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David J. Kaczorowski, MD,? Pyongsoo Yoon, MD,? Johannes Bonatti, MD,?
James K. Miller, PhD,' and Artur W. Dubrawski, PhD'

ABSTRACT

BACKGROUND Intraoperative physiologic parameters could offer predictive utility in evaluating risk of adverse post-
operative events yet are not included in current standard risk models. This study examined whether the inclusion of
continuous intraoperative data improved machine learning model predictions for multiple outcomes after coronary
artery bypass grafting, including 30-day mortality, renal failure, reoperation, prolonged ventilation, and combined
morbidity and mortality (MM).

METHODS The Society of Thoracic Surgeons (STS) database features and risk scores were combined with retro-
spectively gathered continuous intraoperative data from patients. Risk models were developed for each outcome by
training a logistic regression classifier on intraoperative data using 5-fold cross-validation. STS risk scores were
included as offset terms in the models.

RESULTS Compared with the STS Risk Calculator, models developed using a combination of the intraoperative fea-
tures and the STS preoperative risk score had improved mean area under the receiver operating characteristic curve for
prolonged ventilation (0.750 [95% Cl, 0.690-0.809] vs 0.800 [95% ClI, 0.750-0.851]) and MM (0.695 [95% ClI, 0.644-0.746]
vs 0.724 [95% Cl, 0.673-0.775]). Additionally, models developed using intraoperative features had improved calibration,
measured with Brier score, for prolonged ventilation (0.060 [95% CI, 0.050-0.070] vs 0.055 [95% CIl, 0.045-0.065]) and
MM (0.092 [95% ClI, 0.081-0.103] vs 0.087 [95% ClI, 0.075-0.098]).

CONCLUSIONS The inclusion of time series intraoperative data in risk models may improve early postoperative care by
identifying patients who require closer monitoring postoperatively.

(Ann Thorac Surg Short Reports 2024;2:336-340)

© 2024 The Authors. Published by Elsevier Inc. on behalf of The Society of Thoracic Surgeons.
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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renal failure risk predictions,>* a finding suggesting that
time series intraoperative data may be used to improve
predictions for other postoperative outcomes, such as
mortality and prolonged ventilation. However, research
that develops models for other outcomes using time
series data is scarce in the current literature.
Furthermore, the current literature that develops
models using continuous intraoperative parameters
does not directly compare performance against
established baseline models used in practice, such as
The Society of Thoracic Surgeons (STS) Risk
Calculator." As such, current understanding of the
potential additive utility of intraoperative models in
clinical practice is unclear. The aim of this study was
to determine whether ML models developed using
continuous parameters derived from time series
intraoperative data offer improved risk predictions
over the baseline STS Risk Calculator for multiple
outcomes after CABG.

MATERIAL AND METHODS

Data were retrospectively gathered from a large tertiary
care center in the United States and included preopera-
tive patient characteristics and risk scores generated
from the STS Risk Calculator. Additionally, static and
continuous time series intraoperative data from the
anesthesia record were gathered for 5623 patients who
underwent isolated on-pump CABG between 2011 and
2021. A total of 328 patients were excluded because of
incomplete intraoperative data, which had an insignifi-
cant impact on the incidence rates of adverse outcomes
in the final cohort (P value > .05). A total of 34.6% of
patients underwent elective CABG (n = 1753). At least 1
internal mammary artery graft was used in 96.3% of
patients (unknown in 1.1%; n = 58). The mean number of
vein graft targets was 2.2 (range, 0-6). For additional
cohort data, see Supplemental Table 1. Static
intraoperative data included blood product use,
perfusion duration, and cross-clamp duration, among
Table  2).  Physiologic
intraoperative data included hemodynamic parameters
such as blood pressure, heart rate, and ventilator

others  (Supplemental

settings such as fraction of inspired oxygen content or
tidal volume (Supplemental Table 3). All medications
and fluid administration were also reported. Data
preprocessing was performed on the basis of on-pump
CABG procedure surgery phases, as outlined in the
Supplemental Methods and Supplemental Figure 1.
Risk models were developed for 5 postoperative out-
comes using a binary logistic regression classifier. Indi-
vidual models were developed for each outcome,
including 30-day mortality, renal failure, reoperation,
prolonged ventilation, and combined morbidity and
mortality (MM) defined by STS database criteria.'
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FIGURE 1 Count (percentage) of patients who experienced adverse outcomes
after coronary artery bypass grafting. (MM, combined morbidity and mortality)
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Outcome incidence rates are shown in Figure 1.
Separate ML models were trained using only
intraoperative data or intraoperative data with the STS
risk score as an offset term using the GLMNET R
software package, as outlined in the Supplemental
Methods.*® Importantly, when included as an offset
term in the model, the STS risk score bounds model
performance to be either equal or superior to that of
the STS Risk Calculator. Model performance was
measured using mean area under the receiver
operating characteristic curve (AUC-ROC) and Brier
score computed from bootstrap samples (n = 500).
Institutional Review Board approval from the Uni-
versity of Pittsburgh Medical Center was obtained for
this research. Patient consent statements were not
required for this research. All patient data were anony-
mized to remove personally identifiable information.

RESULTS

Compared with the STS Risk Calculator, models
developed using a combination of the intraoperative
features and the STS preoperative risk score had
improved mean ROC-AUC for prolonged ventilation
(0.750 vs 0.800) and MM (0.695 vs 0.724), as shown
in Figures 2A and 2B and the Table. Additionally,
calibration curves for the intraoperative model with
the STS risk score shown in Figures 2C and 2D have a
slope of approximately 1.00, which denotes improved
calibration over the STS Risk Calculator. Improved
calibration is also demonstrated by Brier scores for
prolonged ventilation (0.060 vs 0.055) and MM (0.092
vs 0.087), as shown in the Table. For the 30-day mor-
tality and renal failure outcomes, the intraoperative
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FIGURE 2 Model performance was measured using the area under the receiver operating characteristic curve. The in-
clusion of intraoperative data improved the area under the receiver operating characteristic curve for (A) prolonged
ventilation and (B) combined morbidity and mortality outcomes. Model calibration, or similarity of risk scores to empirical
probabilities (observed event rate), was assessed using calibration curves. The intraoperative model with The Society of

Thoracic Surgeons (STS) risk score demonstrated improved

(C) prolonged ventilation and (D) combined morbidity and mortality models, particularly for higher-risk patients, as shown

by the calculated slope in the figure.
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model calibration compared with the STS Risk Calculator for

models with the STS risk score offset had performance
similar to that of the STS Risk Calculator. Notably,
models trained using solely intraoperative data
without the STS risk score generally had worse per-
formance on the basis of the ROC-AUC, with the
exception of the reoperation outcome, which had an
improved ROC-AUC over the STS Risk Calculator, yet at
a higher Brier score (Table).

We assessed the ability of the intraoperative model
with the STS risk score offset to reclassify patients into
low-, intermediate-, and high-risk groups on the basis of

terciles computed from STS risk scores.° With the
intraoperative model, more patients were downgraded
to lower-risk groups compared with the STS model, as
shown in Figure 3. Furthermore, Figure 3 shows that the
intraoperative model with the STS risk score offset can
more effectively classify patients into risk groups than
the STS Risk Calculator, as evidenced by the outcome
rates of each risk strata. The observed outcome rates
for the high- and intermediate-risk groups of the intra-
operative model are higher than that of the STS Risk
Calculator. Additionally, the observed outcome rate for
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Renal Failure

TABLE Area Under the Receiver Operating Characteristic Curve and Brier Score (95% CIl) for The STS Risk Calculator, Intraoperative Data
Models, and Intraoperative Data Models With The STS Risk Score Offset

Outcomes, Mean (95% CI)

Reoperation

Prolonged Ventilation

Metric Data Set 30-Day Mortality
ROC-AUC STS 0.783 (0.687-0.879)
Intraoperative 0.662 (0.547-0.777)

Intraoperative with STS offset 0.792 (0.7-0.883)
Brier score STS 0.018 (0.010-0.025)
Intraoperative 0.188 (0.182-0.194)

Intraoperative with STS offset 0.018 (0.011-0.025)

0.767 (0.664-0.871)
0.644 (0.5310.757)
0.769 (0.668-0.87)

0.021 (0.014-0.027)
0.136 (0.131-0.141)
0.020 (0.014-0.027)

0.535 (0.434-0.636)
0.676 (0.575-0.776)
0.535 (0.434-0.636)
0.028 (0.02-0.037)

0.158 (0.155-0.160)
0.028 (0.019-0.036)

0.750 (0.690-0.809)
0.778 (0.726-0.831)
0.800 (0.750-0.851)
0.060 (0.050-0.070)
0.148 (0.142-0.153)
0.055 (0.045-0.065)

0.695 (0.644-0.746)
0.615 (0.562-0.667)
0.724 (0.673-0.775)
0.092 (0.081-0.103)
0.194 (0.191-0.197)
0.087 (0.075-0.098)

MM, major morbidity and mortality; ROC-AUC, area under the receiver operating characteristic curve; STS, The Society of Thoracic Surgeons.

the low-risk group of the intraoperative model is lower
than that of the STS Risk Calculator. Statistics of
important model features computed for risk groups are
shown in Supplemental Tables 4 and 5.

Intraoperative features that contribute to model pre-
dictions for prolonged ventilation and MM are shown
in Supplemental Figures 2 and 3. Important derived
features for prolonged ventilation and MM on the basis
of model weights include difference in mean heart rate
values between prebypass and postbypass (0.026 and

0.023) status, mean postbypass arterial oxygen
saturation (Spo,) (-0.041 and -0.048), and
epinephrine  volume administered during the

preincision phase (0.013 and 0.007), among others.

COMMENT

Risk predictions from intraoperative data models with
the STS risk score offset outperform the STS Risk
Calculator for prolonged ventilation and MM. Model
performance for these outcomes demonstrates that
careful inclusion of time series intraoperative data with
preoperative patient characteristics improves model risk
predictions. Given that ML models are regularly used in
clinical practice before surgery, use of a supplemental
model with combined preoperative and intraoperative
data may be feasibly incorporated to identify high-risk
patients and mitigate adverse outcomes. The STS
models developed for isolated CABG surgery consider
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FIGURE 3 The intraoperative model with The Society of Thoracic Surgeons (STS) risk score offset reclassified patients into
low-risk (prolonged ventilation: <0.047; combined morbidity and mortality: <0.078), intermediate-risk (prolonged
ventilation: >0.047 and <0.088; combined morbidity and mortality: >0.078 and <0.135), and high-risk (prolonged
ventilation: >0.088; combined morbidity and mortality: >0.135) categories on the basis of terciles computed from STS risk
score. For (A) prolonged ventilation and (B) combined morbidity and mortality outcomes, the intraoperative model
generally reclassified patients into lower-risk categories, with exception of several patients who were reclassified from
lower-risk categories to higher-risk categories. (Obs., observed; STS, The Society of Thoracic Surgeons.)
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only 4 intraoperative parameters: intraaortic balloon
pump use, catheter-based assist device use, extracor-
poreal membrane oxygenation use, and need for resus-
citation. Other intraoperative features include
medication administration and physiologic measure-
ments such as heart rate and blood pressure. These
features may also serve as physiologic targets for intra-
operative management, thereby allowing for reduced
postoperative risk.

Only 4 studies have developed preoperative and
intraoperative data models and directly compared
model performance to measure the relative utility of
intraoperative data in predicting outcomes.>”° Other
than 1 study that developed a preoperative model on the
basis of the STS Risk Calculator,” none of the 4 studies
directly compared performance with the STS Risk
Calculator. Additionally, only 2 studies considered
intraoperative time series data.”* One study, by Tseng
and colleagues,® used a combination of preoperative
and time series intraoperative data to predict
postoperative acute kidney injury. Time series features
included in modeling were limited to hemodynamic
parameters such as heart rate and blood pressure
measurements but did not include ventilator
parameters or medication administration. Another
study, by Adhikari and colleagues,” included a larger
subset of time series hemodynamic features, as well as
two binary operative medication features. Both studies

Ann Thorac Surg Short Reports
2024;2:336-340

focused solely on predicting postoperative renal
failure, with other postoperative outcomes not
considered. Our study demonstrates that time series
intraoperative data also improve predictions for other
postoperative outcomes.

Limitations to this study include that risk models
were developed and assessed using data with a rela-
tively small number of patients (on-pump CABG pro-
cedure) compared with the data used to develop the STS
Risk Calculator. Additionally, there is a potential for
provider bias, including medication administration and
hemodynamic targets, which is a challenge to identify
and remove in ML models. A standardized intra-
operative data collection strategy is needed to reduce
missing data and increase reliability of physiologic tar-
gets discovered through this work.

The Supplemental Material can be viewed in the online version of
this article [https://doi.org/10.1016/j.atssr.2024.02.005] on http://www.
annalsthoracicsurgery.org.
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