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Abstract

IMPORTANCE Quality improvement programs for colorectal cancer surgery have been introduced
with benchmarking based on quality indicators, such as mortality. Detailed (pre)operative
characteristics may offer relevant information for proper case-mix correction.

OBJECTIVE To investigate the added value of machine learning to predict quality indicators for
colorectal cancer surgery and identify previously unrecognized predictors of 30-day mortality based
on a large, nationwide colorectal cancer registry that collected extensive data on comorbidities.
DESIGN, SETTING, AND PARTICIPANTS All patients who underwent resection for primary
colorectal cancer registered in the Dutch ColoRectal Audit between January 1, 2011, and December
31, 2016, were included. Multiple machine learning models (multivariable logistic regression, elastic
net regression, support vector machine, random forest, and gradient boosting) were made to predict
quality indicators. Model performance was compared with conventionally used scores. Risk factors
were identified by logistic regression analyses and Shapley additive explanations (ie, SHAP values).
Statistical analysis was performed between March 1and September 30, 2020.

MAIN OUTCOMES AND MEASURES The primary outcome of this cohort study was 30-day
mortality. Prediction models were trained on a training set by performing 5-fold cross-validation, and
outcomes were measured by the area under the receiver operating characteristic curve on the test
set. Machine learning was further used to identify risk factors, measured by odds ratios and

SHAP values.

RESULTS This cohort study included 62 501 records, most patients were male (35116 [56.2%]),
were aged 61 to 80 years (41560 [66.5%]), and had an American Society of Anesthesiology score of
11(35 679 [57.1%]). A 30-day mortality rate of 2.7% (n = 1693) was found. The area under the curve
of the best machine learning model for 30-day mortality (0.82; 95% Cl, 0.79-0.85) was significantly
higher than the American Society of Anesthesiology score (0.74; 95% Cl, 0.71-0.77; P < .001),
Charlson Comorbidity Index (0.66; 95% Cl, 0.63-0.70; P < .001), and preoperative score to predict
postoperative mortality (0.73; 95% Cl, 0.70-0.77; P < .001). Hypertension, myocardial infarction,
chronic obstructive pulmonary disease, and asthma were comorbidities with a high risk for increased
mortality. Machine learning identified specific risk factors for a complicated course, intensive care
unit admission, prolonged hospital stay, and readmission. Laparoscopic surgery was associated with
a decreased risk for all adverse outcomes.

CONCLUSIONS AND RELEVANCE This study found that machine learning methods outperformed
conventional scores to predict 30-day mortality after colorectal cancer surgery, identified specific

(continued)
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Abstract (continued)

patient groups at risk for adverse outcomes, and provided directions to optimize benchmarking in
clinical audits.

JAMA Network Open. 2021;4(4):€217737. doi:10.1001/jamanetworkopen.2021.7737

Introduction

Resection of colorectal cancer is a frequently performed surgical procedure with a generally reported
incidence of complications of more than 30%,' and these complications are associated with patient
burden and increased health care use.?> A European study showed that nearly one-third of hospital
budgets are spent on treating complications of colorectal cancer surgery.* Identifying patients at risk
for complications is thus of significant importance. Previously identified risk factors for postoperative
complications are advanced age, higher American Society of Anesthesiology (ASA) score, emergency
surgery, comorbidities, and advanced tumor stage."™

Worldwide, several nationwide registries have been set up to improve health care for specific
diseases.>'* Providing feedback on hospital performance is a key principle of clinical auditing.
However, patient populations might differ between hospitals, which requires case-mix correction for
reliable benchmarking.>” Detailed registration of patient characteristics is essential for optimizing
case-mix correction but increases registration burden.

The Dutch ColoRectal Audit (DCRA) was initiated in 2009 to improve the quality of surgical care
for patients in the Netherlands with colorectal cancer. Nationwide coverage of the DCRA is more than
95%, with high validity of the data.' This audit differs from other registries in the large number of
captured comorbidities. Previous studies on the DCRA data mainly used common predictors, such as
the ASA score and Charlson Comorbidity Index (CCI),"'®"° leaving the added value of extensive
registration of comorbidities largely unexplored.

Machine learning (ML) tools can be used to interrogate large clinical data sets with the goal of
improving patient care. For colorectal cancer surgery, ML algorithms have been published for the
prediction of postoperative complications with C statistics (a measure of concordance between
model-based risk estimates and observed events) ranging from 0.65 to 0.98.2°?' Machine learning
has further been used to diagnose early-stage colorectal cancer,?? predict the waiting time for
colorectal cancer surgery,?® and predict the prognosis of patients with colorectal cancer.?* The aim
of this study was to make prediction models for quality indicators, including 30-day mortality, and to
identify potentially unrecognized relevant predictors for outcomes after surgery for primary
colorectal cancer using ML methods on the extensive DCRA data set.

Methods

Study Population

Data of all patients undergoing colorectal cancer surgery between January 1, 2011, and December 31,
2016, were extracted from the DCRA. Patients who received a watch-and-wait strategy without
subsequent surgical treatment were excluded. Informed consent for data collection and ethical
approval were not required according to Dutch law.?>2® This cohort study follows the Strengthening
the Reporting of Observational Studies in Epidemiology (STROBE) reporting guideline for
observational studies.?”

Outcome Parameters
The primary outcome was 30-day mortality. Secondary outcomes included a complicated course
(complication resulting in a hospital stay of >14 days, surgical complication requiring a reintervention,
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or death within 30 days after surgery or while in the hospital), intensive care unit (ICU) admission,
prolonged length of stay (LOS; >21days), and readmission within 30 days.

Predictive Variables

All'103 available patient, tumor, and preoperatively known variables in the DCRA data set were
considered potential predictors (eTable 1in the Supplement). For the prediction of LOS of more than
21days and readmission, 14 intraoperative predictors were added (ie, intraoperative complications,
additional resections, and laparoscopic conversion).

Statistical Analysis

Statistical analyses were performed between March 1and September 30, 2020. Trivial imputation
was performed for DCRA case-mix variables (unlikely to be underreported by hospitals), for specific
comorbidities if their overlapping variable was set to “none” or if another comorbidity in the same
group was registered, and for logically deducible values by combining variables (M stage, tumor
location, and conversion) or based on date of introduction (screening). For nontrivial missing data,
values were assumed to be missing at random, and the k-nearest neighbor imputation with N = 3 was
used, which has been shown to introduce minimal bias compared with using complete
observations.?® Continuous variables were converted to categorical variables as is done in standard
DCRA case mixing: age (<60, 60-69, 70-79, and =80 years) and body mass index (calculated as
weight in kilograms divided by height in meters squared; <18.5, 18.5-25, >25-30, and >30).

Prediction models were created by splitting the data set chronologically into a test set
containing 19% of the patients (2016) and a training set containing 81% (2011-2015). Logistic
regression (LR), elastic net regression,?° random forest,>° and gradient boosting method*' models
were trained by performing 5-fold cross-validation on the training set using stratified splitting in
equally sized groups. For mortality, a support vector machine®3* model was also trained. For all
models, different methods of handling data were tested: balancing of response variables and adding
of missing flags for data that were imputed, creating 4 possible models for each method and
response (support vector machine was trained only with balancing). The predictive strength of the
models was measured by the area under the receiver operating characteristic curve (AUC) on the test
set after performing hyperparameter training on the training set. Pairwise comparisons of AUCs were
performed by the test of DeLong et al.>*

The impact of risk factors was predicted by odds ratios (ORs) or regression coefficients (3) with
95% Cls. P values (2-sided Wald test) were reported for the unbalanced LR model without missing
flags of each outcome parameter. No prior significance was assumed. Model assumptions were
checked using variance inflation factors to measure collinearity among variables,3>3¢ with variance
inflation factors greater than 5 used as a cutoff for potential multicollinearity.>” Likelihood ratio tests
and the Akaike Information Criterion were used to validate the use of the full variable set by
comparing against nested models.

Shapley additive explanations (ie, SHAP values)>® were calculated for the unbalanced gradient
boosting method model without missing flags to further analyze the association of patient
characteristics. SHAP values quantify the association of a variable with the outcome of a single
patient, and the mean absolute SHAP value across all patients is reported as the SHAP value of a
variable.

For mortality, AUCs of ML models were compared with the AUC of the preoperative score to
predict postoperative mortality (POSPOM), CCl, and ASA score. The AUCs were also compared with
LR applied to the DCRA case-mix data set. The DCRA case-mix data set contains the currently used
DCRA case-mix variables: sex, body mass index, age, CCl, ASA score, preoperative tumor
complications, urgency of the resection, additional resection due to metastasis or tumor ingrowth, T
stage, and M stage.

All analyses were performed using R, version 3.6.1 and RStudiod version 1.2.1335 software (R
Project for Statistical Computing). Pipelining and data splitting were performed using the Caret
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package, version 6.0-86, in RStudio. Modeling was performed using the randomForest, version
4.6-14; xgboost, version 1.2.0.1; and kernlab, version 0.9-29 packages in RStudio. Receiver operating
characteristic curves and AUC scores were generated using the pROC, version 1.16.2 package in
RStudio. The SHAP values were calculated using the SHAPforxgboost, version 0.0.4 package in
RStudio. P < .05 was considered significant.

Results

Study Population

A total of 62 925 records of patients with primary colorectal cancer were included in the DCRA
between January 1, 2011, and December 31, 2016. After excluding 424 records of patients who
followed a watch-and-wait strategy, 62 501 records of 62 151 (99.4%) unique, surgically treated
patients were included in the final data set (Figure 1). A total of 0.6% of values were missing among
the 103 variables (0.65 missing per patient; 46 474 [74.4%] complete cases), and 0.7% of values
were missing among the 117 variables in the preoperative data set (0.80 missing per patient; 43588
[69.7%] complete cases). The chronologically split training set and test set are shown in eTable 1in
the Supplement.

The overall study population consisted predominantly of male patients (35 116 [56.2%])
(eTable 1in the Supplement). Most patients were aged between 61and 80 years (41460 [66.5%])
and had an ASA score of Il (35 679 [57.1%]). The most common comorbidities were hypertension
(36.1%), type 2 diabetes (11.6%), chronic obstructive pulmonary disease (COPD) and asthma (10.9%),
atrial fibrillation or flutter (8.3%), and a history of myocardial infarction (6.2%) (eTable 1in the
Supplement).

A total of 21748 patients (34.8%) presented with tumor-related complications, mostly
obstruction (10.9%) or blood loss or anemia (17.2%). Most patients underwent a laparoscopic
resection (59.1%), which was converted to open surgery for 7.1% of patients.

A total of 20 363 (32.6%) patients experienced at least 1 complication, and 1693 patients (2.7%)
died within 30 days after surgery. A total of 11443 patients (18.3%) fulfilled the criteria of a
complicated course, 11931 (19.1%) were admitted to the ICU, 4874 (7.8%) had an LOS greater than 21
days, and 4496 (7.2%) were readmitted.

30-Day Mortality

The AUC of the best ML model (elastic net regression) for 30-day mortality was 0.82 (95% Cl,
0.79-0.85), with no significantly different AUCs among the best ML models (eFigure 1and eTable 2
in the Supplement). The best ML model performed significantly better than the ASA score (AUC,
0.74; 95% Cl, 0.71-0.77; P < .001), POSPOM (AUC, 0.73; 95% Cl, 0.70-0.77; P < .001), CCI (AUC,
0.66; 95% Cl, 0.63-0.70; P < .001), and DCRA case-mix regression model (AUC, 0.81; 95% Cl, 0.78-
0.84; P = .01) (Table®** and Figure 2 and eTable 2 in the Supplement).

Multicollinearity (variance inflation factor >5) was found in levels of 6 (0.4%) categorical
variables, which indicates low multicollinearity among different variables (eTable 3 in the
Supplement) and validates the regression assumptions. The goodness of fit was better for the LR
model than for nested models, as shown by a lower Akaike Information Criterion of the LR model

Figure 1. Patient Inclusion Criteria

‘ 62925 Records of patients with primary colorectal cancer ‘

—>| 424 Excluded owing to watch-and-wait strategy

‘ 62501 Patients with primary colorectal cancer ‘
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than of nested models and by the likelihood ratio test (eTable 4 in the Supplement). This goodness-
of-fit analysis showed that feature selection before risk analysis to avoid overfitting is not necessary.

The ORs of all significant variables for 30-day mortality are shown in Figure 3, and all regression
coefficients are shown in eTable 5 in the Supplement. Patient characteristics with the highest
increase in risk were being older than 80 years (OR, 3.45; 95% Cl, 2.93-4.05; P < .001), body mass
index less than 18.5 (OR, 1.56; 95% Cl, 1.18-2.05; P < .001), and ASA scores of Ill (OR, 3.88; 95% Cl,
2.92-5.16; P < .001), IV (OR, 8.99; 95% Cl, 6.44-12.53; P < .001), and V (OR, 24.02; 95% Cl,
9.36-61.67; P < .001). The comorbidities with the highest significant risks for 30-day mortality were
liver failure (OR, 2.56; 95% Cl, 1.72-3.80; P < .001), medical history of lung surgery or transplant (OR,
2.42;95% Cl, 1.46-3.99; P < .001), and history of other types of cancer (OR, 2.22; 95% Cl, 1.28-3.83;
P =.004). Fecal peritonitis (OR, 2.50; 95% Cl, 1.90-3.30; P < .001) and bone metastasis (OR, 5.42;
95% Cl, 1.95-15.02; P = .001) at presentation also increased the risk of mortality. Surgical procedures
associated with high risk were panproctocolectomy (OR, 3.58; 95% Cl, 1.70-7.56; P < .001), resection
for multiple tumors with at least 1rectal procedure (OR, 3.41; 95% Cl, 1.40-8.32; P = .001), and
subtotal colectomy (OR, 2.38; 95% Cl, 1.71-3.33; P < .001).

Figure 4 shows the top 30 variables with the highest SHAP values of the gradient boosting
method model for 30-day mortality. The most important factors associated with the predictive
power of the model were age, ASA score, and laparoscopic surgery. The comorbidities with the most
predictive power were hypertension, myocardial infarction, and COPD and asthma.

Secondary Outcomes
The highest AUCs of ML models for secondary outcomes were 0.68 (95% Cl, 0.67-0.69) for
complicated course, 0.74 (95% Cl, 0.72-0.75) for ICU admission, 0.71(95% Cl, 0.69-0.73) for LOS

Table. AUC Scores for All Outcome Measures

Best machine DCRA case-mix

Outcome measure learning model regression model ASA score POSPOM cal
Mortality 0.82 0.81 0.74 0.73 0.66
(0.79-0.85) (0.78-0.84) (0.71-0.77)  (0.70-0.77) (0.63-0.70)
P value?® NA .01 1.1x107° 1.4x107° 6.0x107Y
Complicated course 0.68 (0.67-0.69) NA NA NA NA
Prolonged length of stay 0.71 (0.69-0.73) NA NA NA NA
Readmission 0.63 (0.61-0.65) NA NA NA NA
ICU admission 0.74 (0.72-0.75) NA NA NA NA
Figure 2. Receiver Operating Characteristic Plot for 30-Day Mortality
1.0+
0.8
s
© 0.6+
2
S 0.4+
=
,l/ . Best ML model
/ s Case-mix LR model
029477 - ——— POSPOM score
------ ASA score
———ca
0 T T T T 1
0 0.2 0.4 0.6 0.8 1.0

False-positive rate

Abbreviations: ASA, American Society of
Anesthesiology; AUC, area under the receiver
operating characteristic curve; CCl, Charlson
Comorbidity Index; DCRA, Dutch ColoRectal Audit;
ICU, intensive care unit; NA, not applicable; POSPOM,
preoperative score to predict postoperative mortality.

2 Reported P values are in comparison with the best
machine learning model and were calculated using
the test of DeLong et al >4

Accuracy of 30-day mortality prediction for the best
performing machine learning (ML) model (elastic net
regression), case-mix logistic regression (LR) model,
the preoperative score to predict postoperative
mortality (POSPOM), American Society of
Anesthesiology (ASA) score, and Charlson Comorbidity
Index (CC).
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Figure 3. Significant Predictors of 30-Day Mortality

Odds ratio Does not : Favors P
Covariate (95% Cl) favor mortality | mortality value
Sex W Patient
characteristics
Female 0.83(0.74-0.94) - Medical history 2.81x1073
Age, y? M Tumor
<60 0.69 (0.54-0.90) - oo | 5.72x10%
70-80 1.80(1.55-2.10) R 3 treatment 1.92x10°14
>80 3.45(2.93-4.05) - W Surgical 2.31x10°52
characteristics
BMIP
<18.5 1.56 (1.18-2.05) —— 1.38x10°3
>25-30 0.88(0.78-0.99) = 4.04x1072
ASA score®
1 2.00(1.52-2.63) —— 5.12x107
1] 3.88(2.92-5.16) —-— 3.44x1021
v 8.99 (6.44-12.53) —a— 3.84x10739
\ 24.02 (9.36-61.67) —a— 2.43x10°11
Comorbidities
Angina pectoris 1.25(1.04-1.52) - 1.67x102
Myocardial infarction 1.24(1.05-1.48) k2 9.93x1073
Atrial fibrillation or atrial flutter 1.23(1.07-1.42) E 3 3.32x10°3
Congestive heart failure 1.24 (1.00-1.55) —- 4.30x1072
Peripheral vascular disease 1.48(1.21-1.82) - 1.43x104
Type 1 diabetes 1.30(1.04-1.63) - 1.82x1072
COPD or asthma 1.48 (1.30-1.69) - 1.84x10°9
History of lung surgery or transplantation 2.42(1.46-3.99) —a— 4.86x1074
Transient ischemic attack 1.22(1.00-1.49) - 4.31x1072
Cerebrovascular attack 1.28 (1.06-1.55) - 7.90x1073
Parkinson disease or dementia 1.75(1.34-2.27) —— 2.18x10°
Schizophrenia, major depressive disorder, or psychosis 1.57(1.12-2.21) —— 7.47x1073
Liver disease or failure (cirrhosis or hepatitis) 2.56 (1.72-3.80) —— 2.45x10°©
Chronic kidney disease (creatinine >110 pmol/L) 1.44(1.17-1.77) - 4.79%x104
Current untreated malignant neoplasm 1.57(1.22-2.02) — 3.23x104
Other types of cancer 2.22(1.28-3.83) —a— 3.68x103
Past surgical history
History of bladder, prostate, uterine, or ovarian surgery 0.83(0.70-0.98) - 3.53x1072
M stage
M1 1.67 (1.41-1.99) - 3.09x10°
Metastases
Bone metastasis 5.42 (1.95-15.02) —— 1.02x1073
Tumor complications
Fecal peritonitis due to preoperative colorectal perforation 2.50(1.90-3.30) —— 3.85x10°11
Surgical procedure preresection
Metastasectomy 0.26(0.08-0.86) <«——W———— 2.65%x1072
Settingd
Urgent 1.51(1.22-1.87) - 1.38x10%
Emergency, direct procedure 1.83(1.44-2.33) - 4.29x1077
Approach®
Laparoscopic 0.59 (0.52-0.67) - 4.13x10°17
Surgical proceduref
Right hemicolectomy (extended) 1.22(1.06-1.40) k3 5.21x1073
Transversectomy 1.54(1.12-2.12) —— 6.29x1073
Left hemicolectomy (extended) 1.33(1.09-1.63) - 4.01x10°3
Subtotal colectomy 2.38(1.71-3.33) —— 2.22x1077
Panproctocolectomy 3.58(1.70-7.56) —a— 6.92x10%
2 Different procedures, of which at least 1 procedure for rectal cancer 3.41(1.40-8.32) —a— 6.25x1073
2 Different colon procedures 2.07 (0.99-4.33) —— 4.93x1072
T T T T
0.1 1 10 100

Odds ratio (95% Cl)

Logistic regression model of 30-day mortality for 62 501 patients. All regression coefficients with P < .05 are translated to odds ratios. For categorical variables, references are shown on the right
axis. To convert creatinine to mg/dL, divide by 88.4. BMI indicates body mass index (calculated as weight in kilograms divide by height in meters squared); COPD, chronic obstructive pulmo-
nary disease. *Reference, 60-70 years. "Reference, 18.5-25. “Reference, American Society of Anesthesiology (ASA) score |. “Reference, elective setting. °Reference, open approach. Reference,
low anterior resection or sigmoid resection.
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greater than 21 days, and 0.63 (95% Cl, 0.61-0.65) for readmission. Overall, the random forest model
performed significantly worse for predicting complicated course and ICU admission compared with
LR and elastic net regression (eTable 2 and eFigure 1in the Supplement). There was no best method
for data handling because balancing of the data significantly increased the AUC for 12 models and
decreased the AUC for 6 models, and adding missing flags significantly increased the AUC for 6
models and decreased the AUC for 2 models.

The regression coefficients for complicated course, ICU admission, LOS greater than 21days,
and readmission are shown in eFigures 2 to 5 and eTables 6 to 9 in the Supplement. Comorbidities
associated with an increased risk of a complicated course were pulmonary fibrosis (OR, 1.84; 95% Cl,
1.14-2.98; P = .01), cardiac valve replacement (OR, 1.43; 95% Cl, 1.20-1.71; P < .001), and liver disease
or failure (OR, 1.46; 95% Cl, 1.17-1.82; P < .001). Relevant comorbidities for ICU admission were
dialysis-dependent kidney failure (OR, 2.27; 95% Cl, 1.32-3.91; P = .003), history of lung surgery or
transplant (OR, 2.01; 95% Cl, 1.49-2.71; P < .001), and hemiplegia or paraplegia (OR, 1.90; 95% Cl,

Figure 4. Variables That Demonstrated the Greatest Association With Prediction of 30-Day Mortality
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1.26-2.88; P < .001). An increased risk of readmission was found for hypoparathyroidism and
hyperparathyroidism (OR, 1.58; 95% Cl, 1.01-2.47; P = .04), inflammatory bowel disease (OR, 1.34;
95% Cl, 1.01-1.79; P = .04), and cardiovascular comorbidities (eg, atrial fibrillation or flutter [OR, 1.14;
95% Cl,1.02-1.28; P = .02], aortic aneurysm [OR, 1.29; 95% Cl, 1.06-1.58; P = .001], cerebrovascular
attack [OR, 1.22; 95% Cl, 1.05-1.41; P = .006], and pulmonary embolism [OR, 1.38; 95% Cl, 1.09-1.75;
P =.001]). Laparoscopy was associated with a decreased risk for all postoperative outcomes
(complicated course: OR, 0.69; 95% Cl, 0.65-0.72; P < .001; ICU admission: OR, 0.56; 95% Cl, 0.53-
0.58; P < .001; LOS >21days: OR, 0.62; 95% Cl, 0.57-0.67; P < .001) except for readmission (OR, 1.13;
95% Cl, 1.05-1.22; P = .001). Subtotal colectomy was the surgical procedure associated with the
highest increase in risk for complicated course (OR, 2.98; 95% Cl, 2.52-3.52; P < .001) and ICU
admission (OR, 2.02; 95% Cl, 1.69-2.41; P < .001).

The SHAP values for the secondary outcomes (eFigures 6-9 in the Supplement) showed that
age, sex, ASA score, laparoscopy, T4 stage, and emergency surgery were important predictors for
complicated course, ICU admission, and LOS greater than 21 days. Rectal cancer, loop ileostomy, and
ASA score were important predictors for readmission.

Discussion

This study explored the added value of applying ML methods to a large, nationwide clinical audit for
identifying new risk factors and predicting adverse outcomes after colorectal cancer surgery.
Machine learning models based on a colorectal cancer registry including 103 preoperative variables
showed better performance (AUC = 0.82) for predicting 30-day mortality than the ASA score, CCl,
and POSPOM. Machine learning models for predicting a complicated course, ICU admission, LOS
greater than 21 days, and readmission showed AUCs between 0.63 and 0.74. The models provided
valuable information on the importance of both well-known risk factors as well as new risk factors for
various postoperative outcome parameters for patients undergoing colorectal cancer surgery.

Important predictive information for mortality is lost owing to the limited number of variables
in the ASA score (n = 1), CCl (n = 16), and POSPOM score (n = 17). This finding is in line with the
results of a systematic review by Goldstein et al,>® which demonstrated that predictive models based
on electronic healthcare records use a median of 27 variables. Although not based on electronic
healthcare records, the case-mix regression model of the DCRA uses 26 variables (including 16
variables in the CCI). The predictive value of the best ML model with more than 100 variables was
only slightly better compared with the DCRA case-mix regression model using 26 variables, although
the difference was statistically significant. Moreover, the assessment of different methods of data
handling showed no single best method for all outcomes, indicating that the limiting factor for
predicting quality indicators is associated with the variables in the data set rather than the
methods used.

The LR and SHAP analyses identified several known risk factors,
importance for the different outcomes. The LR analysis reveals some rare but high-impact
comorbidities, such as pulmonary fibrosis, lung surgery or transplant, cardiac valve replacement, and

151 aach with varying

liver failure, which are important to consider for clinical decision-making on an individual basis in daily
practice. Our SHAP analyses revealed that the ASA score and the specific comorbidities of COPD and
asthma, hypertension, and myocardial infarction are important variables for predicting postoperative
mortality.

Notably, the risk for 30-day mortality is increased most by liver failure in the LR model, followed
by a medical history of lung surgery or transplant. However, the SHAP analysis showed that COPD
and asthma have the highest predictive value for 30-day mortality and that liver disease had a much
lower predictive value. The discrepancy between regression coefficients and SHAP values can be
explained by the prevalence of a variable. Odds ratios are calculated only for patients with whom that
variable is associated, whereas mean SHAP values are calculated across all patients. Hence, a variable
with low impact and high prevalence will have a low OR but a high SHAP value.
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Laparoscopic surgery showed a decreased risk and a high predictive value for 30-day mortality,
complicated course, ICU admission, and LOS greater than 21 days. Nevertheless, this parameter
should probably not be used as a case-mix factor because there might be specific reasons to still
perform open surgery. However, this finding stresses the importance of implementing minimally
invasive surgery for colorectal cancer surgery in any center worldwide. Laparoscopic colorectal
surgery was studied in multiple trials (COREAN [Comparison of Open Versus Laparoscopic Surgery
for Mid or Low Rectal Cancer After Neoadjuvant Chemoradiotherapy], COLOR [Colon Carcinoma
Laparoscopic or Open Resection], CLASICC [Capecitabine and Oxaliplatin Adjuvant Study in Stomach
Cancer] trial, ACOSOG [American College of Surgeons Oncology Group] Z6051, and ALaCaRT
[Australasian Laparoscopic Cancer of the Rectum])*°#” but often failed to demonstrate clear
benefits associated with its use. In contrast, large population-based studies demonstrated a lower
risk of postoperative mortality and cardiopulmonary complications.*®->2 The present analyses
confirm these findings together with seldom-reported benefits associated with the reduction in LOS
greater than 21days and ICU admission.

For complicated course, our results showed that several specific comorbidities, such as COPD
and asthma, atrial fibrillation or flutter, and previous types of cancer, had a high predictive value.
Previous studies demonstrated that comorbidities, in general, did not increase the risk of
postoperative complications but that COPD and asthma™>3 and cardiovascular complications>* did
increase this risk. In contrast with our results, diabetes decreased the risk of complications,' and
neurologic comorbidities were independently associated with complications.>® Furthermore, we
found that younger age was associated with high risk for readmission. This finding is in line with a
study by Berry et al®® that evaluated 30-day readmission for 31729 762 US patients and concluded
that younger patients were more likely to be readmitted. Berry et al®® suggested that the relatively
high readmission rates of young patients can be explained by the competing risk of
postdischarge death.

Our results have important implications for clinical audits and case-mix corrections that may be
relevant to other registries and countries. First, we found that, for each outcome, different risk
factors are important, suggesting that a different set of variables should be used for the case-mix
correction for different outcomes. Currently, at least in the DCRA, 1set of case-mix variables is used
for all outcomes. Second, we found a minimal, although significant, increase in predictive value when
ML models were applied to the full data set, including 103 variables compared with the reduced data
set of 26 variables. Hence, we conclude that the registration burden in audits can be considerably
reduced without much loss of predictive value.

Limitations

This study has some limitations. Errors and changes in data collection, such as incomplete
registration and changing registration policies, may have affected both performance and
generalizability.’®>” Furthermore, biases in data collection undermine the assumption of the values
missing at random used for imputation, reducing the strength of imputation methods. Selection bias
should be acknowledged as a limiting factor for the prediction models because the decision to
perform a resection is made by the surgeon and patient before registration in the DCRA. Given the
large number of patients (n = 62 501) and the high data validity and completeness of the DCRA,'®
further increasing the sample size to improve the models is not likely to be of additional value.
Further research could thus better focus on data sets containing more biological information (eg,
blood test values, imaging, and genomic data), more "“live” patient data (eg, current medication use,
blood pressure, and heart rates), or a combination of biological and clinical data. Ultimately,
combined longitudinal information could be collected through various systems, such as the
electronic healthcare record, genomic databases, and wearable devices.>®
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Conclusions

Prediction models based on a clinical audit consisting of 103 preoperative variables of 62 501
surgically treated colorectal tumors performed better at predicting 30-day mortality than the
POSPOM, ASA score, and CCl as well as the case-mix regression model, but the AUCs of the
prediction models are too low for direct clinical implementation. However, we demonstrated that the
ML models are able to identify factors associated with postoperative quality of care outcomes. It was
found that minimally invasive surgery is associated with increased quality of care as assessed by
several outcomes. This study also demonstrated that variables are not equally predictive for all
outcomes, suggesting that applying different case-mix models in clinical auditing improves the
reliability of benchmarking.

ARTICLE INFORMATION
Accepted for Publication: March 2, 2021.

Published: April 26, 2021. doi:10.1001/jamanetworkopen.2021.7737

Open Access: This is an open access article distributed under the terms of the CC-BY License. © 2021van den
Bosch T et al. JAMA Network Open.

Corresponding Author: Daniél M. Miedema, PhD, Amsterdam University Medical Centers, location AMC,
Meibergdreef 9, 1105 AZ Amsterdam, the Netherlands (d.m.miedema@amsterdamumc.nl).

Author Affiliations: Laboratory for Experimental Oncology and Radiobiology, Center for Experimental and
Molecular Medicine, Cancer Center Amsterdam and Amsterdam Gastroenterology and Metabolism, Amsterdam
University Medical Centers, University of Amsterdam, Amsterdam, the Netherlands (van den Bosch, Vermeulen,
Miedema); Oncode Institute, Utrecht, the Netherlands (van den Bosch, Vermeulen, Miedema); Department of
Surgery, Leiden University Medical Center, Leiden, the Netherlands (Warps, Tollenaar); Dutch Institute for Clinical
Auditing, Leiden, the Netherlands (Warps, Wouters, Dekker, Tollenaar); PacMed, Amsterdam, the Netherlands (de
Nerée tot Babberich, Stamm); Healthplus.ai, Amsterdam, the Netherlands (Geerts); Department of Surgical
Oncology, Antoni van Leeuwenhoek Hospital, Amsterdam, the Netherlands (Wouters); Department of Biomedical
Data Sciences, Leiden University Medical Center, Leiden, the Netherlands (Wouters, Dekker); Department of
Surgery, Reinier de Graaf Groep, Delft, the Netherlands (Wouters, Dekker); Amsterdam University Medical Centers,
Department of Surgery, University of Amsterdam, Cancer Center Amsterdam, Amsterdam, the

Netherlands (Tanis).

Author Contributions: Drs Tanis and Miedema had full access to all of the data in the study and take responsibility
for the integrity of the data and the accuracy of the data analysis. Mr van den Bosch and Dr Warps contributed
equally as co-first authors. Drs Tanis and Miedema shared senior authorship and contributed equally as

co-last authors.

Concept and design: van den Bosch, Warps, de Nerée tot Babberich, Geerts, Dekker, Tanis, Miedema.

Acquisition, analysis, or interpretation of data: All authors.

Drafting of the manuscript: van den Bosch, Warps, Dekker, Tanis, Miedema.

Critical revision of the manuscript for important intellectual content: van den Bosch, Warps, de Nerée tot Babberich,
Stamm, Geerts, Vermeulen, Wouters, Dekker, Tollenaar, Tanis.

Statistical analysis: van den Bosch, Stamm, Geerts, Miedema.

Obtained funding: Vermeulen, Miedema.

Administrative, technical, or material support: Warps, de Nerée tot Babberich, Wouters, Tollenaar.

Supervision: de Nerée tot Babberich, Geerts, Vermeulen, Wouters, Dekker, Tanis, Miedema.

Conflict of Interest Disclosures: Dr de Nerée tot Babberich reported being an employee of Pacmed outside the
submitted work. Dr Geerts reported holding shares in Healthplus.ai BV and stock options in Sensulin LLC; serving
as an unpaid advisor to Mode Sensors; and serving as a paid consultant for and receiving research grants from
Edwards Lifesciences LLC, Philips NV, and NLC BV. Dr Tanis reported receiving grants from LifeCell and Allergan
outside the submitted work. No other disclosures were reported.

Funding/Support: This work was supported by a talent development grant of the AG&M Institute of Amsterdam
UMC and a Young Investigator Grant of KWF to Dr Miedema. Dr Vermeulen is a New York Stem Cell Foundation-
Robertson Investigator.

[5 JAMA Network Open. 2021;4(4):e217737. doi:10.1001/jamanetworkopen.2021.7737 April 26,2021 1014

Downloaded From: https://jamanetwor k.com/ by anne-loes war ps on 04/27/2021


https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2021.7737&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2021.7737
https://jamanetwork.com/pages/cc-by-license-permissions/?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2021.7737
mailto:d.m.miedema@amsterdamumc.nl

JAMA Network Open | Surgery Predictors of 30-Day Mortality After Colorectal Cancer Surgery

Role of the Funder/Sponsor: The funding sources had no role in the design and conduct of the study; collection,
management, analysis, and interpretation of the data; preparation, review, or approval of the manuscript; and
decision to submit the manuscript for publication.

Members of the Dutch ColoRectal Audit Group: A.G.J. Aalbers, MD, PhD, Department of Surgery, Netherlands
Cancer Institute-Antoni van Leeuwenhoek, Amsterdam; T.S. Aukema, MD, PhD, Department of Surgery, Haga
Ziekenhuis, Den Haag; R.G.H. Beets-Tan, MD, PhD, Department of Radiology, Netherlands Cancer Institute-Antoni
van Leeuwenhoek, Amsterdam; F.C. den Boer, MD, PhD, Department of Surgery, Zaans Medisch Centrum,
Zaandam; S.0. Breuking, MD, PhD, Department of Surgery, Maastricht University Medical Centre (UMC),
Maastricht; J.B. Tuynman, MD, PhD, Department of Surgery, Amsterdam UMC, VU Medical Centre, Amsterdam;
B.A. Grotenhuis, MD, PhD, Department of Surgery, Netherlands Cancer Institute-Antoni van Leeuwenhoek,
Amsterdam; P.P.L.O. Coene, MD, PhD, Department of Surgery, Maasstad Ziekenhuis, Rotterdam; JW.B. de Groot,
MD, PhD, Department of Internal Medicine, Isala, Zwolle; R. Hompes, MD, PhD, Department of Surgery,
Amsterdam UMC Location AMC, Amsterdam; M.P.W. Intven, MD, PhD, Department of Radiotherapy, UMC Utrecht,
Utrecht; T.M. Karsten, MD, PhD, Department of Surgery, Onze Lieve Vrouwe Gasthuis, Amsterdam; M. Ledeboer,
MD, PhD, Department of Gastroenterology and Hepatology, Deventer Ziekenhuis, Deventer; E.R. Manusama, MD,
PhD, Department of Surgery, Medical Centre Leeuwarden, Leeuwarden; C.A.M. Marijnen, MD, PhD, Department
of Radiotherapy, Netherlands Cancer Institute-Antoni van Leeuwenhoek, Amsterdam; I.D. Nagtegaal, MD, PhD,
Department of Pathology, Radboud UMC, Nijmegen; K.C.M.J. Peeters, MD, PhD, Department of Surgery, Leiden
UMC, Leiden; F. Peters, MD, PhD, Department of Radiotherapy, Netherlands Cancer Institute-Antoni van
Leeuwenhoek, Amsterdam; C.J.H. van de Velde, MD, PhD, Department of Surgery, LUMC, Leiden; M. Vermaas, MD,
PhD, Department of Surgery, IJsselland Ziekenhuis, Cappelle aan de lJssel; A. Wagner, MD, PhD, Department of
Clinical Genetics, Erasmus MC, Rotterdam; M. Westerterp, MD, PhD, Department of Surgery, MC Haaglanden,

Den Haag.

Additional Contributions: The author would like to thank all surgeons, data managers, physician assistants, and
administrative nurses who registered all of the patients in the Dutch ColoRectal Audit.

REFERENCES
1. Lemmens VEPP, Janssen-Heijnen MLG, Houterman S, et al. Which comorbid conditions predict complications
after surgery for colorectal cancer? World J Surg. 2007;31(1):192-199. doi:10.1007/s00268-005-0711-8

2. Zoucas E, Lydrup ML. Hospital costs associated with surgical morbidity after elective colorectal procedures:

a retrospective observational cohort study in 530 patients. Patient Saf Surg. 2014;8(1):2. doi:10.1186/1754-
9493-8-2

3. Vonlanthen R, Slankamenac K, Breitenstein S, et al. The impact of complications on costs of major surgical
procedures: a cost analysis of 1200 patients. Ann Surg. 2011;254(6):907-913. doi:10.1097/SLA.0b013e31821d4a43

4. Govaert JA, Fiocco M, van Dijk WA, et al; Dutch Value Based Healthcare Study Group. Costs of complications
after colorectal cancer surgery in the Netherlands: building the business case for hospitals. Eur J Surg Oncol. 2015;
41(8):1059-1067. doi:10.1016/j.js0.2015.03.236

5. McNicol L, Story DA, Leslie K, et al. Postoperative complications and mortality in older patients having
non-cardiac surgery at three Melbourne teaching hospitals. Med J Aust. 2007;186(9):447-452. doi:10.5694/j.
1326-5377.2007.tb00994.x

6. Nozawa H, Kitayama J, Sunami E, Watanabe T. Impact of chronic kidney disease on outcomes of surgical
resection for primary colorectal cancer: a retrospective cohort review. Dis Colon Rectum. 2012;55(9):948-956.
doi:10.1097/DCR.0b013e3182600db7

7. Healy LA, Ryan AM, Sutton E, et al. Impact of obesity on surgical and oncological outcomes in the management
of colorectal cancer. Int J Colorectal Dis. 2010;25(11):1293-1299. doi:10.1007/s00384-010-0963-0

8. Pearse RM, Holt PJE, Grocott MPW. Managing perioperative risk in patients undergoing elective non-cardiac
surgery. BMJ. 2011;343(7826):d5759. doi:10.1136/bmj.d5759

9. Ascanelli S, Navarra G, Tonini G, et al. Early and late outcome after surgery for colorectal cancer: elective versus
emergency surgery. Tumori. 2003;89(1):36-41. doi:10.1177/0300891603089500108

10. Sawayama H, Tomiyasu S, Kanemitsu K, Matsumoto T, Tanaka H, Baba H. Colonic perforation due to colorectal
cancer: predicting postoperative organ failure with a preoperative scoring system and selecting the optimal
surgical method based on the prognosis. Surg Today. 2012;42(11):1082-1087. doi:10.1007/s00595-012-0220-y

11. Bot J, Piessen G, Robb WB, Roger V, Mariette C. Advanced tumor stage is an independent risk factor of
postoperative infectious complications after colorectal surgery: arguments from a case-matched series. Dis Colon
Rectum. 2013;56(5):568-576. doi:10.1097/DCR.0b013e318282e7950

[5 JAMA Network Open. 2021;4(4):e217737. doi:10.1001/jamanetworkopen.2021.7737 April 26,2021 N4

Downloaded From: https://jamanetwor k.com/ by anne-loes war ps on 04/27/2021


https://dx.doi.org/10.1007/s00268-005-0711-8
https://dx.doi.org/10.1186/1754-9493-8-2
https://dx.doi.org/10.1186/1754-9493-8-2
https://dx.doi.org/10.1097/SLA.0b013e31821d4a43
https://dx.doi.org/10.1016/j.ejso.2015.03.236
https://dx.doi.org/10.5694/j.1326-5377.2007.tb00994.x
https://dx.doi.org/10.5694/j.1326-5377.2007.tb00994.x
https://dx.doi.org/10.1097/DCR.0b013e3182600db7
https://dx.doi.org/10.1007/s00384-010-0963-0
https://dx.doi.org/10.1136/bmj.d5759
https://dx.doi.org/10.1177/030089160308900108
https://dx.doi.org/10.1007/s00595-012-0220-y
https://dx.doi.org/10.1097/DCR.0b013e318282e790

JAMA Network Open | Surgery Predictors of 30-Day Mortality After Colorectal Cancer Surgery

12. van Gijn W, Wouters MWJM, Peeters KCMJ, van de Velde CJH. Nationwide outcome registrations to improve
quality of care in rectal surgery: an initiative of the European Society of Surgical Oncology. J Surg Oncol. 2009;99
(8):491-496. doi:10.1002/js0.21203

13. Larsson S, Lawyer P, Garellick G, Lindahl B, Lundstrom M. Use of 13 disease registries in 5 countries
demonstrates the potential to use outcome data to improve health care’s value. Health Aff (Millwood). 2012;31(1):
220-227. doi:10.1377/hlthaff.2011.0762

14. Blumenthal S. The use of clinical registries in the United States: a landscape survey. EGEMS (Wash DC). 2017;
5(1):26. doi:10.5334/egems.248

15. Kolfschoten NE, Marang van de Mheen PJ, Gooiker GA, et al; Dutch Surgical Colorectal Audit group. Variation
in case-mix between hospitals treating colorectal cancer patients in the Netherlands. Eur J Surg Oncol. 2011;37(11):
956-963. doi:10.1016/j.ejs0.2011.08.137

16. vander Werf LR, Voeten SC, van Loe CMM, Karthaus EG, Wouters MWJM, Prins HA. Data verification of
nationwide clinical quality registries. BJS Open. 2019;3(6):857-864. doi:10.1002/bjs5.50209

17. de Neree tot Babberich MPM, Detering R, Dekker JWT, et al. Achievements in colorectal cancer care during 8
years of auditing in the Netherlands. Eur J Surgl Oncol. 2018;44(9):1361-1370. doi:10.1016/j.ej50.2018.06.001

18. Van Leersum NJ, Snijders HS, Henneman D, et al; Dutch Surgical Colorectal Cancer Audit Group. The Dutch
Surgical Colorectal Audit. Eur J Surg Oncol. 2013;39(10):1063-1070. doi:10.1016/j.€js0.2013.05.008

19. Henneman D, Snijders HS, Fiocco M, et al. Hospital variation in failure to rescue after colorectal cancer surgery:
results of the Dutch Surgical Colorectal Audit. Ann Surg Oncol. 2013;20(7):2117-2123. doi:10.1245/s10434-013-
2896-7

20. Merath K, Hyer JM, Mehta R, et al. Use of machine learning for prediction of patient risk of postoperative
complications after liver, pancreatic, and colorectal surgery. J Gastrointest Surg. 2020;24(8):1843-1851. doi:10.
1007/s11605-019-04338-2

21. Soguero-Ruiz C, Hindberg K, Mora-Jiménez |, et al. Predicting colorectal surgical complications using
heterogeneous clinical data and kernel methods. J Biomed Inform. 2016;61:87-96. doi:10.1016/j.jbi.2016.03.008

22. Niehous K, Wan N, White B, et al. Early stage colorectal cancer detection using artificial intelligence and whole-
genome sequencing of cell-free DNA in a retrospective cohort of 1,040 patients. Am J Gastroenterol. 2018;113
(suppl):5169. doi:10.14309/00000434-201810001-00307

23. Curtis NJ, Dennison G, Salib E, Hashimoto DA, Francis NK. Artificial neural network individualised prediction of
time to colorectal cancer surgery. Gastroenterol Res Pract. 2019;2019:1285931. doi:10.1155/2019/1285931

24. Jiang D, Liao J, Duan H, et al. A machine learning-based prognostic predictor for stage Ill colon cancer. Sci Rep.
2020;10(1):10333. doi:10.1038/s41598-020-67178-0

25. Centrale Commissie Mensgebonden Onderzoek. Uw onderzoek: WMO-plichtig of niet? Accessed March 21,
2021. https://www.ccmo.nl/onderzoekers/wet-en-regelgeving-voor-medisch-wetenschappelijk-onderzoek/uw-
onderzoek-wmo-plichtig-of-niet

26. Marja van Bon-Martens T, Evert-Ben van Veen M. Handreiking ontsluiten patiéntgegevens voor onderzoek:
werken volgens de regels uit AVG, UAVG en WGBO. July 2019. Accessed March 21, 2021. https://www.rivm.nl/sites/
default/files/2019-09/Handreiking ontsluiten patientgegevens.pdf

27. von EIm E, Altman DG, Egger M, Pocock SJ, Gatzsche PC, Vandenbroucke JP; STROBE Initiative. The
Strengthening the Reporting of Observational Studies in Epidemiology (STROBE) statement: guidelines for
reporting observational studies. Ann Intern Med. 2007;147(8):573-577. doi:10.7326/0003-4819-147-8-
200710160-00010

28. Lo AW, Siah KW, Wong CH. Machine learning with statistical imputation for predicting drug approvals. Harv
Data Sci Rev. 2019;1(1). doi:10.1162/99608f92.5¢5f0525

29. Zou H, Hastie T. Regularization and variable selection via the elastic net. J Royal Stat Soc Ser B: Stat
Methodology. 2005;67(2):301-320. doi:10.1111/j.1467-9868.2005.00503.x

30. Breiman L. Random forests. Machine Learning. 2001;45(1):5-32. doi:10.1023/A:1010933404324

31. Friedman JH. Greedy function approximation: a gradient boosting machine. 2001;29(5):1189-1232. doi:10.
1214/a0s/1013203451

32. Ben-Hur A, Horn D, Siegelmann HT, Vapnik V. A support vector clustering method. Proc Int Conf Pattern
Recognition. 2000;15(2):724-727. doi:10.1109/icpr.2000.906177

33. Ben-Hur A, Horn D, Siegelmann HT, Vapnik V. A support vector method for clustering. Accessed December 1,
2020. https://papers.nips.cc/paper/2000/file/14cfdb59b5bdalfc245aadae15b1984a-Paper.pdf

[5 JAMA Network Open. 2021;4(4):e217737. doi:10.1001/jamanetworkopen.2021.7737 April 26,2021 12/14

Downloaded From: https://jamanetwor k.com/ by anne-loes war ps on 04/27/2021


https://dx.doi.org/10.1002/jso.21203
https://dx.doi.org/10.1377/hlthaff.2011.0762
https://dx.doi.org/10.5334/egems.248
https://dx.doi.org/10.1016/j.ejso.2011.08.137
https://dx.doi.org/10.1002/bjs5.50209
https://dx.doi.org/10.1016/j.ejso.2018.06.001
https://dx.doi.org/10.1016/j.ejso.2013.05.008
https://dx.doi.org/10.1245/s10434-013-2896-7
https://dx.doi.org/10.1245/s10434-013-2896-7
https://dx.doi.org/10.1007/s11605-019-04338-2
https://dx.doi.org/10.1007/s11605-019-04338-2
https://dx.doi.org/10.1016/j.jbi.2016.03.008
https://dx.doi.org/10.14309/00000434-201810001-00307
https://dx.doi.org/10.1155/2019/1285931
https://dx.doi.org/10.1038/s41598-020-67178-0
https://www.ccmo.nl/onderzoekers/wet-en-regelgeving-voor-medisch-wetenschappelijk-onderzoek/uw-onderzoek-wmo-plichtig-of-niet
https://www.ccmo.nl/onderzoekers/wet-en-regelgeving-voor-medisch-wetenschappelijk-onderzoek/uw-onderzoek-wmo-plichtig-of-niet
https://www.rivm.nl/sites/default/files/2019-09/Handreiking%20ontsluiten%20patientgegevens.pdf
https://www.rivm.nl/sites/default/files/2019-09/Handreiking%20ontsluiten%20patientgegevens.pdf
https://dx.doi.org/10.7326/0003-4819-147-8-200710160-00010
https://dx.doi.org/10.7326/0003-4819-147-8-200710160-00010
https://dx.doi.org/10.1162/99608f92.5c5f0525
https://dx.doi.org/10.1111/j.1467-9868.2005.00503.x
https://dx.doi.org/10.1023/A:1010933404324
https://dx.doi.org/10.1214/aos/1013203451
https://dx.doi.org/10.1214/aos/1013203451
https://dx.doi.org/10.1109/icpr.2000.906177
https://papers.nips.cc/paper/2000/file/14cfdb59b5bda1fc245aadae15b1984a-Paper.pdf

JAMA Network Open | Surgery Predictors of 30-Day Mortality After Colorectal Cancer Surgery

34. DelLongER, DeLong DM, Clarke-Pearson DL. Comparing the areas under two or more correlated receiver
operating characteristic curves: a nonparametric approach. Biometrics. 1988;44(3):837-845. doi:10.2307/
2531595

35. Schreiber-Gregory D. Logistic and linear regression assumptions: violation recognition and control. Paper
130-2018. Accessed February 20, 2021. https://www.lexjansen.com/wuss/2018/130_Final_Paper_PDF.pdf

36. Marquaridt DW. Generalized inverses, ridge regression, biased linear estimation, and nonlinear estimation.
Technometrics. 1970;12(3):591-612. doi:10.1080/00401706.1970.10488699

37. Kim JH. Multicollinearity and misleading statistical results. Korean J Anesthesiol. 2019;72(6):558-569. doi:10.
4097/kja19087

38. Thomson W, Roth AE. The Shapley value: essays in honor of Lloyd S. Shapley. Economica. 1991;58(229):123. doi:10.
2307/2554979

39. Goldstein BA, Navar AM, Pencina MJ, loannidis JPA. Opportunities and challenges in developing risk
prediction models with electronic health records data: a systematic review. J Am Med Inform Assoc. 2017;24(1):
198-208. doi:10.1093/jamia/ocw042

40. JeongSY, Park JW, Nam BH, et al. Open versus laparoscopic surgery for mid-rectal or low-rectal cancer after
neoadjuvant chemoradiotherapy (COREAN trial): survival outcomes of an open-label, non-inferiority, randomised
controlled trial. Lancet Oncol. 2014;15(7):767-774. doi:10.1016/S1470-2045(14)70205-0

41. Bonjer HJ, Skullman S, Haglind E, et al; COLOR Study Group. COLOR: a randomized clinical trial comparing
laparoscopic and open resection for colon cancer. Dig Surg. 2000;17(6):617-622. doi:10.1159/000051971

42. van der Pas MHGM, Haglind E, Cuesta MA, et al; COlorectal cancer Laparoscopic or Open Resection Il (COLOR
1) Study Group. Laparoscopic versus open surgery for rectal cancer (COLOR II): short-term outcomes of a
randomised, phase 3 trial. Lancet Oncol. 2013;14(3):210-218. doi:10.1016/51470-2045(13)70016-0

43. Guillou PJ, Quirke P, Thorpe H, et al; MRC CLASICC trial group. Short-term endpoints of conventional versus
laparoscopic-assisted surgery in patients with colorectal cancer (MRC CLASICC trial): multicentre, randomised
controlled trial. Lancet. 2005;365(9472):1718-1726. doi:10.1016/S0140-6736(05)66545-2

44. Bonjer HJ, Deijen CL, Abis GA, et al; COLOR Il Study Group. A randomized trial of laparoscopic versus open
surgery for rectal cancer. N Engl J Med. 2015;372(14):1324-1332. doi:10.1056/NEJM0a1414882

45. Fleshman J, Branda M, Sargent DJ, et al. Effect of laparoscopic-assisted resection vs open resection of stage ||
or lll rectal cancer on pathologic outcomes the ACOSOG Z6051 randomized clinical trial. JAMA. 2015;314(13):
1346-1355. doi:10.1001/jama.2015.10529

46. Stevenson ARL, Solomon MJ, Lumley JW, et al; ALaCaRT Investigators. Effect of laparoscopic-assisted
resection vs open resection on pathological outcomes in rectal cancer: the ALaCaRT randomized clinical trial.
JAMA. 2015;314(13):1356-1363. doi:10.1001/jama.2015.12009

47. Stevenson ARL, Solomon MJ, Brown CSB, et al; Australasian Gastro-Intestinal Trials Group (AGITG) ALaCaRT
investigators. Disease-free survival and local recurrence after laparoscopic-assisted resection or open resection for
rectal cancer: the Australasian Laparoscopic Cancer of the Rectum Randomized Clinical Trial. Ann Surg. 2019;269
(4):596-602. doi:10.1097/SLA.0000000000003021

48. Panis Y, Maggiori L, Caranhac G, Bretagnol F, Vicaut E. Mortality after colorectal cancer surgery: a French
survey of more than 84,000 patients. Ann Surg. 2011;254(5):738-743. doi:10.1097/SLA.0b013e31823604ac

49. Babaei M, Balavarca Y, Jansen L, et al. Minimally invasive colorectal cancer surgery in Europe: implementation
and outcomes. Medicine (Baltimore). 2016;95(22):e3812. doi:10.1097/MD.0000000000003812

50. Kolfschoten NE, van Leersum NJ, Gooiker GA, et al. Successful and safe introduction of laparoscopic colorectal
cancer surgery in Dutch hospitals. Ann Surg. 2013;257(5):916-921. doi:10.1097/SLA.0b013e31825d0f37

51. Gietelink L, Wouters MWJM, Bemelman WA, Dekker JW, Tollenaar RAEM, Tanis PJ; Dutch Surgical Colorectal
Cancer Audit Group. Reduced 30-day mortality after laparoscopic colorectal cancer surgery: a population-based
study from the Dutch Surgical Colorectal Audit (DSCA). Ann Surg. 2016;264(1):135-140. doi:10.1097/SLA.
0000000000001412

52. Vallance AE, Keller DS, Hill J, et al. Role of emergency laparoscopic colectomy for colorectal cancer:
a population-based study in England. Ann Surg. 2019;270(1):172-179. doi:10.1097/SLA.0000000000002752

53. Alves A, Panis Y, Mathieu P, Mantion G, Kwiatkowski F, Slim K; Association Frangaise de Chirurgie.
Postoperative mortality and morbidity in French patients undergoing colorectal surgery: results of a prospective
multicenter study. Arch Surg. 2005;140(3):278-283. doi:10.1001/archsurg.140.3.278

54. Pedrazzani C, Cerullo G, De Marco G, et al. Impact of age-related comorbidity on results of colorectal cancer
surgery. World J Gastroenterol. 2009;15(45):5706-5711. doi:10.3748/wjg.15.5706

[5 JAMA Network Open. 2021;4(4):e217737. doi:10.1001/jamanetworkopen.2021.7737 April 26,2021 13/14

Downloaded From: https://jamanetwor k.com/ by anne-loes war ps on 04/27/2021


https://dx.doi.org/10.2307/2531595
https://dx.doi.org/10.2307/2531595
https://www.lexjansen.com/wuss/2018/130_Final_Paper_PDF.pdf
https://dx.doi.org/10.1080/00401706.1970.10488699
https://dx.doi.org/10.4097/kja.19087
https://dx.doi.org/10.4097/kja.19087
https://dx.doi.org/10.2307/2554979
https://dx.doi.org/10.2307/2554979
https://dx.doi.org/10.1093/jamia/ocw042
https://dx.doi.org/10.1016/S1470-2045(14)70205-0
https://dx.doi.org/10.1159/000051971
https://dx.doi.org/10.1016/S1470-2045(13)70016-0
https://dx.doi.org/10.1016/S0140-6736(05)66545-2
https://dx.doi.org/10.1056/NEJMoa1414882
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jama.2015.10529&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2021.7737
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jama.2015.12009&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2021.7737
https://dx.doi.org/10.1097/SLA.0000000000003021
https://dx.doi.org/10.1097/SLA.0b013e31823604ac
https://dx.doi.org/10.1097/MD.0000000000003812
https://dx.doi.org/10.1097/SLA.0b013e31825d0f37
https://dx.doi.org/10.1097/SLA.0000000000001412
https://dx.doi.org/10.1097/SLA.0000000000001412
https://dx.doi.org/10.1097/SLA.0000000000002752
https://jama.jamanetwork.com/article.aspx?doi=10.1001/archsurg.140.3.278&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2021.7737
https://dx.doi.org/10.3748/wjg.15.5706

JAMA Network Open | Surgery Predictors of 30-Day Mortality After Colorectal Cancer Surgery

55. Berry JG, Gay JC, Joynt Maddox K, et al. Age trends in 30 day hospital readmissions: US national retrospective
analysis. BMJ. 2018;360:k497. doi:10.1136/bmj.k497

56. Yancik R, Wesley MN, Ries LAG, et al. Comorbidity and age as predictors of risk for early mortality of male and
female colon carcinoma patients: a population-based study. Cancer. 1998;82(11):2123-2134. doi:10.1002/(SICI)
1097-0142(19980601)82:11<2123::AID-CNCR6>3.0.CO;2-W

57. De Marco MF, Janssen-Heijnen MLG, van der Heijden LH, Coebergh JWW. Comorbidity and colorectal cancer
according to subsite and stage: a population-based study. Eur J Cancer. 2000;36(1):95-99. doi:10.1016/S0959-
8049(99)00221-X

58. Hillestad R, Bigelow J, Bower A, et al. Can electronic medical record systems transform health care? potential
health benefits, savings, and costs. Health Aff (Millwood). 2005;24(5):1103-1117. doi:10.1377/hlthaff.24.5.1103

SUPPLEMENT.

eTable 1. Characteristics of 62 501 Patient Records Included in This Study

eTable 2. Machine Learning Model Specifications for Each Outcome

eTable 3. Multicollinearity in the DCRA Dataset

eTable 4. Goodness-of-Fit of Multivariate Logistic Regression Model

eTable 5. Multivariate Logistic Regression Analyses for Mortality After Colorectal Cancer Surgery

eTable 6. Multivariate Logistic Regression Analyses for Complicated Course After Colorectal Cancer Surgery
eTable 7. Multivariate Logistic Regression Analyses for ICU Admission After Colorectal Cancer Surgery

eTable 8. Multivariate Logistic Regression Analyses for Readmission After Colorectal Cancer Surgery

eTable 9. Multivariate Logistic Regression Analyses for Prolonged Stay in Hospital After Colorectal Cancer Surgery
eFigure 1. Pairwise AUC Comparisons for All Models

eFigure 2. Significant Predictors in Multivariate Logistic Regression Models for Complicated Course

eFigure 3. Significant Predictors in Multivariate Logistic Regression Models for ICU Admission

eFigure 4. Significant Predictors in Multivariate Logistic Regression Models for Readmission

eFigure 5. Significant Predictors in Multivariate Logistic Regression Models for Prolonged Length of Hospital Stay
eFigure 6. Most Influential Predictor Variables for Complicated Course

eFigure 7. Most Influential Predictor Variables for ICU Admission

eFigure 8. Most Influential Predictor Variables for Hospital Readmission

eFigure 9. Most Influential Predictor Variables for Prolonged Length of Hospital Stay

[5 JAMA Network Open. 2021;4(4):e217737. doi:10.1001/jamanetworkopen.2021.7737 April 26,2021 1414

Downloaded From: https://jamanetwor k.com/ by anne-loes war ps on 04/27/2021


https://dx.doi.org/10.1136/bmj.k497
https://dx.doi.org/10.1002/(SICI)1097-0142(19980601)82:11%3C2123::AID-CNCR6%3E3.0.CO;2-W
https://dx.doi.org/10.1002/(SICI)1097-0142(19980601)82:11%3C2123::AID-CNCR6%3E3.0.CO;2-W
https://dx.doi.org/10.1016/S0959-8049(99)00221-X
https://dx.doi.org/10.1016/S0959-8049(99)00221-X
https://dx.doi.org/10.1377/hlthaff.24.5.1103

