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Surgical Risk Preoperative Assessment System (SURPAS)

lll. Accurate Preoperative Prediction of 8 Adverse Outcomes
Using 8 Predictor Variables

Robert A. Meguid, MD, MPH,"{ Michael R. Bronsert, PhD, MS,*} Elizabeth Juarez-Colunga, PhD," 1§
Karl E. Hammermeister, MD,*19 and William G. Henderson, PhD, MPH*1§

Objective: To develop accurate preoperative risk prediction models for
multiple adverse postoperative outcomes applicable to a broad surgical
population using a parsimonious common set of risk variables and outcomes.
Summary Background Data: Currently, preoperative assessment of surgical
risk is largely based on subjective clinician experience. We propose a
paradigm shift from the current postoperative risk adjustment for cross-
hospital comparison to patient-centered quantitative risk assessment during
the preoperative evaluation.

Methods: We identify the most common and important predictor variables of
postoperative mortality, overall morbidity, and 6 complication clusters from
previously published prediction analyses that used forward selection stepwise
logistic regression. We then refit the prediction models using only the 8 most
common and important predictor variables, and compare the discrimination
and calibration of these models to the original full-variable models using the
c-index, Hosmer-Lemeshow analysis, and Brier scores.

Results: Accurate risk models for 30-day outcomes of mortality, overall
morbidity, and 6 clusters of complications were developed using a set of 8
preoperative risk variables. C-indexes of the 8 variable models are between
97.9% and 99.2% of those of the full models containing up to 28 variables,
indicating excellent discrimination using fewer predictor variables. Hosmer-
Lemeshow analyses showed observed to expected event rates to be nearly
identical between parsimonious models and full models, both showing good
calibration.

Conclusions: Accurate preoperative risk assessment of postoperative
mortality, overall morbidity, and 6 complication clusters in a broad surgical
population can be achieved with as few as 8 preoperative predictor variables,
improving feasibility of routine preoperative risk assessment for surgical
patients.
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Accurate preoperative quantitative assessment of postoperative
adverse outcomes is likely to improve shared decision making,
informed consent, and guide perioperative care.' ~> However, formal
risk assessment tools are not routinely used for preoperative assess-
ment, education, and optimization of the surgical patient.%’ Esti-
mation of patient risk is typically based on a combination of widely
accepted or previously reported values, and subjective assessment of
individual patient comorbidities by providers. Estimates can vary
widely in accuracy.®?

A significant proportion of these risk assessment tools are
based on the American College of Surgeons (ACS) National Surgical
Quality Improvement Program (NSQIP) Participant Use File
(PUF).'9~15 These risk prediction models have predominately been
applied postoperatively in comparing risk-adjusted surgical out-
comes between hospitals for quality improvement, with information
seldom reaching the individual patient and health care team in the
preoperative setting.

Few published examples exist demonstrating consistent use of
mathematical risk assessment preoperatively to inform the patient
and surgical team about surgical risks. Two factors are likely to
account for this: (1) the burden of data collection required by the risk
prediction tools, and (2) the desire by many surgeons for greater
operation-specificity in the risk model. The latter is a significant
factor resulting in the proliferation of many risk models, which add to
the data collection burden.

We argue that for a risk calculator to be accepted into wide-
spread use, it must: (1) be easy to use; (2) be broadly encompassing
of many different types of surgery and surgical complications; (3)
provide reliable and meaningful risk estimates; (4) be based on
readily available preoperative data; (5) be available to the public; and
(6) be updated periodically. To achieve these goals, the tool must be
based on a broadly representative sample of the current surgical
population, encompassing most major surgical procedures. The
model must be parsimonious in its data collection burden, facilitating
rapid use and providing useful and meaningful data which are
easy to interpret. It must be available in a user-friendly interface
with efficient—ideally automatic—incorporation of data from
the electronic health record (EHR) with minimal input of data by
the surgical team, and subsequent electronic incorporation into the
preoperative note.

Our group has developed a series of surgical risk assessment
models for each of the following 8 adverse outcomes: mortality,
overall morbidity, and the following clusters of ACS NSQIP com-
plications: infectious, cardiac/transfusion, pulmonary, venous
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thromboembolic, renal, and neurological complications.'® These
studies have demonstrated that these models can produce highly
accurate risk estimations across a broad spectrum of operations and
outcomes. These operations include 9 surgical specialties: general,
vascular, orthopedic, otolaryngologic, urologic, thoracic, plastic,
gynecologic, and neurosurgery. We have demonstrated that surgeon
specialty-specific models and inclusion of preoperative laboratory
values, which are often missing—particularly in healthier patients
undergoing less complex operations—add minimally to the discrimi-
nation and calibration of the models. In the current article, we will
explore whether limiting the independent variables in all 8 models to
only the 8 independent variables that are common and important to
all models will affect the accuracy of those models.

We hypothesize that a limited number of patient-level risk
variables can be input into a Surgical Risk Preoperative Assessment
System (SURPAS) to produce accurate preoperative risk estimates
for a diverse array of adverse surgical outcomes in a broad surgical
patient population.

METHODS

Data Source

We performed this study using the ACS NSQIP PUF, 2005 to
2012. In the second publication of this series, we demonstrated that
inclusion of preoperative laboratory variables in models predicting
postoperative mortality and overall morbidity contributes minimally
to discrimination and calibration of the models.'® Therefore, labora-
tory values were not included in the models, leaving a total of 28
preoperative variables from the ACS NSQIP “Essentials’ data set as
potential predictor variables of 30-day postoperative outcomes.
These included 3 demographic variables (sex, age, and race/ethnic-
ity), 17 preoperative comorbidities, 4 variables related to the oper-
ation [work relative value unit (RVU), inpatient/outpatient, surgical
specialty, and emergency operation status], and 4 other more generic
risk variables [American Society of Anesthesiology physical status
classification (ASA class), functional health status before surgery,
cigarette smoker, and transfer status]. The categories for the variable,
race/ethnicity, are defined according to the Centers for Medicare and
Medicaid Services standard.!”

We excluded cases that were in surgical specialties with data
no longer being collected by the ACS NSQIP (ophthalmology,
podiatry, oral, and cardiac surgery) or due to missing key values.
Two important preoperative variables (race/ethnicity and body mass
index) had significant percentages of missing values (10.6% and
2.4%, respectively). As we did not want to exclude these cases, a
category labeled “‘missing” was created for these 2 variables. The
Colorado Multiple Institutional Review Board determined this study
exempt from review as it uses publicly available de-identified data.

Primary Outcomes

The primary outcomes for our analyses were the occurrence of
any of the following 8 adverse events within 30 days of surgery:
mortality, one or more complications (overall morbidity), and
clusters of infectious, cardiac/transfusion, pulmonary, venous
thromboembolic, renal, and neurological complications. The devel-
opment of these clusters using factor analysis is described in the first
article of this series,'® and includes the following 18 perioperative
complications grouped into 6 clusters: (1) pulmonary cluster (on
ventilator >48 h, intraoperative or postoperative unplanned intuba-
tion, pneumonia, and septic shock); (2) infectious cluster [sepsis,
deep incisional surgical site infection (SSI), organ/space SSI, super-
ficial SSI, urinary tract infection, and wound disruption]; (3) cardiac/
transfusion cluster (intraoperative or postoperative myocardial
infarction, intraoperative or postoperative cardiac arrest requiring
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cardiopulmonary resuscitation, and transfusion intra/postopera-
tively); (4) renal cluster (acute renal failure requiring dialysis and
progressive renal insufficiency); (5) venous thromboembolic cluster
(vein thrombosis requiring therapy and pulmonary embolism); and
(6) neurological cluster (stroke/cerebrovascular accident).

Statistical Analyses

In the present article, we summarize and aggregate information
from 8 previously described stepwise, forward selection, logistic
regression analyses'® to determine the minimum number of independ-
ent variables required for accurate predictions of all 8 adverse out-
comes based on maintaining adequate discrimination and calibration.
This minimum parsimonious variable set will comprise the data
needed at the preoperative evaluation to accurately calculate the risks
of perioperative mortality, overall morbidity, and each of the 6
complication clusters.'® We first order the 28 preoperative predictor
variables by the number of times that each variable enters the models
for the 8 outcomes and by the average order of entry into the forward
selection stepwise logistic regression models. We use these data to
determine the minimum number of predictor variables that are com-
mon and important across all 8 outcome models. We then repeat the
multiple logistic regression analysis using full models (not forward
selection stepwise regression) with the smaller subset of predictor
variables to predict the 8 adverse surgical outcomes. We compare the
results of the parsimonious models to the full-variable models includ-
ing all statistically significant predictor variables at the 0.05 level of
significance, using discrimination (c-indexes),'® calibration (Hosmer-
Lemeshow analyses),>*?! and a combined metric of both discrimi-
nation and calibration (Brier scores).??

We confirmed the results of the stepwise logistic regression
analyses using bootstrap resampling. Two hundred bootstrap with
replacement samples for each of the prediction models for the 8
adverse surgical outcomes were taken. Full-variable logistic regression
models were performed on each sample, ordering the variables by
magnitude of the Wald x2. The average rankings of the variables in the
bootstrap samples were compared with the order of entry of the
variables in the forward selection stepwise regression analysis.

All statistical analyses were performed using the program
SAS, version 9.3 (SAS Institute, Inc, Cary, NC). The graphical
displays of Hosmer-Lemeshow results were made using the statisti-
cal analysis software program, R.??

RESULTS

We excluded 2.0% (45,680/2,320,920) of cases (0.7% not in
targeted surgical specialties, and 1.3% missing key data), resulting in
the inclusion of 2,275,240/2,320,936 patients from the ACS NSQIP
PUF for 2005 to 2012. The characteristics of the sample of 2,275,240
cases in the analytic data set for all preoperative variables are
reported in the Supplemental Digital Content (SDC) Table 1,
http://links.Iww.com/SLA/A983, of an associated publication.'8
These include operations performed by 9 surgical specialties encom-
passing 3,045 distinct current procedural terminology (CPT) codes
for the primary operation.

Table 1 lists the 28 patient-level risk factors that entered into
prediction models for the 8 adverse surgical outcomes of interest.
These 28 predictor variables are ordered first in terms of their
frequency of occurrence in the models that they entered and then
by the average rank of order of entry. There is a natural breakpoint
between the first 8 variables and the remaining 20 predictor variables
in terms of average order of entry (<8.89 for the first § variables, and
>12.22 for the remaining 20 variables). These top 8 variables [ASA
class, work RVU, systemic sepsis (within 24h before surgery),
inpatient/outpatient operation, primary surgeon specialty, age
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[years], functional health status before surgery, and emergency
operation) appeared in all 8 of the prediction models with average
orders of entry ranging from 2.22 (ASA class) to 8.89 (emergency
operation).

Because there was a ‘“‘natural break” between the 8 most
important predictor variables and the remaining 20 predictor vari-
ables, we recalculated the 8 prediction models using only these top 8
variables in standard full-variable multiple logistic regression
analyses (SDC Tables 1 to 8, http://links.lww.com/SLLA/A983).
Figures 1 and 2 present Hosmer-Lemeshow graphs for the 8 variable
models vs the full-variable models applied to all 2,275,240 cases in
the database. Brier scores for these comparisons are presented in
SDC Table 9, http://links.lww.com/SLA/A983, all differing less than
0.0028. Together, the c-indexes, Hosmer-Lemeshow graphs, and
Brier scores show that the 8 variable models perform very similarly
to the full-variable models.

Table 2 presents the odds ratios for the 8 variables for each of
the 8 prediction models, allowing comparison of the effect of each
risk factor across all 8 outcomes. Intercepts of each model are also
presented. Comparison of the odds ratios for each of the predictor
variables across the 8 models shows interesting differential effects of
the different preoperative predictor variables on the 8 different
postoperative adverse outcomes: age is a more important factor
for 30-day mortality and stroke; ASA classes III to V are more
important for mortality, pulmonary, and renal adverse outcomes;
having an emergency operation is more important for the mortality
and pulmonary adverse outcomes; partially or totally dependent
functional status is most important for the mortality and pulmonary
outcomes; having an inpatient vs outpatient operation is most
important for the cardiac/transfusion adverse outcomes; systemic
sepsis is most important for the mortality, overall morbidity, and
pulmonary outcomes; and work RVU (a measure of complexity of
the operation) is most important for the overall morbidity and
cardiac/transfusion adverse outcomes.

Table 3 shows a comparison of the c-indexes of the § variable
models to the full models including all statistically significant
predictor variables at the 0.05 level of significance. Across all
8 outcome models, the 8 predictor variable models retain at least
97.9% of the c-indexes of the full models.

The results of the bootstrap analysis are presented in SDC
Table 10, http://links.lww.com/SLA/A983. The same 8 variables
have the highest average ranks based upon the bootstrapped samples
and Wald x? as compared with the forward selection stepwise logistic
regressions shown in Table 1. There are only slight differences in the
orderings of the top 8 variables. Otherwise, the bootstrap analysis
confirms the results of the forward selection stepwise regression
analysis.

DISCUSSION

Summary of Results

We present a parsimonious set of accurate models predicting
postoperative risk for 8 clinically relevant adverse outcomes for a
broad surgical population using a limited set of independent pre-
operative variables. These 8 variable models are able to discriminate
between an adverse outcome and no adverse outcome remarkably
well (c-indexes 0.749-0.928, mean 0.835); these c-indexes are at
least 97.9% of the full models with up to 28 independent variables.
Furthermore, Hosmer-Lemeshow analyses demonstrate good cali-
bration with similar model risk estimates by decile of risk with
observed risk (Figs. 1 and 2), and differences in Brier scores were
minimal (SDC Table 9, http://links.Iww.com/SLA/A983).

Of the 8 independent variables that constituted those of
the final models, 4 are operative characteristics (work RVU,
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inpatient/outpatient operation, primary surgeon specialty, and emer-
gency operation status) and 4 are patient characteristics (ASA class,
systemic sepsis, functional health status, and age), but all are
measurable before surgery. Of the latter, only systemic sepsis is a
specific comorbidity—the other 3 patient characteristics are generic
risk factors that do not provide details about why they are risk
factors. However, the “why” may be identified by as little as an
examination of the patient’s problem list. Therefore, should a patient
be identified as being at high risk for a specific adverse postoperative
outcome, further work-up is warranted to identify specific risk
factors and determine how to mitigate this risk.

Comparison With Other Studies

The ACS NSQIP, now in use in approximately 600 private
sector and Department of Defense hospitals, has made major con-
tributions to surgical quality improvement based on risk-adjusted
outcomes. %2425 However, a recent ACS NSQIP semiannual reports
contain results for 384 risk models defined by combinations of
outcomes, surgical specialties, individual operations, other surgical
groupings, and available predictors accessed.?® This plethora of risk
models would require a major effort to translate to real-time pre-
diction of risk estimates preoperatively and—more importantly—
interpretation by surgical teams for their patients.

Of the previously published surgical risk assessment and
predictive tools known to the authors, 2 studies are notable for
attempting to develop predictive models for a broad surgical popu-
lation.”-!! The Universal ACS NSQIP Surgical Risk Calculator uses
24 independent variables in its online tool to predict risk for multiple
adverse surgical outcomes (http://riskcalculator.facs.org),!! whereas
the Surgical Outcome Risk Tool (SORT) uses 6 independent vari-
ables.” These variables (ASA class, urgency of surgery, high-risk
surgical specialty, surgical severity, presence of cancer, and age at
least 65 yrs) are similar to the variables we have identified in our final
models. SORT is based on data collected by anesthetists over a 7-day
period in 2010 in 19,097 patients in 326 hospitals in England and
Wales. Twelve percent (2,309/19,097) of cases were subsequently
excluded mostly for missing data, including unknown mortality
status. Thirty-day mortality was the only outcome assessed; the
model discrimination was excellent (c-index = 0.91) and described
as well calibrated using the Hosmer-Lemeshow test. Our work
extends the work of Bilimoria and Protopapa in that we predict risk
for 8 different important surgical adverse outcomes, and do it with
only 8 preoperative predictor variables. However, aside from these 2
studies by Bilimoria et al and Protopapa et al, most of the previously
proposed risk assessment tools are procedure- and disease-specific,
and encompass many more patient variables. This increases the
burden on the provider to collect and transcribe many data points
for each patient, use multiple different risk algorithms throughout the
course of a typical clinic, and explain predictions to patients. Instead
of this approach of more and more specific surgical risk assessment
algorithms, we have approached this challenge with the aim of
parsimony and ease of use in the era of compressed time and
increasing clinical demands. We are unaware of any published
reports of the extent of use, effect on processes of care, or patient
outcomes associated with the preoperative clinical implementation
of these risk models. Although patient-specific reports can be printed
from the ACS NSQIP risk calculator, we are not aware of any attempt
at integration with the EHR, such that this information becomes part
of the documented preoperative evaluation record.

Implementation of SURPAS

These parsimonious models are not intended as a compre-
hensive patient assessment, but a rapid and accurate risk assessment
alerting care providers of patient risk. An increased risk of adverse

© 2016 Wolters Kluwer Health, Inc. All rights reserved.
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FIGURE 1. Hosmer-Lemeshow analyses showing observed to expected event rates in the groups defined by decile of risk for: (A) the
model using the top 8 variables applied to all cases for the outcome of mortality, vs (B) the model including all significant variables
applied to all cases for the outcome of mortality (the full-variable model); and (C) the model using the top 8 variables applied to all
cases for the outcome of overall morbidity, vs (D) the full-variable model applied to all cases for the outcome of overall morbidity

(n = 2,275,240 for all graphs).

postoperative events should prompt care providers to more closely
evaluate specific problems and determine which can be intervened
upon, or if surgical risk is prohibitive modification of the procedure
or even the decision to operate. For example, the review of the
problem list requires very little effort or cost, and should be recom-
mended even for those at only moderately increased estimated risks
of adverse outcome(s). This may result in identification of a
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modifiable risk factor, leading to further work-up and modification,
to ultimately decrease patient risk of postoperative adverse outcome.

The next step in the overarching project is to incorporate a
software application into the EHR to provide real-time risk assess-
ment for surgical patients in the preoperative clinic. This information
will serve to more accurately inform patients of their individual risk
of adverse surgical outcomes, help with informed decision making,
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FIGURE 2.

Hosmer-Lemeshow analyses comparing observed to expected event rates by decile of risk for the 6 complication clusters

for the top 8 variables (A, C, E, G, |, and K), vs the full-variable models (B, D, F, H, ], and L).

and possibly guide perioperative care management with the aim of
reduction of adverse outcomes. This new paradigm of preoperative
patient risk assessment is based upon the ACS NSQIP PUF. However,
this takes the utility of such data sets several steps beyond the current
delayed retrospective risk adjustment for interhospital comparison,
bringing the data to the clinic and bedside to guide patient manage-
ment. This system, which we term the “‘Surgical Risk Preoperative
Assessment System,” puts the EHR to work for the provider, the
patient, and her/his family instead of simply being a data warehouse.
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In the clinical model of SURPAS, we will emphasize the
importance of use of the 8 variables in our final models, and request
that providers enter those manually if not electronically available
from the EHR. Age, emergency operation, inpatient/outpatient sta-
tus, and primary surgeon specialty should be readily known to the
surgical team or electronically extractable from the EHR. Procedure
scheduling is commonly done using software-based look-up appli-
cations of the CPT name, which is directly linked to the CPT code
and work RVU. Systemic sepsis could be identified by its ICD-9 or

© 2016 Wolters Kluwer Health, Inc. All rights reserved.
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é % § . ICD-10 codes, but should be confirmed by the surgical team. This
£ ZlSa& %y leaves 2 very important predictor variables, ASA class and functional
@) g § 23T 2 health status, which will require further work to enable input into
< 2| SURPAS preoperatively. We plan to incorporate brief ACS NSQIP
8 definitions into a portion of our software module for direct data entry
P ~ by the surgical team.
= = 5 cw & Our aim is to minimize the data collection burden on the
L SRR surgical team through a focus on parsimony in the number of
kS gl S independent variables required for individual patient risk estimation
wv
c — while maintaining accuracy of prediction of outcomes. This
§ reduction in the burden of data collection on the provider should
& 2 provide more time for interpreting and acting on the risk data in a
- E ;Or/ SEVION patient-centered fashion.
[ Lol a i N
© 2> |Ess &
s |8 s Strengths
g = The strengths of this study include: (1) use of a very large
o . . . .
§ N I PN sample size; (2) inclusion of risk, procedure, and outcomes data from
= £ § Con a broad range of hospitals; (3) use of a broad range of operations and
E é g S 82K > surgical specialties; (4) use of a systematic sampling method; and (5)
) E- = go < o collection of the ACS NSQIP data using a standardized protocol
< 3 A= including central data auditing.
< The use of forward selection stepwise regression analysis in
s £ small samples has been criticized in the past.?’>® We believe that
“ e ® these criticisms do not hold in the presence of very large sample
8 § To— sizes. We compared the bootstrap analysis (SDC Table 10, http://
Q £ BEn RS links.lww.com/SLA/A983) with the forward selection stepwise
% g g,o N logistic regressions (Table 1), and found that the same 8§ variables
= 2= have the highest average ranks with only slight differences in their
2 3 orderings. This confirms the results of the forward selection stepwise
S regression analysis.
®© @ Limitati
g | g5, o imitations -
= Elnexa The primary llmltatlor}s are as f(_)llows. Wl'thm the ACS
S c.qé xS S ES NSQIP, the sampling of surgical specialties has varied over time,
g == resulting in the specialty proportions in the database not being strictly
5 representative of the specialty proportions which exist at the partic-
T = ipating hospitals. We do not include in our outcomes unplanned
= gle return to the operating room, prolonged length of stay, associated
z g g oo readmission, costs, and operative duration—these are largely a
< Slag2zh % function of the adverse outcomes identified in postoperative fol-
%5 3|2 SESTEN low-up. Outcomes studied and included in the risk models are those
c é;, *® of the ACS NQSIP, which is intended to cover a broad spectrum of
3 o operations performed by 9 surgical specialties. Therefore, the pre-
5 dictor and outcome variables were necessarily chosen to be more
g' N generic (ie, potentially occurring across a large spectrum of oper-
8 c:; S S ations) rather than more operation- or disease-specific. Thus, there
R LBy may be important postoperative complications specific to a given
2 § nee 9 operation not directly accounted for in the NSQIP. To the degree that
o « these specific complications might be correlated with the occurrence
o of one of the 18 NSQIP complications (eg, gastrointestinal anasto-
kS < E motic leak encompassed by organ/space SSI, which is included in the
3 5 e infectious complication cluster), the specific complications are
§ > _ & 2 accounted for in the analysis of NSQIP data. The ACS NSQIP does
Qo _q.; fg ; not identify at which participating hospital each procedure occurred,
- § E 5 E thereby preventing hierarchical statistical analysis to cluster patients
S § . 3 % E by hospital site. However, studies have found that results of pre-
5 oo é E é :t; g dicFio.n of surg_ical outcomes usi.ng_ eitglgegostandard or hierarchical
E 2 TyEZE 5 logistic regression analysis are similar.””
5% s| BEEE2|g
23| & 23Ei%|¢ CONCLUSIONS
™~ 8 g §§ g s ‘g § E In conclusion, we have demonstrated that 8 independent
ws 2 ;@ gg =7 |8 variables can produce risk estimates of postoperative mortality,
Q3 S|5E=-E8E|~” overall morbidity, and 6 complication clusters with discrimination
< & S| >”3355 . . . . .
o OlmowXZ A and calibration equivalent to that of up to 28 independent variables.
8 | www.annalsofsurgery.com © 2016 Wolters Kluwer Health, Inc. All rights reserved.
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We anticipate that incorporating these risk estimates into the EHR
can further reduce the data collection burden and present this
information in a portion of the preoperative note, which will be
available to all of the patient’s care providers during the surgical
episode. However, much remains to be learned about how patients
understand and use this information, and whether it will reduce the
incidence of adverse operative outcomes.
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