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ABSTRACT

PURPOSE Preoperative prediction of postoperative complications (PCs) in inpatients with
cancer is challenging. We developed an explainable machine learning (ML)
model to predict PCs in a heterogenous population of inpatients with cancer
undergoing same-hospitalization major operations.

METHODS Consecutive inpatients who underwent same-hospitalization operations from
December 2017 to June 2021 at a single institution were retrospectively
reviewed. The ML model was developed and tested using electronic health
record (EHR) data to predict 30-day PCs for patients with Clavien-Dindo grade 3
or higher (CD 31) per the CD classification system. Model performance was
assessed using area under the receiver operating characteristic curve (AUROC),
area under the precision recall curve (AUPRC), and calibration plots. Model
explanation was performed using the Shapley additive explanations (SHAP)
method at cohort and individual operation levels.

RESULTS A total of 988 operations in 827 inpatients were included. The ML model was
trained using 788 operations and tested using a holdout set of 200 operations.
The CD 31 complication rateswere 28.6%and 27.5% in the training and holdout
test sets, respectively. Training and holdout test sets’ model performance in
predicting CD 31 complications yielded an AUROC of 0.77 and 0.73 and an
AUPRC of 0.56 and 0.52, respectively. Calibration plots demonstrated good
reliability. The SHAP method identified features and the contributions of the
features to the risk of PCs.

CONCLUSION We trained and tested an explainable MLmodel to predict the risk of developing
PCs in patients with cancer. Using patient-specific EHR data, the ML model
accurately discriminated the risk of developing CD 31 complications and dis-
played top features at the individual operation and cohort level.

INTRODUCTION

In patients undergoing surgery, the risk of postoperative
complications (PCs) varies considerably.1-6 Patients who
develop PC have worse functional outcomes, increased
disabilities, and reduced survival.7-9 Moreover, PCs result in
longer ICU and hospital days and greater frequency of
readmissions—increasing cost for patients and health care
systems.10 Since PCs are burdensome to both patients and
health care systems,11,12 there is an urgent and unmet need to
preoperatively identify patients at higher risk for PC to help
prevent and mitigate PC.

Severity of illness, baseline functional performance, and
operation type and extent contribute to the risk of devel-
oping PC. There is a large volume of existingwork identifying
factors to improve on risk stratification for postoperative
morbidity and mortality.13-15 In particular, the American
College of Surgeons Surgical Risk Calculator (ACS SRC) es-
timates preoperative individual- and procedure-specific risk
using clinical characteristics.16 Developed and validated
using a heterogeneous patient population, ACS SRC is not
specific to patients with cancer and does not incorporate
critical features unique to oncology, such as cancer stage and
treatments.17 Moreover, ACS SRC generates a risk score on
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the basis of a planned operation using a single CPT code.
However, cancer operations often require multiple proce-
dures performed by subspecialty surgeons under one an-
esthesia setting. Consequently, studies have shown limited
performance of the ACS SRC in determining the risk of PC in
patients with cancer.18,19

While most current surgical risk calculators are developed
using statistical regression analysis, machine learning (ML)
algorithms can analyze patient-specific data to generate PC
risk prediction models specific to an oncology patient
population. The goal of this study is to develop and test an
explainable ML model using electronic health record (EHR)
data in preoperatively predicting PC specifically in cancer
inpatients who require a same-hospitalization operation.

METHODS

Description of Institution

Patients were admitted and treated at an National Cancer
Institute–designated Comprehensive Cancer Center. After
obtaining Institutional Review Board approval, relevant
patient preoperative and outcome data were obtained from
the EHR database (Epic Systems Corporation, Verona, WI).

Cohort Selection Criteria

Included in our study were inpatient operations, planned after
admission and performed from December 2017 through June
2021 (Fig 1). Inclusionswere operations that involve at least one
surgeon and completed under general anesthesia. Exclusions
were minor operations, outpatient operations, elective oper-
ations in which the patient was admitted after the operation
(AM Admit operations), and operations requested before pa-
tient admission. The final cohort comprised 827 consecutive
patientswho underwent 988major operations (Tables 1 and 2).

PC Definitions

PCs were defined according to the Clavien-Dindo (CD)
classification system, as described by Dindo et al20 (Table 3;
Appendix Table A1). PCs of CD grade 3 or higher (CD 31)
developed within 30 days after the operation were identified
by querying the database (Appendix Table A1). Discrepancies
were adjudicated by the investigators (K.M., M.C.H., A.N.,
K.C., and L.L.L.). The outcomewas a binary variable of 30-day
CD 31 or no 30-day CD 31 complication.

Feature Extraction

Variables included in the model were based on clinical rel-
evance and availability within the EHR. Only data obtained
before the surgical case request order were included as input
variables. As shown in Appendix Table A2, 66 features were
included in eight groupings: demographics, diagnosis codes,
cancer treatment, previous inpatient admissions and out-
patient visits, medication administration records, oxygen-
ation support, vital signs, and laboratory tests. Feature data
were collected on the basis of varying and defined time
periods of interests (ie, observationwindows). Features were
aggregated at the operation level within their observation
windows tomake predictions. Themean and variance of each
feature were computed using nonmissing feature values in
the training set. All nonmissing feature values in both the
training and holdout test sets were standardized using these
means and variances to have zero mean and unit variance
and were forward filled. Missing feature values were set
to zero.

ML Methods

Of 988 operations included in the study, 788 (80%) were
assigned to the training set and 200 (20%) were assigned to
the holdout test set. The training and holdout test sets

CONTEXT
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This study discusses the development and testing of an explainable machine learning (ML) model using electronic health
record (EHR) data to predict risk of postoperative complications (PCs) in inpatients with cancer who require same-
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included operations performed fromDecember 2017 through
October 2020 and November 2020 through June 2021, re-
spectively. To mimic real-world scenarios, a temporal split
on the retrospective data was used to predict the prospective
data. Tominimize data leakage, patients who had operations
in the training set were not included in the holdout test set
(n 5 6; Fig 1). A classification model using a gradient
boosting decision tree model implemented in the Python
XGBoost package was used to predict the likelihood of 30-
day CD 31 PC.21 The model produced a score scaled from 0 to
1, with higher scores representing higher risk of PC. To find
the optimal hyperparameter set, we performed five-fold
cross-validation (CV) with a randomized search on the
training set and tuned for the number of trees with other
hyperparameters to reduce overfitting (Appendix Table A3).
To assess feature contributions, we used Shapley additive
explanations (SHAP) for tree-based models.22,23 This ap-
proach allocated a numerical value (ie, SHAP value) to each
feature tomeasure its impact onmodel output and to provide
a local explanation of an operation. A positive SHAP value

increased the likelihood of a complication, whereas a neg-
ative SHAP value reduced the likelihood of a complication. In
addition, SHAP values were aggregated across operations
and features to obtain a global explanation for the cohort.
The ML model development and explanation were imple-
mented using Python 3.8.3, XGBoost 1.5.0, scikit-learn 1.0.2,
and SHAP 0.40.0.24

Thefinalmodel developed from the training setwas evaluated
on the holdout test set. The model discrimination was
assessed using area under the receiver operating character-
istic curve (AUROC) and area under the precision recall curve
(AUPRC). Model calibration was assessed by plotting mean
predicted risk scores against observed complication rates. The
calibration plots depict the alignment of the ML model pre-
dicted risk with the observed complication rate. In addition,
ML model performance metrics such as sensitivity, speci-
ficity, and accuracy were calculated at the optimal threshold
identified using the Youden Index. Statistical analyses were
completed using SAS 9.4 (SAS Institute, Cary, NC).

All Operations at COH from
December 2017 to June 2021

(N = 39,252)

Remaining operations
(n = 19,843)

Excluded operations that were not
performed by surgeons
Unique operations (n = 19,409)

Remaining operations
(n = 18,296)

Excluded operations that did not require
general anesthesia
Unique operations (n = 1,547)

Remaining operations
(n = 14,481)

Excluded other minora operations
Unique operations (n = 3,815)

Remaining operations
(n = 6,715)

Excluded outpatient operations
Unique operations (n = 7,766)

Remaining operations
(n = 1,166)

Remaining operations
(n = 994)

Excluded AM Admitb operations
Unique operations (n = 5,549)
boperations completed before inpatient
admission

Excluded operations with surgical case
request orders placed before admissions
Unique operations (n = 172)

Remaining operations
(n = 988)

Excluded operations in the test set if the
same patient had an operation included
in the training set 
Unique operations (n = 6)

Test set
(November 2020 to June 2021)

Unique operations (n = 200)

Training set
(December 2017 to October 2020)

Unique operations (n = 788)

aMinor operations were in the following categories:
    Biopsy
    Unique operations      (n = 324)
    Catheter insertion, removal, and/or exchange
    Unique operations      (n = 905)
    Scopes (e.g. endoscopy, laryngoscopy, colonoscopy) 
    Unique operations             (n = 1,577)
    Wound (e.g. debridement, dressing change)
    Unique operations        (n = 81)
    Miscellaneous
    Unique operations        (n = 82)
    Combined operation with >1 minor operation
    Unique operations      (n = 846)

FIG 1. CONSORT diagram of cohort selection criteria. COH, City of Hope National Medical Center.
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RESULTS

Cohort Demographics, Operation Characteristics, and
Complication Rates

Table 1 outlines the demographic characteristics of 827
patients who underwent 988 operations from December
2017 to June 2021. Most patients (86.9%) underwent one
operation; 13.1% (n 5 108) of patients underwent more than
one operation. The patients, whose median age was 59 years
(IQR, 48-68), were predominately women (438, 53.0%),
White (594, 71.8%), non-Hispanic (529, 64.0%), and
married (508, 61.4%).

As shown in Table 2, 451 (45.6%) operations involved more
than one procedure and 157 (15.9%) involved more than one
surgical subspecialty team. Operations were completed in
patients receiving active cancer treatment (373, 37.8%) in-
cluding chemotherapy (293, 29.7%), immunotherapy (116,
11.7%), and radiation therapy (78, 7.9%). Most operations
were performed in patients with newly diagnosed cancer

(523, 52.9%), solid tumor malignancies (738, 74.7%), and
advanced disease (stage III/IV, 458, 46.4%). Preoperative
comorbidities are listed in Appendix Table A4.

Table 3 lists the type and frequency of the 30-day PC. The
overall CD 31 complication ratewas 28.3%. The CD 31 PC rate
was 28.6% in the training set and 27.5% in the holdout test set
(Table 3). Table 3 also lists the PC by grade and frequency.

Training and Holdout Test ML Models Have
Comparable Performance

Figure 2 depicts the model performance of the training and
holdout test sets. Using the training set, the ML model to
predict CD 31 complications achieved an overall CV AUROC
of 0.77, ranging from0.75 to 0.79with each fold (Fig 2A). The

TABLE 1. Patient Characteristics

Characteristic No. (%) or Median (IQR)

Total patients, No.a 827

Age, years,b median (IQR) 59 (48-68)

Sex, No. (%)

Female 438 (53.0)

Male 389 (47.0)

Race, No. (%)

White 594 (71.8)

Asian 123 (14.9)

Black or African American 33 (4.0)

Other race 32 (3.9)

Missing 45 (5.4)

Ethnicity, No. (%)

Not Hispanic or Latino 529 (64.0)

Hispanic or Latino 263 (31.8)

Missing 35 (4.2)

Marital status, No. (%)

Married 508 (61.4)

Single 171 (20.7)

Divorced 68 (8.2)

Widowed 51 (6.2)

Other 24 (2.9)

Missing 5 (0.6)

No. of operations, No. (%)

One operation 719 (86.9)

More than one operation 108 (13.1)

aEight hundred twenty-seven patients who underwent 988 operations
from December 2017 to June 2021 were included.
bAge was reported on the basis of the data collected at the first
operation.

TABLE 2. Operation Characteristics

Characteristic No. (%)

Total operationsa 988

Procedure

Single procedure performed 537 (54.4)

More than one procedure performed 451 (45.6)

Surgical subspecialty team

Single surgical team 831 (84.1)

More than one surgical team 157 (15.9)

Cancer treatmentb

Completed 615 (62.2)

Active 373 (37.8)

Chemotherapy 293 (29.7)

Immunotherapy 116 (11.7)

Radiation 78 (7.9)

Year of cancer diagnosis

<1 year 523 (52.9)

≥1 year and <5 years 319 (32.3)

≥5 years and <10 years 121 (12.2)

Missing 25 (2.5)

Malignancy typec

Solid malignancy 738 (74.7)

Stage 0 4 (0.4)

Stage I 111 (11.2)

Stage II 162 (16.4)

Stage III 144 (14.6)

Stage IV 314 (31.8)

Missing 3 (0.3)

Hematologic malignancy 250 (25.3)

aEight hundred twenty-seven patients who underwent 988 operations
from December 2017 to June 2021 were included.
bActive cancer treatment was defined as the receipt of chemotherapy,
immunotherapy, and/or radiation therapy within 3 months before the
operation.
cMalignancy type and cancer stage were manually curated. Additional
details of malignancy type are presented in Appendix Table A4.
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overall CV AUPRC was 0.56, ranging from 0.52 to 0.63 with
each fold (Fig 2C). The ML model achieved an AUROC of 0.73
and an AUPRC of 0.52 in the holdout test set (Figs 2B and 2D).
In addition, the model demonstrated good calibration as the
mean predicted risk scores were similar to the observed
complication rates at different risk strata in both the training
and holdout test sets (Figs 2E and 2F). At the optimal
threshold determined using the CV set that maximized the
Youden Index, the ML model had a sensitivity of 0.78, a
specificity of 0.63, and an accuracy of 0.67. Application of the
same analysis to maximize the Youden Index in the holdout
test set resulted in a sensitivity of 0.67, a specificity of 0.66,
and an accuracy of 0.67.

Novel Features With the Highest Contribution to
Risk Score

Features that contributed to the model prediction at the
cohort level were evaluated using SHAP summary plots (Fig 3).

These plots combine feature contributions and use feature
values to visualize the impact directionality has on the ML
model. To visualize the relationship between feature values
and SHAP values, a SHAP dependence plot was created for the
top five features (Appendix Fig A1). The cutoff values for the
features negatively affecting and increasing the likelihood of
CD31PCwere as follows: total hospital length of stays>13days
in the past year, lymphocyte <10.6%, hemoglobin <9.1 g/dL,
heart rate >103 beats/min, and/or percentage of abnormal
laboratory test results >52% in the past 90 days.

To visualize how different features combine to predict an
individual’s PC risk, a randomly selected individual risk
profile was plotted (Appendix Fig A2). The selected patient
was at high risk of PC with a predicted score of 0.74. The
elevated risk score resulted from the following individual
features: high respiratory rate (28 breaths/min), high
heart rate (120 beats/min), high percentage of abnormal
laboratory test results in the past 90 days (73%), and low

TABLE 3. Thirty-Day Postoperative Complications of CD Grade 3 or Higher

Complication Training Set, December 2017-October 2020 Test Set, November 2020-June 2021 Total

Total operations, No. 788 200 988

Complication,a No. (%) 225 (28.6) 55 (27.5) 280 (28.3)

CD 3a, No. (%) 77 (9.8) 22(11.0) 99 (10.0)

Abscess drain placement 29 (3.7) 5 (2.5) 34 (3.4)

Aspiration 6 (0.8) 1 (0.5) 7 (0.7)

Bronchoscopy 9 (1.1) 3 (1.5) 12 (1.2)

Chest tube placement 4 (0.5) 0 (0.0) 4 (0.4)

Embolization 1 (0.1) 1 (0.5) 2 (0.2)

Endoscopy 5 (0.6) 3 (1.5) 8 (0.8)

Hemorrhage 12 (1.5) 5 (2.5) 17 (1.7)

Incision and drainage 1 (0.1) 0 (0.0) 1 (0.1)

Thoracentesis 19 (2.4) 7 (3.5) 26 (2.6)

Urinary leak 9 (1.1) 1 (0.5) 10 (1.0)

CD 3b, No. (%) 32 (4.1) 9 (4.5) 41 (4.1)

Bronchoscopy 3 (0.4) 0 (0.0) 3 (0.3)

Chest tube placement 1 (0.1) 0 (0.0) 1 (0.1)

Endoscopy 8 (1.0) 0 (0.0) 8 (0.8)

Hematoma 2 (0.3) 6 (3.0) 8 (0.8)

Hemorrhage 3 (0.4) 0 (0.0) 3 (0.3)

Incision and drainage 9 (1.1) 5 (2.5) 14 (1.4)

Laparoscopy 5 (0.6) 1 (0.5) 6 (0.6)

Laparotomy 5 (0.6) 2 (1.0) 7 (0.7)

CD 4a, No. (%) 33 (4.2) 7 (3.5) 40 (4.0)

Heart failure 3 (0.4) 0 (0.0) 3 (0.3)

Liver failure 1 (0.1) 2 (1.0) 3 (0.3)

Renal failure 4 (0.5) 0 (0.0) 4 (0.4)

Respiratory failure 25 (3.2) 5 (2.5) 30 (3.0)

CD 4b, No. (%) 2 (0.3) 1 (0.5) 3 (0.3)

CD 5, No. (%) 81 (10.3) 16 (8.0) 97 (9.8)

Abbreviation: CD, Clavien-Dindo.
aFor operations with multiple complications, only the complication with the highest CD grade was included.
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FIG 2. Model performance of the CV set (left column) and the holdout test set (right column). AUROCs for (A) the CV set and (B) the
holdout test set. AUPRCs for (C) the CV set and (D) the holdout test set. Calibration plots for (E) the CV set and (F) the holdout test set.
The overall AUROC and AUPRC values were computed after combining five folds. The calibration (continued on following page)
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hemoglobin (7.0 g/dL). Together, these features contributed
to the individual’s high-risk score that predicted the de-
velopment of CD 31 PC.

DISCUSSION

In this study, we developed an explainable ML model using
patient-specific, preoperative EHR data to generate a risk
predictionmodel for the development of severe (CD 31) PC in

inpatients with cancer who underwent same-hospitalization
major operations. The trained model performed well when
tested in the holdout test set with an AUROC of 0.73 and an
AUPRC of 0.52. In addition, there was good calibration be-
tween the predicted risk and observed complication rates.
Contributing features were identified and explored through
the SHAP method. Our findings support continuing devel-
opment and use of ML models for preoperative risk pre-
diction of PC in patients with cancer.

FIG 2. (Continued). plot visualizes how correctly the predicted risk by the model estimates the observed CD 31 complication rate. (E
and F) Operations were grouped into five bins with equal widths on the basis of the ascending order of the predicted risk scores; the
x-axis of each point represents the mean predicted risk score in each bin; the y-axis of each point represents the CD 31 complication
rate in each bin; the gray dashed 45-degree line represents a perfect calibrated model. AUPRC, area under the precision recall curve;
AUROC, area under the receiver operating characteristic curve; CD 31, Clavien-Dindo grade 3 or higher; CV, cross-validation.
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FIG 3. SHAP summary plot of the 20most contributing features ranked by descending contribution to the prediction of 30-day Clavien-Dindo
grade 3 or higher postoperative complications on the basis of the holdout test set. Each dot in the plot represents a SHAP value for a feature
and an operation in the holdout test set. The colors represent the feature values with blue for lower values and red for higher values. The
negative SHAP value indicates the reduced likelihood of complication, and the positive SHAP value indicates the increased likelihood of
complication. The directionality of the feature impact could be evaluated on the basis of the distribution of the red and blue dots. The features
were ranked according to the mean absolute SHAP values aggregated across operations in the holdout test set. SHAP, Shapley additive
explanations.
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Multiple models exist to assess perioperative morbidity and
mortality including the ACS SRC.16,25 Other prediction tools
used to calculate patient risk add features such as vital signs
and operative details to improve performance.14,26 Overall,
these scores perform modestly in patients with cancer. In
addition, the prediction tools are not integrated into EHR
systems for easy implementation into the clinical work-
flow.17 Recently, using administrative data sets, cancer
registries, and EHR data, AI techniques to recognize pat-
terns, learn from experience without user input, and detect
complex variable interactions to enable the development of
algorithms involving nonlinear relationships of features
have been harnessed to predict PC.27-29 For example,
MySurgeryRisk capitalizes on the availability of big data to
develop ML model risk scores for eight PCs.25,30 However, at
this time, the platform is amobile applicationwhich requires
manual input of data and is not integrated into inpatient
EHRs, limiting the accessibility and utilization in a preop-
erative inpatient setting.

ML model performance for risk prediction has also been
studied in smaller cohorts of patientswith cancer limited to a
single disease site, operation, or institution. Pera et al31

reported the use of ML in the prediction of 90-day mor-
tality after gastrectomy. The ML model performed well with
an AUROC of 0.79-0.84. In patients undergoing cytoreduc-
tive surgery, the ML model outperformed multiple logistic
regression models for postoperative risk prediction with an
AUROC of 0.75.32 Similarly, in a small single-center cohort of
outpatients with cancer undergoing surgery, the ML model
for PC prediction had anAUROC of 0.71.29 To date, none of the
risk prediction models have been used in inpatients with
cancer agnostic of the site of disease and operation
type.30,33-35

Our single-institutional study provides contemporary risk
estimation of severe (CD 31) PC in inpatients with cancer
regardless of the type of cancer or operation. Our study
includes patients with cancer with hematologic or solid
cancer diagnosis and complex operations requiring multiple
procedures and different subspecialties. Finally, our ML
model, unlike other predictive models,29,31,32 incorporates
cancer treatments such as days of radiation treatment and
number of chemotherapy and immunotherapy medication
orders, features which contribute to postoperative
outcomes.

AUROCs for our training set and holdout test setMLmodel of
0.77 and 0.73, respectively, are comparable in performance
with previously published models. However, we also report
AUPRC, a metric which evaluates model interactions be-
tween precision (positive predictive value) and recall (true
positive rate) at different thresholds and assesses model
performance with imbalanced data sets. Our ML model re-
sults in an AUPRC of 0.56 in the training set and 0.52 in the
holdout test set, enabling discrimination of patients with a

higher risk of complication above the baseline PC rate of
28.3%. In addition, we report calibration plots to compare
the ML model predicted risk with the observed PC rate. As
such, a patient with a predicted risk score of 0.6 has an
observed complication rate of approximately 60%. The re-
sults of our calibration plots argue for good alignment be-
tween predicted risk and observed rate of PC in our patient
population.

To better understand the feature impact from the optimized
ML model, we used SHAP values as previously reported in
other risk assessment ML models.27,35 The SHAP method
explains risk prediction by listing the contribution of each
feature driving the risk of PC in an individual patient. Using
this method, we identified novel features that had not been
previously reported. The top contributors to increased PC
risk include longer total length of hospital stay in the past
year, low lymphocyte level, low hemoglobin level, high
heart rate, and high percentage of abnormal laboratory
test results in the past 90 days. The features affecting the
PC risk can potentially be addressed and optimized
preoperatively.36,37 In addition, steps of an enhanced re-
covery pathway after an operation can be adjusted to ad-
dress features identified by the ML model to improve
patient-specific outcomes.

Because our ML model uses readily available EHR data, risk
assessment of PC can be seamlessly integrated into the
preoperative workflow. Many of the available risk stratifi-
cation systems, and notably the ACS SRC, are based on static
data at a single timepoint in the clinical care timeline.16 Static
timepoints can lead to degradation in risk assessment
performance in patients with dynamic clinical status.
Without the need for a separate device or web-based ap-
plication and without the need for manual input of features,
our model assigns a risk score automatically using EHR data
and makes the risk score immediately available for the cli-
nician to review within the EHR. Ongoing development of
this ML model and integration into the EHR environment
will enable real-time automated risk assessment as part of
the surgeon preoperative workflow.

Finally, and perhaps most importantly, in cancer care, in-
dividualized risk can serve as a key component in a multi-
faceted approach to assist decision making. In patients with
advanced cancer, better risk prediction of PCmight allow for
a more nuanced discussion that balances short- and long-
term outcomes against quality-of-life concerns. Preopera-
tive discussions with more accurate and individualized risk
assessments may facilitate better education and help set
realistic expectations, enabling patient and provider shared
decision making.

This study has several limitations. Foremost, the model was
validated using a holdout test set that included patients
hospitalized during the COVID-19 pandemic. The changes
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because of hospital policies surrounding capacity concerns
might have resulted in patient demographic changes, which
could affect model performance. Ongoing prospective vali-
dation will determine performance. In addition, the ML
model was limited to inpatients.We chose to beginMLmodel
development for risk prediction in the inpatient cohort
because of the availability and quality of the EHR inpatient
data. Ongoing work will include outpatients with cancer
scheduled for elective operations. Finally,many other factors
including hospital- and surgeon-specific variables are not
included in our patient-specific ML model. Additional
studies incorporating other features to improve performance
are warranted. In addition, validation in larger and external

data sets is critical to assess the generalizability of the ML
model across cancer populations.

In conclusion, our study developed an explainable ML
model that accurately predicted risk of development of CD
31 PC in patients who were admitted to a tertiary care
comprehensive cancer center before undergoing a same-
hospitalization major operation. The model incorporates
EHR data inputs to generate individual operation–level risk
prediction and model explanation that can be readily
available to clinicians as part of the presurgical workflow
within the EHR system. Further development of the risk
model is warranted.
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APPENDIX

SHAP Dependence Plots of Top 5 Contributing Features (holdout test set)
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FIG A1. SHAP dependence plots on the basis of the holdout test set to show the effects of the top five contributing features on the
prediction of 30-day Clavien-Dindo grade 3 or higher postoperative complications. A SHAP dependence (continued on following page)
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FIG A1. (Continued). plot is a scatter plot with each dot representing an operation in the holdout test set. The SHAP dependence plot
could be used to visualize the relationship between values of a feature on the x-axis and SHAP values of that feature on the y-axis. The red
vertical line in each plot indicates the cutoff value of a feature that separates the positive and negative SHAP values. For (A-E) the top five
contributing features, SHAP values were positive and indicated the increased likelihood of complications when total hospital length of
stays >13 in the past year, lymphocyte <10.6%, hemoglobin <9.1 g/dL, heart rate >103 beats/min, and/or percentage of abnormal
laboratory test results >52% in the past 90 days. SHAP, Shapley additive explanations.
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FIG A2. For an operation in the holdout test set, the SHAP values showing top contributing features to the prediction of 30-day Clavien-Dindo
grade 3 or higher postoperative complications. The red color represents features that increase the likelihood of complication, whereas the blue
color represents features that reduce the likelihood of complication. The size of each arrow bar indicates the magnitude of the feature
contribution on the basis of the SHAP value of the feature. The base value is 0.24, which represents themean of predicted scores in the holdout
test set. In this example of a patient scheduled for an operation, the risk score is 0.74 (shown in bold). The top four features contributing to the
risk of a complication in this patient are labeled in red. SHAP, Shapley additive explanations.
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TABLE A1. Definitions of CD Grade 3 or Higher Complications

Complication Description CD Classification

Abscess drain placement Abscess drain placement, aspiration, and embolization should be
performed without general anesthesia

3a

Aspiration

Embolization

Thoracentesis Thoracentesis should be performed without general anesthesia. It was not
a complication if the patient had thoracentesis before the operation

3a

Urinary leak If the creatinine in body fluid was at least 1.5 times higher than the
creatinine in blood and no procedure under general anesthesia was
performed to handle the leak

3a

Bronchoscopy Bronchoscopy and chest tube placement could be performed with or
without general anesthesia. It was not a complication if the patient had
bronchoscopy or chest tube placement before the operation

3a (no general anesthesia)
3b (general anesthesia)Chest tube placement

Endoscopy Endoscopic procedures, procedures to control hemorrhage, and incision
and drainage procedures could be performed with or without general
anesthesia

3a (no general anesthesia)
3b (general anesthesia)Hemorrhage

Incision and drainage

Hematoma Hematoma, laparoscopy, and laparotomy should be performed under
general anesthesia

3b

Laparoscopy

Laparotomy

Heart failure Troponin I was >1 ng/mL 4a

Liver failure Total bilirubin was >7 mg/dL, and the INR was >2 4a

Renal failure Dialysis was performed on a patient who did not require dialysis
preoperatively

4a

Respiratory failure Intubation procedure was performed in an urgent situation 4a

Multiorgan dysfunction Two ormore CD 4a complications (ie, heart failure, liver failure, renal failure,
and respiratory failure)

4b

Death Death during or after the operation 5

Abbreviations: CD, Clavien-Dindo; INR, international normalized ratio.
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TABLE A2. Model Features

Types of EHR Data Feature Observation Windowa

Demographics Continuous: age NA

Binary: male, White, Hispanic,
married

Diagnosis codesb Number of all diagnosis records,
number of unique diagnosis codes

All historical data leading to surgical
case request time

Number of all diagnosis records for
respiratory problems, number of
unique diagnosis codes for
respiratory problems

Cancer treatment Number of days on radiation
treatment

1 year leading to surgical case
request time

Number of chemotherapy and
immunotherapy medication orders

Previous inpatient admissions and
outpatient visits

Total hospital length of stay, number
of inpatient admissions, number of
outpatient visits

1 year leading to current hospital
admission time

Medication administration records Number of all medication orders 30 days leading to surgical case
request timeNumber of medication orders for

each therapeutic class: anti-
infective agents, antineoplastic
agents, endocrine and metabolic
drugs, cardiovascular agents,
respiratory agents, GI agents,
genitourinary products, CNS drugs,
analgesics and anesthetics,
neuromuscular drugs, nutritional
products, hematologic agents,
topical products, miscellaneous
products, unknown classc

Oxygenation support Highest oxygenation support leveld 30 days leading to surgical case
request time

Number of days on oxygenation
support, number of oxygenation
support records

1 year leading to surgical case
request time

Most recent values: FiO2, flow rate,
PEEP, PIP, tidal volume

Most recent values

Vital signs Most recent values: systolic blood
pressure, diastolic blood pressure,
heart rate, respiratory rate, SpO2,
temperature, weight

Most recent values

Laboratory tests Most recent values: albumin, alkaline
phosphatase, calcium, creatinine
(blood), glucose, hematocrit,
hemoglobin, lactate, lymphocytes
percent, platelet, prothrombin time,
RBC, RDW, segmented neutrophils
percent, sodium, total bilirubin,
WBC

Most recent values

Number of laboratory test results,
number of normal laboratory test
results, number of abnormal
laboratory test results, percentage
of abnormal laboratory test results

90 days leading to surgical case
request time

Abbreviations: BiPAP, bilevel positive airway pressure; CPAP, continuous positive airway pressure; EHR, electronic health record; FiO2, the fraction
of inspired oxygen; NA, not available; PEEP, positive end-expiratory pressure; PIP, peak inspiratory pressure; RDW, red blood cell distribution width;
SpO2, oxygen saturation by pulse oximetry.
aFeatures were created within the observation window and aggregated at the operation level.
bDiagnosis codes related to respiratory problems (eg, acute respiratory failure, pleural effusion, pneumonia, etc) were identified by clinical experts.
cOrders that did not have therapeutic class assigned in the EHR were grouped to unknown class.
dThe oxygenation support level was coded as no oxygenation support/room air5 0, facemask5 1, nasal cannula5 2, CPAP/BiPAP5 3, others5 4,
ventilator 5 5.
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TABLE A3. Hyperparameter Tuning Process

Hyperparameter Tuning Process Value in the Final Model

Learning rate Fixed at 0.1 0.1

No. of gradient boosted trees Set the number of boosting iterations
at 1,000, maximum tree depth at 4,
subsample ratio of columns at 0.8,
and tune the number of gradient
boosted trees until the average
AUROC value computed over five
CV folds did not improve in every
50 rounds (early stopping rounds).
The last iteration represented the
best number of gradient boosted
trees that was used to tune the
other hyperparameters below for
the final model

70

Maximum tree depth Randomly picked an integer between
1 and 30

4

Minimum sum of instance weight
(hessian) needed in a child

Randomly picked an integer between
1 and 10

4

Subsample ratio of the training
instance

Uniformly picked a number between
0.1 and 1

0.86

Subsample ratio of columns Uniformly picked a number between
0.3 and 1

0.65

L1 regularization term on weights Uniformly picked a number from 10
numbers spaced evenly on a log
scale between 0.01 and 100

0.22

L2 regularization term on weights Uniformly picked a number from 10
numbers spaced evenly on a log
scale between 0.01 and 100

0.01

NOTE. All the other hyperparameters not mentioned here were fixed at default values. The randomized search process was evaluated using
cross-entropy loss computed over five CV folds.
Abbreviations: AUROC, area under the receiver operating characteristic curve; CV, cross-validation.
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TABLE A4. Operation-Specific Details of Malignancy Type and
Comorbidities

Characteristic No. (%)

Total operations 988 (100)

Solid malignancy 738 (74.7)

Breast cancer 138 (14.0)

Colorectal cancer 92 (9.3)

Sarcoma 66 (6.7)

Brain cancer 48 (4.9)

Gastric cancer 47 (4.8)

Lung cancer 41 (4.1)

Ovarian cancer 39 (3.9)

Prostate cancer 34 (3.4)

Bladder cancer 26 (2.6)

Melanoma 20 (2.0)

Renal cell carcinoma 19 (1.9)

Cervical cancer 18 (1.8)

Uterine cancer 18 (1.8)

Head and neck cancer 17 (1.7)

Pancreatic cancer 14 (1.4)

Hepatocellular carcinoma 11 (1.1)

Squamous cell carcinoma 11 (1.1)

Appendiceal cancer 10 (1.0)

Cholangiocarcinoma 8 (0.8)

Esophageal cancer 8 (0.8)

Laryngeal cancer 8 (0.8)

Neuroendocrine tumor 7 (0.7)

Small bowel cancer 7 (0.7)

Others 31 (3.1)

Hematologic malignancy 250 (25.3)

AML 74 (7.5)

ALL 54 (5.5)

Myelodysplastic syndromes 35 (3.5)

Multiple myeloma 31 (3.1)

Diffuse large B-cell lymphoma 27 (2.7)

Chronic myeloid leukemia 9 (0.9)

Non-Hodgkin’s lymphoma 8 (0.8)

Chronic lymphocytic leukemia 7 (0.7)

Others 5 (0.5)

Comorbidities

Hypertension, uncomplicated 236 (23.9)

Cardiac arrhythmias 202 (20.4)

Fluid and electrolyte disorders 156 (15.8)

Diabetes, uncomplicated 103 (10.4)

Liver disease 100 (10.1)

Coagulopathy 94 (9.5)

Depression 93 (9.4)

Hypothyroidism 84 (8.5)

Other neurologic disorders 81 (8.2)

Valvular disease 81 (8.2)

Diabetes, complicated 78 (7.9)

(continued in next column)

TABLE A4. Operation-Specific Details of Malignancy Type and
Comorbidities (continued)

Characteristic No. (%)

Obesity 71 (7.2)

Chronic pulmonary disease 68 (6.9)

Weight loss 47 (4.8)

Congestive heart failure 46 (4.7)

Renal failure 36 (3.6)

Deficiency anemias 33 (3.3)

Pulmonary circulation disorders 33 (3.3)

Peripheral vascular disorders 30 (3.0)

Rheumatoid arthritis/collagen
vascular diseases

29 (2.9)

Hypertension, complicated 20 (2.0)

Paralysis 20 (2.0)

Blood loss anemia 17 (1.7)

Drug abuse 17 (1.7)

Peptic ulcer disease excluding
bleeding

14 (1.4)

Alcohol abuse 8 (0.8)

Psychoses 6 (0.6)

AIDS/HIV 4 (0.4)
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