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Abstract.

BACKGROUND: Pre-operative risk assessment in radical cystectomy (RC) is an ongoing challenge especially in elderly
patients.

OBJECTIVE: To evaluate the ability of comorbidity indices and their combination with clinical parameters in machine
learning models to predict mortality and morbidity after RC.

METHODS: In 392 patients who underwent open RC, complication and mortality rates were reported. The predictive values
of the age-adjusted Charlson Comorbidity index (aCCI), the Elixhauser Index (EI), the Physical Status Classification System
(ASA) and Gagne’s combined comorbidity Index (GCI) were evaluated using regression analyses. Various machine learning
models (Gaussian naive bayes, logistic regression, neural net, decision tree, random forest) were additionally investigated.
RESULTS: The aCCI, ASA and GCI showed significant results for the prediction of complications (x*>=8.8, p<0.01,
x>=15.7, p<0.01 and x> =4.6, p=0.03) and mortality (x*=21.1, p<0.01, x> =25.8, p<0.01 and x> =2.4, p=0.04) after
RC while the EI showed no significant prediction. However, areas under receiver characteristic curves (AUROCs) revealed
good performance only for the prediction of mortality by the aCCI and ASA (0.81 and 0.78, CGI 0.63) while the prediction
of complications was poor (aCCI 0.6, ASA 0.63, CGI 0.58). The combination of ASA, age, body mass index and sex in
machine learning models showed a better prediction. Gaussian naive bayes (0.79) and logistic regression (0.76) showed the
best performance using a hold-out test set.

CONCLUSIONS: The ASA and aCClI show good prediction of mortality after RC but fail predicting complications accu-
rately. Here, the combination of comorbidity indices and clinical parameters in machine learning models seems promising.
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INTRODUCTION

In 2020, more than 500,000 patients were diag-
nosed with bladder cancer and >200,000 bladder
cancer related deaths worldwide were reported [1].
For muscle-invasive bladder cancer (MIBC), (neo-
)adjuvant chemotherapy and radical cystectomy (RC)
is recommended as the curative therapy of choice in
non-metastatic patients [2]. The operative technique
of RC has significantly improved over the last decades
so that today a 30-day mortality rate <3.5-5% can
be achieved [3]. However, the 90-day complication
rate still is reported to be higher than 50%, even in
high-volume hospitals [4]. Due to these relevant risks
despite surgical improvement, it is necessary to con-
duct a thorough preoperative risk evaluation. Factors
adversely influencing the early postoperative morbid-
ity and mortality seem to be comorbidity, age and
lower hospital volume among others [3, 5].

Comorbidity indices such as the Charlson Comor-
bidity Index (CCI) or its age-adjusted version (aCCI)
[6, 7], Elixhauser Index (EI) [8] and the Ameri-
can Society of Anesthesiology classification system
(ASA) [9] have been successfully investigated for
their prediction of mortality after RC. These scores
proved to be significant predictors of mortality after
radical cystectomy [10, 11]. Recently, Gagne et al
developed the combined comorbidity index (GCI), a
combination of the aCCI and van Walraven’s modifi-
cation of the EI [12]. The GCI performed better than
the individual indices in the prediction of short- and
long-term mortality in general emergency patients
> 65 years [13]. However, its use has not been val-
idated in the prediction of postoperative mortality
after RC.

For the preoperative risk evaluation of postopera-
tive morbidity, validated instruments are lacking. The
use of comorbidity indices to predict complications
showed only limited predictive value [14]. Further,
risk calculators from general surgery, such as the
National Surgical Quality Improvement Program risk
calculator, have not shown a sufficient performance
in RC patients [15]. Thus, a thorough preoperative
risk assessment remains a challenging task in clini-
cal practice. This leads to an underutilization of RC
with MIBC, especially in comorbid or elderly patients
[16, 17].

Hence, we evaluated the ability of the GCI in com-
parison to the aCCI, EI and ASA in the prediction of
postoperative mortality after RC at a German high-
volume tertiary referral university hospital. Further,
we evaluated the performance of the comorbidity

indices and state-of-the-art machine learning (ML)
models in predicting complications after RC.

MATERIAL AND METHODS
Study design

This study made use of a prospective RC database
at a German high-volume tertiary referral univer-
sity hospital. Patients were included in the analysis
if they had histologically confirmed bladder cancer
treated with open RC between January 2016 and
August 2020. Patients undergoing RC due to non-
oncological reasons or for palliative symptom control
were excluded. This analysis was approved by the
local ethics committee (2018-585N-MA), patients
gave informed consent.

Comorbidity indices

We included the following comorbidity indices and
classifications:

1. Age-adjusted Charlson Comorbidity Index [7]

2. Elixhauser Comorbidity Index with the weight-
ing described by van Walraven et al. [12]

3. Combined Comorbidity Index [13]

4. Classification of the American Society of Anes-
thesiology [9]

The scores of the aCClI, EI and CGI were calcu-
lated according to the information provided by the
respective validation studies using the documented
comorbidities in the patient files. In addition, the
ASA was collected directly from the patient files as
each patient gets preoperatively classified routinely
by the anesthesiologist performing the anesthesia
during RC.

Surgical technique

RC at our hospital involves the surgical removal of
the urinary bladder and the prostate in men or the
adnexa in women and a pelvic lymphadenectomy.
Pelvic lymphadenectomy includes the resection of
the lymph nodes of the obturator fossa, along the
artery and vein iliaca externa and communis up to
the aortic bifurcation while the lateral border of the
lymph nodes to be resected is formed by the gen-
itofemoral nerve.

The perioperative management of our patients is
standardized using a multidisciplinary ERAS pro-
tocol, including the use of systemic opioid-sparing
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epidural analgesia, measures to prevent postoperative
ileus, early postoperative feeding, early mobiliza-
tion and other measures. Postoperatively, every
patient is monitored on the intermediate care unit
for at least one night. Transfusions are adminis-
tered strictly in accordance with the Cross-Sectional
Guidelines for Therapy with Blood Components and
Plasma Derivatives, as transfusion has been shown
to have a potential impact on oncological results
[18]. The commonly applied urinary diversions are
the ileum conduit, ileum neobladder, catheterizable
pouch (usually ileum or ileocecal) and ureterocuta-
neostomy. Intraoperatively inserted ureteral stents are
usually removed on the 10th postoperative day. The
catheters of the neobladder and the pouch are usually
removed after a cystogram ruled out leakage on the
14th and 21st postoperative day respectively.

Morbidity and mortality

Patients in the database were usually followed up
annually. Additionally, regular vital status queries for
all patients were conducted. To assess the postopera-
tive morbidity, postoperative 30-day complications
were extracted from the database and classified
according to the Clavien-Dindo-classification (CDC)
[19]. Of note, only the highest CDC was reported.
In-hospital mortality, 30-day and 90-day mortality
were reported. All deaths, including non-cancer or
surgery-related deaths, were included.

Statistical analysis

Mean and standard deviation or median and
interquartile range (IQR) were calculated for descrip-
tive statistics. Univariable logistic regression analysis
was performed for the respective indices to eval-
uate the performance in morbidity and mortality
prediction. Wald’s Chi-Square (x?) and p-value were
reported for the goodness-of-fit and the area under the
receivers operating characteristic curve (AUROC) to
evaluate the predictive performance. Statistical sig-
nificance was set at p <(0.05. These calculations were
performed using JMP version 15.2.1 (SAS Institute
Inc. 2019, NC, USA).

Machine Learning models to prognosticate the
occurrence of severe complications

Gaussian Naive Bayes (GNB), multivariable logis-
tic regression (MLR), decision tree (DT), random

forest (RF) and a neural net (NN) were evaluated in
their ability to predict severe complications, defined
as CDC IIIb-V. The best performing comorbidity
index in univariable analysis, body mass index (BMI),
age and sex were used as variables to predict severe
complications since high BMI, older age and male
sex have been shown to be possible risk factors for
complications after RC and can be easily obtained
preoperatively [20, 21]. The models were calcu-
lated in Python 3.7.7 (Python Software Foundation,
Beaverton, OR, USA) extended with the libraries
scikit-learn [22], fast.ai [23] and optuna [24]. The
cohort was split into a training and test set in a 3:1
ratio. The complication group in the training set was
upsampled using the resample function from scikit-
learn so that an even distribution was achieved. The
best parameters for GNB, MLR, DT and RF were
calculated using GridSearchCV by scikit-learn in a
10-fold cross-validation. For the NN, fast.ai was used
for the implementation and the optuna framework to
find the best net architecture using a learning rate of
0.001 and training for 6 epochs. The models perform-
ing best on the training set were then evaluated on the
hold-out test set.

RESULTS

Patient characteristics

N=424 patients were screened for inclusion of
which n=392 adult patients were included in the
final analysis. N =32 patients were excluded because
the RC was performed for non-oncological rea-
sons (n=29), for palliative symptom control (n=2)
or because a partial cystectomy was performed
(n=1).

Detailed patient characteristics can be found in
Table 1. The median aCCI was 3 (IQR 2 —4), median
GCI was 0 (-1 — 1) and median EI was 0 (0 — 3) while
n=155 patients (40%) had an ASA of 3 or 4.

Morbidity and mortality

17% (n=067) of the patients experienced at least
one severe complication, as illustrated in Table 2.
2.6% (n=10) of the patients died during the post-
operative hospital stay. Overall, the 30-day mortality
was 1.8% (n=7) and the 90-day mortality 4.8%
(n=19) respectively. The 90-day mortality included
two patients who died from postoperatively diag-
nosed cerebral or liver metastasis.
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Table 1
Patient cohort
Variable n
Male, n (%) 311 (79%)
Age, median [years] (IQR) 68.5 (61-76)
BMI, median [kg/m2] (IQR) 26.8 (23.88-29.85)
ASA Classification > 3, n (%) 155 (40%)
Age-adjusted Charlson Comorbidity 3(24)
Index, median [score] (IQR)
Elixhauser Index (van Walraven), 0(0-3)
median [score] (IQR)
Combined comorbidity index, median 0(-1-1)
[score] (IQR)
Muscle invasive bladder cancer in 264 (67%)
TURB, n (%)
Operating time, median [minutes] 222 (181.25-275.75)
(IQR)

Intraoperative estimated blood loss, 600 ml (450-1000)

median [ml] (IQR)

pT3 /pT4 tumor in RC, n (%) 158 (40%)

Resected lymph nodes, median 17 (12-23)
[number] (IQR)*

Lymph node metastasis (N+), n (%) 96 (24%)

Non-urothelial cancer, n (%) 8 (2%)

squamous cell carcinoma 3(0.8%)
neuroendocrine small cell carcinoma 2 (0.5%)
Adenocarcinoma 1 (0.2%)
sarcomatoid carcinoma 1 (0.2%)
bladder-infiltrating prostate 1 (0.2%)
carcinoma

Continent urinary diversion, n (%) 180 (46%)

*n=15 patients did not receive bilateral lymphadenectomy be-
cause this had already been performed in a previous oncological
operation.

Comorbidity indices to predict mortality and
severe complications

The wunivariable logistic regression analysis
showed significant results for the prediction of 90-
day mortality for the ASA (x> =25.8, p<0.001), the
aCCI (x>=21.1, p<0.001) and the GCI (x*>=24,
p=0.04). AUROCs demonstrated good performance
for the ASA (0.77) and for the aCCI (0.81) while
the CGI’'s AUROC (0.63) revealed only moderate
performance, as demonstrated in Fig. 1A. EI did
not show a significant prediction (x> =1.87, p=0.17,
AUROC =0.58).

The prediction of severe 30-day complications
showed significant results for the ASA (X2= 15.7,
p<0.001), the aCCI (x> =8.8, p<0.01) and the GCI
( Xz =4.6, p=0.03). However, AUROCs showed only
moderate to poor performance, 0.63, 0.60 and 0.57,
respectively, as illustrated in Fig. 1B. Again, EI was
no significant predictor of severe 30-day complica-
tions (x2=0.93, p=0.3; AUROC =0.53).

Machine Learning models to predict morbidity

Different ML models were developed to predict
severe complications after RC. Due to the low num-
ber of deaths, the development of ML models to
predict mortality was not considered expedient. The
ASA as the best performing comorbidity index, body
mass index, age and sex were used as variables.
In 10-fold cross validation, all models showed an
AUROC >0.7 (Table S.1 in the supplementary). Inter-
estingly, the performance of the NN, RF and DT
dropped significantly when evaluated on the hold out
test set (n =98) while GNB and MLR showed slightly
improved results. On the test set, the GNB showed
the highest AUROC (0.79, x>=7.3, p<0.01) fol-
lowed by the MLR (AUROC 0.76, x> =9.0, p <0.01),
RF (AUROC 0.75, x*=7.43, p<0.01) and NN
(AUROC 0.74, X2=4.76, p=0.03) as depicted in
Fig. 2. The worst performance was seen for the DT
(AUROC 0.58, x> =0.89, p=0.57). The hyperparam-
eters chosen for the different models and the results
on the training set are stated in Table S.1 in the
supplementary.

Interestingly, when replacing the comorbidity
index with individual comorbidities as variables for
the ML models, no outperformance was achieved.

DISCUSSION

The present study investigated the value of four
comorbidity indices in their prediction of postop-
erative morbidity and mortality after RC. A good
performance was shown for the prediction of mortal-
ity. However, prediction of complications was worse
but can be improved using easily obtainable preoper-
ative variables in state-of-the-art ML models.

The predictions of four different indices were
evaluated in this study. The aCCI, EI and CGI are
established indices that objectively indicate the sever-
ity of comorbidity by means of a sum score but are
usually not collected in routine clinical practice. The
ASA, on the other hand, is a simple and quick semi-
subjective categorization score that is used almost
ubiquitously. The indices showed their strength in
predicting mortality. The in-hospital mortality in
our cohort was 2.6% while the 30-day and 90-day
mortality were 1.8% and 4.8% respectively. These
results are in line with the mortality rate reported by
other high-volume centers [3]. The best prediction of
mortality was provided by the aCCI and the ASA fol-
lowed by the GCI while the EI showed no significant
prediction. A good performance of the CCI and aCCI
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Table 2
Severe 30-day complications and respective management
Variable n (%)
30-day complications CDC IIIb-V and management 67 (17%)
CDC IIIb management 37 (9.4%)
Fascial dehiscence Fascia suture 22
Small bowel obstruction Open laparotomy with adhesiolysis 3
Wound dehiscence VAC therapy 2
Insufficient intestinal anastomosis Open laparotomy with re-anastomosis 2
Insufficient ureter-intestinal anastomosis Open laparotomy with re-anastomosis 2
Gastrointestinal perforation Open laparotomy with colostomy 3
Postoperative bleeding Open laparotomy with hemostasis 1
Herniated intervertebral disc Discectomy 1
Epididymitis with abscess Epididymectomy 1
CDC IVa management 15 (3.8%)
NSTEMI Coronary angiography, Intensive Care Unit (ICU) 4
Severe pneumonia / exacerbated COPD (Non-)invasive ventilation, ICU 5
Acute kidney failure Hemodialysis 3
Ischemic stroke Surveillance on ICU 1
Insufficient ureter-intestinal anastomosis Open laparotomy, ICU 1
Bradyarrhythmia absoluta Cardioversion, ICU 1
CDCI1Vb management 5(1.3%)
Insufficient intestinal anastomosis and tachyarrhythmia absoluta Open laparotomy and cardioversion, ICU 1
Tachycardia bradycardia syndrome Reanimation, ICU 1
Bradyarrhythmia absoluta Reanimation, ICU 1
Postoperative cardiac arrest Reanimation after open laparotomy, ICU 1
Lung artery embolism with acute kidney failure Anticoagulation, hemodialysis, ICU 1
CDCV 10 (2.6%)
Peritonitis with septic shock and multi organ failure 3

Colon ischemia with sepsis and multi organ failure 1
Intraabdominal abscess with septic shock 1
Pneumonia and acute sepsis (no invasive ventilation on patient’s request) 1
STEMI with cardiogenic shock 1
Aspiration pneumonia with septic shock and multiorgan failure 1
Urinoma with septic shock and diffuse intraabdominal bleeding 1
Cardiac arrest (unknown cause) 1

A Mortality prediction by indices B Morbidity prediction by indices
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Fig. 1. ROC curves for the index prediction of 90-day mortality and severe 30-day complications. The figure shows the individual ROC
curves and corresponding AUROC: of the four comorbidity indices for the respective predictions. A) Prediction of 90-day mortality by the
four comorbidity indices in univariable logistic regression analysis. B) Prediction of severe 30-day complications (CDC IIIb-V) by the four
comorbidity indices in univariable logistic regression analysis.
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Morbidity prediction by ML models
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Fig. 2. ROC curves for the prediction of 30-day severe complications by the machine learning models. The figure shows the individual ROC
curves and corresponding AUROC:s of the five ML models for the prediction of severe 30-day complications (CDC IIIb-V) on the hold-out

test set.

in mortality prediction is well documented in the cur-
rent literature. Froehner et al. reported an AUROC of
0.74 using the CCI to predict 90-day mortality in a
larger cohort [25]. Prayer Galetti et al. showed that the
aCCl as a significant predictor of mortality in elderly
patients undergoing RC [11]. The AUROC of 0.81 in
our analysis again underlines the predictive capabil-
ity of the aCCI in RC candidates. Comparable results
are also shown for the ASA. Our study revealed an
AUROC of 0.77 which is concordant to recent studies
investigating the predictive ability of the ASA [14].
Boorjian et al. found the ASA to be a strong risk factor
of 90-day mortality after RC [10]. They additionally
found the EI to be a risk factor. However, this could
not be confirmed in our analysis. Regarding the CGI,
a significant result was also shown, but the AUROC
was worse than that of the ASA and aCCI. In our
cohort, there was no advantage to be gained from
using this index.

The index-based prediction of severe complica-
tions was also evaluated. Severe complications were
defined as CDC >IIIb. Although CDC Illa com-
plications are often included in the definition of
severe complications, they were not included in our

analysis. These complications, such as nephrostomy
insertion for hydronephrosis, usually have a fun-
damentally different etiology and significantly less
influence on the postoperative outcome than compli-
cations CDC > IIIb. The preoperative prediction of
CDC HIb-V complication was therefore considered
more clinically relevant. In the univariable analyses,
the aCCI, ASA and GCI proved to be significant risk
factors of severe complications which occurred in
17%. This again is in line with recent works. Rogh-
man et al. showed a comparable complication rate
[26]. Furthermore, they also identified the aCCI and
ASA as risk factors for severe complications. How-
ever, the use of the indices as stand-alone models
for the prognostication of complications seems to
be not sufficient since AUROCs were <0.70 for all
indices in our study. A significant improvement could
be achieved by introducing the ASA, sex, BMI and
age as variables in different ML models. Specifically,
the GNB, the MLR, the RF and the NN showed an
AUROC above 0.70 on the hold-out test set. A similar
approach was used by Taylor et al. [27]. They used
ML models to predict adverse events after RC includ-
ing multiple variables. They reported an AUROC



F. Wessels et al. / Modern Risk Assessment for Radical Cystectomy 161

of 0.67 for the prediction of serious complications.
However, a direct comparison to our results seems
difficult since a non-standardized definition of serious
complications was used.

While the prognostication of complications after
RC remains challenging, our results suggests that the
combination of easily obtainable risk factors in com-
bination with the ASA in ML models can provide a
reasonable estimation of the risk of severe complica-
tions. Due to the monocenter design of our study, it
can be assumed that an application of the presented
models in other institutions would be associated with
a drop in performance. Thus, for the development
of a model that aims to be implemented in clinical
practice, a multicenter cohort should be used. The
most promising models were the GNB, the MLR,
the RF and NN. All models showed stable results
when evaluated on the hold-out test set while the
DT model showed a drop in performance. Especially
MLR has the advantage of being widely accepted,
easy to interpret and implement in manually applica-
ble risk models [28]. Therefore, it might be the most
promising model for clinical implementation in this
setting with a limited number of variables included.
When a larger number of variables is to be analyzed,
the more complex models such as GNB, NN and
RF might show an advantage. The calculation of the
risk score of these models is computer-based, so that
an online application offers a good solution for easy
access.

In recent years, frailty has emerged as another
predictor of morbidity and mortality. In contrast to
comorbidity indices, frailty focuses more on the
actual physical performance and less on the pre-
existing conditions [29]. Recent studies showed
promising results for this concept in RC patients,
especially since it can add additional value to the use
of comorbidity scores [30, 31]. It will be exciting to
see to what extent frailty establishes itself as a pre-
operative screening tool before RC or as a part of
a multivariable model. As these scores usually need
to be collected prospectively, an evaluation in this
regard was not possible in our study but represents a
highly interesting aspect for the further development
and improvement of the models.

Of note, only patients undergoing open RC were
included in our study. Overall, current studies suggest
comparable mortality and severe complication rates
for robotic-assisted RC [32]. However, blood loss,
transfusion rate and length of stay have been reported
to be lower when robotic-assisted RC is used, while
open RC has significant shorter operating times [33].

The extent to which this reduction may improve post-
operative morbidity and mortality in specific patient
groups, such as cardiac high-risk patients, remains to
be explored.

LIMITATIONS

First, although the data was mainly prospectively
collected, naturally the power of the retrospective
analysis of such database is limited. Second, due to
the low absolute number of deaths, the mortality anal-
yses must be confirmed in larger studies. Third, the
ML models were not validated on an external dataset.
To reduce the risk of overfitting, the cohort was split
into a training and hold-out test set and results showed
robustness of the model in our cohort. Still, only
external validation can assess the generalizability of
the models.

CONCLUSION

The ASA and the aCCI can help to assess the risk
of mortality after RC with good accuracy. However,
their prediction of postoperative severe complica-
tions is limited. State-of-the-art ML models show an
improved prediction and thus might help to provide
a clinically useful prognostication of severe compli-
cations.
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