for
anesthesia clinicians are organized in a descending order
from highest to lowest number of anesthesia cases per
attending anesthesiologist.

Exploratory Analysis on the Impact of Social Determinants of
Health on Individual Clinician Performance
In panel C of►Fig. 4, we color-coded cases by the self-reported
race of the patient for an individual clinician, as an example of
the possible utility of our performance metric in investigating
the impact of patient SoDHs on perioperative processes, with
details down to the granular level of individual clinician on the
patient-specific risk-adjusted utilization of a prophylactic
bundle to prevent PONV.41 It appears that the clinician in
panel C is systematically administering more interventions in
cases with white patients compared with cases withminority
patients. Additional examples for individual clinician
performance, differentiated by patients’ SoDHs, are shown in
►Supplementary Fig. S4 (available in the online version).

Quantitative Analysis
Bayesian hierarchical models, described in►Supplementary

Appendix A (available in the online version) and ran on a
personal laptop in parallel with four processors, were
converging effectively in minutes. However, we chose not
to report the result of our quantitative analysis. We had

Fig. 6 Flow diagram. The flow diagram depicts the data-cleaning steps involved in filtering the cohort of Penn State Milton S. Hershey Medical Center
anesthesia cases.Missing data hindered our analysis and only 2,211 cases of the total 3,969 anesthetics delivered had complete data regarding all patient-risk
factors for PONVand antiemetic interventions administered.MPOGdefined anesthesia CPT codes for their PONVperformancemetric and limiting our data to
these left 2,211 cases to implement and test our individual clinician metric. The individual (first) anesthesia clinician was identified in all cases. Dividing the
population into threegroupsaccording to thenumberofcaseswithcompletedata for an individual clinician,weenumerated thenumberofcasesbyclinician:8
anesthesiologists had completedataonover 50uniqueanesthesia cases,43 anesthesia cliniciansonover 25 cases, and61onover 10cases. For ourexploratory
analysis, we further limited the data to those 2,210 caseswith completedata on race and focusedon the26anesthesia cliniciansproviding anesthesia onmore
than 5 patients. CPT, Current Procedural Terminology; MPOG, Multicenter Clinical Outcomes Group; PONV, postoperative nausea and vomiting.
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concerns about attrition and selection bias and the limited
number of data points for individual clinicians. This may
lead to instability in analytic modeling, in particular for the
investigation of process disparities driven by SoDHs, leading
us to abstain from reporting the results of a formal quanti-
tative statistical analysis.

Table 2 Patient demographics and case characteristics

Total (%)

Total anesthetics 2,211

Male gender (%) 901 (40.8)

Age (%)

18–49 1,142 (51.7)

50–64 607 (27.5)

65–79 360 (16.3)

80þ 102 (4.6)

Patient race (%)

American Indian/Alaskan Native 6 (0.3)

Asian 22 (1.0)

Black or African American 126 (5.7)

Native Hawaiian or Pacific Islander 1 (0.0)

Other race 105 (4.7)

Two or more races 28 (1.3)

Unavailable 8 (0.4)

White 1,914 (86.6)

NA 1 (0.0)

Anesthesia CPT codes (top 10) (%)

00840 [surgery lower abdomen] 307 (13.9)

00790 [surgery upper abdomen] 132 (6.0)

00400 [skin, ext/per/atrunk] 122 (5.5)

01480 [open procedures on bones
of lower leg, ankle, foot]

91 (4.1)

00910 [bladder surgery] 87 (3.9)

00300 [head/neck/ptrunk] 75 (3.4)

01961 [cesarean delivery] 69 (3.1)

00320 [neck organ, 1 and over 0] 62 (2.8)

00520 [closed chest procedures] 56 (2.5)

01230 [surgery of femur upper two-thirds] 56 (2.5)

Other 1,154 (52.2)

Surgical procedures (top 10) (%)

ANESTH SURG LOWER ABDOMEN 307 (13.9)

ANESTH SURG UPPER ABDOMEN 140 (6.3)

ANESTH SPINE CORD SURGERY 132 (6.0)

ANESTH SKIN EXT/PER/ATRUNK 122 (5.5)

ANESTH LOWER LEG BONE SURG 91 (4.1)

ANESTH BLADDER SURGERY 87 (3.9)

ANESTH HEAD/NECK/PTRUNK 75 (3.4)

ANESTH CS DELIVERY 69 (3.1)

ANESTH NECK ORGAN 1YR/> 60 (2.7)

ANESTH LOWER ARM SURGERY 56 (2.5)

Other 1,072 (48.5)

Abbreviations: CPT, Current Procedural Terminology; NA, not available.
Note: This table summarizes the demographics of the patients who
received anesthesia, tabulating their age, race, ethnicity, and gender.
The unit of analysis is the anesthesia record and de-identification of
patients meant that individual patients who received several anes-
thetics might have been double counted in our study. The table also
summarizes anesthesia CPT codes and the surgical procedures to
describe the most frequent surgeries these patients underwent.

Table 3 Patient risk factors, antiemetic interventions, and
anesthesia choices

Overall

N 2,211

Patients younger than 50 (%) 1,142 (51.7)

History of PONV (%) 282 (12.8)

No history of smoking (%) 1,885 (85.3)

Female gender (%) 1,310 (59.2)

Risk levels (%)

0 57 (2.6)

1 565 (25.6)

2 827 (37.4)

3 648 (29.3)

4 114 (5.2)

Sevoflurane not used (%) 272 (12.3)

N2O not used (%) 285 (12.9)

Dexamethasone (%) 1,602 (72.5)

Ondansetron (%) 1,880 (85.0)

Scopolamine (%) 57 (2.6)

Regional anesthesia used (%) 68 (3.1)

Aprepitant (%) 109 (4.9)

Propofol (%) 506 (22.9)

Bupivacaine (%) 13 (0.6)

Ropivacaine (%) 2 (0.1)

Acetaminophen (%) 1,649 (74.6)

Ketorolac (%) 477 (21.6)

Interventions used (%)

0 18 (0.8)

1 102 (4.6)

2 438 (19.8)

3 909 (41.1)

4 541 (24.5)

5 170 (7.7)

6 30 (1.4)

7 3 (0.1)

Abbreviation: PONV, postoperative nausea and vomiting.
Note: This table summarizes risk factors and corresponding antiemetic
interventions chosen by the clinicians. The table details the elicited
patient risk factors, the antiemetic interventions and anesthesia choices
(including the use of volatile anesthesia gases like sevoflurane (the
commonly used volatile anesthetic at our institution) and nitrous oxide
(N2O), including interventions to mitigate the risk of PONV with
medications (Aprepitant, Ondansetron, Dexamethasone), or adjuvant
pain modalities (acetaminophen, ketorolac, or local anesthetics) to
reduce the amount of opioids administered, to reduce the risk of PONV.

Applied Clinical Informatics Vol. 11 No. 3/2020

A Risk-Adjusted Performance Metric Andreae et al. 505

T
hi

s 
do

cu
m

en
t w

as
 d

ow
nl

oa
de

d 
fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 U
na

ut
ho

riz
ed

 d
is

tr
ib

ut
io

n 
is

 s
tr

ic
tly

 p
ro

hi
bi

te
d.



Discussion

Leveraging data derived directly from EMRs, we constructed
a novel intuitive, visual, perioperative MIP (►Figs. 3 and 4),
grounded in a realistic hierarchical model of contemporary
health care (►Supplementary Appendix A, available in the
online version).42

We choose to instantiate our model with perioperative
antiemetic prophylaxis12,25,43 as a prime example where
individual clinicians can enhance value-based care.44 PONV
is a still highly common occurrence,22,45 and cited by patients
as among themost undesirable outcomes after surgery.46 The
costs to the patient and to the health system from PONV, such
as a longer length of stay, have been consistently demonstrat-
ed.47 We hypothesize that our model could be leveraged to
improve value and reduce cost by providing clinicians, teams,
and institutions individual feedback about their risk-adjusted
adherence to PONVguidelines, and by encouraging discussion
of shortcomings in PONV prophylaxis.

MIP summarizes individual performance as a regression
line of risk against interventions for a set of patients under
the care of the clinician. The example of antiemetic prophy-
laxis revealed that clinicians in our sample are underutilizing
and/or overutilizing the PONV interventions in the patients
they treat. As an exploratory analysis, we examined the
utility of the metric to investigate how SoDHs might impact
clinician performance and disparity in health care processes
(►Fig. 4).48,49 Our MIP is novel in that it (1) considers a
bundle of interventions under the control of the individual
clinician, (2) adjusts for patient risk and allows for clinician
discretion, (3) is completely automated, extracted from the
EMR, and (4) measures the performance of individual clini-
cians during routine clinical care.

We are unaware of any perioperative MIP with these
features to date.17,42,50,51 The MPOG has developed specific
process measures to quantify perioperative performance.
Specifically, MPOG can report on individual anesthesia clini-
cian utilizing PONV prophylaxis.52 They fall short of estimat-
ing the (1) overutilization of PONV medications, (2) the
gradient of risk responsiveness for a clinician, or (3) many
additional possible choices open to the anesthesiologist to
mitigate PONV in high-risk individuals.

Overutilization of antiemetic prophylaxis is wasteful and
costly, given that the cost of strong newer antiemetics is
around US$100 per treatment.53 Overutilization may have
adverse effects as their indiscriminate use carries risks,
including cardiac arrhythmias, impaired glycemic control,
tumor lysis, dysphoria, other psychiatric effects, unplanned
pregnancies, etc.5,54,55

Theneed for specific, intuitive, visual, and individualMIPhas
become apparent as thehealth care systems shift fromvolume-
based reimbursement to value-based care and P4P.4,17,18,44

Objective and fair assessment of clinical performance in the
perioperative setting is critical for focused education,meaning-
ful feedback and incentives, and for HSS. Both under- and
overutilization can be evaluated with our metric, for example
to (1) investigate perioperative clinician dyads (attending/resi-
dent, attending/nurse anesthetist),56 (2) explore the impact of

CDS on risk-adjusted utilization of resources,57–59 or (3) evalu-
ate clinician, team, and/or institutional improvements in
enhancing value or adherence to guidelines,22 and (4) report
qualitymeasures to P4P programs that are relevant to the scope
of practice of anesthesiologists and linked to outcomes.17

Strengths and Limitations
Our model is able to differentiate risk-adjusted over- and
underutilization of PONV prophylaxis comparing clinicians,
teams, and institutions. Some clinicians in our cohort admin-
ister the same low number of antiemetic interventions to all
patients, disregarding individualpatient risk. Such therapeutic
nihilism is misplaced and negates the impact of diligent
clinicians onperioperative outcomes.Weposit that indiscrim-
inate use (or avoidance) of antiemetic interventions indicates
subpar perioperative care.

We concede that attributing the case to the first attending
clinician, if several clinicians are involved, is a limitation, as
antiemetics are also administered at the end. However, the
initial clinician is responsible to ensure adequate care tran-
sition at hand-over.

Our exploratory analysis of the utility of our metric to
investigate perioperative process disparities down to the
granular level of the individual clinician level is innovative.
Previous studies demonstrated disparities between popula-
tions, (e.g., in the risk-adjusted utilization of PONV prophylax-
is),5 but failed to measure and attribute disparities at the
individual clinician level. Still, didwefind a disconcerting case
of health care disparity attributable to an individual clinician?
We caution against drawing premature conclusions from our
observations, which we discuss and illustrate in ►Fig. 2.

Process measures like our proposed metric focus on “what
the doctor does” rather than on “how the patient does,” an
important criticism in comparison to outcome measures.17

However, P4P incentives may inadvertently worsen health
care disparity for example through cherry-picking, i.e., select-
ing patients with SoDHs (►Fig. 1) that predict favorable out-
comes.5,49,60Risk-adjustedprocessmeasures, likeourMIP,may
be used to prevent or monitor unintended exacerbations of
health system disparity through P4P programs.48

The clinical implementation of our metric raised further
questions. Extracting clearly defined operational measures
on a larger scale from our EMR proved challenging. We noted
that key risk factors were inconsistently elicited and docu-
mented by clinicians, e.g., history of motion sickness. Lack of
salient data precludes adherence with risk-adjusted utiliza-
tion and may induce clinician bias (►Supplementary Fig. S2,
available in the online version). PONV prophylaxis adminis-
tration is documented in many locations by various profes-
sionals, making it difficult to effectively utilize or extract the
information.

Test R-test reliability would translate to seeing a consis-
tent result whenmeasuring the performance of an individual
(or a group of clinicians) over repeated periods, i.e., obtaining
a similar estimate of responsiveness to risk for the months of
November and December. For example, our metric would
demonstrate that a given provider’s regression line is similar
over time (in slope and intercept). In this study, we simply
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had too few data points for individual providers to demon-
strate this but shall investigate reliability as we collect more
data over a longer time period.

Given the lack of any accepted gold standard performance
metric for anesthesiologists,61–64 establishing the construct
validity of our metric to assess individual clinician perfor-
mance will be challenging (as we discussed this also else-
where).5 Reviewers and colleagues questioned if adherence
to PONVguidelines (alone) reflects on underlying anesthesia
quality.5 Face validity of the formative construct is more
credible, as both risk factors and appropriate antiemetic
prophylaxis are uncontroversial.65 Both reliability and con-
struct validity remain to be evaluated in future research.

Attribution to Individual Clinicians
Our performance metric will only be valid if it focuses on
interventions under individual clinician control. The interven-
tions considered are under the influence of clinicians, but also
contingent on team performance.5 System factors may impact
the individual clinician utilization of interventions. A case in
point is the process disparity observed in►Fig. 4(C). While the
apparent underutilization of risk-adjusted PONVprophylaxis in
minority patients should raise concerns, the data are no proof
that the clinician in panel C is driven by implicit or explicit bias,
or guilty of providing inferior care tominority patients (deliber-
ately or driven through implicit or explicit bias).

Instead of targeting individuals for perceived negligence,
systems-based interventions should seek to re-engineer care
processes to prevent patient harm in the face of misaligned
resources and fallible human clinicians. We propose to
develop MIP into an additional quality metric, which, with
perioperative qualified data registries like ASPIRE/MPOG,
could feed back to individual clinicians to inform them on
their equitable care.62 We discuss key drivers of appropriate
antiemetic prophylaxis in ►Fig. 2. One of the many possible
explanations for the systematic underutilization of risk-
adjusted prophylaxis is the unavailability of medication in
care settings where minority patients are treated, which
might lead to underutilization. The proposed precise and
granular process performance metric, fine-tuned with
SoDHs, (►Fig. 1) may help us define key drivers and confront
disparities effectively.66

Conclusion

Our MIP may serve as an objective, precise, intuitive, visual,
and personalized assessment of risk-adjusted adherence to
carebundles, allowing clinicians to compare themselveswith
their peers, in or outside their own institution, or to explore
differences in institutional performances down to the indi-
vidual clinician level (►Fig. 3). Our model is generalizable,
yet exemplified in a domain under the sole control of
individual anesthesia clinicians, risk-adjusted antiemetic
prophylaxis. Utilizing EMR data at PSHMC, our model was
sensitive to treatment disparities at the clinician level
between patients (►Fig. 4), e.g., contingent on SoDHs
(►Fig. 1) and to both underutilization and overutilization
of interventions. Our metric is risk-adjusted, yet leaves room

for professional discretion. Our hierarchical model is scalable
to national registries, but granular to the individual clinician.
Importantly, our metric can give clinicians personalized
intuitive visual feedback to boost adherence. We admit
that clinical implementation implies complex changes to
EMRs and workflow. The metric requires great caution in
implementation to avoid capricious inferences. We still need
to investigate if the model is robust, accurate, unbiased, and
stable over time. However, our model is an important step
toward measuring individual clinician performance for HSS.

Clinical Relevance Statement

EMR-derived, automated, risk-adjusted perioperative indi-
vidual clinician performance assessment remains elusive, but
would be valuable for HSS, quality improvement, and health
care disparity research. We tested a multidimensional risk-
adjusted metric to assess individual clinician adherence to
guidelines on comprehensive prophylactic bundles to reduce
the risk of PONV. Our metric is an example of a generalizable
approach allowing investigation of individual and team
performance based on data automatically documented dur-
ing the routine delivery of clinical care.

Multiple Choice Questions

1. A reflective construct of clinician performance would be
construed to measure:
a. A phenomenon of interest
b. A latent quality
c. The effect of interventions
d. The clinician perspective of events
Correct Answer: The correct answer is option b.

2. Ideal clinician performance measures should be:
a. Risk-adjusted
b. Risk-indifferent
c. Indiscriminate
d. Refutable
Correct Answer: The correct answer is option a.

3. Multidimensional performance metrics typically:
a. Suffer from floor and ceiling effects
b. Are risk-indifferent
c. Are more responsive
d. Are irrefutable
Correct Answer: The correct answer is option c.
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