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General introduction and thesis outline

Anastomosis

Colorectal and pancreatic cancer continue to pose significant health challenges
worldwide, with rising incidence rates in many countries. In the Netherlands, these
cancers represent a substantial burden on public health, with colorectal cancer being the
second leading cause of cancer related death and pancreatic cancer exhibiting dismal
5-year survival rates of around 8.5%."? To achieve potential curative outcomes, surgical
resection plays a pivotal role in the management of both malignancies. Subsequent to
bowel or pancreatic head resections, the establishment of an anastomosis is required for
restoring gastrointestinal continuity. Colorectal cancer patients undergoing resection
may undergo various types of anastomoses, including ileocolic, colo-colic, ileorectal,
or colorectal anastomosis, depending on tumor site and the specific surgical procedure
performed. For patients undergoing pancreatic head resection, reconstruction between
the remnant pancreas and jejunum is typically created to ensure a drainage of secreted
pancreatic juice into the bowel.

Anastomotic failure

Dehiscence of the anastomosis, also known as anastomotic leakage, is a potentially
devastating complication that may arise after the construction of one of the
abovementioned anastomoses. It stands as the single most critical determinant of
short- and long-term outcomes following colorectal and pancreatic head surgery.**
Anastomoticleakageleadstoincreased mortalityrates,ahigherneedforre-interventions,
prolonged length of hospital stay, and intensive care unit use.*” Moreover, its impact
extends beyond the immediate postoperative phase, potentially affecting oncological
outcomes with a heightened risk of cancer recurrence.®’ This has underscored the
importance of clinical vigilance regarding anastomotic leakage. Additionally, the
financial burden associated with anastomotic leakage is substantial, with significantly
higher health care costs compared to uncomplicated postoperative courses.?

The reported incidence of colorectal anastomotic leakage (CAL) varies considerably,
ranging from 1% and 19%.° Such disparity is mainly attributed to the lack of a
standardized definition for CAL." The clinical severity of CAL spans a broad spectrum,
ranging from minor, contained leaks with limited symptoms to widespread peritoneal
contamination, severe sepsis, multiple organ failure, and even death.’ Severe leakage
of the pancreatojejunostomy, known as a clinically relevant postoperative pancreatic
fistula (CR-POPF), is often classified following the International Study Group in Pancreatic
Surgery (ISGPS) criteria. A CR-POPF a is defined as a drain output of any measurable
volume of fluid with an amylase level >3 times the upper limit of institutional normal
serum amylase activity, associated with a clinically relevant development/condition
related directly to the postoperative pancreatic fistula."
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Risk factors

CAL is influenced by various risk factors, which have been extensively studies over the
past decades. Identification of these risk factors holds great importance as it enables
better prevention, early diagnosis, and treatment of this serious complication. Risk
factors for CAL can be divided into pre- and intraoperative factors and modifiable and
non-modifiable factors. Several preoperative factors have been linked to an increased
risk of CAL. These include: male sex, the presence of comorbidities, tumor stage and
site, administration of neoadjuvant radiotherapy, weight and nutrition status, and the
American Society of Anesthesiologists score. Lifestyle such as alcohol consumption,
drug use, and smoking have also been associated with an increased risk of anastomotic
leakage.’ During the surgical procedure, certain factors may also contribute to the oc-
currence of CAL. Intraoperative contamination, blood loss, and the chosen surgical
approach are elements that can influence the development of CAL.” Moreover, recent
research by Huisman et al. has highlighted the significance of specific perioperative
modifiable risk factors, including low hemoglobin levels, contamination of the opera-
tive field, hyperglycemia, duration of surgery exceeding three hours, administration of
vasopressors, inadequate timing of antibiotic prophylaxis, and application of epidural
analgesia.'” Identifying and managing these factors, if, may help to reduce the likelihood
of CAL. Several risk factors have been associated with CR-POPF. These include male sex,
body mass index greater than 25kg/m?, pancreatic duct diameter less than 3mm and a
soft pancreatic texture, and receiving a blood transfusion. Interestingly, the administra-
tion of neoadjuvant chemoradiotherapy has shown to decrease the risk of a CR-POPF."

Benefit of accurate prediction

Despite numerous strategies and recent advancements in colorectal and pancreatic
surgery, the Dutch National Audit reveals a consistent percentage of CAL and CR-POPF
over the past decade.'*"* This underscores the critical need for an accurate risk prediction
model to facilitate improved prevention and treatment of these complications.'®

In patients undergoing colorectal resection, the use of a diverting stoma in high-risk
individuals has been considered as a measure to reduce the clinical impact of CAL.
"7 However, it is essential to acknowledge that a diverting stoma negatively impacts
patients’ quality of life.” Presently, the decision to employ a diverting stoma is
subjective and varies among surgeons, necessitating the development of an objective
risk assessment tool based on a prediction model to guide clinical practice effectively.
Similarly, in high-risk patients for CR-POPF, prophylactic somatostatin analogues have
been administrated to reduce the incidence of this complication." Additionally, in
certain cases, a total pancreatectomy, where no pancreatojejunostomy is constructed,
might be considered as an alternative approach.”’ However, despite the identification of
various risk factors, accurately and timely predicting the occurrence of CAL or CR-POPF
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for an individual patient remains challenging. This highlights the urgent need for the
development of more sophisticated and reliable prediction models to enhance patient
outcomes.

Artificial intelligence

Asin many other medical fields, the emergence of ‘Big Data’in surgery has been facilitated
bytechnologicaladvancementsindataprocessing, storage,andanalysis.”' Theapplication
of artificial intelligence (Al) algorithms to process and analyze large quantities of data
has already shown promising results in the prediction of postoperative complications.*
Artificial intelligence, as wide branch of computer sciences, encompasses the ability
to learn, adapt, and perform tasks at human-level intelligence, including cognitive
functions. Machine learning, a subfield of Al, is employed to analyze structured data,
such as patients’ characteristics or tumor profiles, to develop prediction models. In
imaging analysis, Al techniques, such as radiomic or deep learning features, can extract
a vast number of features from medical images using data-characterization algorithms.
These features have the potential to uncover new parameters that may not be visible
to the naked eye.” The adoption of Al in surgery has gained considerable popularity in
recent years and is poised to transform daily clinical practice. With the ability to analyze
large amounts of data rapidly, Al can assist healthcare professionals in making more
informed decision, optimizing patient care, and predicting and preventing potential
complications after surgery.”

Despite the promising prospects of Al in surgery, there are inherent challenges and
limitations that must be addressed. A fundamental issue in the implementation of Al for
predictive modelling in clinical purposes is the lack of methodological quality in studies
developing such models.”” Poor methodological quality increases the risk of bias and
strongly impedes the current application of machine learning or deep learning models
in a clinical setting.”” To ensure the reliability and validity of Al-generated predictions,
rigorous validation and standardization of Al algorithms are essential. Moreover, Al
models heavily rely on the quality and diversity of data used for training. If the data
are incomplete, biased, or not representative of the target population, the Al model’s
performance and generalizability may be compromised. Addressing these data-related
challenges is crucial to developing robust and clinically applicable Al models.

Aim of this thesis and thesis outline

Anastomotic failure after pancreatic and colorectal surgery remains a significant
concern, despite extensive clinical research aimed at reducing its incidence. The high
incidence of this complication requires accurate prediction for preventive treatment
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and early detection. Al algorithms can effectively analyze large datasets and develop
prediction models for anastomotic leakage. While several Al-based prediction models
have been developed, the availability of well-established and clinically applicable
models for anastomotic leakage remains limited. One of the main objectives of this
thesis is to address this gap by conducting extensive research to identify advances
and current pitfalls in Al implementation. Using machine learning machine learning
techniques, prediction models for CAL and CR-POPF were developed and externally
validated. Additionally, this thesis assesses the current state of data science in surgery
and offers recommendations to enhance the clinical applicability of Al-based models.
Throughout the thesis, interdisciplinary collaboration played a crucial role, involving
experts from surgery, radiology, patients’ associations, biomedical statistics, data
science, and the IT department. Connecting these dots is essential to effectively use Al
in surgery, ultimately improving the daily clinical practice.

Part | - Impact of anastomotic leakage and mitigation strategies

Since surgeons perform restorative colorectal, leakage of the anastomosis is the
most dreaded complications for both surgeon and patient. To safeguard the primary
anastomosis, the construction of a diverting stoma is often considered. However, the
decision on when and in which patients to use a diverting stoma remains a topic of
ongoing debate. In Chapter 2, pre- and intraoperative factors associated with a
diverting stoma are identified. By analyzing these factors, insight is provided into the
appropriate use of diverting stomas in specific patient populations. In Chapter 3, a
comprehensive assessment of a decade of rectal cancer surgery is conducted, focusing
on diverting stoma construction and CAL. Utilizing propensity score matching, the
association between diverting stomas and the incidence as well as the severity of CAL
is investigated. Chapter 4 delves into the impact of the merger of two surgical teams,
those of the the Academic Medical Center and Vrije Universiteit Medical Center into
the Amsterdam University Medical Center on surgical outcomes after esophagastric and
hepato-pancreato-biliary surgery. This investigation aims to understand the effects of
organizational changes on patients’ outcomes in these complex surgical procedures.
Furthermore,in Chapter 5, the long-term consequences of CAL on oncological outcomes
and the presence of stoma are scrutinized. It seeks to gain a deeper understanding of
the lasting impact of CAL on patient prognosis and quality of life.

Part Il - The use of artificial intelligence in predictive modelling

The increasing application of Al in predictive modelling has opened new possibilities
in healthcare. However, the transition of these models into clinical practice is still
limited, and several challenges must be addressed. In this part of the thesis, the current
state of Al-driven predictive modelling is explored and its implementation is critically
assessed. Chapter 6 reviews the current literature on the use of machine learning
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models in clinical practice for the prediction of postoperative complications after major
abdominal surgery. Strengths and limitations are identified, providing a valuable insight
for improving the clinical application. Chapter 7 focuses on the application of radiomic
and deep learning features on preoperative imaging to predict a CR-POPF. Through an
in-depth review of current literature, the predictive performances of these models are
analyzed. Additionally, the methodological quality of the included studies is critically
assessed, enhancing the reliability and validity of the findings. In Chapter 8 the current
state of Al applications in the operating room are described. By exploring the various
ways Al is used during surgical procedures, the potential benefits and challenges in real-
time clinical decision-making are delineated.

Part lll - Development of prediction models

Despite the growing application of Al in predictive modelling, there are no publicly
available and externally validated prediction models for CAL and CR-POPF using Al. In
this section the development and validation of novel prediction models using advanced
Al techniques are presented. Chapter 9 compares the predictive performance of a
machine learning model with a conventional logistic regression model in predicting
CR-POPF after a pancreatoduodenectomy. Leveraging data from the Dutch Pancreatic
Cancer Audit, strengths and limitations of Al-based models compared to traditional
approaches are identified. In Chapter 10, the Radiomics preoperative-Fistula Risk Score
(RAD-FRS), a novel prediction model for pancreatic fistula is introduced. The RAD-FRS is
the first externally validated and preoperatively available model, using radiomic features
extracted from preoperative CT-scans. Chapter 11 showcases another prediction model
for a pancreatic fistula is developed: the Artificial Intelligence-based fully automatic
prediction of postoperative pancreatic fistula (Al-FRS). This innovative model automates
the segmentation of the pancreas, extracts relevant features, and generate a risk
score. By streaming the process with Al, a more efficient and reliable prediction tool is
provided. Chapter 12 describes the study protocol of the A1Check study, a prospective
study that externally validates a machine learning model using pre- and intraoperative
data to predict CAL. This study aims to validate and optimize the performance of the
Al-based model for clinical use.
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The Selective Use of a Diverting Stoma in Rectal Surgery

Introduction

A diverting stoma is recommended by some as routine procedure to lower incidence
of AL and mitigate its consequences. Others, however, state that the diverting stoma is
overused, as they describe no differences in AL rate between patients with and without a
diverting stoma." Next to this, many patients experience stoma-related morbidity such
as skin irritation, dehydration, stoma site complications, psychological distress
and reversal surgery with potential complications. Ultimately, many patients never
undergo reversal of their diverting stoma.” Between 2007 and 2019 89% of the patients
who underwent rectal cancer surgery in Australia or New Zealand received a diverting
stoma.’ In the Netherlands, however, the incidence of a diverting stoma in rectal surgery
is considerably low (40% in 2016) and reduced in the last decade.” The relatively low
application rate is possibly due to a selection of patients. This study was designed to
identify patient characteristics and intraoperative conditions related to the presence of
a diverting stoma and the impact on anastomotic leakage.

Method

The data were used of a prospective, observational study from January 2016 to
December 2019 from fourteen hospitals in four countries. This study was an additional
sub analysis of the LekCheck study.’ All patients undergoing rectum resection with
primary anastomosis were included.

Results

A total of 351 patients were included for this sub-study. A diverting stoma
was created in 97 patients (27.6%). The following seven variables were associated with
a diverting stoma in univariate analysis: smoking status, neoadjuvant therapy, American
Joint Committee on Cancer stage, tumor distance, fluid administration, blood
loss and an intraoperative event. In the multivariate analysis the following variables
were independently associated with a diverting stoma: tumor distance (p< 0.001),
neoadjuvant therapy (p< 0.001), blood loos (p= 0.003), fluid administration (p=
0.003) and an intraoperative event (p= 0.022). Anastomotic leakage occurred
in nine patients (9.3%) with a diverting stoma and in 34 patients (13.4%) without (p=
0.297). In patients with anastomotic leakage, less interventions were necessary when
a diverting stoma was constructed (p= 0.001).
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Discussion

This study found that the following factors were independently associated with a
diverting stoma: tumor distance, neoadjuvant therapy, blood loss during surgery, fluid
administration and an intraoperative event. The use of a diverting stoma in this study
was relatively low (27.6%) and although the anastomotic leak rate was lower in patients
with a diversion, this difference was not statistically significant. Other authors found
that selective use of diverting stomas led to the same incidence of AL compared to
policies in which diverting stoma were more routinely used.® Proper application of
selective use would drastically lower the burden of the stoma, preventing stoma-related
complications (e.g., parastomal hernias, dehydration, stoma prolapse), discomfort and
costs, for many patients. On the other hand, it can potentially reduce complications in
patients who are at high risk for AL, since less reintervention were necessary in patients
with AL and a diverting stoma.

Conclusion

The study showed differences in patient characteristics and intraoperative variables in
patients with and without a diverting stoma. A diverting stoma showed a protective
effect as the impact of AL was less severe, resulting in less reinterventions. Selective
use is therefore suggested, since it prevents unnecessary application while protecting
patients. Current focus should be on techniques to identify patients with increased risk
as soon as the rectum resection, in order to apply the protective stoma restrictively in
patients at risk.
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Chapter 2

Table 3, patients with and without a diverting stoma and occurrence of anastomotic leakage, days un-
til leakage was detected and severity. Reinterventions were scored when Clavien-Dindo was grade 3 or
higher.

Diverting No diverting Missing P value
stoma and stoma and AL
AL (n=9) (n=34)

Anastomotic leakage 9 34 0.297*
Days until anastomotic leakage was n=5

detected

<7 days 4 (57.1%) 24 (77.4%) 0.257A
>7 days 3 (42.9%) 7 (22.6%)

Reintervention needed 0.046A7
Yes 5 (55.6%) 30 (88.2%)

No 4 (44.4%) 4(11.8%)

Death within 30 days postoperatively 0.370/
Yes 1(11.1%) 1(2.9%)

No 8 (88.9%) 33(97.1%)

AL, anastomotic leakage. *X?test. AFisher’s exact test.
Entries in boldface is due to the significance P value
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Chapter 3

Abstract

Background: The beneficial effect of a defunctioning stoma in mitigating consequences
of anastomotic leakage after rectal cancer surgery is still debated.

Objective: This study aims to reflect on a decade of rectal cancer surgery in terms of
stoma construction and anastomotic leakage.

Study design: Retrospective observational study
Study setting: This study used data of the Dutch Colorectal Audit from 2011 to 2020.

Study population: Patients undergoing rectal cancer surgery with a primary
anastomosis.

Outcome measures: Primary outcome was anastomotic leakage. Secondary outcomes
were minor complications, admission to intensive care, length of stay, readmission and
patient death.

Results: A total of 13,263 patients were included in this study. A defunctioning stoma
was constructed in 7,106 (53.6%) patients. Patients with a defunctioning stoma were
less likely to develop anastomotic leakage (7.9% vs 13.0%), and if anastomotic leakage
occurred, less patients needed surgical reintervention (37.7% vs 81.1%). An annual
decrease in the construction of a defunctioning stoma was seen (69.8% in 2011 vs 51.8%
in 2015 vs 29.7% in 2020), accompanied with a 5% increase in anastomotic leakage
(9.1% in 2011 vs 14.1% in 2020). A defunctioning stoma was associated with a higher
occurrence of minor complications, admissions to intensive care unit, longer length of
stay and more readmissions within 90 days.

Conclusion: The reduction in defunctioning stomas is paralleled with an increase in
anastomotic leakage. Patients with a defunctioning stoma, however, also showed more
minor complications, a prolonged length of stay, more ICU admissions and readmissions.
In our opinion the trade-offs of selective use should be individually considered.
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Introduction

Anastomotic leakage (AL) after rectal cancer surgery is a béte noire, resulting in
increased morbidity, mortality and prolonged hospitalization."” Many surgeons regard
a defunctioning stoma as a strategy to mitigate its consequences.** But when and in
which patient a defunctioning stoma should be applied, remains questionable and has
been heavily debated for several decades.” Some propose that a defunctioning stoma
should be routinely used, regardless the patients’ condition, since it reduces the chance
of developing AL and reduces its severity.*® Others think of the defunctioning stoma as
overused.’ It does not lower incidence of AL and possibly results in myriad impediments
to patients, including skin irritation, reoperation and parastomal hernia."”® Moreover,
one-third of the patients never undergoes closure of their defunctioning stoma."’

In New Zealand and Australia surgeons seem to advocate the first strategy and
defunctioning stomas are routinely performed. The binational colorectal cancer audit
reported that between 2007 to 2019 89% of patients obtained a defunctioning stoma
after rectal cancer surgery."

In several other surgical communities, including the UK, the US, Japan and the
Netherlands, selective use of the defunctioning stoma is propagated by some.”'* One
study showed that highly selective use of a defunctioning stoma was safe and should
be recommended. In this study, 76% of the patients never had a stoma after their lower
anterior resection.”® In 2015, Snijder et al. found in a retrospective cohort hospitals with
a high tendency towards more stoma use did not have less AL then hospitals with a low
tendency of defunctioning stoma use. This study led to a national decrease in stoma
use.'” Remarkably, a recent Dutch study showed an increase in incidence of AL after
rectal cancer surgery in the last decade and suggested a relationship with the decrease
in defunctioning stoma use.'®

Albeit protagonists of both strategies continue to disagree, they do consent on one
thing: high-risk anastomoses need to be diverted. However, when surgeons regard
an anastomosis as high-risk is a conundrum, resulting in a large variety of stoma
implementation between hospitals, even within the same country."®

This population-based study with data of the Dutch Colorectal Audit (DCRA) investigates
one decade of defunctioning stoma use in the Netherlands in patients undergoing
rectal cancer surgery with a primary anastomosis. It scrutinizes the trend in stoma use
and its impact on the incidence and severity of AL.

33



Chapter 3

Materials and Methods

Study design, setting and population

A retrospective observational population-based study collected data from a nationwide
database from the DCRA. The DCRA annually collects data, from all Dutch hospitals
providing colorectal care, of patients undergoing resection of colorectal cancer in the
Netherlands. This is a mandatory registry; no ethical approval or informed consent was
necessary under Dutch law.” The follow-up time was 90 days postoperatively. Data
were collected from 2011 until 2020. All patients older than 18 years with rectal cancer
undergoing a resection with a primary anastomosis with or without a defunctioning
stoma were included. Patients were excluded if the construction of a defunctioning
stoma was not specified.

Outcome, data collection and definitions

Primary outcome was AL. Secondary outcomes were minor complications, length of
stay, admission to intensive care unit (ICU), readmission or patient death within 90 days.

The following preoperative variables and surgical factors were collected: age, gender,
body mass index (BMI), comorbidities, American Joint Committee on Cancer stage
(AJCC), American Society of Anesthesiologists (ASA) classification, administration of
neoadjuvant therapy, tumor distance from the anorectal junction, preoperative tumor
related complications, surgical procedure, laparoscopy/laparotomy, conversion, elective
or urgent procedure, intraoperative radiological or chemotherapeutical intervention,
and an additional or macroscopic irradical (R2) resection. The following postoperative
outcomes were collected: AL, minor complications, need of blood transfusion, length of
stay, admission to ICU and readmission or death of patient within 90 days from surgical
procedure.

In the DCRA registry, from 2011 to 2018 AL was defined as clinically relevant AL requiring
surgical, radiological or endoscopic reintervention (Clavien-Dindo grade 3a or 3b),
diagnosed within 30 days postoperatively. Since 2018, the DCRA registered AL within 90
days postoperative and also registered patients with AL that did not received any type
of reintervention . We defined AL as clinical relevant with a Clavien-Dindo grade of 3a,
3b or 4, diagnosed within 30 days postoperatively. Minor complications were defined as
any deviation from the normal postoperatively course with a Clavien-Dindo grade of 1
or 2.2 Since 2018, the DCRA registered data about comorbidities and reinterventions.
These variables were analyzed in a subanalysis.
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Imputation

Variables were excluded if missing data were above 50%. In variables with less than 50%
missing data, there was imputed using predictive mean matching with 10 iterations.
The pooled outcome of these 10 iterations was used for analysis.

Statistics

Statistical Package for the Social Sciences (SPSS) and RStudio were used for analyzing
the data. Continuous variables were reported as mean with a standard deviation and
dichotomous variables as number and percentage. Differences between patient with
and without a defunctioning stoma were compared using X’ test in dichotomous
variables and a student’s T-test or Mann-Whitney U test (skew distribution) in continuous
variables. Odds ratio (OR) and 95% confidence interval (Cl) were reported for differences
in dichotomous variables and mean differences (MD) or interquartile range (IQR) in
continuous variables. Differences between the construction of a defunctioning stoma
per year were analyzed with logistic regression with defunctioning stoma as dependent
variable and year as an independent, continuous, variable in a univariate analysis.
Postoperative outcomes were analyzed using a multivariate analysis and propensity
score matching (PSM). In the multivariate analysis, differences in postoperative
outcomes were analyzed with linear (continuous) or logistic regression (dichotomous)
with the postoperative outcome as dependent variable. Potential confounders were
determined via directed acyclic graph, to reduce bias.”*> Confounders were included in
the multivariate analysis if the difference between the two measures of association (with
and without confounder) was 10% or more. Every outcome of the multivariate analysis
was time adjusted, so the outcomes were adjusted for year of surgical procedure. PSM
was performed for age, BMI, sex, AJCC stage, distance to AV, surgical procedure and
application of neoadjuvant therapy in a 1:1 ratio with a caliper of 0.1 between patients
with and without a stoma to analyze postoperative outcomes. The within approach for
multiple imputed sets was used to derive the score with the MatchThem package in
Rstudio.”* The outcome of the analyses in each imputation set was pooled using the
Rubin’s rule. A total of 4,147 patients in the stoma group were matched with 4,147
patients without a stoma. In Appendix | a balance table with the maximum standardized
mean differences and Kolmogorov-Smirnov test of the covariates is found. A p value
<0.05 was considered statistically significant.

Results

A total of 13,313 patients underwent rectal cancer surgery between 2011 - 2020. Fifty
patients were excluded. A total of 13,263 patients were included (Figitifer).
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Figure 1, flowchart

Total number of patients undergoing rectal surgery with a primary
anastomosis from the DCRA database
N=13.313

Exclusion:

Construction of
defunctioning stoma not
specified (n=38)

Under 18 years (n=12)

Total number of included patients
N=13,263

Participant flowchart. DCRA; Dutch colorectal Audit, N; number.

Participant flowchart. DCRA; Dutch colorectal Audit, N; number.

Baseline characteristics and surgical factors

aBIEN summarizes patient and tumor characteristics and surgical factors. Patients
with a defunctioning stoma were younger (64.7 vs 65.6 years, p<0.001), more often
male (66.3% vs 58.2%, p<0.001) and were less likely to have an ASA classification of
3 or more (12.8% vs 14.4%, p<0.001). BMI was not different for both groups (26.2 vs
26.1 kg/m?, p<0.001). Patients with a defunctioning stoma had more advanced tumors
(AJCCstage lll or IV of 64.2% vs 41.8%, p<0.001), had neoadjuvant treatment more often
(78.3% vs 42.7%, p<0.001) and more patients had preoperative tumor related complica-
tions (17.7% vs 15.8%, p=0.004). The mean tumor distance to the anorectal junction
was 83mm in patients with and 95mm in patients without a defunctioning stoma
(p<0.001). Data from 2018 to 2020 showed that patients with a defunctioning stoma
more often had one or more comorbidities (58.3% vs 32.7%, p<0.001). Diverted patients
more often underwent a total mesorectal excision compared to patients who were
not diverted (96.9% vs 88.8%, p<0.001). A defunctioning stoma was associated with
a laparotomy (p<0.001), and conversion rates were higher in diverted patients (10.8%
vs 6.0%, p<0.001). Intraoperatively chemotherapeutical or radiological intervention
(1.9% vs 0.6%, p<0.001) and an additional resection (4.1% vs 2.9%, p<0.001) were more
frequent in patients with a defunctioning stoma. There were no differences between
stoma construction and urgent surgery (0.6% vs 0.7%, p=0.187) or R2 resections (0.1%
vs 0.2%, p=0.748). - displays the means and 95% Cl after PSM matching of the
variables used in the patients with and without a defunctioning stoma. It shows that the
PSM matching was successful in balancing the data between the groups.
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Table 2, propensity score matching baseline table

Covariates used in PSM  Mean defunctioning 95% CI Mean no defunctioning 95% CI
stoma (n=4,148) stoma (n=4,148)

Sex (male) 0.61 0.60 -0.63 0.61 0.59-0.62

Age (years) 65.1 64.2-65.9 65.2 64.9 - 65.5

BMI (kg/mz) 26.1 25.8-26.4 26.1 259-26.2

AJCC stage 0.53 0.52-0.55 0.53 0.51-0.54

&IV (T1-4N1-2MO-1)

Tumor distance to anal 87.9 84.8-91.1 90.2 88.9-914

junction (in mm)

Surgical procedure (PME)  0.05 0.05 - 0.06 0.05 0.05 - 0.06

Neoadjuvant therapy 0.63 0.61-0.64 0.61 0.60 - 0.63

PSM; propensity score matching, Cl; confidence interval, BMI; body mass index, AJCC; American
Joint Committee on Cancer, PME: partial mesorectal excision.

ABIES shows baseline characteristics per year for patients with a defunctioning stoma.

An annual decrease in age (MD per year -0.15, p<0.001), application of neoadjuvant
therapy (OR 0.85, p<0.001) and tumor distance from the anorectal junction (MD -4.0 mm
per year, p<0.001) was found. Between 2011 and 2020 an increasing number of patients
with a defunctioning stoma had an ASA classification of Il or higher (OR 1.06, p<0.001),

and an AJCC stage of lll or IV (OR 1.03, p=0.010).
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Primary and secondary outcomes

A total of 7,106 (53.6%) patients were diverted. AL occurred in 1,356 (10.2%) patients.
Patients with a defunctioning stoma developed AL less frequently (7.9%) than patients
without (13.0%). The OR of developing AL with a defunctioning stoma was 0.57 in the
univariate (p<0.001) and 0.47 in the multivariate analysis (p<0.001) compared to patients
without a defunctioning stoma. The relative risk reduction of a defunctioning stoma on
AL was 65%, the absolute risk reduction 5.1% and the number needed to treat (NNT) 20.
FigUFE2 shows the absolute and relative construction of a defunctioning stoma, incidence
of AL and differences between both groups. A significant annual decrease in stoma con-
struction was seen. In the univariate analysis the OR for every year from 2011 to 2020
of having a stoma was 0.82 pertaining to the previous year, with a 95% Cl of 0.81 — 0.83
(p<0.001). In the multivariate analysis the OR was 0.87, with a Cl of 0.85 - 0.89 (p<0.001).
An annual increase in AL was seen (9.1% in 2011, 9.9% in 2016 and 14.1% in 2020).

Figure 2, Annual amount of patients undergoing rectal cancer surgery, construction of a defunctioning
stoma and occurrence of anastomotic leakage
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A decrease in stoma construction was seen between 2011 and 2020. The OR of having a stoma
was 0.82 (95% Cl 0.81 - 0.83, p<0.001) per year from 2011 - 2020 in the univariate analysis. In the
multivariate analysis the outcome was adjusted for application of neoadjuvant therapy, tumor
distance to anorectal junction and surgical procedure. The OR in the multivariate analysis was 0.87
(95% C10.81 - 0.83, p<0.001). The occurrence of AL increased with an OR of 1.07 (95% CI 1.05 -1.10,
p<0.001) per year from 2011 - 2020. In the multivariate the outcome was adjusted for application
of neoadjuvant therapy, tumor distance to anorectal junction, ASA classification, surgical procedure
and the presence of a defunctioning stoma. The difference in the multivariate analysis was not
significant (OR 0.99, 95% Cl 0.97 -1.02, p=0.503). OR; odds ratio, Cl; confidence interval, AL;
anastomotic leakage, ASA; American Society of Anesthesiologists
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aBI&4 shows postoperative outcomes of the univariate, multivariate and PSM analysis.
Patients with a defunctioning stoma developed more often minor complications (18.3%
Vs 9.6%, p<0.001). Admission to ICU (16.1% vs 12.3%, p<0.001) and readmission within
90 days was also seen more in patients with a defunctioning stoma (15.3% vs 10.7%,
p<0.001). Patients with a defunctioning stoma had a median length of stay of 8 days and
patients without a defunctioning stoma of 5 days (p<0.001). No significant difference in
mortality within 90 days was found (1.1% vs 0.8%, p=0.294). Need of blood transfusion
was not significant in the multivariate analysis (6.9% vs 5.3%, p=0.231), but was in the
PSM analysis (p=0.012). Data from 2018 to 2020 showed that if AL occurred, patients
with a defunctioning stoma needed a surgical intervention less frequently compared to
those without (37.7% vs 81.1%, p<0.001)

There was an annual decrease from 2011- 2020 in the total cohort for minor complica-
tions (OR 0.96, 95% Cl 0.95 - 0.98, p<0.001), length of stay (MD -0.58 days per year, 95%
Cl-0.68 to -.048, p<0.001), admission to ICU (OR 0.95, 95% C1 0.93 - 0.96, p<0.001), need
of blood transfusion (OR 0.88, 95% Cl 0.86 — 0.90, p<0.001) and patient death within 90
days (0.88, 95% Cl 0.82 - 0.94, p<0.001). An increase was seen in the overall readmission
rate within 90 days (OR 1.03,95% CI 1.01 - 1.06, p=0.002).
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Discussion

This study showed an annual decrease in the use of defunctioning stomas in the
Netherlands over the last decade. Overall, a reduction in defunctioning stomas of 40%
was found. This reduction was paralleled with a 5% overall increase in AL (9.1% in 2011,
14.1% in 2020).

The reduction in stoma use appears to reflect a shift towards more selective use, where
a defunctioning stoma is often omitted and only constructed in patients with a high-risk
anastomosis. Throughout the past decade, tumors were lower in the stoma group and
there was anincrease in ASA and AJCC classification. An overall decrease in neoadjuvant
radiotherapy was seen after the implementation of a revised national guideline on
colorectal cancer in 2014.” In conflict with Snijders et al., who argued that there was
no difference in AL between hospitals routinely and selectively using a diverting stoma
(8.4% in low stoma rate and 11.3% in high stoma rate hospitals), this study found that
more selective use did lead to more AL." In response to the results of Snijder et al.,
selective use was increasingly advocated and, the overall use of the defunctioning
stoma in the Netherlands decreased. This could have led to a hasted decline in stoma
use in hospitals used to routinely divert resulting in increase of AL. Talboom et al. also
emphasized in their study, which had a highly selective diversion rate of 24% after a
LAR, that implementation of a management protocol is a prerequisite to obtaining
these results.'® The increase in AL, however, could also be a consequence of a more strict
and honest registration. In the last decade, there is a growing interest in quality of care
and registration, accompanied by the need for uniformity of definitions of outcomes
such as AL>*?

Although a slightly lower Al-rate was seen in diverted patients, the defunctioning
stoma is far from the holy grail and must be balanced against its negative outcomes.
The defunctioning stoma led to a higher minor complication rate, admission to the
ICU, readmission within 90 days and length of stay. Many patients with a defunctioning
stoma suffer from stoma-related complications (e.g., stoma necrosis or stenosis,
retraction, parastomal hernia dehydration)." In many cases, the prolonged length of
stay was likely due to stoma management or so that the problem that initially required
the stoma could be further managed.” It is likely that patients also had a longer length
of stay due to the associated increased likelihood of minor surgical complications and
vice versa.*® Previous studies showed that stoma-related complications, especially
dehydration, are also associated with readmission.’’ Furthermore, some patients will
have a revision of their defunctioning stoma within 90 days and thus this is registered as
a readmission. While this counts for a readmission in our analysis, it is in fact a planned
admission, making diverting ileostomy seem more prone to unscheduled readmission
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than it actually is. However, it is important to mention that up to one-third of stomas are
never reversed.'

The question rises whether we are on a good track or not. The decrease of 40% of stoma
use coincided with an increase in AL and like several other studies our data showed
a protective effect of the defunctioning stoma on both the incidence and severity of
AL.*"?* The defunctioning stoma, however, also led to a longer length of stay, more
admissions to the ICU and its decrease was accompanied by an overall annual decrease
in mortality, length of stay, ICU admission and minor surgical related morbidity. Borstlap
et al. showed that differences between AL in between patients with and without a
defunctioning stoma diminish after a longer follow-up period. They hypothesize that
AL will occur irrespective of a defunctioning stoma, but that diagnosis is delayed. Long-
term data is missing in our study, causing a potential overestimation of the benefits
of the defunctioning stoma for patients in preventing AL>* A trend towards more
constructions of primary anastomosis in patients with rectal cancer surgery is seen in
the Netherlands.” This has arguably resulted in more patients at risk for AL and could
have altered the selection of patients with a defunctioning stoma.

Altogether, selective use of a defunctioning stoma has trade-offs. Considering a high
percentage of stoma-related morbidity, longer length of stay, higher readmission rate,
missing data about on late leaks and a NNT of 20 to prevent AL, the Netherlands are
arguably on the right track. However, this track is only feasible when the trade-offs are
individually balanced. Proper risk prediction for AL would be desirable, to predict which
patients are at high-risk. Some tools already exist, but overall performance of these
models remains suboptimal.*** The preliminary results of machine learning models in
predicting AL are promising and an internally and externally validated prediction model
could assist the surgeon in the near future.’® With these prediction models, surgeons
can find out better how to select patients and how best to prevent AL. In the end, the
surgeon decides after the anastomosis whether to divert or not, but these models help
the surgeon to present patients with better figures and discuss treatment options via
shared decision-making, leading to better patient comprehension.*

This nationwide cohort was strengthened by the large amount of included patients
with rectal cancer. By analyzing patients during 2011 — 2020, this study was able to
obtain trends in time and could analyze the accompanied risks and benefits of these
trends. This retrospective study is susceptible for confounders by indications and
there could be risk factors for AL and defunctioning stoma that were not regarded.
Differences in postoperative outcomes could be due to the diverting stoma. However,
it is still plausible that some differences that were caused by unforeseen confounders
were not taken into account in the multivariate and PSM analysis. In the PSM analysis,
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the results could be prone to selection bias due to a relatively low number of matched
cases. Moreover, several secular changes, such as increased compliance e to enhanced
recovery after surgery over time, might have influenced the findings. There was no data
available about long-term outcomes, readmissions after 90 days and data on late leaks,
to further define the impact of a defunctioning stoma. Hazen et al. showed that patients
with a defunctioning stoma had significant number of re-

interventions and stoma-related complications (e.g. stoma-site hernias, high-stoma
output, dehydration), even after one year.* Future studies on the topic should include
long-term follow-up on patients with and without a defunctioning stoma, including
endpoints as cancer recurrence, quality of life and stoma reversal rates.

Conclusion

This study showed a declining trend in the use of defunctioning stomas over the
last decade. The reduction in defunctioning stomas of 40% is paralleled with a 5%
increase in AL. Patients with a defunctioning stoma, however, also showed more minor
complications, a prolonged length of stay, more ICU admissions and readmissions. Are
we on the right track in the Netherlands? Considering a high percentage of stoma-
related morbidity and a NNT of 20 to prevent one AL, arguably yes. However, this track
is only feasible when the trade-offs are individually balanced.
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Chapter 4

Abstract

Background: Due to centralization and super-specialization in medicine, hospital
mergers are increasingly common. Their effect on postoperative outcomes in highly
specialized surgical departments is unclear. As quality metrics often worsen after major
organizational changes, preservation of quality of care during an hospital merge is of
the utmost importance.

Objective: To evaluate the effect of a merger of two Dutch university hospitals on
quality of surgical care, volume, and timeliness of care.

Methods: The upper gastro-intestinal and hepato-biliary-pancreatic sections merged
on the 27th of January 2020 and the 31th of May 2021 respectively. Outcomes of all
adult surgical patients were compared six months before and six months after the
merger. Short-term quality metrics, volume, and timeliness of care were assessed.

Results: Overall, a cohort of 631 patients were included of whom 195 were upper
gastro-intestinal (97 prior to the merger, 98 after the merger) and 436 (223 prior to
the merger, 213 after) hepato-biliary-pancreatic patients. There were no differences in
mortality, readmission, number and severity of complications, volume, and timeliness
of care six months post-merger as compared to before merger.

Conclusion: This study shows that a hospital merger of two university hospitals can be
performed without jeopardizing patient safety and while benefitting from centralization
of highly specialized care and enhancement of medical research.

Key Message

This study investigated the impact of a merger of two Dutch university hospitals
on quality of care, timeliness of care, and volume. It showed no deterioration in the
evaluated short-term quality metrics, volume or timeliness for upper Gl and HPB surgery,
suggesting that a hospital merger of two university hospitals can be performed safely,
while benefitting from centralization of highly specialized care and enhancement of
medical research.
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Introduction

Worldwide there is an increase in hospital mergers.' In the Netherlands, the introduction
of managed competition in 2006 led to a wave of hospital mergers. From January 2006
almost 30 Dutch hospitals have merged. Potential positive effects of hospital mergers
on quality of care (QoC) by centralization and super-specialization, include creation
of synergies in clinical forces and material, effects on volume, timeliness of care, and
increased efficiency and finance. Theoretically, negative effects include increased
bureaucracy and a weakened level of competition resulting in decreased incentives for
quality improvement in a market-based system.” The effects of general hospital mergers
on QoC remain uncertain due to inconsistent findings**, but they might be promising
for university hospitals.>® For university hospitals merging can be an opportunity
to facilitate further concentration of typical academic high-complex-low-volume
healthcare. Multiple studies have shown the benefits of increased volumes of high-
complex healthcare on QoC, which is why volume norms for many complex procedures
are generally accepted.”® In 2017, the Dutch authority for consumers and markets
conducted a major study in the Netherlands on the effect of general hospital mergers
on the QoC and found no improvement in the QoC after the merger.’ Recently, Wang et
al. found a temporary increase in overall hospital mortality immediately after a merger,
that recovered to a significant lower mortality two to three years later. Temporary
decreased quality outcomes are common after major organization changes.’ Therefore,
the period after organization change is an important window, in which deterioration in
QoC should be prevented, and acted upon if necessary.

A merger of two university and tertiary centers is unprecedented in the Netherlands and
its effect on the short-term QoC, volume, and timeliness of care on highly specialized
departments, such as upper gastrointestinal (Gl) and the hepato-biliary-pancreatic
(HPB), is more or less a conundrum. The aim of this study is to evaluate whether quality
of surgical care for oncological HPB and upper Gl procedures has been maintained six
months after a Dutch university hospital merger. Furthermore, this study investigates
the influence of the merger on the volume and timeliness of care. The hypothesize of
this study was that the merger did not influence quality of surgical care, volume, or
timeliness of care.

Methods

This study retrospectively collected QoC data from electronic health records (EHRs).
Data concerning the volume and timeliness of surgical care were extracted from a
prospectively collected operating room (OR) planning database. Data were evaluated
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by two independent researchers (EWI and LJK) to check the correctness of the registered
complications and supplement the extracted data in case of missing input. Any
discrepancies in the data were assessed by a senior author (FD). The STROBE guidelines
were followed to ensure correct reporting of the study methods and results.'® Ethical
approval for the data used for this study was waived by the local review board.

Setting

In 2018 the executive boards of the Academic Medical Center (AMC) and the Free
University Medical Center (VUmc) conducted a horizontal merger into the Amsterdam
University Medical Center (UMC), whereafter harmonization and integration processes
was started." To date, the legal merging for the hospitals is still ongoing, but both
affiliated universities will remain different legal entities. Finalizing this requires a
national political adjustment of legislation concerning the act on higher education.
Currently this process has been set in motion. As a practical implication, EHRs cannot be
exchanged between the two locations without consent of patients, for example. Prior
to the merger, a director was appointed for every department managing both locations.
Next to this, a multidisciplinary lateralization steering group was responsible for all the
practical issues concerning the merger. Thirdly, a steering group was established for the
harmonization and integration processes. The hospitals, both situated in Amsterdam,
the Netherlands, have a physical distance of approximately 12 kilometers. The AMC was
a tertiary care university hospital, facilitating 1,002 clinical beds with 8,720 employees
(7,354 full-time equivalents [FTEs])."” The VUmc was a tertiary care university hospital,
facilitating 733 clinical beds with 7,380 employees (6,156 FTEs).” Since the merger,
half of the specializations are centered in the building of the former AMC hospital
and the other half in the building of the former VUmc hospital. Both the upper Gl and
HPB surgical care were transferred to the building of the former VUmc hospital, with
preservation of the operating room capacity. Before the merger, 3 Upper Gl surgeons
and 4 HPB surgeons worked in the AMC, and 3 upper Gl surgeons and 3 HPB surgeons
in the VUMC. After the merger, 5 upper Gl surgeons (one surgeon quitted as an upper
Gl surgeon) and 7 HPB surgeons worked in the Amsterdam UMC. The AMC performed
annually approximately 120 upper Gl and 250 HPB surgical procedures and the VUmc
approximately 70 upper Gl and 150 HPB surgical procedures. The most important goal
of the merger was: preservation and improvement of QoC for complex tertiary care, to
excel in medical research, and to improve accessibility and efficiency.'*'"® The merger
was executed as a phased process, in which clinical wards merge successively, to ensure
preservation of high-quality and critical care. In so called waves, the joined departments
were moved to their final location. For the upper Gl group, the pre-merger period was
July 27", 2019, through January 26", 2020, and the post-merger period was January
27", 2020, through July 26™, 2020. For the HPB group, the pre-merger period was
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December 1%, 2020, through May 30", 2021, and the post-merger period was May 31th,
2021, through November 30", 2021.

Patient selection and definitions

Adult patients undergoing upper Gl or HPB surgical procedures were included. Both
elective and urgent procedures were eligible for this study. Upper Gl procedures were
defined as non-traumatic oncological procedures under general anesthesia performed
on the stomach, esophagus, or both. The HPB procedures were defined as any non-
traumatic oncological procedures under general anesthesia performed on the liver,
pancreas, gallbladder or biliary ducts. The Age Adjusted Charlson Comorbidity Index
(AAC) was used in assessing surgical outcomes weighed by comorbid conditions.'®"”
The AAC utilizes 19 pre-determined groups, weighted between one and six points and
is adjusted for one point for every decade over 40 years of age with a maximum score
of 6 points.

Outcomes

This study investigated short-term QoC, volume, and timeliness of care. Quality of care
was assessed using mortality within 90 days postoperatively, hospital readmission
rate within 90 days postoperatively, and incidence and severity of postoperative
complications as outcome measures. A complication was defined as any deviation
from the normal postoperative course.'® The severity of the complications was assessed
with the Comprehensive Complication (CC) index and the Clavien-Dindo classification
(CD). The CD was used to categorize adverse events whereas the CC index was used
to accurately represent the impact of multiple complications.”®'® The CC index was
calculated based on the registered and corrected CD data extracted from the database.
The volume was determined scrutinizing the number of surgical procedures per
working day in the pre-merger and post-merger phase. A working day was defined as
every midweek day, with the exemptions of national public holidays in the Netherlands
(in which no elective procedures are performed). Timeliness of care is defined as the
system’s capacity to provide care quickly after a need is recognized.” In this study it was
assessed by investigating differences in waiting time of the surgical procedure in the
pre-merger and post-merger phase. Waiting time was defined as interval between the
moment a surgical procedure was scheduled and the day of surgery.

Analysis of the impact of the COVID-19 pandemic

The coronavirus disease 2019 pandemic broke out during the inclusion period of the
upper Gl group with extensive national measures from March 2020, resulting in a general
surgical scale down. However, the board of directors of the Amsterdam UMC decided
not to postpone surgical procedures of patients undergoing HPB or upper Gl procedures
for cancer in COVID-19 negative patients, since this oncological care was nationally
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considered as urgent. This was also recommended in a national guideline of the Dutch
association of surgeons.”’ To analyze the impact on volume of these measures, applied
from the 12™ of March 2020, patients undergoing an upper Gl surgical procedure before
March 12" were compared with patients undergoing an upper Gl from March 12",

Statistical analysis

Statistical Package for the Social Sciences, version 26, was used for analyses.
Continuous variables were reported as mean with a standard deviation or median
with an interquartile range (IQR) in variables with a skewed distribution. Dichotomous
variables were noted as number and percentage. Patients in the pre-merger period
were compared with the post-merger period. Within the pre-merger period, patient
characteristics of patients who underwent their surgical procedure in the AMC were
compared with those in the VUmc. Differences between patient characteristics before
and after the merger were compared using Pearson chi-square and Fisher’s exact test
(in case of small cell counts) in dichotomous variables and a student’s T-test or Mann-
Whitney U test (skew distribution) in continuous variables. The outcomes were assessed
utilizing univariate- and multivariate analyses. Multivariate regression analyses were
utilized to adjust for confounders with an impact of 10% or more on the unstandardized
beta. To assess the relation between the two waves, odds Ratio (OR), mean differences
(MD), and 95% confidence interval (95% Cl) were used. A p-value <0.05 was considered
statistically significant.

Results

Patient characteristics are shown in TaBIéll and TaBI&R2. Between July 27th 2019 and
November 30th 2021, a total of 631 patients were included: 195 patients (30.9%)
underwent an upper Gl procedure and 436 (69.1%) a HPB procedure. The pre-wave
group contained 320 patients (50.7%) and the post-wave 311 (49.3%). In the pre-
merger period, 62 and 135 patients in the AMC, and 35 and 88 in the VUmc underwent
an upper Gl or HPB surgical procedure, respectively. The median age was 68 years
(IQR: 61 — 74) in the upper Gl and 66 (IQR: 57 — 73) in the HPB group. The majority of
patients was male (71.0% vs 68.9%; p=0.719 in the upper GI group, 54.3% vs 55.5%;
p=0.243 in the HPB group). In patients undergoing upper Gl surgery, esophagectomies
constituted the largest proportion of procedures (n=100, 51.3%). In the HPB group
pancreatoduodenectomies were performed most often (n=142; 32.6%).
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Table 1, patients characteristics, surgery characteristics, and patients history in the upper Gl group

Prior to merge (n=97) After merge  P-value
AMC VUmc P-value Total (n=98)
(n=62) (n=35) pre-
merger
Elective procedures 93 (95.9%) 97 (99.0%) 0.170
Number of working days ~ * * 126 125
Surgical procedures per * * 1[0-2] 1[0-2] 0.893
working day [median, IQR]
Waiting time for elective 82 76 0.561 80 83 0.734
surgery in days [IQR, [31-125] [25-97] [28-124]  [16-105]
median]
Patient characteristics
Age in years 68 69 0.550 68 69 0.493
[median, IQR] [63-74] [61-76] [62-75] [64-75]
Sex
Male 60 (67.4%) 33 (78.6%) 0.189 72 (74.2%) 70 (71.4%) 0.661
Female 23 (32.6%) 9(21.4%) 25(25.8%) 28(28.6%)
BMI in kg/m’ 25 25 0.400 25 24 0.839
[median, IQR] [23-28] [23-28] [23-28] [23-29]
Surgery characteristics
Site of surgery 0.710 0.352
Gastric 29 (46.7%) 14 (40.0%) 43 (44.3%) 38(38.8%)
Esophageal 33 (53.2%) 21 (60.0%) 54 (55.6%) 60 (61.2%)
Surgical procedure 0.006 0.125
Esophagectomy 28 (45.2%) 21 (60.0%) 49 (50.1%) 51 (52.0%)
McKeown 5(17.9%) 8(38.1%) 13(26.5%) 7 (13.7%)
Ivor Lewis 18 (64.2%) 9 (42.8%) 27 (55.1%) 38 (74.5%)
Other 5(17.9%) 4 (19.0%) 9 (18.4%) 6 (11.8%)
(Sub)total gastrectomy 19 (30.1%) 12 (34.2%) 31(32.0%) 32(32.7%)
Other 15 (24.2%) 2(2.1%) 17 (17.5%) 15 (15.3%)
Patient history
AAC [median, IQR] 4[3-6] 4[3-6] 4 [3-6] 4[3-6] 0.502
0-1 4 (6.5%) 1(2.9%) 5(5.2%) 6 (6.1%)
2-3 22 (35.5%) 2 (5.7%) 2424.7%) 16 (16.3%)
4-5 25 (40.3%) 16 (45.7%) 41 (42.3%) 40 (40.8%)
=6 11(17.7%) 16 (45.7%) 27 (27.8%) 36 (36.7%)
Abdominal or thoracic 25 (40.3%) 12 (34.4%) 0.557 37 (38.1%) 40 (40.8%) 0.986

surgery in medical history

GI; Gastro-Intestinal surgery, AMC; Academic Medical Center, VUmc; Free University Medical Center, IQR;
interquartile range, BMI; body mass index, AAC; Age adjusted Charlson Comorbidity index. *Not applicable.
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Table 2, patients characteristics, surgery characteristics, and patients history in the HPB group

Prior to the merge After merge P-value
(n=223) (n=213)

AMC VUmc P-value Total

(n=135) (n=88) pre-merge
Elective procedures 122 (90.4%) 77 (87.5%) 0.499 199 (89.2%) 194(92.8%) 0.194
Number of working day * * 122 131
Surgical procedures per * * 2[1-2] 1[1-2] 0.278
working day [median, IQR]
Waiting time for elective 22 22 0.559 22 24 0.163
surgery in days [IQR, median]  [12 - 39] [13-33] [12-36] [13-43]

Patients’ characteristics
Age in years [median, IQR] 65 [57-72] 68[58-77] 0.182 64 [56-72] 66 [57-73] 0.243

Sex

Male 83 (61.5%) 38(43.2%) 0.007 121 (54.3%) 116(55.5%) 0.736

Female 52 (38.5%) 50 (56.8%) 102 (45.7%) 97 (44.5%) 0.719

BMI in kg/m’ [median, IQR] 254 259 0.898 25.6 25.0 0.226
[22.9-29.0] [22.9-28.7] [23.0-28.7] [22.5-28.0]

Surgery characteristics

Site of surgery 0.347 0.205

Hepatic 32 (23.7%) 23 (26.1%) 55(24.7%) 71 (33.3%)

Pancreatic 68 (50.4%) 34 (38.6%) 102 (45.7%) 84 (39.4%)

Biliary 29 (21.5%) 26 (29.5%) 55(24.7%) 51 (23.9%)

Other 6 (4.4%) 5(5.7%) 11 (4.9%) 7 (3.3%)

Surgical procedure 0.306 0.591

Pancreatoduodenectomy 46 (34.1%) 29 (33.0%) 75(33.6%) 67 (31.5%)

Partial hepatectomy 27 (20%) 19 (21.6%) 46 (20.6%) 55 (25.8%)

Distal pancreatectomy 19 (14.1%) 5 (5.7%) 24 (10.8%) 16 (7.5%)

Cholecystectomy 27 (20%) 24 (27.3%) 51(22.9%) 47 (22.1%)

Other 16 (11.9%) 119(12.5%) 27 (12.1%)  28(13.1%)

Patient history

AAC [median, IQR] 4[3-6] 4[3-6] 0.942 4[3-6] 4[3-5] 0.458

0-1 10 (7.4%) 8(9.1%) 15(11.5%) 13 (10.9%)

2-3 33 (24.4%) 19 (21.4%) 32(24.4%) 22(18.5%)

4-5 58 (43%) 38 (43.2%) 49 (37.4%) 42 (35.3%)

=6 34 (25.2%) 23 (26.1%) 35(26.7%) 42 (35.3%)

Abdominal or thoracic surgery 44 (32.6%) 40 (45.5%) 0.053 84 (37.7%) 80 (37.6%) 0.981

in medical history

HPB; hepato- biliary-pancreatic, AMC; Academic Medical Center, VUmc; Free University Medical Center,
IQR; Interquartile range, BMI; body mass index, AAC; Age adjusted Charlson Comorbidity index

58



Impact of merging two univeristy hospitals on surgical outcome after esophagogastric and
heapot-pancreato-biliary surgery: Results from a retrospective study

Upper Gl outcomes

The proportion of patients undergoing upper Gl surgery who developed a postopera-
tive complication in the pre-merger and post-merger phase was comparable (58.8% vs
58.2%; OR: 0.88 [95% Cl: 0.58-1.88]; p=0.880), with a median number of 2 complications
in both the pre-merger and post-merger period in patients with a complicated postop-
erative course (MD: 0.18 [95% ClI: -0.59 - 0.95]; p=0.643). The median CC index score was
33.5 (IQR: 20.9 - 50.9) in the pre-merger and 33.7 in the post-merger (IQR: 20.9 - 46.0)
group (MD: -2.54 [95% Cl: 1.-11.21 - 6.12]; p= 0.562). A total of 37 patients (34.0%) in
the pre-merger and 29 (28.6%) in the post-merger group had a CD of 3 or higher (OR:
0.87 [95% Cl: 0.47 — 1.61]; p=0.661). Mortality (2.1% vs 1.0%), readmission within 90
days (13.4% vs 13.3%; p=0.922), and median length of stay (8 vs 9, p=0.915) were all not

statistically significant. (TaBIES)

Table 3, postoperative outcomes of patients undergoing upper Gl surgery

Prior to merge After merge
(n=97) (n=98)  Muyltivariate
AMC VUmc P-value Total OR (95% Cl) P-value
(n=62) (n=35) Pre-
merge

Patients with 33(53.2%) 24(68.6%) 0.140 57 (58.8%) 57 (58.2%) 1.05(0.58 - 1.88) 0.880°
complication

Ch=3 19 (30.6%) 13(37.1%) 0.513 33(34.0%) 28(28.6%) 0.87 (047 -1.61) 0.661°
Mortality 2(3.2%) 0 2(2.1%) 1 (1.0%) * *
Readmission** 7 (11.3%) 6(17.1%) 0.416 13(13.4%) 13(13.3%) 0.96 (0412-2.23) 0.922°
Multivariate
MD (95% CI) P-value
Number of 2[1-5] 2[1-3] 0.548 2[1-3] 2[1-4] 0.18(-0.59-095)  0.643¢
complications”
CCindexA 335 337 0.689 335 29.6 -2.54 0.562°
[20.9-53.0] [16.5-68.9] [20.9-51.7] [20.9-46.5] (-11.21-6.12)
Length of stay 9[5-14] 7[6-10] 0.440 8[6-14] 9[6-14] -0.08 0.915°
(-1.52-1.37)

Gl; gastro-intestinal, OR; odds ratio, 95% Cl; 95% confidence interval, CD; Clavien-Dindo, CC;
comprehensive complication, MD; mean Difference.

? Adjusted for: BMI, AAC

® Adjusted for: BMI

“Adjusted for: age, BMI

4 Adjusted for: BMI, gender, elective procedure, type of surgery, AAC
¢ Adjusted for: age, BMI

fAdjusted for: no confounders found

*Not applicable

**Readmission within 90 days postoperatively

Aln patients with at least one postoperative complication
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HPB outcomes

The proportion of patients undergoing HPB surgery with postoperative complications
in the pre-merger and post-merger phase was comparable (48.4% vs 45.1%; OR: 0.90
[95% Cl: 0.59-1.36]; p=0.606), with a median number of complications per patient of 2 in
both phases (MD: 0.33 [95% Cl: -0.08 - 0.73]; p=0.113). The median CC index score was
26.2 (IQR: 20.9 - 40.7) in the pre-merger and 33.5 (IQR: 26.2 - 44.9) in the post-merger
group (MD: 1.53 [95% Cl -2.21 - 5.28]; p=0.421). A total of 53 patients (23.8%) in the
pre-merger and 64 (30.0%) in the post-merger group had a CD of 3 or higher (OR: 1.44
[95% Cl: 0.94 - 2.22]; p=0.095). Mortality (0.4% vs 0%; p=0.995), readmission within 90
days (11.7% vs 16.9%; p=0.119), and median length of stay (7 vs 6, p=0.905) were all
statistically not significant. (TaBIE¥4)

Table 4, postoperative outcomes of patients undergoing HPB surgery

Prior to merge (n=223) After Multivariate
AMC VUmc P-value Total merge OR(95%Cl) P-value
(n=135) (n=88) Pre- (n=213)
merger
Patients with 61(45.2%) 47 (53.4%) 0.230 108 (48.4%) 96 (45.1%)  0.90 0.606°
complication (0.59-1.36)
CD=3 34(25.2%) 19(21.6%) 0.538 53(23.8%) 64(30.0%) 144 0.095°
(0.94-222)
Mortality 1(0.7%) 0 0.418 1(0.4%) 0 * *
Readmission* 17 (12.6%) 9(10.2%) 0.591 26 (11.7%) 36(16.9%) 1.54 0.119°¢
(0.90 - 2.65)
Multivariate

Pre-wave Post-wave MD (95% Cl) P-value
Median Median

[IQR] [1QR]
Number of 2[1-4] 2[1-4] 0.676 2[1-4] 2[1-5] 0.33 0.113¢
complicationsA (-0.08-0.73)
CCindexA 29.5 22,6 0.584 26.2 335 1.53 0.421°¢
[209-42.6] [8.7-33.7] [20.9-40.7] [26.2-449] (-2.21-5.28)
Lengthofstay 7[4-11] 6[4-11] 0.672 7[4-10] 6[3-10] -0.12 0.905°

(-2.10-1.87)

HPB; hepato- biliary-pancreatic, OR; odds ratio, 95% Cl; 95% confidence interval, CD; Clavien-Dindo,
MD; mean Difference, CC; comprehensive complication

 Adjusted for: age, elective procedure, type of surgery

® Adjusted for: age

“Adjusted for: no confounders found

4 Adjusted for: age

¢ Adjusted for: age, elective procedure

fAdjusted for: age, BMI, elective procedure, site of surgery, type of surgery
*Not applicable

**Readmission within 90 postoperatively

Aln patients with at least one postoperative complications
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Impact of the hospital merger on number of surgical procedures and
timeliness of care

As shown in Table¥l and FigUfeld, the median number of upper Gl procedures per
working day was 1 in both the pre-merger (IQR: 0-2) and the post-merger (IQR: 0-2)
phase (p=0.595). The median waiting time for elective surgery was 80 days in the pre-
merger period and 83 in the post-merger phase (p=0.893). As shown in - and
-, the number of surgical procedures per working day in the HPB group was
2 in the pre-merger phase (IQR: 1-2) and 1 in the post-merger (IQR: 1-2) phase. This
difference, however, was not statistically significant (p=0.278). The median waiting time
for elective surgery was 22 days in the pre-merger period and 24 in the post-merger
phase (p=0.163).

Figure 1, number of surgical procedures performed in the upper Gl group.

Upper Gl

35

30

_ /Umc AMC mmmm Amsterdam UMC  ——Available operating days

This figure shows the number of procedures in patients undergoing upper Gl surgery in the six months
before the merger on 27" June 2020, in the AMC (light colored bar, n=62) and VUmc hospital (dark
colored bar, n=35) and in the six after the merger in the Amsterdam UMC (grey bar, n=98). The black line
displays the number of working days in that month.

Gl; gastro-intestinal, AMC; Academic Medical Center, VUmc; Free University Medical Center, Amsterdam
UMC; Amsterdam University Medical Center.

61



Chapter 4

Figure 2, number of procedures performed in the HPB group HPB
HPB

 /Umc t 1AMC  mmmm Amsterdam UMC  ——Available operating days

This figure shows the number of procedures in patients undergoing HPB surgery in the six months before
the merger on 30" June 2021, in the AMC (light colored bar, n=135) and VUmc hospital (dark colored bar,
n=88) and in the six after the merger in the Amsterdam UMC (grey bar, n=213). The black line displays the
number of working days in that month.

HPB; hepato-biliary-pancreatic, VUmc; Vrije Universiteit Medisch Centrum, AMC; Academisch Medisch
Centrum, Amsterdam UMC; Amsterdam University Medical Center.

Impact of the COVID-19 pandemic

There was no difference in the average number of surgical upper Gl procedures during
the COVID-19 pandemic. The median number of performed upper Gl procedures per
working day was 1 before (IQR: 0-1) and 1 (IQR: 0-2) during the pandemic (p=0.337).

(TEBIES)

Table 5, number of patients undergoing upper Gl surgery during the COVID-19 pandemic

Before the COVID-19 During the COVID-19  Total P-value
pandemic (n=121) pandemic (n=74) (n=195)
Elective procedures 117 (96.7%) 73 (98.6%) 190 (97.4%) 0.873
Working days 161 20 251
Elective procedures per 1[0-1] 1[0-2] 1[0-2] 0.331

working day [median, IQR]

This table compares the number of procedures per working day before en during the COVID-19
pandemic, with 12 March 2020 as reference date
GI; gastro-intestinal, COVID-19; coronavirus disease 2019, IQR; interquartile range..
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Discussion

The aim of this study was to evaluate the short-term effect of a merger of two univer-
sity hospitals on quality of surgical care, volume, and timeliness of care in patients
undergoing an oncological upper Gl or HPB surgical procedure. There were no signs of
short-term deterioration in the evaluated quality metrics, volume and timeliness of care
after the merger. This suggests that, a hospital merger of two university hospitals can be
performed without jeopardizing patient safety in the short-term of two highly-complex
surgical disciplines, while profiting from the benefits of the merger. The putative long-
term benefits hospital mergers in general are reduced duplication services, beneficial
synergistic impacts, and increased market powers.”> The benefits of this specific merger
are, as mentioned in the predetermined goals, centralization of highly specialized ter-
tiary care and enhancement of medical research.'*"

Some factors influencing QoC should be addressed in the light of these findings. Firstly,
some nurses and paramedics remained at their initial location, according to their own
individual preference. This may have led to a loss in expertise and subsequently to QoC,
since many of these nurses and paramedics were experienced in the postoperative
management of both upper Gl and/or HPB patients. It is therefore possible that the QoC
will improve in the near future, since new expertise will be gained over time. Secondly,
the geographical distance between the merging hospitals might have played a facilitat-
ing role in the current merger. Several studies showed negative associations between
the distance to the nearest hospital and QoC.”*** The travel time between both hospitals
both with car and public transport is approximately 20-30 minutes. In this merger it is
unlikely that geographical distance influenced the post-merger QoC. The findings of the
current study are in contrast with two studies, that described temporary deterioration
in QoC in terms of increased waiting times, decreased quantity of patient contacts and
increased mortality rates, after university hospital mergers.'"'* Arguably, the meticulous
preparations, such as the foundation of steering groups assisting in the integration,
harmonization, and lateralization processes, prior to the merger described in this study
must have played an important role in the preservation of QoC.

Yet, the impact of a hospital merger is more than just the effect on QoC and a myriad
of caveats should be borne in mind. The rub lies in alignment of the pre- and post-
merger culture. The organizational culture of the two hospitals and the communication
with employees are found to be dominant factors in determining success or failure of
a merger, since it has a very large psychological effect on individual healthcare provid-
ers.”® Next to this, the larger the cultural differences, the more arduous the integration.
Gathering and evaluating pre-merger cultural data is essential to provide insight in
differences and to formulate a post-merger culture.”® The aforementioned steering
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group were aware of these threats and were designed to tackle them during the whole
process. Finally, the meticulous preparations prior to the merger potentially raised the
awareness to provide top quality health care. In the long-term this awareness could
drop and lead to a decrease in quality of care.”’ A future study is needed to elaborate on
the effect of such merger on long-term quality of care.

This is the first study investigating the short-term impact of a merger of two highly
specialized surgical departments. However, some limitations should be addressed. The
number of included patients was relatively small, reducing the power of the study and
increasing the margin of error. Especially in rare events (e.g., patient death) it is usually
difficult to assess differences. Patients compared in the pre-merger and post-merger
phase underwent a surgical procedure in contrasting seasons. There is some contradic-
tory evidence of the effect of seasonality on postoperative outcomes. Spencer et al.
provided in a recently published systematic review tentative evidence for an increased
risk of postoperative complications in the summer.”® This putative effect of seasonal-
ity could have influenced the findings of this study. However, this effect is small and
unlikely to significantly influence the findings of our relatively small cohort. Then, the
COVID-19 pandemic broke out during the post-merger period of the upper Gl cohort.
This could have led to changes in the outcomes. However, although extensive measures
within the hospital were applied, there was no decrease in number of upper Gl proce-
dures or increase in morbidity during the COVID-19 pandemic in this study. The national
recommendations were followed and were in alignment with the results of Borgstein et
al., who showed no increase in morbidity in four European tertiary esophageal cancer
referral centers during the first wave of the COVID-19 pandemic.” Due to insufficient
data available, no analyzes could be performed on patient satisfaction or nurse satisfac-
tion score therefore patient and nursing experience and satisfaction were not regarded
in this study. Linking short-term postoperative outcomes to patient experience data
can reveal ways to optimize care.”® Finally, the number of surgical procedures per day
also depends on local policy decisions. It could be that OR time was divided unequal
between different specialisms pre- and post-merger.

Conclusion

The merger of two Dutch university hospitals did not show any sign of deterioration
in the evaluated short-term quality metrics, volume or timeliness for upper Gl and
HPB surgery. This suggest that a hospital merger of two university hospitals can be
performed safely, and while benefitting from centralization of highly specialized care
and enhancement of medical research. Future studies should investigate the long-term
effect of the merger on quality of care.
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Chapter 5

Abstract

Importance: Literature on the long-term effects of anastomotic bowel leakage (ABL)
with regards to postoperative oncological outcomes and stoma presence is equivocal.
Understanding the association between ABL and long-term outcomes is crucial for
patient follow-up, counseling, and tailored treatment decisions.

Objective: To investigate the impact of ABL on cancer recurrence and stoma presence
in patients undergoing colon and rectal cancer surgery.

Design: This prospective cohort study was conducted in patients included in the
LekCheck study. Follow-up period was 5 years.

Setting: A multicenter international study conducted in 14 hospitals in three countries.

Participants: Patients undergoing colon cancer surgery and rectal cancer surgery were
included and analyzed separately. Patients with a primary anastomosis were included.

Main outcomes and measures: The outcomes assessed were cancer recurrence rate,
overall survival, disease-free survival, and stoma presence at five years of follow-up,
stratified based on ABL.

Results: A total of 1 042 patients were included. ABL was not significantly associated
with cancer recurrence, overall survival, or disease-free survival after colon or rectal
cancer surgery. However, for colon cancer surgery, ABL was associated with the presence
of a stoma at five years of follow-up (18.8% vs 1.9%, odds ratio 16.96, 95% confidence
interval 8.69 — 33.10, P<0.001). Similarly, in rectal cancer surgery, stoma presence at five
years was significantly higher in patients after ABL (21.9% vs 1.9%, odds ratio 5.61, 95%
confidence interval 1.82-17.27, P<0.001).

Conclusion and relevance: This study did not demonstrate a negative impact of ABL
on oncological outcomes. However, ABL was strongly associated with an increased
incidence of stoma presence after five years, significantly affecting the patients' quality
of life after colon and rectal cancer surgery.
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Introduction

Anastomotic bowel leakage (ABL) is a serious complication that can occur following
colorectal surgery when an anastomosis is formed. It seriously affects short-term
outcomes and leads to increased morbidity, mortality, prolonged hospitalization, and
increased costs."? The majority of patients who experience ABL will have to undergo
surgical reintervention, often necessitating a defunctioning or permanent stoma.’

Although the negative impact of ABL on short-term outcomes is well established,
its long-term implications remain a topic of debate. Firstly, existing literature shows
an association between ABL and the non-reversal of a stoma. However, the findings
regarding this association vary considerably across studies.*® Secondly, it is unclear
whether ABL has an influence on cancer recurrence. Some studies have confirmed the
detrimental effect of ABL on recurrence.”® Other studies, on the other hand, failed to
demonstrate this association.” '® Three main hypotheses explain the pathophysiology
of ABL leading to recurrence. The first hypothesis proposes that spillage of cancerous
cells into the peritoneal cavity or local implantation of cancer cells at the anastomotic
dehiscence increases the risk of recurrence.'” "> The second hypothesis suggests that
ABL triggers an inflammatory response, leading to the release of cytokines and growth
factors, promoting the growth of residual tumor cells.”® Additionally, severe ABL can
cause sepsis, which in turn leads toimmunosuppression.'* Existing data indicate that this
immunosuppression fosters the proliferation of metastatic disease and, consequently,
cancer recurrence.””'® The final hypothesis states that the higher recurrence rates might
be caused by no receipt or delay in the administration of adjuvant therapy.' * The
receipt of chemotherapy is at least partially associated with oncological outcomes, and
a delay or absence could increase cancer recurrence.

Despite numerous surgical innovations and advancements in perioperative
management, data of the national colorectal cancer surgery audit in the Netherlands
showed no reduction of the incidence of ABL over the past decade.”’ Consequently,
ABL is expected to continue to pose a significant threat to patients. Therefore, it is
crucial to demystify the long-term impact on oncological and functional outcomes,
as understanding such associations may have implications for follow-up, patient
counseling, and in tailoring treatment strategies. To investigate this long-term impact,
the current study used long-term follow-up data of the LekCheck study, an international
multicenter prospective trial. The Lekcheck study identified perioperative modifiable
risk factors for ABL in patients undergoing colorectal surgery."”

The objective of this study was to assess the long-term impact of ABL on colon or rectal
cancer recurrence, overall survival, disease-free survival, and stoma presence.
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Methods

This study utilized long-term data from LekCheck study.”> This international,
multicenter, and prospective study was conducted across fourteen hospitals: eleven in
the Netherlands, one in Belgium, one in Italy, and one in Australia. It included patients
undergoing elective colorectal surgery with the formation of a primary anastomosis
for both malign and benign indications. Preoperative baseline characteristics and
real-time intraoperative data using a multifactorial checklist were collected as part
of the study. The presence of ABL was evaluated within 30 days postoperatively. ABL
was defined according to the definition as proposed by Reisinger et al.: extra luminal
presence of contrast fluid on contrast-enhanced computed tomography scans and/or
leakage during relaparotomy, requiring re-intervention or other treatment.” Additional
details regarding the LekCheck study can be found in the previously published study by
Huisman et al.”

The protocol of the Lekcheck study and the amendment for this current study were
approved by the Medical Ethics Review Committee of the participating centers of this
study. Informed consent was obtained from all patients. The study adhered to the
STROBE guidelines.**

Patient population

All patients included in the LekCheck study were eligible for inclusion in the current
study. Patients with a benign indication for surgery were excluded. Follow-up duration
was defined as the time between the surgical procedure and either death or the
moment of data collection. Patients without available medical information after their
initial hospital admission were considered lost to follow-up and were also excluded
from the analysis. Due to differences in staging procedures, surgical approaches, (neo)
adjuvant therapy, and metastatic patterns, colon and rectal cancer were considered as
separate entities and analyzed accordingly.”

Outcomes and definitions

The primary outcome was the long-term impact of ABL, in terms of oncological outcomes
and stoma presence, stratified based on the presence of ABL. Oncological outcomes
included cancer recurrence, overall survival, and disease-free survival. For colon cancer,
local recurrence was defined as malignant disease located near the primary tumor, port
site, or wound sites. In addition, in rectal cancer pelvic recurrence was also classified
as local recurrence. Distant recurrence encompassed lymphatic or hematogenous
dissemination or invasive growth of the primary tumor to other organs.”® Recurrent
disease was confirmed through histopathology. Overall survival was defined as the
time from primary surgery to the date of death from any cause.” Disease-free survival
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was defined as time from primary surgery to the date of recurrence or death from any
cause.”® Stoma presence was calculated as the proportion of patients with a stoma at
five years of follow-up. This was determined from 30 days postoperatively to ensure
that all patients who developed ABL and subsequently received a stoma were included.
Patients with a stoma reversal within the five years of follow-up were considered stoma-
free after reversal.

Statistical analysis

Statisticalanalyses were performed using IBM SPSS Statistics, version 28.0.1.1.Continuous
variables are presented as mean with standard deviation (SD), or as median with an
interquartile range (IQR) for skewed variables. Dichotomous and nominal variables
are presented as number with percentages. Baseline characteristics were compared
between patients with and without ABL and patients with and without cancer recurrence
using the Chi-Square test for dichotomous variables and Student t test for continuous
variables. Cancer recurrence, overall survival, disease-free survival, and stoma presence
were stratified by ABL and initially analyzed using univariate Cox regression models.
Variables with a P-value <0.10 in the univariate analysis were subsequently included in a
multivariate Cox regression model. Kaplan-Meier curves were used to visualize the effect
of ABL on cancer recurrence, overall survival, and disease-free survival. Patients that did
not complete five years of follow-up were censored at the time of data collection. A
P-value of <0.05 indicated statistical significance.

Results

A total of 1562 patients were included in the LekCheck study. Among them, 286 patients
with a benign indication for colorectal surgery were excluded and an additional 234
patients were lost to follow-up.The final analysis included 1042 patients. (Supplementary
material 1) The median age of the included patients was 71 years (IQR 61 — 76), with 586
(56.2%) patients being male. The median BMI was 26 kg/m? (IQR 21 - 34). Colon cancer
was presentin 796 patients (76.4%) and rectal cancer in 246 (23.6%). The median follow-
up time was 57 months (IQR: 51 - 60).

Baseline characteristics

Baseline characteristics of patients with and without ABL are presented in TabIei, and
those with and without cancer recurrence are presented in faBI&i2. A total of 96 patients
(9.2%) developed ABL, 64 (8.0%) of all patients undergoing surgery for colon cancer and
32 (13.0%) of all patients undergoing surgery for rectal cancer.
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Table 1. Descriptive statistics of patients with and without anastomotic bowel leakage.

COLON RECTUM

No ABL ABL P-value No ABL ABL P-value

(n=732) (n=64) (n=214) (n=32)
Variable
Sex <0.001 0.412
Female 346 (47.3%) 17 (26.6%) 83 (38.8%) 10 (31.3%)
Male 386 (52.7%) 47 (73.4%) 131 (61.2%) 22 (68.8%)
Age (years) 0.205 0.530
<70 323 (44.1%) 23 (35.9%) 128 (59.8%) 21 (65.6%)
>70 409 (55.9%) 41 (64.1%) 86 (40.2%) 11 (34.4%)
BMI (kg/m?) 0.039 0.280
<30 546 (75.3%) 40 (63.5%) 165(77.5%) 22 (68.8%)
>30 179 (24.7%) 23 (36.5%) 48 (22.5%) 10 (31.3%)
ASA classification 0.007 0.327
<3 497 (68.2%)  33(51.6%) 176 (82.2%) 24 (75.0%)
>3 232 (31.8%) 31 (48.4%) 38(17.8%) 8(25.0%)
Diabetes 111(152%)  18(28.1%) 0.007 35(16.4%) 4(12.5%) 0.571
Smoking
Current smoker 84 (11.6%) 9(14.1%) 0.564 26 (12.6%) 4 (12.5%) 0.985
Pack years > 15 161 (26.7%) 18 (35.3%) 0.189 41 (25.0%) 11(40.7%) 0.089
AJCC Stage
I (T1-2NOMO) 251(34.9%)  25(39.7%) Ref. 74 (35.4%) 13 (40.6%)  Ref.
11 (T3-4NOMO) 217 (30.2%) 15 (23.8%) 0.282 60 (28.7%) 6 (18.8%) 0.282
I (T1-4N1-2M0) 202 (28.1%) 16 (25.4%) 0.493 65 (31.1%) 11(34.4%) 0.933
IV (T1-4N1-2M1) 49 (6.8%) 7 (11.1%) 0.428 10 (4.8%) 2 (6.3%) 0.876
Neoadjuvant therapy
None 696 (95.3%) 57 (91.9%) Ref. 127 (59.3%) 18 (56.3%)  Ref.
Radiotherapy 9(1.2%) 3(4.8%_ 0.838 55 (25.7%) 9 (28.1%) 0.231
Chemotherapy 16 (2.2%) 2(3.2%) 0.891 3(1.4%) 0 (0.0%) 0.897
Chemoradiotherapy 9(1.2%) 0 (0.0%) 0.921 29 (13.6%) 5(15.6%) 0.982
Adjuvant therapy
None 590 (80.6%) 50 (79.4%) Ref. 171 (81.4%) 29(90.6%)  Ref.
Radiotherapy 9(0.2%) 0 (0.0%) 0.921 3(1.4%) 0 (0.0%) 0.412
Chemotherapy 132 (18.0%) 13 (20.6%) 0.631 36 (17.1%) 3(9.4%) 0.667
Hormonal therapy 1(0.1%) 0 (0.0%) 0.589 0 (0.0%) 0 (0.0%) 0.815
Surgical approach <0.001 0.677
Open 97 (13.4%) 19 (30.6%) 25 (11.9%) 3(9.4%)
Laparoscopic 628 (86.6%) 43 (69.4%) 185(88.1%)  29(13.6%)

Descriptive statistics of patients with and without anastomotic bowel leakage.

Bold values indicate statistical significance.

ABL; anastomotic bowel leakage, BMI; body mass index, ASA; American Society of Anesthesiologists,
AJCC; American Joint Committee on Cancer
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Table 2. Descriptive statistics of patients with and without cancer recurrence.

COLON RECTUM
No Recurrence P-value No Recurrence  P-value
recurrence (n=115) recurrence (n=46)
(n=679) (n=199)

Variable
Sex 0.602 0.004
Female 313 (46.1%) 50 (43.5%) 84 (42.2%)  9(19.6%)
Male 366 (53.9%) 65 (56.5%) 115(57.8%) 37 (80.4%)
Age (years) 0.161 0.792
<70 289 (42.6%) 57 (49.6%) 121 (60.8%) 27 (58.7%)
>70 390 (57.4%) 58 (50.4%) 78 (39.2%) 19 (41.3%)
BMI (kg/m?) 0319 0.130
<30 495 (73.7%) 89 (78.1%) 147 (74.2%) 39 (84.8%)
>30 177 (26.3%) 25 (21.9%) 51(25.8%) 7 (15.2%)
ASA classification 0.293 0.512
<3 457 (67.6%) 72 (62.6%) 162 (82.4%) 36 (78.3%)
>3 219 (32.4%) 43 (37.4%) 35(17.6%)  10(21.7%)
Diabetes 113(16.7%) 16 (13.9%) 0.459 27 (13.6%) 11 (23.9%) 0.083
Smoking 0.803
Current smoker 82 (12.2%) 11 (9.6%) 0.429 23 (12.0%) 6 (13.3%)
Pack years = 15 159(28.7%) 19(19.6%)  0.063 41(27.3%)  10(25.0%)
AJCC Stage
I (T1-2NOMO) 261(39.1%) 15(13.3%) Ref. 75 (38.5%) 12 (26.7%) Ref.
Il (T3-4NOMO) 206 (30.9%) 25(22.1%)  0.028 59(30.3%)  7(15.6%) 0.555
I (T1-4N1-2M0) 1734 44 (38.9%) <0.001 57 (29.2%) 18 (40.0%) 0.099

(25.9%)
IV (T1-4N1-2M1) 27 (4.0%) 29 (25.7%) <0.001 4(2.1%) 8(17.8%) <0.001
Neoadjuvant therapy
None 656 (97.0%) 95 (83.3%) Ref. 125(63.3%) 19 (41.3%) Ref.
Radiotherapy 7 (1.0%) 5 (4.4%) 0.007 50 (25.1%) 13 (28.3%) 0.700
Chemotherapy 9(1.3%) 9 (7.9%) <0.001 2(1.0%) 1(2.2%) 0.514
Chemoradiotherapy 4 (0.6%) 5 (34.4%) <0.001 21 (10.6%) 13 (28.3%) 0.002
Adjuvant therapy
None 656 (97.0%) 58 (50.4%) Ref. 172 (87.3%) 28(62.2%) Ref.
Radiotherapy 7 (1.0%) 49 (42.6%)  <0.001 25(12.7%) 14(31.3%) <0.001
Chemotherapy 9(1.3%) 8 (7.0%) <0.001 0 (0.0%) 3(1.2%) -
Hormonal therapy 4 (0.6%) 0 (0.0%) - 0 (0.0%) 0 (0.0%) -
Surgical approach 0.322 0.049
Open 95 (14.1%) 20 (17.7%) 19 (9.7%) 9 (19.6%)
Laparoscopic 577 (85.9%) 93 (82.3%) 176 (90.3%) 37 (80.4%)

Descriptive statistics of patients with and without cancer recurrence.

Bold values indicate statistical significance.

BMI; body mass index, ASA; American Society of Anesthesiologists, AJCC; American Joint Committee
on Cancer
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After colon cancer surgery, ABL occurred significantly more frequent in male patients,
in patients with a BMI =30, those with ASA classification =3, those with diabetes, and
in those who underwent an open procedure. There were no significant differences in
baseline characteristics between patients with and without ABL after rectal cancer
surgery.

Cancer recurrence

After colon cancer surgery, cancer recurrence was significantly higher in patients with an
advanced tumor stage, and when neoadjuvant or adjuvant therapy was administrated.
After five year follow-up, the cancer recurrence rate was 15.6% in patients with ABL and
14.3% of the patients without ABL. In both the univariate (P=0.93) and the multivariate
analysis (HR 0.88, 95% Cl 0.41 - 1.85, P=0.73), ABL was not significantly associated with
cancer recurrence.

After rectal cancer surgery, cancer recurrence was significantly higher in male patients,
those with an advanced tumor and in patients who underwent an open surgical
procedure. After five year follow-up, the cancer recurrence rate was similar in both
groups: 18.8% in patients with ABL and 18.7% in those without (P=0.891; multivariate
analysis: HR 1.36, 95% Cl 0.55 - 3.35, P=0.505). (Figlif€H|, Supplementary material 3).

Overall survival

For patients who underwent colon cancer surgery, overall survival after five year follow-
up was 84.4% in patients with ABL and 86.2% in those without. This difference was not
significant in the univariate (P=0.584) and multivariate analysis (HR 1.43, 95% Cl 0.68
- 2.94, P=0.348).

After rectal cancer surgery the overall survival rate was 75.0% in patients with ABL and
86.4% in those without. This was not significant either in both the univariate (P=0.059)
and multivariate analysis (HR 0.46,95% C10.21 - 1.02, P=0.056). (FigUif€2, Supplementary
material 3)

Disease-free survival

Disease-free survival rate after colon cancer surgery was 75.0% in patients with ABL
and 76.6% in those without, with no significant difference found in both the univariate
(P=0.668) and multivariate analysis (HR 1.79, 95% Cl 0.88 - 3.57, P=0.110).

After rectal cancer surgery, 65.6% of the patients with ABL and 74.2% of patients
without ABL had a disease-free survival at five year follow-up. This difference was also
not significant in both the univariate (P=0.168) and multivariate analysis (HR 0.58, 95%
Cl 0.29 - 1.14, P=0.111). (Supplementary material 2&3)
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Figure 1. Cancer recurrence
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Figure 2. Overall survival
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Stoma presence

After colon cancer surgery, 75 (9.4%) patients had a stoma 30 days postoperatively.
Among patients who developed ABL, 50.0% had a stoma, while 5.9% of patients without
ABL received a stoma. This difference was significant in both the univariate (P<0.001) and
multivariate analysis (OR 15.79,95% Cl 7.72 - 32.30, P<0.001). In the multivariate analysis
the following confounders were included: ASA classification, neoadjuvant therapy, and
surgical approach. After five year follow-up, there was still a difference between stoma
presence in patients with ABL (18.8%) and without (1.9%). This difference was significant
in both the univariate (P<0.001) and multivariate analysis (OR 16.78,95% Cl 6.22 - 45.29,
P<0.001). Age and ASA classification were included as confounders in the multivariate
analysis.

After rectal surgery, 97 (39.4%) patients had a stoma 30 days postoperatively. Patients
who developed ABL were more likely to have a stoma (90.6%) compared to patients
without ABL (31.8%). Both in the univariate (P<0.001) and multivariate analysis (OR
16.77, 95 Cl 4.62 - 60.80, P<0.001) significance was found. In the multivariate analysis
the following confounders were included: sex, age, ASA classification and neoadjuvant
therapy. After five year follow-up, 24.2% (21.9% of the total rectal cohort) of the patients
who developed ABL and had a stoma after 30 days postoperatively still had a stoma. In
patients without ABL, 4.8% (1.9% of the total cohort) still had a stoma present after five
year follow-up. Both in the univariate (P<0.001) and multivariate analysis (OR 5.61, 95%
Cl 1.82-17.27,P<0.001) this difference was significant. In the multivariate analysis only
sex showed significance as a confounder. (FigUf€8, Supplementary Material 3)
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Figure 3. Stoma presence
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Figure legend 3. Stoma presence during five years of follow-up. A, stoma presence in patients after

colon resection. B, stoma presence in patients after rectal resection. The blue bar indicates patients who
developed ABL and the orange bar patients who did not develop ABL.
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Discussion

This study did not find an influence of ABL on oncological outcomes after colon and
rectal cancer surgery. However, more patients had a stoma after five year of follow-up if
they experienced ABL.

Several studies have examined the impact of ABL on cancer recurrence, yielding
contrasting results. Some studies, consistent with the currentfindings, have notbeen able
to show a significant influence of ABL on cancer recurrence.”'®? Other studies, however,
have demonstrated a positive correlation between ABL and cancer recurrence.”® 2%
The variation in the reported incidence of ABL, ranging from 2.0% to 33.0%, may have
contributed to the discrepancy between the results of these studies. It is important to
note that the lack of a universally accepted definition for ABL complicates comparison
of results.’®>' Some studies consider only severe leaks requiring surgical reintervention
as ABL, while others also include ‘subclinical’ leaks in their definition.***' Studies that
exclusively report severe cases of leak as ABL are more likely to capture patients with
severe infection and immunosuppression, which could potentially result in higher rates
of cancer recurrence."'® The study by Koedam et al., for example, who did demonstrate
an association between ABL and cancer recurrence, reported a much lower incidence
of ABL of 2.5% compared to the current study.23 For future studies, it is recommended
to establish a universally accepted and well described definition of ABL, incorporating
a grading system based on severity. Changes in oncological management over the past
decades, particularly the increased use of adjuvant and neoadjuvant therapy, may also
account for differences in study results. The administration of (neo)adjuvant therapy
reduces cancer recurrence rates and improves overall survival, potentially mitigating
the effect of ABL.****

The Kaplan-Meier curves of rectal cancer patients (-b and Supplementary
material 2b) show that there was a notable reduction of more than 9% in both overall and
disease-free survival after ABL. However, this difference was not statistically significant.
Specifically, when comparing patients with ABL to those without, the most decrease in
overall and disease-free survival is observed in the first year of follow-up, indicating the
detrimental short-term effect of ABL after rectal surgery. A larger study, using data of
20,000 rectal cancer patients from the Netherlands Cancer Registry from 2008-2018, did
demonstrate a negative impact of ABL on overall and disease-free survival in patients
undergoing rectal cancer surgery.”’” Therefore, lack of statistical significance might be
the result of the current study being underpowered.

Adjuvant and neoadjuvant therapy was significantly more often administered in
patients with cancer recurrence after colon and rectal surgeries. This relation is likely
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attributed to the more advanced preoperative tumor stages in these patients, which
increases the risk of cancer dissemination. Interestingly, patients who underwent an
open rectal resection had a significantly higher chance of cancer recurrence compared
to those undergoing laparoscopic surgery. This observation is likely also due to patient
characteristics, as laparoscopic surgery is the standard approach for rectal surgery in the
predominantly Dutch patient population of this study, whereas open surgery is often
only reserved for those with more advanced tumor stages.

The current study clearly highlights the negative impact of ABL on stoma presence
after colon and rectal cancer surgery. The presence of a stoma, not only at 30 days
postoperatively, but throughout the five years of follow-up, was significantly higher in
patients who experienced ABL. Notably, the non-reversal rates in the five year follow-up
period were higher in the patients who developed ABL compared to patients who did not
(24.2% vs 4.8%). These findings align with previous studies, emphasizing the importance
of preventing ABL.***® Stoma-related problems, such as sexual problems, depression,
constipation, and travel limitations, significantly impact the overall quality of life for
patients.”” Therefore, substantial benefits can be achieved by preventing ABL. One way
to assist achieving this goal is making use of artificial intelligence and machine learning
models that could help to obtains more accurate predictions.*®*° Preliminary results of a
study utilizing a machine learning model to predict ABL intraoperatively using pre- and
perioperative data have shown promising results.* This model is currently undergoing
external validation in several hospitals in the Netherlands. A diverting stoma could be
applied in patients who are at high-risk for ABL, since the diverting stoma reduces the
severity of ABL and, as shown in this study, successful reversal rates of this stoma are
high.'®

The strengths of the current study include its multicentre design and the large patient
cohort from the LekCheck study. Additionally, data were collected prospectively,
which provided a reliable form of data collection. Finally, this study not only analyzed
oncological outcomes, but also investigated stoma presence, providing valuable
insights into the long-term impact of ABL. Several limitations should be acknowledged.
Firstly, this study did not differentiate between local and distant cancer recurrence due
to a low number of patients with local recurrence (n=36, 3.5%). Therefore, we combined
both types of recurrence for the analysis. Secondly, some patients did not reach the
full 60-month follow-up period and had to be censored. However, a significant portion
of patients reached the 60-month follow-up period, and nearly all patients reached
36 months, minimizing the potential impact of missing data of the results. Lastly,
although the outcomes were analyzed in a multivariate analysis, where confounders
were included, it is possible that some factors that contributed to the outcome, such as
cancer stage of individual patients were missed.
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Conclusion

This study showed no significant difference in cancer recurrence, overall survival, or
disease-free survival between patients with and without ABL after surgery for colon or
rectal cancer. However, AL was strongly associated with increased stoma presence after
five years of follow-up in this group of patients.
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Supplementary material 1. Flowchart.

Patients included in the LekCheck study
n=1 562

Excluded
n=286 benign indication for surgery

Patients with celorectal malignancy
n=1276

Excluded
n=234 lost to follow-up

Pattents mcluded in this study

n=1042
Patients with colon cancer Patients with rectal cancer
n=796 n=246
No ABL ABL No ABL ABL
n=732 n=64 n=114 n=32

Flowchart. A total of 1 562 patients were included in the LekCheck study and were found eligible for this
study. Some 286 patients were excluded because of a benign indication for surgery and 234 patients were
excluded due to lost to follow-up. A total of 1 042 patients were ultimately included. ABL; anastomotic
bowel leakage.
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Supplementary Material 2.
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Chapter 6

Abstract

Complications after surgery have major impact on short and long term outcome.
Decades of technological advancement did not lead to eradication of its risk. Accurate
prediction of complications, recently enhanced by development of machine learning
algorithms, has the potential to completely reshape surgical patient management. In this
paper we reflect on multiple issues from the development to the actual implementation
of machine learning models in daily clinical practice, providing suggestions when using
machine learning models for the prediction of postoperative complication after major
abdominal surgery.
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Introduction

Surgical patients are inevitably at risk of postoperative complications, despite decades
of scientific and technological advancement. Accurate prediction of individual outcome
has the potential to completely reshape the future of postoperative management.
Accurate prediction would enable shared clinical decision making, individual
perioperative care and postoperative management. In the last few years an abundance
of prediction models have been developed using machine learning (ML) models. These
models offer the opportunity to develop a more individualized approach allowing
for data-driven individualized medicine."”> However, clinical implementation and
acceptance is cumbersome as it is often hampered by non-compliance to the necessary
guidelines. To achieve transparent, safe, and applicable implementation of ML-models
in the prediction of postoperative outcome, we propose uniform selection, training, and
guideline compliance.

Barriers and solutions

There is a large gap between promising and comprehensive research on the potential
of Al in the field of medicine and the actual implementation in daily clinical practice.*
Several authors have tried to use ML-models to optimize postoperative management
by predicting postoperative complications. Unfortunately, many conclude that the
implementation of these models are far from being clinically applicable even though
most ML-models achieve reasonable performance.’" Cao et al’, Weller et al."’, and
Van den Bosch et al.”” conclude that no practical implementation was achieved for ML-
models due to too low a predictive value to clinically implement. Grass et al. predicted
surgical site infection in patients after colorectal surgery and initially found that ML
outperformed conventional logistic regression. However, after external validation the
practical applicability dropped due to low predictive performance.7- summarizes
the outcomes of the largest most recent articles on postoperative complication
prediction with ML in major abdominal surgery. The shift to clinical implementation
will depend on five main improvement categories: technology, policy, medical and

economic impact, transparency, and reporting.* '® "
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Chapter 6

Selection of a model

Model selection in conventional statistics is well defined due to strict requirements, as
opposed to ML models, in which it typically depends on several factors. Even experienced
data scientists have difficulty in selecting the optimal model.'”®* Model selection in ML,
the highest over optimism-corrected performance in the metric and output of choice,
is performed post hoc by exploration of different models. Factors of consideration are;
quality and size of the data, questions which are required to be answered, the time
available for running the model, and finally the type of desired output. Depending on the
hypothesis, different metrics can be used to measure this performance. For example, in
the prediction of events with a relatively low incidence (e.g. anastomotic leakages after
hemicolectomy) imbalanced data may occur. In these cases a single metric as accuracy
is less effective. Therefore, precision, recall, and the f1-score are more explanatory.
Although it is advisable to use multiple metrics to measure performance more broadly,
most studies published so far on artificial intelligence (Al) in complication prediction
did not adhere to this principle. The majority of prior studies only focused on sensitivity,
specificity, and the area under the receiver operating characteristic curve (AUROC)."* %

The complexity of ML models potentially leads to challenges in the understanding of its
mechanisms.”’ Many argue that it is highly unfavorable to rely on outcomes of ‘black-box’-
systems in the decision-making process as this would ignore the moral responsibilities of
the medical professional. However, at the same time we regularly prescribe medication
such as acetaminophen without fully understanding its mechanism.* It is argued that
without pursuing the ‘explainability’ of Al tools, better outcomes for patients cannot be
provided.”? Furthermore, many state that carrying out the decision-making process
by a ‘black box'-system entails dangers.***® However, these dangers are of different
importance based on the ethical burden of the decisions that depend on it.” For example,
in the prediction of postoperative mortality, model explainability might be of more
value compared to the prediction of postoperative delayed gastric emptying after distal
gastrectomy. As Aristotle stated over two millennia ago, ‘the ability to verify results by
empirical means are more important than to explain the etiology of these results’ This is
particularly important in a field in which knowledge on causality is often incomplete, as
in postoperative sequalae.”’ Proving that a complication can be predicted, while having
the ability to reproduce these results, might be more important than how this prediction
is made. Therefore, a more complex and less explanatory model could be accepted in the
prediction of complications.”® However, to maximize the model interpretability, one could
use either individual conditional expectations (ICE), local interpretable model-agnostic
explanations (LIME) or Shapley Additive Explanations (SHAP).?' These techniques aim
to increase the comprehensibility of the rationale behind the model’s prediction by
visualizing the contributing impact of different variables. This offers the possibility to
approach the mechanisms within black-box systems in a way which would empower the
clinician to trust the results produced by these models.
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Training, validating, and testing

Generalizability of an ML model depends on the extent and quality of its training,
validating, and testing. A very complex model for the prediction of postoperative
mortality after pancreatic surgery might perform near perfect while training the model,
but it might not be able to properly predict its risk prospectively. This phenomenon is
called overfitting. This occurs when a model is incapable of capturing a relationship
between the input variables and the target output values. A way to estimate the extent
of overfitting is through repeated cross-validation or preferentially via bootstrap
resampling. This is where the entire modelling process is repeated in each bootstrap
replicate. Quantifying the degree of overoptimism in the model’s performance also
enables observation of bias-corrected model performance estimates.”® *> Bootstrap
resampling with preferentially 200 to 1000 bootstrap replications would give stable
and accurate overoptimism-corrected performance estimates and is therefore the gold
standard for internal validation.*®>* Contrarily, when there is a high error rate in both the
training and testing data due to high bias and low variance, the model may be underfit.
The balance between underfitting and overfitting is called the bias-variance trade-off.*
This trade-off shows that when the complexity of a model increases, variance also
increases and bias falls.

Infrastructure and transparency

Adaptation of facility infrastructure to enable safe, real-time interaction between the
patient file and ML models is both time-consuming and expensive.** The implementation
of working models in other facilities can be equally difficult since models are often
facility specific.'” 3% It is therefore of paramount importance that ML models are
trained and validated within multiple healthcare facilities with adequate sample sizes
to ensure generalizability as well as preventing substantial harm to the patient.***
Next to this, the use of a uniform classification system, or international consensus, is a
prerequisite for clinical applicability and generalizability.””

While abundant literature exists on methodology and the reporting quality of models
using conventional statistics (i.e., logistic regression), there is an increasing concern
about the transparency of studies using ML models. ' *' Suboptimal transparency
on model development makes ML models hard to interpret which thus impedes
their implementation. It is regarded as the main reason for the limited application
of ML models in daily clinical practice.*”** In addition to the Transparent Reporting
of a multivariable prediction model for Individual Prognosis or Diagnosis statement
(TRIPOD), a protocol for ML-specific prediction was recently published to optimize
transparency of prediction models.” ** Adherence to this statement will improve the
interpretability, reproducibility, risk of bias assessment and ultimately, its applicability in
the clinical practice.” The completeness of this checklist is generally poor as only 38.7%
of the 152 articles published using ML models for prediction, adhered to the TRIPOD

929



Chapter 6

items.'® Model specification alongside model performance, which are both essential in
transparency reports, were rarely reported.'®

Data and interpretability

The large effect of the data quality on the final results is an often-mentioned pitfall in Al-
implementation and is called the Garbage-In-Garbage-Out principle.* Inaccurate data
directly causes unreliable results. The World Health Organization stated that proper data
quality is multidimensional and should be accurate, available, complete, and valid.***®
This quality should always be accurate for ML purposes. The type of data used to feed
the model depends on the moment a prediction has to be made. Xue et al.*’
the use of pre- and intraoperative in the prediction of postoperative complications. They
conclude that having a combination of pre- and intraoperative data had a slightly better
performance that only analyzing with one of the two types. Moreover, a combination
of structured and unstructured data is advisable. Especially in unstructured data, for
example from electronic health records and CT- or MRI-scans, ML models showed their
superiority.” It is advisable to use a combination of both data types when possible in
order to help formulate a risk score based on as many contributing static and modifiable
risk factors allowing for early intervention. When the risk scores are created, it is essential
that several experts in the field of surgery, nursery, or data science discuss the favorable
cut-off value together. The previously discussed ICE, LIME, and SHAP can contribute to
the interpretability of the model’s output.

evaluated

Acceptance and ethical considerations

Al shows a great potential for healthcare professionals to support or augment clinical
decision-making. Multiple studies suggest that this must play a critical role in future
surgical decision-making.’’ However, even when a model has been tested and
validated correctly, reticence by both clinicians and the patients can greatly influence
its successful implementation. Patients correlate Al with science fiction which creates
a fear of machines and computers taking over the making of decisions. The majority
of them thus prefer healthcare provider’s supervision over Al>* The fear of clinicians
replaced by Al leads to mistrust by patients. Equally, in a different study on acceptance
of Al amongst clinicians, only 25% of radiologists had confidence in the results of the
diagnostic from Al algorithms.>

Therefore, medical tools using Al should be used in an assistive manner as opposed to
being ultimately responsible for the main decision-making.** The ‘doctor in the loop’
is responsible and this responsibility is classified into the following: accountability,
liability, and culpability.>*** To tackle this problem it is important to have proper patient
education to reassure that the Al systems are not replacing the decision-making of the
professional and are merely acting in a complementary manner to them.
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Before the predictions of ML models can be used in daily clinical practice successfully,
healthcare providers need to gain trust in these techniques. Surgeons deciding to
restore colonic continuity after resection of colon cancer based on an intraoperative ML
model predicting a high risk of anastomotic leakage, would want to rely on algorithms
that have been validated at their own institute. A prospective simulation study, in
which the predictive performance of a model is tested in addition to the regular local
care without affecting its course, would enable correct calibration of the ML model. A
calibration curve shows whether the predicted chance matches the actual population-
based chance of developing a postoperative complication. This approach would allow
surgeons to gain trust in the effectiveness and predictive performance of ML models

and use them in their clinical practice.*®*

The introduction of ML models led to an unprecedented amount of ethical issues
and guidelines regarding these ethical considerations are still sparse.”® Currently
available frameworks for governance were discussed in a recently published review
of the literature.®® This study included 21 guidelines for gold-standard societal values,
such as sustainability, freedom, and fairness. Although these guidelines appeared
to be insufficient when analyzed separately, it was stated that ideal rules for ethical
considerations should harmonize interests, offering benefit to the clinicians, patients
and hospital.”* A governance model for the application of ML models in healthcare
based on the abovementioned concept was developed recently.® In our opinion it is of
utmost importance to adhere to such governance models to guarantee acceptance as
well as ethical and legal well-doing.

Correct prediction of postoperative complications using ML has the potential to
dramatically improve the outcome of everyday clinical surgical care. Its implications for
the patients should be considered before implementing prediction models in clinical
practice. For example, predicting anastomotic leakage after colorectal surgery may
lead to more stomas or earlier discharge when leakage is not expected to occur. This
could also lead to collateral over- and under treatment. This change of paradigm in
clinical practice must be accepted by all healthcare providers to ensure full benefit from
these techniques. Therefore, it is advisable to obtain solid prospective validation from
an external source in different centres with adequate sample sizes. All while adhering
to the transparency and ethical guidelines to overcome potential distrust of ML from
clinicians and patients.
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Chapter 7

Abstract

Background: Postoperative pancreatic fistula (POPF) is a severe complication following
a pancreatoduodenectomy. An accurate prediction of POPF could assist the surgeon
in offering tailor-made treatment decisions. The use of radiomic features has been
introduced to predict POPF. A systematic review was conducted to evaluate the
performance of models predicting POPF using radiomic features and to systematically
evaluate the methodological quality.

Methods: Studies with patients undergoing a pancreatoduodenectomy and radiomics
analysis on computed tomography or magnetic resonance imaging were included.
Methodological quality was assessed using the Radiomics Quality Score (RQS) and
Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or
Diagnosis (TRIPOD) statement.

Results: Seven studies were included in this systematic review, comprising 1 300
patients, of whom 364 patients (28%) developed POPF. The area under the curve (AUC)
of the included studies ranged from 0.76 to 0.95. Only one study externally validated
the model, showing an AUC of 0.89 on this dataset. Overall adherence to the RQS (31%)
and TRIPOD guidelines (54%) was poor.

Conclusion: This systematic review showed that high predictive power was reported
of studies using radiomic features to predict POPF. However, the quality of most studies
was poor. Future studies need to standardize the methodology.

Introduction

Postoperative pancreatic fistula (POPF) is a common complication following a
pancreatoduodenectomy, impairing short-term and long-term outcomes and cancer
recurrence rates'?. Moreover, POPF is a substantial burden for the health care resource
utilization and health expenditure’.

An accurate prediction model for POPF would enhance personalized treatment
decisions based on individual patient risk. Several prediction models for POPF have been
proposed in the past. However, most of these models rely on subjective measurements
(e.g. intra-operative assessment texture of the pancreas) and are not able to provide a
prediction prior to surgery.
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Features extracted from the preoperative computed tomography (CT) and magnetic
resonance imaging (MRI) scan can be used to facilitate preoperative prediction of POPF
development. These features can be semantic or quantitative®. Semantic features are
radiologist-defined features consisting of common and visible characteristics of a tumor
or disease, such as pancreatic duct size and pancreatic volume®®. Use of these semantic
features, however, is limited due to suboptimal inter- and intra-observer reliability
(k-0.50-0.70)". Quantitative features, on the other hand, can be computer-derived or
mathematically extracted®. Radiomic features allow for large-scale collection of these
quantitative and complex visual patterns from CT-scans and MRI°. Radiomic features
can uncover valuable parameters for preoperative POPF prediction, some invisible to
the human eye. The use of radiomic features has emerged to be included in tools for
diagnosis, prognosis, patient’s outcome in malignancies, such as liver lung, breast, and
pancreatic cancer'*"?,

A radiomic feature workflow consists of four steps: 1) image acquisition, 2) image
segmentation, 3) feature extraction, and 4) analysis”. (-) The first step is image
acquisition.Thisincludes the collection of data of a certainimaging modality (e.g. MRI/CT/
ultrasound). Once a dataset is collected, the primary outcome of interest and the region
of interest (ROI) or volume of interest (VOI) must be defined'®. In image segmentation,
the VOI must be segmented. Both manual and automated segmentations are possible.
After segmentation, radiomic features are extracted from the VOI. This image features
characterize the VOI. Specialized software is used to derive these features, generating
more than thousand variables within a single VOI. These features are quantitative and
are used to perform analysis on the VOI. The relationship between radiomic features
and the described outcome are investigated. An important process in this step is
feature selection: a technique in which the most valuable predictors are identified. Also,
dimensionality reduction is used to reduce the number of features used as predictors
in order to reduce the chance of overfitting". Finally, the selected radiomic features can
be analyzed to predict the outcome of interest. Machine learning models are the most
common approach to analyse the radiomic features'®.

Recently, radiomic features are also used to predict POPF"”. Despite the theoretical
advantages of a radiomic features based prediction model, its use has been limited in
context of research, and it is unclear what the added value of such prediction models
may be in daily clinical practice. Therefore, a systematic review was conducted to
evaluate the predictive performance of radiomic features in predicting POPF in patients
undergoing a pancreatoduodenectomy. Furthermore, it systematically evaluate the
methodology quality, reporting transparency, and risk of bias of the included studies.
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Figure 1, visualization of the four steps of the radiomics workflow

The radiomics workflow consists out of steps. 1) Image acquisition, 2) Image segmentation, 3) Feature
extraction, and 4) analysis.
VOI; volume of interest.

Methods

A comprehensive systematic review of the literature was performed according to
the Preferred Reporting Items for Systematic Review and Meta-Analysis (PRISMA)
statement'®. The literature review captured studies from PubMed, Embase, and
Web of Science Core Collection from inception to January 29, 2023. The full search
strategy, including controlled terms (e.g. Mesh, Emtree) as well as free-text words. The

]

following terms were used: “pancreatoduodenectomy’, “pancreaticoduodenectomy”,
“radiomic features’, “computed tomography”, “magnetic resonance imaging”’, and
“pancreatic fistula” as well as synonyms and related words. There were no restrictions
regarding publication date or language. The references of relevant articles were further
crosschecked to identify additional articles. The final search strategy is shown in the

Supplementary appendix 1 to 3.

Inclusion and exclusion criteria

Inclusion criteria included the following: studies with (1) patients undergoing a
pancreatoduodenectomy with the construction of a pancreatojejunostomy and (2)
radiomics analysis on CT- or MRI-scan. Exclusion criteria were patients undergoing a
distal pancreatectomy or any pancreatectomy without pancreatojejunostomy, non-
English language article, and systematic reviews and meta-analyses.
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Screening

After elimination of duplicate articles, two reviewers (El and PR) independently reviewed
all titles and abstracts of the identified articles based on the pre-defined eligibility
criteria. Articles meeting the eligibility criteria were subsequently assessed in full text.
Discrepancies between both reviewers were assessed by a third author (FD).

Data extraction

The following data were collected from the included studies: first author, study design,
number of included patients, imaging modality, information about the VOI, the primary
outcome of interest, number of extracted features, preprocessing steps (e.g. data split,
sampling techniques, feature selection), type of machine learning model used for
analysis, methods of validation, type of features extracted, and most important feature
to predict POPF.

Quality assessment

The Radiomic Quality Score (RQS) was independently assessed by two reviewers (El and
PR).The RQS is a relevant and convenient quantitative scoring system to critically assess
methodology quality with the aim to reward and penalize the methodology, analysis,
and reporting of a study, to encourage best scientific practice'®. The checklist comprises
16 components, with a score ranging from 0 to 36. Since the included studies developed
prediction models, adherence to the Transparent Reporting of a multivariable prediction
model for Individual Prognosis Or Diagnosis (TRIPOD) statement was assessed™. Finally,
the Risk Of Bias In Non-Randomized Studies - of interventions (ROBINS-I) was used to
identify potential sources of bias®'. Any discrepancies in the RQS, TRIPOD, or ROBINS-I
between both reviewers were resolved by consensus.

Results

The PRISMA flow chart of study inclusion is summarized in FigUf€2. Fifteen studies were
assessed for eligibility and screened on full text. One article involved the prediction
of POPF with radiomic features, but the full text was in Chinese.”? The authors were
contacted but did not respond to our request to obtain the full text in English. Therefore,
this study was excluded from the systematic review. Finally, seven studies were included
in this systematic review'” 2%, A total number of 1 300 patients were included in the
seven studies of whom 364 patients (28%) developed POPF. The median number of
patients used to develop the prediction models per study was 117, ranging from 62 to
513 patients. The studies were published between 2018 and 2022. Study characteristics,
demographics, and predictive performances of the included studies are summarized in
-. All seven studies developed a prediction model on a retrospective cohort. The
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study of Mu et al. was the only to externally validate the prediction model and did this
validation on a prospective cohort. Primary outcome in all studies was clinically relevant
POPF. Most of the studies defined this as POPF grade B and C, according to the ISGPS
criteria®.

Figure 2, flowchart of study inclusion following the PRISMA statement

Studies identified through database

searching
(n=339)
Pubmed=79
Embase=191
Web of Science=69
> uplicates removed (n=
| Dupli d (n=196)
¥
Studies screened on title and
abstract
(n=143) Studies excluded (n=128)
- No radiomic features (n=105)
.| - No prediction model for POPF
| (n=16)
- Review, Conference, Abstract, or
¥ letter to the editor {n=6)
Studies assessed for full text - Distale pancreatectomy (n=1)
(n=15)
Studies excluded (n=8)
» - No radiomic features (n=7)
- No response of authors to obtain
4 full-text in English (n=1)
Studies included in systematic
review
(n=7)
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Table 1, study characteristics, demographics, and predictive performances.

First author (year)  Study design Study population Primary Compared  Predictive
outcome with performance in
reference AUC (95% Cl)
test
Bhasker (2022) (23) Retrospective, 148 patients between  Prediction of NP 0.81(0.73 -
monocenter 2011 and 2019 POPF grade B 0.87)
48 developing POPF and C
Capretti (2022) (24) Retrospective, 100 patients between  Prediction of NP 0.81 (0.50 -
monocenter 2011 and 2019 POPF grade B 1.00)
20 developing POPF and C
Kambakamba Retrospective, 110 patients between  Prediction of FRS and 0.95 (NR)
(2020) (17) monocenter 2008 to0 2018 POPF grade B a-FRS (30,
55 developing POPF and C 31)
Lin (2021) (25) Retrospective, 250 patients between  Prediction of FRS (30) 0.79 (0.68 -
monocenter 2013 and 2019 POPF grade B 0.91)
53 developing POPF and C
Mu (2020) (26) Retrospective  Development: Prediction of  FRS (30) Internal
for model 513 patients between  POPF grade B validation set
development 2006 and 2018 and C 0.81(0.72 -
and 80 developing POPF 0.89)
prospective Validation cohort: External test
for model 70 patients between set
validation, 2018 and 2019 0.89 (0.76 -
multicenter 15 developing POPF 0.96)
Skawran (2021) Retrospective, 62 patients between Prediction of NP 0.82(0.74 -
(27) monocenter 2008 and 2018 POPF grade B 0.89)
45 developing POPF and C
Zhang (2018) (28)  Retrospective, 117 patients, time Prediction of  FRS (30) 0.76 (0.61 -
monocenter period of inclusion NR  POPF grade B 0.92)
48 developing POPF and C

The AUC of the best performing prediction model in the validation or test set is reported.
AUC; area under the curve. NP; not performed. FRS; Fistula Risk Score, a-FRS: alternative Fistula Risk

Score.

Radiomics workflow

ABIE"2 shows information about the four steps in the radiomics workflow and an
assessment following the RQS. Six studies used the preoperative CT-scan and one study
used MRI as imaging modality. Four studies segmented in the portal venous phase, two
in the non-contrast-enhanced phase, and one did not report on the used scan phase.
The VOl was the pancreatic body and tail in five studies, in two studies the VOl comprised
the entire pancreas, including the pathology. In most studies, scans were manually
segmented by a radiologist. Lin et al. used a semiautomatic segmentation, which was
then checked by a radiologist. The VOI was the pancreatic body and tail in most of the
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studies. All studies used feature selection to select predictors with the highest correlation
to POPF, with the least absolute shrinkage and selection operator (LASSO) regression
being used most. All studies used at least one machine learning model to predict POPF
and three studies used multiple. TaBI& provides a detailed overview of the radiomic
features extracted in the studies included in our analysis. Among these studies, three
explicitly disclosed the program utilized for radiomic feature extraction, with all three
employing PyRadiomics—a widely recognized software for this purpose. The extracted
features span across eight distinct categories. The employed subcategories encompass
first-order statistics (Histogram), shape based features, Gray Level Co-occurrence Matrix
(GLOM), Gray Level Run Length Matrix (GLRLM), Gray Level Size Zone Matrix (GLSZM),
and Gray Level Dependence Matrix (GLDM). These subcategories collectively capture
information pertaining to the distribution of voxel intensities within the image, the
volume, size, density, shape of the Volume of Interest (VOI), and the quantity and
distribution of connected voxels that share the same gray level intensity. Interestingly,
the consensus among six studies, highlighting features related to pancreatic texture
as consistently emerging as the most predictive for POPF. Additionally, Capretti et al.
identified the feature associated with fat/muscle ratio as the most significant predictor
in their study.

Table 2, information about radiomic workflow and calculated RQS.

First author Data Medical imaging Feature extraction Modelling RQS
(year) acquisition
Bhasker (2022) A portal Manual Features extracted: ML modelsused: 11 (31%)
(23) venous segmentation 1706 LASSO, elastic-net
phase CT- performed by Feature selection: Models validated
scan. radiologist and selected four features  using 10-fold
supervised by a with highest variance  cross validation
second radiologist Dimensionality
Slice thickness: reduction: NP
1.0mm. No sampling

VOI: PP including technique
pathology, PV, SA,

BD, PD
Capretti (2022) A portal Manual Features extracted: NR ML models used: 7 (19%)
(24) venous segmentation Feature selection: L1 regularized
phase CT- performed by two LASSO LR, RF
scan radiologists Dimensionality Models validated
Slice thickness: NR reduction: NP using 10-fold
VOI: pancreatic body Sampling technique:  cross validation
and tail, skeletal SMOTE

muscle tissue
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Kambakamba A non- Manual Features extracted: ML models used: 11 (31%)
(2020) (17) contrasted-  segmentation 278 features RF, DT, k-nearest
enhanced performed by two Feature selection: neighbor, SVM
CT scan radiologists features with low ANN
Slice thickness: interclass correlation ~ Models validated
3.75mm were discarded using 10-fold
VOI: PP including Dimensionality cross validation
pathology reduction: PCA
No sampling
technique
Lin (2021) (25) NR Semiautomatic Features extracted: ML model used: 12 (33%)
segmentation 102 features AdaBoost
checked by a Feature selection: Model validated
radiologist Pearson Correlation using 3/10 of
Slice thickness Coefficient dataset
<1.25mm Dimensionality
VOI: pancreatic body reduction: NP
and tail No sampling
technique
Mu (2020) (26) A portal Manual Features extracted: NR ML model used: 16 (44%)
venous CT-  segmentation Feature selection: ANN
scan performed by four SMOTE Model validated
radiologists Dimensionality using 5-fold
Slice reduction: NP cross validation
thickness<3.0mm Width/height shirt, and externally
VOI: pancreatic body horizontal/vertical flip validated in
and tail to augment data prospective
cohort
Skawran (2021) T1andT2 Manually Features extracted: 45 ML model used: 11 (31%)
(27) no contrast  segmentation features GBT
enhanced Slice thickness Feature selection: Models validated
MRI-scan Slice thickness: Boruta feature using 3/10 of
3.0mm selection dataset
VOl: pancreatic body Dimensionality
and tail in a single reduction: NP
slice MWMOTE to augment
data
Zhang (2018) A portal NR Features extracted: ML model used: 9 (25%)
(28) venous CT-  Slice thickness: 1,219 features NR
scan 1.0mm Feature selection: Models validated
VOI: pancreatic body LASSO using 1/3 of
and tail Dimensionality dataset

reduction: NP
No sampling
technique

RQS; Radiomics Quality Score, CT; computed tomography, VOI: volume of interest, PP; pancreatic
parenchyma, PV: portal vein, SA: splenic artery, BD; bile duct, PD; pancreatic duct, NP; not performed, ML;
machine learning, LASSO; Least Absolute Shrinkage and Selection Operator, NR: not reported, SMOTE;
Synthetic Minority Oversampling Technique, LR; logistic regression, RF; random forest, PCA; principal
component analysis, DT; decision tree, SVM; support vector machine, ANN: artificial neural network, GBT;
gradient boosted tree

115



Chapter 7

Table 3, type of features used as predictors for POPF

Study Program or Type of features Most important feature to predict
package usedto  extracted as predictors ~ POPF
extract features
Bhasker (2022)% NR 1. Morphological Radiomic texture feature associated
2. Texture with pancreatic texture
3. Combined segment
4. Intensity volume
Capretti (2022)* PyRadiomics 1. Fat/muscle ratio Radiomic feature associated with fat/
2. Shape of pancreas muscle ratio
3. Position of PD
Kambakamba NR 1. GLCM Radiomic texture feature associated
(2020)" 2. GLRM with pancreatic texture
3. Histogram
4. Absolute gradient
5. Autoregressive
model
6. Wavelet transform
Lin (2021)* NR 1. Shape Radiomic texture feature associated
2. GLRM with pancreatic texture
3. GLDM
Mu (2020)* NR Features correlated with: Deep learning feature associated with
1. Less fibrosis pancreatic texture
2. Acinar atrophy
3. Soft pancreas
Skawran (2021)% PyRadiomics 1. GLCM Possibly radiomic feature that reflects
2. GLRLM pancreatic texture
3. GLDM
4. GLSZM
5. Histogram
Zhang (2018)*® PyRadiomics 1. GLCM Radiomic features associated with
2. GLRM pancreatic texture
3. GLDM
4. GLZSM

POPF; postoperative pancreatic fistula, NR; not reported, PD; pancreatic duct, GLCM; Gray Level co-
Occurrence matrix. GLRM; Gray Level Run Length Matrix, GLDM; Gray Level Dependence Matrix, GLSZM;
Gray Level Size Zone Matrix.

Prediction performances

All studies measured an area under the curve (AUC) to evaluate the discriminative
performance of their prediction model. Three studies only tested their model on a validation
cohort using k-fold cross validation and reported these results. Three studies created a test
set of 30-33% of the data and evaluated model performances on this test set. One study
performed internal validation and subsequently externally validated the model.
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The lowest AUC of the prediction model was determined in the study of Zhang et
al. with a value of 0.76 (95% Cl 0.61 — 0.92). The highest AUC was found in the study
of Kambakamba, with a value of 0.95 (95% Cl not reported). The AUC of the model
developed by Mu et al. was 0.89 (95% Cl 0.76 — 0.96) on the external validation set,
which was higher than the performance on the internal dataset (AUC: 0.81 (95% Cl 0.72
-0.89)). The median AUC was 0.81 in the studies using CT as imaging modality and 0.82
in the study using MRI.

Four studies compared the results of their prediction model to the Fistula Risk Score
(FRS), a previously validated clinical risk score for predicting POPF*’, Kambakamba et
al. also compared the developed prediction model to the alternative Fistula Risk Score
(a-FRS), a more recently developed and validated clinical risk score®'. In all studies, the
radiomics-based prediction model outperformed the FRS and, if applicable, the a-FRS.
Three studies compared the AUCs of their model to the FRS using the Delong test™* %,
They all showed a significant difference in favor of the radiomics model. Mu et al. also
compared the AUC on the external test cohort with the FRS and showed that their
model significantly outperformed the FRS when tested on this cohort. Bhasker et al.
and Lin et al. developed a combination model, combining radiomic features wit clinical
variables (e.g. BMI, age, sex). Both models showed better predictive performances if
clinical variables were added to the radiomics model, with Bhasker et al. showing a AUC
of 0.81 (95% C10.73 — 0.88) and Lin et al. an AUC of 0.87 (95% Cl 0.78 - 0.96).

Quality assessment and study validity

The median RQS of the seven studies was 11 (31%) and the range was 7 - 16. The most
common limitation of the studies was the lack of a phantom study on all scanners,
calibration statistics, registration of a prospective study, validation, cost effectiveness
analysis, and publicly available models. The quality adherence was highest for feature
reduction or adjustment for multiple testing, discrimination statistics, and potential
clinical utility. The study of Mu et al. scored highest with 16 points, primarily because
a validation cohort was incorporated and compared to a reference test for predicting
POPF. Supplementary appendix 4 shows the adherence of the included studies to the
TRIPOD guidelines. The overall adherence rate was 54% (107/200 points). None of
the studies scored points in Title (item 1), Abstract (item 2), blind assessment of the
outcome (item 6b), sample size (item 8), missing data (item 9) and characteristics of
the participants (item 13b). Overall adherence was highest in the introduction (100%)
and discussion (86%) and lowest in the title and abstract (0%) and the methods (33%)
section. In the Supplementary Appendix 5, the risk of bias was evaluated using the
ROBINS-I tool. Overall risk of bias was low.
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Discussion

This systematic review shows that radiomic features can be used to accurately predict
POPF after pancreatoduodenectomy prior to surgery, with AUCs exceeding 0.80.
Although these results were promising, most studies were limited by single-center study
design, small study populations, and a lack of external validation. Furthermore, the
overall adherence to the TRIPOD guidelines (54%) and the RQS (31%) was low. Only one
study externally validated the developed model, but failed to report eligibility criteria
for participants, a clear definition of the outcome of interest, and a calibration curve
to estimate the absolute risk of POPF in the total population. Moreover, the external
validation cohort consisted of 70 patients and only 15 events. An external validation
with a larger sample size is required to validate the clinical application of the model.
Despite the fact that both CT and MRI were used as imaging modality to segment the
VOI, it is currently unclear which is preferable, given that only one study used MRI.

Well-known risk factors for POPF are, among others, a soft pancreatic texture and a small
pancreatic duct diameter’®®, In the included studies, the radiomic features concerning
pancreatic texture and pancreatic duct size were clearly associated with POPF'72%2>26:28
As shown in - consensus emerges among all studies, highlighting pancreatic
texture as the foremost radiomic feature category associated with POPF. This consistent
and recurrent observation underscores the significant correlation between radiomic
features and clinical risk factors, particularly in the context of pancreatic texture. The
collective emphasis on this specific category across various studies adds robustness
to the evidence supporting the relevance of radiomics in predicting POPF. Bhasker et
al. also showed that these radiomic features were comparable to the intraoperative
assessment of these risk factors.”> Radiomics were able to reliably and objectively
assess texture, which are not necessarily discernable to the human eye.” This allows
for a preoperative prediction to potentially improve patient prognosis, assisting
surgeons in making tailored treatment decisions and counseling patients. Interestingly,
discriminative performances of the prediction models improved after combining the
extracted radiomic features with clinical variables™ **. Both studies included BMI and
sex as clinical variables in the combination model, which are also known risk factors for
POPF***2,

Most included studies compared the developed radiomics model to previous validated
clinical risk score for POPF, the FRS or the a-FRS'”*?% % Although most of these studies
showed a significant difference in AUC in favor of the developed radiomics model, little
value could be derived from this finding. Most of the studies did not perform external
validation, thus comparing their model to the FRS or a-FRS using the same database on
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which the model was developed. This will be in favor of the radiomics models, especially
because they use machine learning models, which are prone for overfitting the data®.

To date, several systematic reviews have summarized the use of radiomics in pancreatic
diseases, including staging pancreatic cancer and neuro-endocrine tumours,
stratification of cystic lesions, and prediction of the severity of acute pancreatitis *°.
Although none of these reviews summarized the ability of radiomics in predicting POPF,
they all also concluded that prior to clinical application, methodological implementation
needs to be optimized and further validations are warranted. To take radiomics further
and to ascertain compliance with good practice, future studies need to standardize
methodology, externally validate the prediction model in a multicenter design, and
make the model publicly available. Adherence to quality assessment tools, such as the
TRIPOD guidelines and RQS, are also critical for approval, and journals should consider
demanding these guidelines for radiomics studies.

An important technical aspect must be overcome to consider radiomics ready for
use in daily clinical practice. Most of the studies manually segmented the VOI and an
auto-segmentation, in which the pancreatic parenchyma is automatically segmented,
is pivotal prior to implementation of radiomics into daily clinical practice. This would
drastically reduce the time-consuming workflow and provide a more consistent
delineation of the VOI.

This review was strengthened by providing an overview over the current situation
regarding the prediction of POFP using radiomic features. It also assessed the quality
of the included studies using scores or guidelines to objectively appraise methodology
and reporting of the radiomics models. Some limitations of the present study should
also be addressed. First, we did not perform a meta-analysis to further analyze the
use of radiomics in predicting POPF. Although data was intended for meta-analysis, it
was not admissible to do so due to a high heterogeneity within the included studies.
Second, the TRIPOD guidelines were used to assess quality of the included studies. The
TRIPOD guidelines were developed to assess quality of multivariable prediction models
and they are not perfectly suitable to assess radiomics studies. However, there is still
a clear overlap. The TRIPOD-artificial intelligence tool is currently being developed,
and will hopefully be a checklist to specifically assess quality of studies using artificial
intelligence™®.
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Conclusion

This systematic review showed that radiomic features can be used to accurately
predict POPF after pancreatoduodenectomy before surgery, with AUCs exceeding 0.80.
Although these results are promising, evidence supporting clinical application was
poor, external validation was lacking, and overall adherence to the TRIPOD guidelines
and the RQS was low.
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Supplementary appendix

Supplementary appendix .

Search strategy: PubMed

Search PubMed query - January 29, 2023 Results

#7 #1 AND #2 AND #3 AND #6 76

#6 #4 OR #5 1450551

#5 “Tomography, X-Ray Computed”[Mesh] OR “Multidetector Computed 901 311
Tomography”[Mesh] OR “Four-Dimensional Computed Tomography”[Mesh] OR
“Single Photon Emission Computed Tomography Computed Tomography”[Mesh]

OR“Spiral Cone-Beam Computed Tomography”[Mesh] OR “Cone-Beam Computed
Tomography”[Mesh] OR “CT"[tiab] OR “computer tomography”[tiab] OR “computed
tomography”[tiab] OR “computed*”[tiab]

#4 “Magnetic Resonance Imaging”[Mesh] OR “Diffusion Magnetic Resonance 699618
Imaging”[Mesh] OR “MRI"[tiab] OR “magnetic resonance imaging”[tiab]

#3 “radiomics”[tiab] OR “radiomic feature*”[tiab] OR “radiomic*” OR “texture*”[tiab] OR 1786 137
“characteristic*”[tiab] OR “computer analysis”[tiab]

#2 “Pancreatic Fistula“[Mesh] OR “pancreatic fistula”[tiab] OR “pancreas fistula“[tiab] OR 6 237
“POPF"[tiab] OR“CR-POPF"[tiab]

#1 “Pancreaticoduodenectomy”[Mesh] OR “Pancreatoduodenectomy”[tiab] OR 20444
“pancreaticoduodenectomy”[tiab] OR “pancreatic surgery”[tiab] OR “whipple”[tiab]
OR“pancreas surgery”[tiab]

Supplementary appendix Il.
Search strategy: Embase

Search  Embase query - January 29, 2023 Results

#7 #1 AND #2 AND #3 AND #6 191

#6 #4 OR #5 2585706

#5 ‘computer assisted tomography’/exp OR ‘ct’:ti,ab,kw OR ‘computer 1735559

tomography’ti,ab,kw OR ‘computed tomography’ti,ab,kw OR ‘computed*"ti,ab,kw
#4 ‘nuclear magnetic resonance imaging'/exp OR ‘diffusion weighted imaging'/exp 1245413
OR ‘mri":ti,ab,kw OR‘magnetic resonance imaging'ti,ab,kw

#3 ‘radiomics’/exp OR ‘radiomics score’/exp OR ‘radiomics quality score’/exp 2715001
OR radiomic feature’/exp OR ‘radiomics model’/exp OR ‘radiomics’:ti,ab,kw
OR‘radiomic features':ti,ab,kw OR ‘radiomic*"ti,ab,kw OR ‘texture*":ti,ab,kw
OR ‘characteristic*":ti,ab,kw OR ‘computer analysis"ti,ab,kw OR ‘computer*"ti,ab,kw

#2 ‘pancreas fistula’/exp OR ‘pancreatic fistula’ti,ab,kw OR ‘pancreas fistulati,ab,kw 12 698
OR popf:ti,ab,kw OR ‘cr-popf”ti,ab,kw

#1 ‘pancreaticoduodenectomy’/exp OR ‘pancreatoduodenectomy’ti,ab,kw OR‘pancre 37 317

aticoduodenectomy':ti,ab,kw OR ‘pancreatic surgery’ti,ab,kw OR‘whipple’:ti,abkw
OR ‘pancreas surgery:ti,ab,kw
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Supplementary appendix I11

Search strategy: Web of Science Core Collection

Search Web of Science Core Collection query - January 29, 2023 Results
#7 #1 AND #2 AND #3 AND #6 69
#6 #4 OR #5 1820602
#5 AB='CT’ OR AB="computer tomography’ OR AB="computer*’ OR AB="computed 1475 494
tomography’ OR AB="compute*’
#4 AB="MRI’OR AB="magnetic resonance imaging’ 432628
#3 AB="radiomic*' OR AB="radiomic feature* OR AB="texture*' OR AB="texture 3295335
analysis’ OR AB="computer analysis’OR AB=characteristic*
#2 AB="pancreatic fistula’OR AB="pancreas fistula’OR AB="POPF’ OR AB="CR-POPF’ 5254
#1 AB=pancreatoduodenectomy’ OR AB="pancreaticoduodenectomy’ OR 26123
AB="pancreatic surgery’ OR AB="whipple’ OR AB="pancreas surgery’
Supplementary appendix IV, adherence to TRIPOD Guidelines.
Section/Topic  Item Checklist item Study,
n (%)
Title 1 D;V Identify the study as developing and/or validating a prediction 0(0)
model, the target population, and the primary outcome of interest
Abstract 2 D;V Provide a summary of objectives, study design, setting, participants, 0 (0)
sample size, predictors, outcome, statistical analysis, results, and
conclusion
Introduction
3a D;V Explain the medical context and rationale for developing the 7 (100)
Background and prediction model
objectives 3b D;V Specify the objectives, including whether the study describes the 7 (100)
development or validation of the model or both
Methods
4a D,V Describe the study design source of data 6 (86)
Source of data
4b D,V Specify the key study dates 6 (86)
5a D,V Specify key elements of the study design including number and 4(57)
. location of centers
Participants 5b D;V Describe eligibility criteria for participants 6 (86)
5¢ D;V Give details of treatments received, if relevant NA
6a D;V Clearly define the outcome that is predicted by the prediction 5(71)
model, including how and when assessed
Outcome
6b D;V Report any actions to blind assessment of the outcome of the 0(0)
predicted
7a D;V Clearly define all predictors used in developing or validation the 6 (86)
. prediction model
Predictors
7b D;V Report any actions to blind assessment of predictors for the 3(43)
outcome and other predictors
Sample size 8 D;V Explain how the study size was arrived at 0(0)
Missing data 9 D;V Describe how missing data were handled with details of any 0(0)

imputation method
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10a
10b
Statistical
data analysis 10c
methods 10d
10e
Risk groups 1
Development 12
vs. validation
Results
13a
- 13b
Participants
13c
14a

Model
development 14b

15a
Model
specification

15b
Model 16

performance

Model-updating 17

Discussion

Limitations 18
19a

Interpretation 19b

Implications 20

Other information

Supplementary 21
information

Funding 22

(DAY

D)V

D,V

D)V

D,V

D)V

Describe how predictors were handled in the analysis

Specify type of model, all model-building procedures, any method
for internal validation

For validation, describe how the prediction were calculated

Specify all measures used to assess model performance and, if
relevant, to compare multiple models

Describe any model updating arising from the validation, if done
Provide details on how risk groups were created, if done

For validation, identify any differences from the development data
in setting, eligibility criteria, outcome, and predictors

Describe the flow of participants trough the study, including
the number of participants with and without outcome and, if
applicable, a summary of the follow-up time.

Describe the characteristics of the participants, including the
number of participants with missing data for predictors and
outcome

For validation, show a comparison with the development data of
the distribution of important variables

Specify the number of participants and outcome events in each
analysis

If done, report the unadjusted association between each candidate
predictor and outcome

Present the full prediction model to allow predictions for
individuals

Explain how to use the prediction model
Report performance measures (with Cis) for the prediction model

If done, report the results from any model updating

Discuss any limitations of the study

For validation, discuss the results with reference to performance in
the development data, and any other validation data

Give an overall interpretation of the results, considering objectives,
limitations, results from similar studies, and other relevant
evidence.

Discuss the potential clinical use of the model and implications for
future research

Provide information about the availability of supplementary
resources, such as study protocol, web calculator, and data sets
Give the source of funding and the role of the funders for the
present study

7 (100)
5(71)

1(100)
1(14)

NA
NA
0(0)

5(71)

1(100)

2(29)

NA

4(57)

1(14)
1(14)

NA

5(71)

6 (86)

4(57)

Items relevant only to the development of a prediction model are denoted by D, items relating solely to
a validation of a prediction model are denoted by V, and items relating to both are denoted D;V.
TRIPOD: transparent reporting of a multivariable prediction model for individual prognosis or

diagnosis. NA; not applicable
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Chapter 8

Summary

The operating room is nowadays a data-rich environment where artificial intelligence
(Al) can play a significant role. Current Al applications are aimed at supporting
perioperative decision-making and enhancing surgical skills and safety. To promote
the implementation of Al, several steps need to be taken. Studies focusing on external
validation and data standardization, as well as monitoring of implementation, are
required. Additionally, consensus is needed regarding the ethical and legal aspects.
Overall, Al is expected to have a substantial impact on making surgical care more
efficient and safe.
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Article

Artificial intelligence (Al) is on the rise. It also has the potential to be a valuable tool in
and around surgeries. Despite numerous studies on Al, there is a question about how
concrete its application currently is. Al is sometimes viewed with skepticism as a hype
that receives excessive attention. In this article, we will discuss the reality behind this
and the benefits that Al can offer to surgical specialties.

What is Al?

There is much discussion about Al in healthcare. For example, the Intensive Care unit at
Amsterdam UMC has recently started using Al to determine whether a patient can be
discharged to the ward.' Al is a collective term that encompasses the development of
computer systems capable of performing tasks that normally require human intelligence.
This includes understanding natural language, recognizing images, making decisions,
and problem-solving. Al relies on various components such as machine learning, deep
learning, neural networks, or computer vision.

The more information (‘big data’) the computer system is provided with, the more accurate
the model’s outcomes. With the introduction of the electronic health record, minimally
invasive surgery, and robot-assisted surgery, more and more big data is being generated.
This can include patient characteristics, imaging studies, quantitative data from surgical
equipment, and anesthesiological parameters. These data are often unstructured and
exist in various formats. Unlike traditional data analysis techniques, Al can analyze such
data. This offers several possibilities for the operating room. The applications can be
divided into preoperative, intraoperative, and postoperative (see -).

ABIEN, the possibilities of artificial intelligence for surgical specialties

Artificial Intelligence applications

Preoperative

- Predictive modelling

- 'Radiomics’

- Personalized care

Preoperative

- Recognition of anatomical structures

- 3Dview

- Real-time analysis and prediction of risks
Postoperative

- Benchmarking of surgical skills

- Evaluation of working processes
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Preoperative

Preoperatively, Al can contribute to personalized patient care and support clinical
decision-making. Current scoring systems that support surgical decision-making are
often based on post-hoc analyses and are complex. Additionally, they do not always
function optimally and are time-consuming because data often need to be collected
and input manually. Al models do not have to have this disadvantage since they can
use live streaming of data from the electronic health record. It has been demonstrated
that Al, based on preoperative data, can predict the risk of anastomotic leakage after
a ‘low anterior’ resection.’ In the Netherlands, an Al model has been developed that
can predict the risk of anastomotic leakage during a colorectal resection. This model is
currently being externally validated in various hospitals.?

Another rapidly growing field of research is the use of ‘radiomics’ In this approach,
conventional medical images, such as CT, PET, or MRI scans, are processed into large
amounts of quantitative data using Al. An externally validated study in patients with
pancreatic cancer showed that a model based on preoperative CT radiomics and patient
characteristics could better predict the risk of a pancreatic fistula than current scoring
systems.*

In both examples, the Al model can serve as an aid in decision-making and be used
to provide the patient with more tailored information about the risk of complications
before surgery. Additionally, the surgeon can decide, for example, not to create an
anastomosis at all or to take additional measures during surgery to reduce the severity
of a leakage for high-risk patients identified by Al.

Intraoperative

Recognition of Anatomy

Intraoperatively, Al can analyze image and video material through computer vision (CV).
CVisusedin research to recognize anatomy during minimally invasive intra-thoracicand
intra-abdominal surgery.5 Vital structures such as the aorta, bile ducts, and lymphatic
vessels are identified by an Al model. Several models have been developed that show
valuable outcomes.® For instance, it has been demonstrated that during a laparoscopic
cholecystectomy, important anatomical structures, such as the Calot’s triangle, can be
successfully identified. This could potentially lead to a reduction in bile duct injuries and
improved postoperative outcomes.’”
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3D Visualization

A step beyond recognizing anatomy is 3D visualization. It has been shown that Al can
accurately depict abnormalities and vascularization in the liver and can adequately
delineate the resection margin for tumor tissue (see -).8'9 In vascular surgery, Al
navigation software is now available that projects the preoperative CT scan onto the
X-ray screen. The images are automatically aligned with the patient’s position, allowing
the surgeon to continuously see a detailed 3D image of the blood vessels during the
procedure.

FigFe, an example of 3D visualization during liver surgery

a) Representation of the tumor (green) and an optional resection plane (pink-red). (b-d).
Vascular and biliary structures can be projected during different surgical phases. Figure
derived from previous publication.’

Further applications are in development for assessing a completion angiogram at
the end of the procedure. A completion angiogram contains information about the
position of the placed stent, the patency of the stent and arteries, and can visualize
leaks (‘endoleaks’). Currently, these images are assessed by the naked eye by the
surgical team. Al can assess these images at the pixel level, making it possibly more
accurate in recognizing endoleaks.'® The future scenario is that the surgeon is alerted
by the algorithm in the case of an endoleak, and the surgeon can then decide to take
additional steps during surgery to prevent re-intervention.
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These examples of 3D applications are very complex and essentially straddle the
boundary between Al and augmented reality. Displaying deformable structures like
these requires significant computing power. Al navigation software is already standard
in use in one hospital in the Netherlands for vascular surgeries. In other centers, these
3D techniques are still only applied in a research context.

Predicting Blood Pressure Drops

In the field of anesthesiology, Al also appears to have measurable benefits. An American
technology company developed a machine learning algorithm that can predict a
drop in blood pressure during surgery through highly accurate analysis of the arterial
blood pressure curve."' This warning system triggers an alert when a patient is at risk
of developing hypotension, even before the patient actually experiences it. This is
advantageous because an intervention in response to hypotension typically comes a
few minutes too late, which can lead to severe complications. Amsterdam UMC tested
this Al algorithm in a research setting during elective surgeries and demonstrated a
70% decrease in the incidence of hypotension.'” Currently, the system is undergoing
further testing within the cardiothoracic surgical population.

Postoperative

In the postoperative phase, Al offers many opportunities for evaluating workflow
processes in the operating room and for the training of surgeons. A good example is
benchmarking surgical performance based on deep learning analysis of surgical videos.
One of the current shortcomings of the existing evaluation process is that it is time-
consuming, often making it unfeasible to analyze the entire video. Additionally, there is
significant variability among evaluators.

Al analysis does not have these shortcomings. It provides an objective assessment and
efficiently manages time. It can provide insight into someone’s technical performance
over an extended period, document it in a personal portfolio, and specify learning
objectives.” Furthermore, it can be used to assess quality in the training of surgeons
and in the evaluation of already certified surgeons. A large American consensus study
among surgeons, urologists, gynecologists, supervisors, data scientists, and lawyers
demonstrates support for these applications.™

Future Outlook

An important caveat regarding the described Al applications is that they are based on
results from relatively small studies. Most models are specifically designed and tuned to
the hospital where the model is used. Little can be said about the generalizability of the
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models because it is still unknown whether the model from Hospital X is also applicable
in Hospital Y.

Headlines like ‘Computer can detect cancer better than a pathologist’ and ‘Google says
Al can detect lung cancer a year earlier than doctors’ contribute to the assumption that
Al should be implemented as soon as possible.””'® However, what is suggested here is
far from reality. While the results of perioperative Al applications are promising, few
have actually been implemented. This is due in part to the lack of external validation
studies. Additionally, it is important to optimize collaboration among different parties,
and the support among healthcare providers and patients is still limited."”

How Can We Promote Implementation?

To promote the integration of Al into surgical care, certain aspects deserve attention.
First, it is important to take a nuanced view of existing Al applications. The focus should
be on developing applications that provide a solution to an existing problem, not on
creating gadgets for non-existent problems. Additionally, it must be proven that Al can
actually solve the problem better than regular healthcare. Transparency plays a role in
this. Publications about Al models should provide detailed descriptions of the application
or model and be open about the results and the development of the models."

Regarding the use of Al in medical decision-making, it is important to keep in mind
that Al should always play a supplementary role and not a replacement role. The fear of
autonomous decision-making by Al can make patients wary."

Finally, clear legal and ethical frameworks must be established for the use of Al, which
includes algorithmic bias and liability for errors. These frameworks are subject to ongoing
debate and societal developments. For example, the question may arise about who is
responsible if an Al model makes an incorrect prediction during a procedure, leading
to harm to the patient: the technology company, the researchers who developed the
model, or the surgeon? The Dutch Al Coalition and the Ministry of Health, Welfare, and
Sport’s “Valuable Al” program hope to provide answers to these questions.”

Conclusion

Al is already being used by surgical specialties and will continue to be applied more
extensively. To promote implementation, the focus must be on standardizing data,
clinically validating Al systems, carefully evaluating the implementation process, and
establishing ethical and legal frameworks. Overall, there are high expectations for Al in
making surgical care more efficient and safer.
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Chapter 9

Abstract

Background: Machine learning is increasingly advocated to develop prediction models
for postoperative complications. It is, however, unclear if machine learning is superior to
logistic regression when using structured clinical data. Postoperative pancreatic fistula
and delayed gastric emptying are the two most common complications with the biggest
impact on patient condition and length of hospital stay after pancreatoduodenectomy.
The aim of this study was to compare the performance of machine learning and
logistic regression in predicting pancreatic fistula and delayed gastric emptying after
pancreatoduodenectomy.

Methods: This retrospective observational study used nationwide data from 16 centers
in the Dutch Pancreatic Cancer Audit between January 2014 and January 2021. The
area under the curve of a machine learning and logistic regression model for clinically
relevant postoperative pancreatic fistula and delayed gastric emptying were compared.

Results: Overall, 799 (16.3%) patients developed postoperative pancreatic fistula and
943 (19.2%) delayed gastric emptying. For postoperative pancreatic fistula, the area
under the curve of the machine learning model was 0.74 and the area under the curve
of the logistic regression model was 0.73. For delayed gastric emptying, the area under
the curve of both the machine learning model and logistic regression was 0.59.

Conclusion: Machine learning did not outperform logistic regression modelling in
predicting postoperative complications after pancreatoduodenectomy.
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Introduction

Pancreatoduodenectomy is a complex surgical procedure with considerable morbidity
and a negative influence on short-term quality of life." It is a substantial burden for
the health care resource utilization and health expenditure, especially in those with
a complicated postoperative recovery.”® Postoperative pancreatic fistula (POPF) and
delayed gastric emptying (DGE) are the two most common, high-impact complications
after pancreatoduodenectomy, with sizable effects on resource utilization and
prolonged length of stay.*

Both patients and clinicians would benefit from an accurate prediction of POPF and DGE,
and, if available, a proper risk assessment would be adopted widely.’ In the preoperative
setting, individual risk assessment could aid clinical-decision making. Peri-operatively,
this could lead to early awareness of complications, allowing for selective preventive
and timely therapeutic measures. The majority of these models are based on traditional
logistic regression models, in which the probability of an outcome is related to a certain
number of predictors. These models are relatively easy to use and interpret, but have
some drawbacks.” First, the usual assumption for logistic regression is that there is a
linear relation between the independent and dependent variables. Second, predictors
are usually chosen using backward selection. This technique has some problems (e.g.
once a variables has been eliminated, it cannot be re-entered).?

Machine learning algorithms are increasingly advocated as they are less prone to the
abovementioned problems.”? Machine learning algorithms are able to detect non-
linear relationship between independent and dependent variables and can incorporate
a large number of variables.'”"" These models are, however, more susceptible to
overfitting and have the so-called black-box phenomenon, meaning that the models
are not interpretable for humans. This can undermine the use of these model in daily
clinical practice.”

Although both techniques have been used to develop risk models for postoperative
complications, it is unclear if machine learning is superior to logistic regression when
using structured data.”*'® The aim of this study was to compare machine learning to
logistic regression in predicting POPF and DGE after pancreatoduodenectomy using
structured clinical data from a nationwide audit.
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Methods

Study design and population

This retrospective cohort study used data from the nationwide Dutch Pancreatic
Cancer Audit (DPCA) including data from 16 centers (2014-2020). In the Netherlands,
all patients undergoing a pancreatic resection are prospectively registered in the DPCA.
This type of study does not require approval from an ethics committee. The study
protocol was approved by the scientific committee of the Dutch Pancreatic Cancer
Group.'” The DPCA data has been verified regarding its completeness and accuracy of
postoperative complication registration, showing that the data is representative for the
Dutch pancreatic cancer population.'

All patients undergoing elective, open and minimally invasive pancreatoduodenectomy
were included. Patients with no information about the outcome and patients below
the age of 18 were excluded. The STROBE guidelines were followed to ensure correct
reporting of the study methods and results."”

Outcome and definition

The primary outcomes were POPF and DGE, both defined by the International Study
Group of Pancreatic Surgery.”®?' Only grade B/C POPF and DGE were included. The area
under the curve - receiver operating characteristic (AUROC) was calculated to evaluate
the discriminative power of the logistic regression and machine learning model for
prediction of POPF and DGE. Four different machine learning models were examined:
random forest, a neural network, support vector machine, and gradient boosting. An
AUROC between 0.50 and 0.60 was defined as bad, between 0.60 and 0.70 as poor,

between 0.70 and 0.80 as moderate, and between 0.80 and 0.90 as good.****

Variables

The following preoperative patient characteristics and preoperative data were collected:
age, sex, body mass index (BMI), weight loss per week, Eastern Cooperative Oncology
Group (ECOG) performance score, and the latest measurement of preoperative:
serum bilirubin, hemoglobin, albumin, IgG4, CEA and CA19.9. American Society of
Anesthesiologists (ASA) classification, American Joint Committee of Cancer (AJCC) stage,
age-adjusted Charlson Comorbidity Index (CCla),” tumor location (i.e. pancreatic body,
head, peri-ampullary, duodenum), tumor size, vessel involvement, tumor involvement
in other organs, lymph nodes bigger than 10 millimeter, remote metastases, the sum of
worrisome features,” histological diagnosis, application of neoadjuvent therapy, biliary
drainage, type of stent, complications and/or re-intervention after biliary drainage, and
the response evaluation criteria in solid tumors criteria (RECIST).
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The following intraoperative data were collected: type of surgical procedure (i.e. pylorus
preserving pancreaticoduodenectomy (PPPD) or pylorus resecting pancreaticoduode-
nectomy (PRPD)), pancreatic duct diameter, perioperative evidence of residual macro-
scopic tumor, arterial vessel resection, venous vessel resection, additional resections
(including spleen, transversal mesocolon, colon segment resection, hemicolectomy,
gastric resection or other resections), texture of the pancreas, single row anastomosis
or non-single row anastomosis, other perioperative measures (i.e. drains, stents, probes,
somatostatins), length of surgical procedure, and blood loss.

Statistical analysis

The analysis was performed using SAS VIYA version 2021.2.3. Baseline pre- and intraop-
erative characteristics were described. Normally distributed continuous variables were
presented as mean with a standard deviation (SD) and continuous variables with skew
distribution as median with an interquartile range (IQR). Dichotomous variables were
noted as number and percentage. Differences between patients with or without either
a POPF and DGE were compared using Pearson chi-square test in dichotomous variables
and a student’s T-test (normally distributed) or Mann-Whitney U test (skew distribution)
in continuous variables. A p-value <0.05 was considered as statistically significant.

Logistic regression model

Variables were excluded if more than 80% of the data were missing. Data were imputed
via predictive mean matching with 10 iterations.”” The pooled outcome of the 10
iterations was used. The logistic regression model was developed using backward
selection, including all variables with at least a p-value <0.1 in at least six of the ten
imputed datasets. The association between the predictors and outcome were displayed
an odds ratio (OR), 95% confidence interval (95% Cl), and p-values. The models were
validated using bootstrapping, with 250 bootstrapping samples. In order to evaluate
and compare the discriminative power of the models, the median AUROC with an IQR
and the brier score of the 250 bootstrap samples was calculated. The brier score is a
method to verify the accuracy of a probability forecast. A brier score of 0 means perfect
accuracy and a score of 1 means perfect inaccuracy.”®

Machine learning model

Variables were excluded if more than 80% of the data were missing. Continuous variables
were imputed following median imputation and categorical variables following count
imputation.The hyperparameters of the best machine learnings model were determined
and chosen using the autotuning tool: this tool seeks the best hyperparameters, while
keeping the risk of overfitting low. This hyperparameter optimization tool is integrated
in SAS VIYA. The models were validated using bootstrapping, with 250 bootstrapping
samples. Supplementary appendices | and Il show how many times variables were
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included in the 250 different bootstrapped of the best performing machine learning
model. The tables also show the mean importance of the variable and the total
importance, which is the mean importance multiplied by the number inclusion in
the model. The mean importance of the variables was determined using the Gini
Importance, which calculates each feature importance as the sum over the number of
splits that include the features, proportionally to the number of samples it splits.” In
order to evaluate and compare the discriminative power of the models, the median
AUROC of the 250 bootstrap samples with an IQR was calculated.

Results

Between January2014and December2020,4972 patients after pancreatoduodenectomy
were registered in the DPCA. In total, 60 patients were excluded because of missing
information on one of the outcomes. None of the included variables exceeded 80% of
missing data. Among the 4 912 included patients, 799 (16.3%) patients developed a
POPF, 943 (19.2%) patients DGE. Patients had a mean age of 66.7 (SD:10.5), the majority
was male (55.4%) and underwent a procedure via laparotomy (82.9%). All pre- and
intraoperative characteristics per postoperative outcomes are displayed in -

Table 1. Pre- and intraoperative characteristics

Preoperative characteristics Total POPF B/C DGE B/C Missing (%)
(N=4912) (n=799) (n=943)
Age (mean in years) 66.7+10.5 67.1£10.3 67.6+£10.2 8 (0.2%)
Sex (male) 2720 (55.4%) 486 (60.8%) 551 (58.4%) 2 (<0.1%)
BMI (meanin kglmz) 25.3+43 26.6+4.3 25.3+4.3 166 (3.4%)
ASA classification 23 1335 (27.6%) 224 (28.6%) 268 (29.0%) 71 (1.4%)
ECOG score =2 370 (8.8%) 43 (6.3%) 72 (8.7%) 688 (14.0%)
Hemoglobin (mean in mmol/l)  7.8+1.1 7.9+1.1 7.8£1.1 2095 (42.7%)
Albumin (mean in mmol/l) 36.5£10.2 36.8+7.7 36.2+7.8 2812 (57.2%)
Weight loss per week in kg 0.4 [0-1] 0.1[0-0.88) 0.2[0-1.0] 1567 (31.9%)
(median)
Bilirubin (median in mmol/L) 17 [7 - 66] 11.5(7.0-29.8) 10.0[6.0-38.5] 2972 (60.5%)
CA19.9 (median in U/ml) 23[0-160] 245(9.0-99.4) 27.0[16.5-327] 347 (7.1%)
CEA (median in pg/l) 3.1[1.9-5.0] 2.7(1.7-4.7) 3.0[2.0-5.5] 2 383 (48.5%)
19G4 (median in g/l) 0[0-0.29] 0(0-0.4) 0.1 [0-0.42] 674 (13.7%)
Diameter of tumour on CT-scan 27.7+22.2 28.2+27.0 28.5+28.1 1924 (39.2%)
(meanin mm)
Vessel involvement 1213 (25.9%) 116 (15.3%) 200 (22.3%) 233 (4.7%)
Involvement of structures 457 (9.8%) 67 (8.8%) 107 (12.0%) 234 (4.8%)
Lymph node involvement 583 (12.4%) 101 (13.2%) 115 (12.8%) 229 (4.7%)
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Biliary drainage

Application of neoadjuvant
therapy

CCla=4

Surgical procedure
PRPD

PPPD

Approach

Open
Laparoscopic
Robotic

Location of tumor
Duodenum

Head of pancreas
Peri-ampullary
Arterial resection
Venous resection
Additional resection

Length of surgical procedure in
minutes

Blood loss in ml (median in ml)
Soft pancreas
Diameter pancreatic duct

Single row pancreatic
anastomosis

Intra-abdominal drains

Administration of somatostatin
analogue

Stent in pancreas anastomosis

Nasojejunal feeding tube

2526 (53.7%)
426 (14.8%)

2 940 (59.9%)

2396 (48.8%)
2516 (51.2%)

4001 (82.9%)
298 (6.2%)
526 (10.9%)

264 (8.1%)
2414 (74.5%)
563 (17.4%)
74 (1.5%)
710 (14.6%)
464 (9.8%)
3404115

450 [200 - 845]
2755 (61.7%)
4.8+4.6

1208 (24.6%)

4725 (96.2%)
2990 (61.1%)

1619 (33.1%)
987 (20.2%)

362 (45.3%)
20 (4.0%)

497 (62.2%)

435 (54.4%)
364 (45.6%)

591 (74.0%)
69 (8.8%)
126 (16.0%)

76 (14.6%)
287 (55.3%)
156 (30.1%)
15 (1.9%)
57 (7.2%)
94 (12.2%)
342+113

450 [200 - 800]
606 (83.6%)
3.5%5.2

145 (18.1%)

772 (97.1%)
528 (66.4%)

355 (44.7%)
106 (13.3%)

442 (48.4%)
74 (13.5%)

589 (62.5%)

502 (53.2%)
441 (46.8%)

741 (80.5%)
60 (6.5%)
119 (12.9%)

72 (11.8%)
406 (66.8%)
130 (21.4%)
21 (2.2%)
116 (12.4%)
135 (14.3%)
341.6+110.7

500 [200 - 800]
577 (67.2%)
4.2+4.5

225 (23.9%)

901 (96.9%)
589 (62.7%)

349 (37.0%)
168 (17.9%)

207 (4.2%)
2028 (41.3%)

87 (1.8%)

1671 (34.0%)

46 (0.9%)

45 (0.9%)

172 (3.5%)

3 664 (74.6%)

3,545 (72.2%)
450 (9.1%)
1,442 (29.4%)
494 (10.1%)

18 (0.4%)
18 (0.4%)

18 (0.4%)
18 (0.4%)

POPF; postoperative pancreatic fistula, DGE; delayed gastric emptying, BMI; body mass index, ASA;
American Society of Anesthesiologists, ECOG; Eastern Cooperative Oncology Group, CA19.9; cancer-an-
tigen 19.9, CEA; carcinoembryonic antigen, IgG4; immunoglobulin G4, CT; computer tomography, CCla;
adjusted comprehensive complication index, PRPD; pylorus resecting pancreaticoduodenectomy, PPPD;
pylorus preserving pancreaticoduodenectomy.

Postoperative pancreatic fistula

The AUROC of the logistic regression for POPF after bootstrapping was 0.73 with a pooled
brier score of 0.12. Predictors in the logistic regression model were: soft pancreatic
texture (OR: 2.70, p<0.001), non-single row pancreatic anastomosis (OR: 1.41, p<0.002),
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male sex (OR: 1.38, p<0.001), plastic stent for biliary drainage (OR: 1.12, p=0.043), BMI
(OR per kg/m? increase: 1.08, p<0.001), bilirubin (per pmol/L increase: 0.99, p=0.053),
pancreatic duct size (OR per mm increase: 0.91, p<0.001), weight loss (OR per kg
weight loss: 0.89, p=0.012), venous resection (OR: 0.74, p=0.003), nasojejunal feeding
tube (OR: 0.61, p<0.001), localization of tumor, and surgical approach. (see TabIei2)
The mean AUROC of the best performing machine learning model (gradient boosting)
for POPF after bootstrapping was 0.74 (IQR 0.73 - 0.74), with a pooled brier score of 0.13.
The ten variables with the highest sum of the relative importance were: BMI, diameter of
pancreatic duct, pancreatic texture, CA19.9, hemoglobin, age, localization of tumor, CEA,
diameter of tumor, and non-single row pancreatic anastomosis. (-). Supplementary
appendix | shows the relative importance of all pre- and intraoperative variables.

Table 2. Predictors in the multivariate logistic regression model for POPF grade B/C

Variables OR (95% CI)) P - value
Soft pancreas 2.70(2.19-3.33) <0.001
Non-single row anastomosis* 1.41(1.40 - 1.76) 0.002
Male sex 1.38(1.17 - 1.62) <0.001
Plastic stent for biliary drainage 1.12(1.00 - 1.26) 0.043
BMI per kg/m2 increase 1.08 (1.06 - 1.10) <0.001
Bilirubin per pmol/L increase 0.99 (0.99 - 1.00) 0.053
Pancreatic duct size, per mm increase 0.91 (0.88 - 0.95) <0.001
Weight loss per kg loss 0.89 (0.81-0.97) 0.012
Venous resection 0.74 (0.61 - 0.91) 0.003
Nasojejunal feeding tube 0.61(0.48 - 0.78) <0.001
Localization of tumor - -

Head of pancreas Reference -

Body of pancreas 1.15(0.65 - 2.02) 0.640
Peri-ampullary 1.74 (1.38 - 2.20) <0.001
Duodenum 1.61(1.18 - 2.20) 0.003
Approach - -
Open surgery Reference -
Laparoscopic 1.84(1.37 - 2.49) <0.001
Robotic 1.28(1.01-1.62) 0.045

*This included thefollowing techniquesfor PJ:Blumgart, duct-to-mucosa, and dunking/intussusception.
POPF; postoperative pancreatic fistula, OR; odds ratio, Cl; confidence interval, BMI; body mass index.
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Table 3. The ten variables in the gradient boosting model with the highest sum of the mean
relative importance in predicting POPF grade B/C

Variables Included in Mean relative Sum
prediction model importance

BMI 250 5.66 1414.39
Diameter pancreatic duct 250 5.19 1297.37
Soft pancreas 250 4.40 1099.60
CA19.9 250 2.85 711.56
Hemoglobin 250 2.67 668.17
Age 250 2.44 609.17
Tumor location 250 2.27 566.33
CEA 250 1.97 491.36
Diameter of tumor 250 1.70 425.00
Non-single row anastomosis 250 1.62 404.51

Table 4 shows the 10 most important variables in the gradient boosting model for predicting POPF. The
entire model with all included variables and their importance is shown in Supplementary Appendix .
*This included thefollowing techniquesfor PJ:Blumgart, duct-to-mucosa, and dunking/intussusception.
POPF; postoperative pancreatic fistula, BMI; body mass index, CA19.9; cancer-antigen 19.9, CEA;
carcinoembryonic antigen.

Delayed gastric emptying

The AUROC of the logistic regression for DGE after bootstrapping was 0.59 with a pooled
brier score of 0.15. Predictors in the logistic regression model were: soft pancreatic
texture (OR: 1.32, p<0.001), a PRPD (OR: 1.33, p<0.001), the application of a somatostatin
analogue (OR: 1.18, p=0.002), plastic stent (OR: 1.15, p=0.010), age (OR per year increase:
1.01, p=0.005), bilirubin (OR per umol/Lincrease: 0.99, p=0.007), nasojejunal feeding tube
(OR 0.84, p=0.070), and localization of tumor. (see TabI&4) The mean AUROC of the best
performing machine learning model (gradient boosting) for DGE after bootstrapping
was 0.59 (IQR 0.58 - 0.60), with a pooled brier score of 0.14. The ten variables with the
highest sum of the relative importance were: BMI, age, CA19.9, diameter of pancreatic
duct, CEA, hemoglobin lever, diameter of tumor, albumin, weight loss, and non-single
row anastomosis. (-) Supplementary appendix Il shows the relative importance of
the pre- and intraoperative variable.
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Table 4. Predictors in the multivariate model for DGE grade B/C

Variables OR (95% CI) P - value
Soft pancreas 1.32(1.13-1.55) <0.001
Type surgical procedure - PRPD 1.33(1.14-1.56) <0.001
Somatostatin analogue 1.18 (1.07 - 1.31) 0.002
Plastic stent 1.15(1.03-1.27) 0.010
Age per year increase 1.01 (1.00 - 1.02) 0.005
Bilirubin per pmol/L increase 0.99 (0.99 - 1.00) 0.007
Nasojejunal feeding tube 0.84 (0.70 - 1.01) 0.070
Localization of tumor - -

Head of pancreas Reference -

Body of pancreas 0.88(0.48 - 1.59) 0.623
Peri-ampullary 1.27 (1.03 -1.57) 0.029
Duodenum 1.34(1.03-1.77) 0.038

DGE; delayed gastric emptying, OR; odds ratio, Cl; confidence interval, PRPD; pylorus resecting pancre-
atoduodenectomy.

Table 5. The ten variables in the gradient boosting model with the highest sum of the mean
relative importance in predicting DGE

Variables Included in Mean relative Sum
prediction model importance

BMI 250 3.62 904.32
Age 250 3.02 755.54
CA19.9 250 2.69 672.80
Diameter pancreatic duct 250 2.34 584.68
CEA 250 2.12 530.58
Hemoglobin 250 2.11 527.92
Diameter of tumor 250 2.01 503.36
Albumin 250 1.69 42243
Weight loss 250 1.62 404.62
Non-single row anastomosis 250 1.58 394.09

Table 5 shows the 10 most important variables in the gradient boosting model for predicting DGE. The
entire model with all included variables and their importance is shown in Supplementary Appendix I.
*This included thefollowing techniquesfor PJ:Blumgart, duct-to-mucosa, and dunking/intussusception.
DGE; delayed gastric emptying, BMI; body mass index, CA19.9; cancer-antigen 19.9, CEA;
carcinoembryonic antigen.
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Discussion

This first multicenter audit-based study to compare machine learning and logistic
regression for prediction models found no superiority of the machine learning model
for the prediction of POPF and DGE after pancreatoduodenectomy using structured
pre- and intraoperative variables. For both the machine learning and logistic regression
prediction model, the predictive performance of the POPF model was moderate and for
DGE bad.

An accurate prediction of a POPF would be extremely helpful as it would support
clinicians in identifying patients at risk, thereby improving peri-operative decision-
making.***' However, given the performance scores, the models developed in this study
are not useful for daily clinical practice. Especially, concerning the fact that there are
several prediction models available with higher AUROCs and less input variables. For
example, the Fistula Risk Score, developed by Callery et al. (2013) This logistic regression
model was based on four common POPF related risk factors (small duct, soft pancreas,
high-risk pathology and excessive blood loss). After analysis and internal validation on
233 patients, the Fistula Risk Score performed moderate with an AUROC of 0.72.% Six
years later, Mungroop et al. (2019) developed an alternative Fistula Risk Score based on
only three risk factors (small duct, soft pancreas and high BMI). The group designed the
model based on 1 924 patients and the alternative score was externally validated and
compared to the original fistula risk score based on 926 patients. The models achieved
an AUROC of 0.78 for the alternative and 0.75 for the original fistula risk score in the
external validation.*®> The models are easy to understand and convenient to use, since
they use only three or four predictors.

There are several reasons why machine learning did not outperform logistic regression,
as was hypothesized in this study. As was mentioned earlier, machine learning models
are able to take into account the nonlinear interaction between predictors and the
outcomes.** The majority of the variables in this study were discrete values, while the
potency of machine learning models lies in continuous data. These variables lie on a
higher-dimensional space and the relationship of the predictors with the outcomes is
more complex. The number of variables in this database may have been too small for
machine learning to show its benefit. Moreover, only structured data was used. Machine
learning showed its superiority over logistic regression when unstructured data was
added.” Radiomic features derived from CT or MRI images, for instance, might be able
to provide a lot of unstructured data. The results from studies using radiomics to predict
a POPF are promising, with an AUROC varying from 0.80 to 0.90 in several monocenter
retrospective studies.’** Future studies should further investigate its use and externally
validate it, preferably using both radiomics features and structured clinical data. It
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should also be acknowledged that not everything is predictable and a perfect predictive
performance is an utopia.*® Although the etiology and the accompanying risk factors of
POPF and DGE are partly understood, there might still be unknown and unrecognized
factors (both in the pre- and peri-operative phase) playing a role of importance that are
lacking in our current audit.

Despite the findings of this study, the use of ML models in comparison to logistic
regression may have has some advantages.*"* First, they are data driven and have the
ability to continuously improve, since both algorithms can see patterns or features itself
without human intervention.*? Second, each factor is individually reassessed where the
complex interrelationship per patient between the different factors and outcomes are
also taken into account. This is important in an individualized prediction since these
interrelationships are different for each person, making some factors more relevant than
others. Third, in the future, machine learning can easily be added to electronic health
records, which makes it possible to easily and automatically predict complications
based on the pre- and intra operative information, and unstructured available at that
moment.”” All in all, accurate prediction of individual outcome has the potential to
reshape the future of postoperative management and offers the opportunity to develop
a more individualized approach allowing for data-driven individualized medicine.”**

The results of this study should be interpreted in light of several limitations. First, the
proportion of missing data was large for some variables (up to 75%), potentially causing
bias and reduction in efficiency. Because complete case analysis would drastically
reduce the sample size available, multiple imputation was performed. Madley-Dowd
et al. showed that imputation reduced bias even when the proportion of missingness
was large (up to 90%) and missing data was at random (as was the case in this study).46
Variables were therefore only excluded if missingness exceeded 80%. Second, this study
defined both POPF grade B and C as outcome. While grade B POPF is a complication
that can have a significant impact on quality of life, it is not likely that the complication
will determine whether a patient will undergo a pancreatoduodenectomy. A future
prediction model should only predict a grade C POPF in order to accurately determine
which patients are at high-risk for this life-threatening complication. Third, both
pre- and intraoperative data were used and in order to improve the predictability
of the outcomes. However, clinically it may be more helpful if the model uses only
preoperative predictors. Finally, this study used multicenter data from a prospectively
maintained audit. However, external and prospective validation is necessary to increase
the generalizability of the findings. Strengths of this study include the large study
population and its multicenter nationwide study design. Moreover, this study compared
machine learning with logistic regression within the same database.
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Conclusion

This study showed no difference in predictive performance of machine learning
compared to logistic regression in predicting POPF and DGE. Performances of both
models are suboptimal and not useful for daily clinical practice. Future research should
focus on adding radiomics to these models, in order to objectively determine risks
preoperatively.
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pancreatoduodenectomy

Supplementary appendix 1: importance and number of included variables of the gradient boosting

model predicting POPF
Variables Included in Mean relative importance Sum
prediction model

BMI 250 5.66 1414.39
Diameter pancreatic duct 250 5.19 1297.37
Texture pancreas 250 4.40 1099.60
CA19.9 250 2.85 711.56
Hemoglobin 250 2.67 668.17
Age 250 244 609.17
Tumor location 250 2.27 566.33
CEA 250 1.97 491.36
Diameter of tumor 250 1.70 425.00
Non-single row anastomosis 250 1.62 404.51
Bilirubin 250 1.61 403.32
Weight loss 250 1.51 376.64
lgG4 250 1.12 280.30
Albumin 250 1.1 276.93
Approach 250 1.04 258.98
Stent in pancreatic anastomosis 250 1.03 257.00
Blood loss 250 1.02 254.95
Neoadjuvant therapy 249 0.78 193.09
Nasojejunal feeding tube 250 0.73 183.21
Type of surgical procedure 250 0.68 170.54
Length of surgical procedure 250 0.68 169.20
ECOG score 250 0.63 157.34
Preoperative pathology 250 0.60 151.16
Pancreatic anastomosis 250 0.60 149.98
Biliary drainage 250 0.59 147.89
Sex 250 0.59 147.25
CCla 250 0.57 141.96
Tumor visible on CT/MRI 250 0.49 122.71
Comorbidity - diabetes 249 0.49 122.63
ASA classification 249 0.46 115.66
Vessel involvement PV / MSV 245 0.42 103.69
TNM classification 249 0.40 100.38
Venous resection - PV/MSV 247 0.40 99.50
Type of somatostatin analogue 249 0.36 88.87
Type of stent 244 0.32 78.06
Somatostatin analogue 248 0.30 74.12
Additional resection - n/s 241 0.25 60.54
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Tumor visible on EUS
Preoperative laparoscopy
Use of standard CT

EUS performed

Lymph node involvement -
hepatoduodenal ligament

Connective tissue disease

Comorbidity - peripheral arterial
disease

Worrisome features

Comorbidity - myocardial
infarction

Comorbidity - chronic lung
disease

Lymph node involvement -
peripancreatic

Comorbidity - ulcerative disease

Comorbidity - chronic kidney
disease

RECIST criteria

Malignancy as comorbidity
Comorbidity - CVA/TIA
Comorbidity - heart failure

Stent in biliary digestive
anastomosis

Lymph node involvement - para-
aortic

Comorbidity - chronic pancreatitis

Vessel involvement — hepatic
artery

Intra-abdominal drain

Vessel involvement - MSA

Tumor involvement peripancreatic

fat tissue

Tumor involvement — small
intestine

Type of reintervention after biliary

drainage

Complication biliary drainage -
cholangitis

Nasojejunal feeding tube
Tumor involvement - CBD

Complication biliary drainage -
pancreatitis

158

243
239
241
238
222

228
225

215
228

220

221

215
216

165
212
204
193
186

162

179
167

174
140
156

159

143

88

123
104
97

0.24
0.24
0.20
0.20
0.21

0.20
0.20

0.17
0.16

0.17

0.15

0.15
0.14

0.18
0.14
0.13
0.13
0.13

0.13

0.10
0.09

0.08
0.10
0.09

0.08

0.09

0.15

0.08
0.08
0.07

59.31
57.13
47.43
46.80
46.71

45.94
45.12

37.49
37.33

36.78

33.28

32.06
29.63

29.08
28.74
27.44
25.62
24.94

20.53

18.50
14.25

13.82
13.71
13.51

13.24

13.14

12.82

9.92
833
6.43
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Additional resection - mesocolon

transversum

Additional resection - right
hemicolectomy

Comorbidity - liver disease

Complication biliary drainage -
occlusion

95

0.06

0.20

0.10
0.05

552

0.40

0.10
0.09

POPF; postoperative pancreatic fistula, BMI: body mass index, CA19.9; cancer-antigen 19.9, CEA:
carcinoembryonic antigen, IgG4, immunoglobulin G4, ECOG; Eastern Cooperative Oncology Group, ASA;
American society of anesthesiologists, CCla; age adjusted Charlson Comorbidity Index, PV; portal vein,
MSV; mesenteric superior vein, EUS; endoscopic ultrasound, RECIST; response evaluation criteria in solid
tumors, MSA; mesenteric superior artery, CBD; common bile duct

Supplementary appendix Il, importance and number of included variables of the gradient boosting

model predicting DGE
Variables Included in Mean relative Sum
prediction model importance

BMI 250 3.62 904.32
Age 250 3.02 755.54
CA19.9 250 2.69 672.80
Diameter pancreatic duct 250 234 584.68
CEA 250 2.12 530.58
Hemoglobin 250 2.1 527.92
Diameter of tumor 250 2.01 503.36
Albumin 250 1.69 422.43
Weight loss 250 1.62 404.62
Non-single row anastomosis 250 1.58 394.09
9G4 250 1.39 347.09
Blood loss 250 1.31 326.67
Bilirubin 250 1.30 326.22
Surgical procedure 250 1.05 261.75
Length of surgical procedure 250 0.93 233.03
Additional resection - n/s 250 0.83 208.12
Tumor location 250 0.83 208.09
Preoperative pathology 250 0.78 195.39
Biliary drainage 250 0.77 192.26
Somatostatin analogue 250 0.71 177.07
ECOG score 250 0.70 175.67
Stent in pancreatic anastomosis 250 0.66 165.55
CCla 250 0.63 156.44
Texture pancreas 250 0.54 134.89
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Approach

Nasojejunal feeding tube
Sex

Tumor visible on CT/MRI
ASA classification

Type of stent

TNM classification

Comorbidity - chronic kidney
disease

Tumor visible on EUS
Comorbidity - diabetes
Nasojejunal feeding tube

Tumor involvement — small
intestine

Worrisome features

Use of standard CT

Vessel involvement PV / MSV
Venous resection - PV/MSV
Preoperative laparoscopy
EUS performed

Comorbidity - chronic lung
disease

Comorbidity - peripheral arterial
disease

Comorbidity - myocardial
infarction

Neoadjuvant therapy

Additional resection - mesocolon
transversum

Lymph node involvement -
peripancreatic

Malignancy as comorbidity

Lymph node involvement -
hepatoduodenal ligament

Type of reintervention after biliary
drainage

Comorbidity - ulcerative disease
RECIST criteria

Stent in biliary digestive
anastomosis

Vessel involvement - MSA
Intra-abdominal drain

Comorbidity - chronic pancreatitis
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249
249
250
250
250
248
247
239

246
248
204
219

234
241
240
243
243
239
237

233

229

226
187

225

205
210

172

192
181
177

174
173
177

0.51
0.50
0.49
0.47
0.40
0.38
0.36
0.37

0.33
0.28
0.33
0.30

0.27
0.26
0.25
0.24
0.23
0.23
0.21

0.19

0.20

0.19
0.22

0.16

0.16
0.13

0.15

0.12
0.11
0.11

0.12
0.11
0.11

125.77
124.36
122.54
117.41
99.82
95.25
89.83
88.59

81.08
69.20
67.73
65.11

64.17
62.55
61.04
59.08
56.96
54.48
49.71

45.21

44.77

42.81
40.23

36.38

33.70
28.04

26.34

23.62
20.70
20.33

20.32
19.47
19.20
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Comorbidity - CVA/TIA 177 0.10 17.95
Connective tissue disease 166 0.11 17.85
Comorbidity - heart failure 157 0.11 16.67
Tumor involvement peripancreatic 149 0.11 16.43
fat tissue

Lymph node involvement - para- 137 0.11 15.58
aortic

Tumor involvement — CBD 142 0.10 14.30
Complication biliary drainage - 122 0.10 12.34
pancreatitis

Vessel involvement — hepatic 119 0.08 9.83
artery

Complication biliary drainage - 52 0.08 4.12
cholangitis

Complication biliary drainage - 4 0.10 0.40
occlusion

Additional resection - right 2 0.17 0.35

hemicolectomy

DGE; delayed gastric emptying, BMI; body mass index, CA19.9; cancer-antigen 19.9, CEA;
carcinoembryonic antigen, IgG4; immunoglobulin G4, ECOG; Eastern Cooperative Oncology group, CCla;
age adjusted Charlson Comorbidity Index, ASA; American society of anesthesiologists, EUS; endoscopic
ultrasound, PV; portal vein, MSV; mesenteric superior vein, RECIST; response evaluation criteria in solid
tumors, MSA; mesenteric superior artery, CBD; common bile duct.
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Structured abstract

Background:Accurately predicting theriskof clinically relevant postoperative pancreatic
fistula (CR-POPF) after pancreatoduodenectomy prior to surgery may assist surgeons in
making more informed treatment decisions and improved patient counseling. The aim
was to evaluate the predictive accuracy of a radiomics-based preoperative-Fistula Risk
Score (RAD-FRS) for CR-POPF.

Methods:Radiomicfeatures were derived from preoperative CTscansfrom adult patients
after pancreatoduodenectomy at a single center in the Netherlands (Amsterdam, 2013
-2018) to develop the RAD-FRS. Extracted radiomic features were analyzed with four
machine learning classifiers. The model was externally validated in a single center in
Italy (Verona, 2020 — 2021). The RAD-FRS was compared to the Fistula Risk Score (FRS)
and the updated alternative Fistula Risk Score (ua-FRS).

Results: Overall, 359 patients underwent a pancreatoduodenectomy, of whom 89
(25%) developed a CR-POPF. The RAD-FRS model was developed using CT scans of
118 patients, of which three radiomic features where included in the random forest
model, and externally validated in 57 patients. The model performed well with an area
under the curve (AUC) of 0.90 (95% Cl: 0.71 - 0.99) and 0.81 (95% Cl: 0.69 — 0.92) in the
Amsterdam test set and Verona dataset, respectively. The RAD-FRS performed similarly
to the FRS (AUC 0.79) and ua-FRS (AUC 0.79).

Conclusion: The RAD-FRS, which uses only preoperative CT features, is a new and
promising radiomics-based score that has the potential to be integrated with hospital
CT report systems and improved patient counseling preoperatively. The model with
underlying code is readily available via www.pancreascalculator.com and www.github.
com/PHAIR-Consortium/POPF-predictor.
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Introduction

Clinically relevant postoperative pancreatic fistula (CR-POPF) is a feared complication
following pancreatoduodenectomy that negatively impacts short- and long-term
outcomes."” Accurate risk stratification of CR-POPF in the preoperative setting can
assist in determining the best surgical approach for high-risk or frail patients. In the
perioperative period, high-risk patients for CR-POPF may be candidates for prophylactic
treatment such as with somatostatin analogs.’ In patients with cystic lesions of the
pancreatic head, accurate risk stratification of CR-POPF can help decide whether
to proceed with a pancreatoduodenectomy or consider alternative approaches.* A
recent study demonstrated improved postoperative outcomes for high-risk patients
who underwent a total pancreatectomy compared to those who underwent a
pancreatoduodenectomy.’

Previous research has introduced several CR-POPF prediction models for
pancreatoduodenectomy, including the Fistula Risk Score (FRS) and the updated
alternative Fistula Risk Score (ua-FRS).%” These risk models are commonly used but have
limitations, including their reliance on subjective intraoperative assessments (e.g., the
texture of the pancreas) and their inability to provide predictions before surgery.

Radiomics is an approach for extracting features from medical images. It enables
objective approaches for texture analysis and can uncover new parameters, some
invisible to the human eye.? Previous studies have investigated the use of computed
tomography (CT)-based-radiomics models to predict CR-POPF.”"* However, radiomics-
based models which are publicly available and externally validated are currently
lacking. The objective of this study was to develop and externally validate a publicly
available radiomics preoperative-Fistula Risk Score (RAD-FRS) in patients undergoing
pancreatoduodenectomy using radiomic features from preoperative CT scans. Such a
model could lead to automatic CR-POPF risk prediction in CT reports.

Methods

The Medical Ethics Review Committee of the Amsterdam UMC approved this study
protocol and waived the need for informed consent. The Ethics Committee of Verona
and Rovigo Provinces approved the utilization of data from the validation cohort (PAD-R,
1101CESC). The study adhered to the STROBE guidelines.'* All patients were managed
per institutional practices. At the Amsterdam UMC, it was a standard procedure to insert
an abdominal drain after resection, and the routine administration of somatostatin
analogues was not performed. The levels of drain fluid amylase were measured on
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postoperative day 1 and 3. At Verona University Hospital, an assessment of the risk
associated with CR-POPF was carried out intraoperatively using the FRS. In instances
where a drain was employed, the levels of drain fluid amylase were measured on both
postoperative day 1 and day 5.

Patients

For model design, adult patients after pancreatoduodenectomy in one of the two
locations of the Amsterdam UMC (Vrije Universiteit Medical Center) were included
from the Dutch Pancreatic Cancer Audit (January 2013-December 2018). Exclusion
criteria were patients with a poor quality CT scan or with CTs with slice thickness
>3.0mm. A poor quality CT scan was defined as a poor scan due to artifacts (e.g.
respiratory motion artifacts). For external validation of the model, adult patients after
pancreatoduodenectomy in the Verona University Hospital were included (January
2020-January 2021). The same eligibility criteria were applied. These datasets will be
referred to as the Amsterdam and Verona dataset, respectively.

Data acquisition and outcome

The following patient demographics and tumor characteristics were retrospectively
obtained from electronic health records: age (years), sex, BMI (kg/m?), ASA classification,
pre-existing diabetes, application of neoadjuvant therapy, surgical approach (i.e., open/
laparoscopic/robotic surgery), pancreatic duct size, pancreatic texture, intraoperative
blood loss, length of surgical procedure, pathology. The pancreatic duct size was mea-
sured intraoperatively with a ruler. The pancreatic texture was assessed subjectively
by surgeon feeling intraoperatively and in minimally invasive surgery, the texture was
determined at the resected pancreatoduodenectomy specimen. Contrast enhanced
CT scans were obtained from the picture archiving and communication systems. The
primary outcome was a clinically relevant POPF, defined as grade B or C according to
the 2016 ISGPS definition."

Datasets

Two full datasets, Amsterdam and Verona datasets, were used. Amsterdam dataset
was further divided into three subdatasets as follows. First, the Amsterdam dataset
was divided into two sets: the Amsterdam development set, comprising 90% of the
Amsterdam dataset, and the Amsterdam test set, comprising the remaining 10% of
the data. Within the Amsterdam development set, a further division was performed,
creating Amsterdam training and validation sets using five-fold cross-validation. The
models were trained on the Amsterdam development set and evaluated on both the
Amsterdam test set and the Verona dataset. The data splits of the Amsterdam and
Verona datasets are visualized in FigUren.
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Figure 1

Development set Test sets

Training Validation Amsterdam test set  Verona dataset

The Amsterdam dataset (n=118) was split into Amsterdam development (90%, n=106) and test set
(10%, n=12). The Amsterdam development set was further split into Amsterdam training and validation
set using 5-fold cross validation. The best out of 25 models with regards to the AUROC on the Amsterdam
test set was evaluated on the Verona dataset (n=57).

AUROC; area under the curve — receiver operating characteristic

Image segmentation and radiomic analysis

We constructed a radiomics workflow consisting of the segmentation of the volume of
interest (VOI) and radiomic feature extraction, feature selection and model construction
on the Amsterdam development set, and performance evaluation on the Amsterdam
test set and Verona dataset.

A PhD candidate specializing in the field of radiology and surgery (El) and a resident
in radiology (IV) manually pre-segmented the VOI in either the (late) arterial or portal
venous phase using 3D slicer version 4.11.20210226 (www.slicer.org)."® Subsequently,
an experienced abdominal radiologist (YN or FS in the Amsterdam dataset and RRin the
Verona dataset), who was blinded to the patient’s outcome, finalized the segmentation.
The VOI represented the pancreatic remnant, segmented distal/lateral (i.e., towards
the tail) from the midline of the superior mesenteric vein, considering that all patients
underwent a pancreatoduodenectomy. The segmentation encompassed both
pancreatic tissue and the pancreatic duct. The surrounding vessels (i.e., splenic artery,
splenic vein, superior mesenteric vein, and portal vein) were segmented to prevent
their inclusion in the pancreatic segmentation mask but were not part of the final VOI
(FigUrE2). I both the arterial and portal venous phases were available, the pancreas was
segmented in the (late) arterial phase. If the arterial phase was unavailable, the pancreas
was segmented in the portal venous phase.
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Figure 2.

An example of a contrast-enhanced CT scan in the early arterial phase of the abdomen, showing the
contoured pancreatic tissue (pink), pancreatic duct (light blue), splenic artery (red), and the superior
mesenteric vein (dark blue) in an axial image. The vertical yellow line indicates the midline of the superior
mesenteric vein, with the pancreas annotated on the left side. The volume of interest consisted of the
pancreatic tissue and pancreatic duct

CT; computed tomography.

Radiomic features were extracted from each VOI of patients in the Amsterdam
dataset using PyRadiomics version 3.0 (http://github.com/radiomics/pyrdiomics).”
Subsequently, 25 Amsterdam development test splits were created for final model
selection. For each split, 90% of the Amsterdam dataset was allocated to training
and 10% to testing. The features of each Amsterdam development and test set were
normalized independently using the MinMax scaler. Two feature reduction methods
were serially applied to the Amsterdam development sets to select the most predictive
features for each split: removing of features with a variance of less than 0.001 and with
an importance near zero using LASSO feature selection.

Four machine learning (ML) classifiers were fitted to the Amsterdam development sets:
support vector machine, logistic regression, k-nearest neighbor, and random forest. Before
training, the minority classes in the Amsterdam development sets were oversampled with
a sampling strategy of 0.9, and, subsequently, the majority classes were undersampled. To
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create more equally sized groups based on the presence or absence of CR-POPF, the data
was manually undersampled. Finally, random Gaussian noise with a mean of zero and a
variance of 0.2 was added to the Amsterdam development sets. A 5-fold cross-validation
grid search optimizing AUROC was used to find the hyperparameters and fit all four ML
classifiers on the Amsterdam development sets. All four ML classifiers were optimized,
fitted, and evaluated on all 25 Amsterdam development-test splits. The best-performing
ML classifier with regards to AUROC on the Amsterdam test set was validated on the
Verona dataset. The performance of this model on both the Amsterdam test set and
Verona dataset was evaluated using the AUROG, sensitivity, specificity, positive predictive
value (PPV), negative predictive value (NPV), and calibration plots.

Statistical analysis

Statistical analysis was conducted using Python version 3.7 (Python Software Foundation,
Wilmington, DE) and R-Studio version 2022.07.1 (R Studio Team (2018). RStudio: Integrated
Development for R. RStudio Inc., Vienna, Austria). The AUROC of the RAD-FRS, FRS, and ua-
FRS were reported with a 95% confidence interval (95% Cl). The maximum Youden’s Jvalue
from the AUROC was used to identify the cut probability where prediction discrimination
was maximum according to sensitivity and specificity. The AUROC of the RAD-FRS was
compared to the AUROC of the FRS and ua-FRS in the Verona dataset using DeLong's test.
Calibration curves were used to compare the observed and estimated probability of the
models. A p-value <0.05 was considered statistically significant. Continuous variables
were reported as mean with a standard deviation (SD) or median with an interquartile
range (IQR) if the distribution was skewed. Dichotomous, ordinal, and nominal variables
were presented as numbers and percentages.

Results

Overall, 224 patients underwent a panceatoduodenectomy at UMC Amsterdam in
the Netherlands and 135 at the Verona University Hospital in Italy. A total of 89 (25%)
developed CR-POPF. In the Amsterdam dataset, a total of 106 patients were excluded:
100 patients without CR-POPF were randomly excluded for the analysis as a result of
undersampling, 3 patients were excluded because of a poor quality CT scan, and 3 did
not have slices <3.0 mm, resulting in 118 patients that were included in the Amsterdam
dataset. Of those, 50 developed CR-POPF (Figlif€3). In the Verona dataset, 135 patients
underwent a pancreatoduodenectomy between January 2020 and January 2021, with
CR-POPF occurring in 22 patients (FigUfé®). As a result of undersampling, 60 patients
without CR-POPF were randomly excluded from the analysis. Another 18 patients were
excluded, 6 due to poor CT scan quality, and 12 did not have slices <3.0mm. In total, 57
patients were included in the Verona dataset, of whom 22 developed CR-POPF.
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Characteristics of the Amsterdam and Verona datasets

The clinical characteristics of both the Amsterdam and Verona datasets are shown in
aBIEY. The dataset differed in sex (36% female in the Amsterdam dataset versus 45%
in the Verona dataset), the application of neoadjuvant therapy (14% in the Amsterdam
dataset versus 58% in the Verona dataset), surgical approach (15% of patients in the
Amsterdam dataset underwent a laparoscopic pancreatoduodenectomy versus 0% in
the Verona dataset), and application of a prophylactic somatostatin analogue (15.3%
in the Amsterdam dataset versus 31.2% in the Verona dataset). The Amsterdam dataset
comprised 118 patients with a median age of 68 years (IQR: 59 -79 years) and a mean
BMI of 25.7 (SD: 3.9). The Verona dataset included 57 patients with a median age of
68 years (IQR: 61 - 75) and a mean BMI of 25 kg/m2 (SD: 4.1 kg/m?). Reconstruction
and acquisition parameters used to obtain the CT scans of the Amsterdam and Verona

datasets are listed in SUPPIEMentary Table.

Table 1. Baseline characteristics of the Amsterdam and Verona datasets.

Amsterdam dataset Verona dataset

(n=118) (n=57)
Age, median (IQR) 68 (59 -79) 68 (61 -75)
Sex (female), no. (%) 43 (36%) 25 (45%)
BMI, mean (SD) 26+3.9 25+4.1
ASA classification, no. (%)
1&2 1(77%) 42 (74%)
3&4 7 (23%) 5 (26%)
Diabetes Mellitus, no. (%) 0 (17%) 10 (18%)
Neoadjuvant therapy, no. (%) 16 (14%) 33 (58%)
Preoperative biliary drainage, no (%) 5 (29.6%) 17 (29.8%)
Laparoscopic procedure, no (%) 18 (15%) 0
Pancreatic duct size in mm, median (IQR) 3(2-4) 4(3-5)
Soft pancreas, no. (%) 76 (64%) 32 (55%)
Intraoperative blood loss in ml, median (IQR) 400 (380 - 420) 480 (350 - 792)
Length of surgical procedure (minutes), median (IQR) 325(233-379) 390 (327 - 465)
Pathology
PDAC 6 (48%) 38 (67%)
Distal cholangiocarcinoma 22 (19%) 3(5.3%)
Ampullary carcinoma 3(11%) 3(5.3%)
Duodenal carcinoma 10 (8.5%) 4 (7.0%)
Cystic neoplasm (IPMN, serous cysts, MCN) 7 (5.9%) 3(5.3%)
Inflammation / pancreatitis 5 (4.2%) 0
NET 4 (3.4%) 6 (10.5%)
Chronic pancreatitis 1 (0.8%) 0
Administration of prophylactic somatostatin analogues, no (%) 18 (15.3%) 18 (31.2%)

IQR; interquartile range, BMI; body mass index, ASA; American Society of Anesthesiologists, SD;
standard deviation, PDAC; pancreatic ductal adenocarcinoma, IPMN; intraductal papillary mucinous
neoplasm, MCN; mucinous cystic neoplasm, NET; neuro-endocrine tumour.
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Amsterdam dataset

In the Amsterdam dataset, 103 (87%) CT scans were segmented in the (late) arterial
phase and 15 (13%) in the portal venous phase. A total of 120 radiomic features were
extracted. These features are listed in SUPPIEMENtary Tablei2. The final RAD-FRS model
included three radiomic features: one gray level dependence matrix feature (gray level
non uniformity) and two 3D shape based features (voxel volume and minor axis length).
The gray level non uniformity feature quantifies gray level dependencies in an image
and measures the variability in intensity values in the image. This feature corresponds to
pancreatic texture. The 3D shape based features includes the descriptors of the three-
dimensional size and shape of the VOI. The voxel volume feature corresponds to the
volume of the VOI and thus the remnant of the pancreas volume. The minor axis length
yields the second largest axis length of the VOI and could correlate to the pancreatic
thickness. The random forest model performed best with an AUC of 0.90 (95% CI: 0.71 -
0.99) in the Amsterdam test set (n = 12). This model had a sensitivity of 1.00, specificity
of 0.67, PPV of 0.71, and NPV of 1.00 in the Amsterdam test set. For the calibration curve
of the Amsterdam test set, see Figlif€l5. The results of the other three machine learning

models are listed in TabI&2.

Figure 5.

1.0

0.6
|

Observed probabilities
0.4

0.2

0.0
|

0.0 02 04 0.6 0.8 1.0
Predicted probabilities

A calibration plot of the RAD-FRS in the Amsterdam test set and Verona dataset. The black dots represent
the quintiles of the observed probabilities by quintiles of the predicted probabilities of Amsterdam test
set, while the white triangles represent the same for the Verona dataset. The dashed line represents the
ideal performance of the score.

RAD-FRS; Radiomics preoperative-Fistula Risk Score.
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Verona dataset

In the Verona dataset, 52 (91%) CT scans were segmented in the (late) arterial phase
and 5 (9.1%) in the portal venous phase. The AUC of the random forest model on
the Verona dataset (n = 57) was 0.81 (95% Cl: 0.69 - 0.92), with a sensitivity of 0.96,
specificity of 0.66, PPV of 0.64, and NPV of 0.96. The calibration curve indicated that
the model’s performance was consistent with the observed data in Verona dataset and
demonstrated an improvement in the consistency between estimated and observed
probabilities compared to the Amsterdam test set. (FigUE!S).

Comparison with the FRS and ua-FRS

The AUC of the RAD-FRS was 0.81 (95% Cl: 0.60 — 0.92) on the Verona dataset, which was
comparable to that of the FRS (AUC 0.79, 95% Cl: 0.67 - 0.91, DelLong test: p = 0.85) and
ua-FRS (AUC 0.79, 95% Cl: 0.66 - 0.91, DeLong test: p = 0.87) (Figufel6).

Figure 6.
ROC Curve

— RAD-FRS, AUC: 0.81
FRS, AUC: 0.79
uaFRS, AUC: 0.79

— Reference Line

Sensitivity

"0,0 02 0,4 06 0,8 1.0

1 - Specificity

Comparison of the ROC curves for RAD-FRS, ua-FRS, and FRS in predicting CR-POPF in the Verona
dataset. The reference line represents the performance of a random guess.

ROC; receiver operating characteristics, RAD-FRS; Radiomics preoperative-Fistula Risk Score, ua-FRS;
updated alternative Fistula Risk Score, FRS; Fistula Risk Score, CR-POPF; clinically relevant postoperative
pancreatic fistula.
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Table 2. Predictive performances of the four machine learning models on the Amsterdam test set.

AUC Sensitivity Specificity
Random Forest 0.90 0.99 0.67
Logistic regression 0.86 0.90 0.62
Support Vector Machine 0.81 0.98 0.53
K-nearest neighbor 0.80 0.80 0.75

AUROC; area under the curve - receiver operating characteristics

Discussion

The RAD-FRS is the first externally validated and publicly available prediction model
for CR-POPF using radiomic features of preoperative CT scans, which performed well
with similar external validity to two commonly used risk models for CR-POPF (AUC 0.81),
the FRS (AUC 0.79) and ua-FRS (AUC 0.79).%” Such a radiomics-based model could assist
surgeons in counseling patients and making more informed treatment decisions in the
preoperative setting already. Moreover, accurate risk stratification of CR-POPF in the
preoperative setting can assist in determining the best surgical approach for high-risk
or frail patients.

Four previous studies used radiomic features from the preoperative CT scan to
predict CR-POPF. " These studies included a comparable number of patients after
pancreatoduodenectomy, ranging from 100 to 250. In these studies, the AUC, sensitivity,
and specificity were also comparable to the present study, with the AUC ranging from
0.76 to 0.81 in the Amsterdam test set (TaBIES). However, these studies lacked external
validation and did not include patients who received neoadjuvant or induction therapy
patients. The present study did include patients with neoadjuvant therapy. However,
its use was still relatively limited during the examined study period, especially in the
Amsterdam dataset (14% and 58% of all patients and 27% and 75% of patients with
pancreatic cancer, in the Amsterdam dataset and Verona dataset respectively).
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Table 3. Comparison of the performance of the RAD-FRS model with other published studies
that have used radiomic features derived from preoperative CT scans to predict the occur-
rence of CR-POPF.

All Risk AUROC Sensitivity Specificity
RAD-FRS

Amsterdam test set 0.90 0.99 0.67
Verona dataset 0.81 0.96 0.66

Capretti et al.’
Internal test set 0.81 0.82 0.57
External test set Missing Missing Missing

Kambakamba et al.”®

Internal test set 0.78 0.76 0.64
External test set Missing Missing Missing
Linetal."

Internal test set 0.79 0.63 0.78
External test set Missing Missing Missing
Zhang etal.”

Internal test set 0.76 Missing Missing
External test set Missing Missing Missing

CR-POPF; clinically relevant postoperative pancreatic fistula, CT; computer tomography, RAD-
FRS,; Radiomics preoperative-Fistula Risk Score, AUROC; area under the curve — receiver operating
characteristics.

Although the RAD-FRS has the advantage over the FRS and ua-FRS in that it predicts
CR-POPF preoperatively, it currently is less convenient to use than the FRS and ua-
FRS due to the need for time-consuming manual segmentation of the pancreatic
parenchyma. To make the RAD-FRS clinically applicable, auto-segmentation is required.
Future work will involve developing an auto-segmentation model using deep learning
techniques to fully automate the segmentation of the pancreatic parenchyma. Such
a fully automated CR-POPF prediction model has the potential to be integrated into
commonly used hospital radiology systems and CT scanners allowing for predictions at
scanning time. These risk assessments could facilitate personalized treatment decisions
by aiding surgeons in deciding on mitigation strategies and whether to proceed with
a pancreatoduodenectomy. The initial results of a fully automatic CR-POPF prediction
model developed by our group are promising. Another area of future work should
involve the combination of radiomic features with preoperative clinical data, as
demonstrated in a model developed by Lin et al., which exhibited excellent predictive
performance.'’ Bhasker et al. also incorporated mesh-based volume to this combination
model and demonstrated a significant improvement of the predictive performance
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with this addition.”* However, both the combination models developed by Lin et al. and
Bhasker et al. require external validation and are currently not publicly available.

Several limitations of this study should be addressed. First, patients included in this
study were managed following institutional practices. Therefore, differences in the
peri-operative management, including drain management and administration of
somatostatin analog, between both centers were conceivable. Despite these potential
differences, the RAD-FRS performed well on the Verona dataset, showing its potential
across heterogeneous populations. Second, this is a retrospective study with all its
inherent limitations. A prospective study is needed to investigate the true value of
the tool and to assess whether it can influence clinical decision-making. Third, most
patients in both datasets underwent open surgery, and a subgroup analysis of open
and minimally invasive pancreatic surgery is therefore lacking. As minimally invasive
pancreatoduodenectomy is more commonly performed, future studies will need to
validate the usefulness of the model in such patients for future applications."® Fourth,
manual undersampling was used to create more equally sized groups based on the
presence or absence of CR-POPF. However, manually annotating patients without
CR-POPF would be futile, considering that undersampling would be one of the first
preprocessing steps. Fifth, we did report calibration, but for clinical use, this would
require correction for the undersampling. The discriminative ability of the RAD-FRS was
promising as evaluated on the Verona dataset. Future work should enable absolute risk
estimations in the total population.

The RAD-FRS can potentially improve patient prognosis and could eventually assist
surgeons in making tailored treatment decisions. The externally validated RAD-RFS
model and the code used for training, validation, and evaluation, are provided at www.
pancreascalculator.com and www.github.com/PHAIR-Consortium/POPF-predictor.
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Supplementary Table 1. Acquisition and reconstruction parameters of the CT scans of the

Amsterdam and Verona datasets.

Parameter Amsterdam dataset Verona test set
Pitch 0.6-1.388 0.5-0.891

X-ray tube current 17-183mA 200 - 250mA

kVp 90 - 120 kVp 90 - 120 kVp

Tube rotation speed 04-0.7ms 0.4-0.75ms

Slice thickness 1.0 -3.0mm 1.0-2.0mm

Width 400-934 300 - 400

Height 300-975 300 - 400

Machine manufacturer SIEMENS, GE Healthcare Philips Brilliance 64

Siemens Somatom Definition Edge 128

Supplementary Table 1. Upper value is the maximum and lower value is the minimum of all values

present in the dataset for that specific parameter.
CT; computed tomography, kVp; kilovoltage peak

Supplementary Table 2. List of radiomic features extracted from Pyradiomics.

Feature class

Number of features

First order statistics

Shape-based (3D)

Shape-based (2D)

Gray Level Co-occurrence Matrix

Gray Level Run Length Matrix

Gray Level Size Zone Matrix

Neighboring Gray Tone Difference Matrix

Gray Level Dependence Matrix

19 features
16 features
10 features
24 features
16 features
16 features
5 features

14 features

Supplementary Table 2 lists all the extracted radiomic features. These features are extracted using
Pyradiomics. A description of each feature can be found on: https://pyradiomics.readthedocs.io/en/

latest/features.htm|
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Abstract

Purpose: To develop and externally validate a pre-operative Artificial Intelligence (Al)-
based Fistula Risk Score (AI-FRS) for predicting post-operative pancreatic fistula (POPF)
in patients undergoing pancreatoduodenectomy.

Materials and Methods: In this retrospective study, we developed an Al model to
segment the pancreas in contrast-enhanced CTs using 613 CTs of 467 patients with
pancreatic abnormalities and 50 control patients. We developed the AI-FRS to predict
POPF using a random forest model and radiomic features extracted from the pancreas
segmentationsin 118 pre-operative CT scans of 118 adult patients scheduled for pancre-
atoduodenectomy at a single center in the Netherlands (2013-2018). We evaluated the
AI-FRS on an internal test set comprising 15 patients from the center in the Netherlands
and an external test set comprising 50 patients from a single center in Italy (2020-2021)
using the area under the receiver operating characteristic curve (AUROC). We compared
the performance of the AI-FRS to three existing fistula risk scores (FRS, ua-FRS, RAD-FRS).

Results: In the internal data set, 50 (42%) patients developed POPF. In the external test
set, 20 (40%) patients developed POPF. The AUROC of the AI-FRS was 0.86 (95% Cl: 0.71
- 1.00) on the internal test set and 0.83 (95% Cl: 0.72 - 0.94) on the external test set. The
AI-FRS reached a higher AUROC than the three existing fistula risk scores. However, this
difference was not statistically significant.

Conclusions: The AI-FRS accurately predicts the risk of POPF after pancreatoduodenec-

tomy based on radiomic features from automatic pancreas segmentations. After further
validation, this model may allow for automatic pre-operative prediction of POPF.
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Introduction

Post pancreatic fistula (POPF), the leading complication following pancreato-duodenec-
tomy, is associated with further morbidity, prolonged hospital stay, increased resource
utilization, mortality, and worse oncologic outcome."” An accurate prediction could aid
surgeons in making more informed treatment decisions, including the implementa-
tion of perioperative mitigation strategies, forgoing surgery in patients with low-risk
pancreatic cysts, and considering alternative surgical approaches, such as total pancre-
atectomy in patients with high-risk pancreatic anastomoses.’

Several prediction models for POPF have been developed with good predictive per-
formances. However, most of these models rely on intra-, or post-operatively extracted
features, limiting their clinical relevance.”"" In contrast, prediction models based on
radiomic features allow pre-operative predictions and have shown promising results.”'?
Our research group recently developed a prediction model using radiomic features from
manually segmented computed tomography (CT) scans, the radiomic-based pre-opera-
tive Fistula Risk Score (RAD-FRS). Nevertheless, these methods rely on time-consuming
manual segmentations, assessments, or corrections performed by radiologists.”">'* A
fully automated segmentation model could make manual segmentations obsolete and
is an essential step toward implementing reliable radiomics-based prediction models in

daily clinical practice.

This study aimed to develop and externally validate an artificial intelligence (Al)-based
Fistula Risk Score (AI-FRS) in patients undergoing pancreatoduodenectomy using
radiomic features extracted from Al-generated segmentations of the pancreas on pre-
operative CT scans. In addition, this study compared the predictive performance of the
AI-FRS to several existing fistula risk scores, including the RAD-FRS constructed with
manual pancreas segmentations, the Fistula Risk Score (FRS), and the updated alterna-
tive Fistula Risk Score (ua-FRS).">'¢

Material and Methods

This retrospective study obtained delegated research ethics approval from the Medical
Ethics Review Committee of the Amsterdam UMC (references: 2022.0241, CPB/aj/345654,
MdV/ss/METC/68052). The Ethics Committee of Verona and Rovigo Provinces approved
using data from the validation cohorts (PAD-R, 1101CESC). General informed consent
was obtained from all patients. All research was performed in accordance with relevant
guidelines and/or regulations.
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Datasets

We used three datasets for this study containing 783 CTs of 642 patients with pancreatic
abnormalities and 50 CTs of 50 control patients obtained between 2013 and 2021. Da-
taset A consisted of four sub-datasets (A.7, A.2, A.3, and A.4) and was used to train the Al
segmentation model. The characteristics of dataset A are described in aBleH. Dataset
B was an internal dataset used for developing the prediction model, while dataset C
was an external dataset used for validating the model. For the construction of internal
dataset B, adult patients who underwent a pancreatoduodenectomy between January
2013 to 2018 in the Amsterdam University Medical Centers (UMC) were screened for
the occurrence of POPF (-). For the construction of the external dataset C, adult
patients from Verona University Hospital who underwent a pancreatoduodenectomy
between 2020 and 2021 were screened for the occurrence of POPF (FigUfe2).

Table 1: Characteristics for datasets A.1, A.2, A.3, and A.4.

Characteristic Dataset A.1 Dataset A.2 Dataset A.3 Dataset A.4

Number of scans 232 50 50 281

Number of patients 136 50 50 281

Timeframe 2013 -2020 2019 - 2021 2013 -2017 Not available

CT phase Late arterial Late arterial Late arterial Portal venous phase

phase phase phase

Pancreatic Resectable Locally advanced  No pancreatic ~ PDAC, intraductal mucinous

abnormalities and borderline PDAC abnormalities neoplasms, pancreatic
resectable PDAC neuroendocrine tumors

Medical center Amsterdam UMC  Amsterdam UMC  Amsterdam UMC ~ Memorial Sloan Kettering

Cancer Center

Legend: PDAC = pancreatic ductal adenocarcinoma.
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Figure 1: Flowchart showing the selection process of the internal dataset (dataset B).

Total PD
(2013 - 2018)
N =224

POPF No POPF
N = 54 (24.1%) N = 170 (75.9%)

Random Exclusion
N =100

Excluded = 4

N = 2 poor image quality
N =2 slice thickness > 3 mm

Excluded = 2

v N =1 poor image quality
N =1 slice thickness >3 mm

Analyzed Analyzed
N =50 N =68

Legend: A total of 100 patients were excluded in the group without POPF to create more equally sized
groups based on the presence or absence of POPF. Further exclusion criteria were poor image quality
(n=3) and slice thickness larger than 3 mm (n=3). A total of 50 patients with POPF and 68 patients
without POPF were found eligible for analysis.

PD = pancreatoduodenectomy, N = number, POPF = post pancreatic fistula, CT = computer tomography.

Figure 2: Flowchart showing the selection process of the external dataset (dataset C).

Total
Pancreatoduodenectomy
(2020 - 2021)
N=135

A 4

POPF No POPF
N = 35 (26%) N =100 (74%)

Random Exclusion
N = 60

Excluded = 15
N = 3 poor image quality

N =10 slice thickness > 3 mm

N = 3 unable to retrieve scan

No POPF
N =40

Excluded =10
N = 3 poor image quality
v N = 2 slice thickness > 3 mm

N = 5 unable to retrieve scan
Analyzed Analyzed
N=20 N =30

Legend: A total of 60 patients were excluded in the group without POPF to create more equally sized
groups based on the presence or absence of POPF. Further exclusion criteria were poor image quality
(n=3) and slice thickness larger than 3 mm (n=3). A total of 20 patients with POPF and 30 patients
without POPF were found eligible for analysis.

N = number, POPF = post pancreatic fistula, CT = computer tomography.
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We excluded patients in whom no pancreatojejunostomy could be constructed, CT
slices of <3.0 mm, poor scan quality, or without an available CT scan within 60 days prior
to surgery. From the screened patients without POPF in dataset B, we further randomly
excluded 100 patients to create more equally sized groups based on the presence or
absence of POPF. After exclusion, dataset B consisted of 50 patients with POPF and
68 patients without POPF, while dataset C consisted of 20 patients with POPF and 30
patients without POPF.

Data acquisition and outcome

The study collected patient demographics, tumor characteristics, intraoperative
information from electronic health records, and contrast-enhanced CT scans from the
picture archiving and communication system. The primary outcome was a clinically
relevant POPF, defined as grade B or C according to the 2016 International Study Group
of Pancreatic Fistula definition."”

Model implementation

The overall workflow of our framework consisted of 1) automatically segmenting the
pancreas and surrounding abdominal structures, 2) extracting radiomic features from
the mask of the pancreas, and 3) predicting the occurrence of POPF.

Segmenting the Pancreas

To develop the pancreas segmentation model, we used a self-learning-based
framework consisting of a teacher and a student model; see FigUfel8 for a schematic
representation. We trained the teacher model with manual segmentations of the
pancreas and surrounding anatomical structures in 105 late arterial phase CT scans (CT-
LAPs) from 55 patients from dataset A.7 and A.2 and 50 control patients from dataset A.3
(see appendix S1 for details) (18). Subsequently, the trained teacher model segmented
the remaining data consisting of 508 CTs of patients from datasets A.1, A.2., and A.4. We
then trained the student model using the resulting 508 Al-generated segmentations
generated by the teacher model along with the 105 manual segmentations. Finally, the
student model segmented the CTs in both the internal dataset B and external dataset C.
We trained the teacher and student model using a two-stage 5-fold 3D U-Net cascade
requiring approximately one day per fold on an NVIDIA A100 GPU (NVIDIA, Santa Clara,
California). "%
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Figure 3: The proposed learning framework for pancreas segmentation on contrast-enhanced CT scans.
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Legend: CT-LAP = [ate arterial phase CT scan, CT-PVP = portal venous phase CT scan.

Extracting Radiomic Features

We extracted radiomic features from each Al-segmented pancreas in the internal

dataset B using Pyradiomics version 3.0 (http://github.com/radiomics/pyradiomics).'®
Subsequently, we randomly split the patients into 25 training (90%) and test sets (10%).

Finally, we normalized, reduced, and augmented the radiomic features of the training 11
and test sets (see Appendix S1 for details).

Predicting the Occurrence of POPF

We optimized four machine learning (ML) classifiers - support vector machine, logistic
regression, k-nearest neighbor, and random forest - and trained these on the radiomic
features of the training sets. We used a 10-fold cross-validation grid search optimizing area
under the receiver operating characteristic curve (AUROC) to find the hyperparameters
and fit all four ML classifiers on the 25 training set splits. We selected the best-performing
model with regard to AUROC on the internal test set as our final model.

Performance Assessment and Statistical Analysis

We performed statistical analysis using Python version 3.7 (Python Software Foundation,
Wilmington, DE) and R-Studio version 2022.07.1 (Posit PBC, Boston, Massachusetts).
We assessed the performance of our final model on both the internal test set (a subset
of dataset B) and the external test set C using the AUROC, sensitivity, specificity,
positive predictive value (PPV), and negative predictive value (NPV). We compared the
performance of this model to the FRS, ua-FRS, and a model using radiomic features
extracted from manual segmentation masks of the same dataset (RAD-FRS)®” A p-value
<0.05 was considered statistically significant.
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Results

Patient characteristics

Overall, 783 CTs of 642 patients were included for segmentation and prediction model
development and validation. The internal dataset (dataset B) comprised 118 patients,
with 50 (42%) developing POPF. The median age in this cohort was 68 years (IQR: 20, Q1:
59, Q2: 79 years), the mean BMI was 25.7 (SD: 3.9) kg/mz, and 16 (14%) patients received
neoadjuvant therapy.The external test set (dataset C) included 50 patients, with 20 (40%)
developing POPF. The median age was 66 years, the mean BMI was 24.9 kg/m2 (SD: 3.9
kg/m2), and 28 (56%) patients received neoadjuvant therapy. The clinical characteristics
for datasets B and C are presented in Tablél2. TaBIE details the reconstruction and
acquisition parameters used to obtain the CTs from all three datasets, A, B, and C.

Table 2: Clinical characteristics of patients in datasets B and C.

Characteristic Dataset B Dataset C
N=118 N=50
Sex, n(%), female 43 (36.4) 22 (22.0)
Median age at diagnosis, years 68 66
BMI, mean (dev) 25.7 (3.9) 24.9(3.9)
ASA classification, n(%)
1&2 91 (77.1) 36 (72.0)
3&4 27 (22.9) 14 (28.0)
Diabetes Mellitus, n(%) 20(17.1) 9(18.0)
Neoadjuvant therapy, n(%) 16 (13.6) 28 (56.0)
Laparoscopic procedure, n(%) 18 (15.3) 0
Pancreatic duct size in mm, median (IQR) 3(2-4) 4 (3-5)
Soft pancreas, n(%) 76 (64.4) 29 (58.0)
Intraoperative blood loss in ml, median (IQR) 400 (380 - 420) 500 (350 - 793)
Length of surgical procedure (minutes), median (IQR) 325(233-379) 390 (319 -463)
Pathology
Pancreatic ductal adenocarcinoma 56 (48%) 32 (64%)
Distal cholangiocarcinoma 22 (19%) 3 (6%)
Ampullary carcinoma 13 (11%) 3(6%)
Duodenal carcinoma 10 (8.5%) 3 (6%)
Cystic neoplasm (IPMN, serous cysts, MCN) 7 (5.9%) 3 (6%)
Inflammation / pancreatitis 5(4.2%) 0
Neuro-endocrine tumor 4 (3.4%) 6 (12%)
Other 1 (0.8%) 0

Legend: IQR = interquartile range, BMI = body mass index, ASA = American Society of Anesthesiolo-
gists, dev = standard deviation, IPMN = intraductal papillary mucinous neoplasm, MCN = mucinous cys-
tic neoplasm
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Table 3: Reconstruction and acquisition parameters used to obtain the CTs in datasets A, B, and C.

Parameter Dataset A Dataset B Dataset C
N=613 N=118 N=50
Pitch/table speed 05-1.9 0.6-1.388 0.5-0.891
X-Ray tube current 50-255TmA 17-183 mA 200 -250mA
kVp 70 - 120 kvp 90 - 120 kVp 90 - 120 kVp
Tube rotation speed 0.4-0.8ms 0.4-0.7ms 0.4-0.75ms
Slice thickness 0.625-5.0 mm 1.0-3.0mm 1.0-2.0mm
Width 512-1189 400-934 300 - 400
X X X X
Height 512-1189 300-975 300 - 400
Machine Siemens: Somatom Siemens: Somatom Force/ Philips: Brilliance 64
Manufacturer and Force/Definition AS+/ Definition AS+/Edge/ Siemens: Somatom Definition
Type Edge/Flash, Flash, Edge 128

Aquilion ONE, iCT 256, Aquilion ONE, iCT 256,
Sensation64, Brilliance64 Sensation64, Brilliance64,

GE Healthcare: Biograph 40
LightSpeed16, GE Healthcare: Discovery
BrightSpeed CT750 HD

Philips: Optima CT660

Performance on the internal test set

In the internal dataset (dataset B), the Al segmentation model segmented the pancreas

in 103 (87%) CT-LAPs and 15 (13%) portal venous phase CT scans (CT-PVPs). For each 11
patient, a total of 108 radiomics features were extracted, of which five were ultimately

used after feature reduction. The best-performing model with regard to AUROC on the

internal test was a random forest model with an AUROC of 0.86 (95% Cl: 0.71 - 1.00).

This model had a sensitivity of 0.90, specificity of 0.77, PPV of 0.40, and NPV of 0.90 in

the internal test set.

Performance on the external test set

In the external test set (dataset C), the Al segmentation model segmented the pancreas
in 46 (92%) CT-LAPs and 4 (8%) CT-PVPs. The AUROC of the random forest model on the
external test set was 0.83 (95% Cl: 0.72 - 0.94), with a sensitivity of 0.85, specificity of
0.67, PPV of 0.63, and NPV of 0.87.

Comparison with the RAD-FRS, the FRS, and ua-FRS

The AUROC of the AI-FRS using the random forest model was comparable to that of the
RAD-FRS (AUC 0.81, 95% Cl: 0.70 - 0.93, DelLong test: p=0.83), FRS (AUC 0.78, 95% Cl:
0.65 - 0.91, DelLong test, p=0.52), and ua-FRS (AUC 0.79, 95% Cl: 0.65 — 0.92, DelLong test:

p=0.60). (FigUife™, TabIEH)
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Figure 4: Comparison of the ROC curves for AI-FRS, RAD-FRS, ua-FRS, and FRS in predicting POPF in the

external test set (dataset C).
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Legend: The reference line represents the performance of a random guess. ROC = receiver operating
characteristics, AI-FRS = Artificial Intelligence-based Fistula Risk Score, RAD-FRS = Radiomics-based pre-
operative-Fistula Risk Score, ua-FRS = updated alternative Fistula Risk Score, FRS = Fistula Risk Score,

POPF = post pancreatic fistula.

Table 4: Performances of the RAD-FRS, the FRS, and ua-FRS in the external test set (dataset C) as com-

pared to Al-FRS.

Model AUROC (95% CI) Sensitivity Specificity
AI-FRS 0.83(0.72-0.94) 0.85 0.67
RAD-FRS 0.81(0.70 - 0.93) 0.95 0.63
FRS 0.78 (0.65-0.91) 0.80 0.67
ua-FRS 0.79 (0.65 - 0.92) 0.90 0.67

Legend: AUROC = area under the curve receiver operating characteristic curve, Cl = confidence interval,
AI-FRS = Artificial Intelligence-based Fistula Risk Score, RAD-FRS = radiomic-based pre-operative-Fistula
Risk Score, FRS = Fistula Risk Score, ua-FRS = updated alternative Fistula Risk Score.
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Discussion

The AI-FRS, based on 168 pre-operative CT scans from two centers, is the first fully
automatic and externally validated Al-based framework for predicting POPF after
pancreatoduodenectomy. The results of our analysis demonstrate that radiomic features
extracted from Al-segmented scans can be used to predict POPF with high predictive
performance on both the internal and external test sets. Due to the fully automatic
nature of our method, the AI-FRS has the potential to be integrated into commonly
used hospital radiology systems allowing for predictions at scanning time. Accurate
predictions could assist surgeons in counseling and making treatment decisions for
high-risk or frail patients.

To date, at least four studies using radiomic features extracted from pre-operative CT
scans to predict POPF have been published.”'*'*"*These studies included a comparable
number of patients after pancreatoduodenectomy, ranging from 100 to 250. The AUC,
sensitivity, and specificity reported in these studies were lower, with AUC ranging from
0.76t0 0.81 in the respective internal test sets. Only one study employed a segmentation
model to segment the pancreas for radiomic feature extraction.' However, experienced
abdominal radiologists manually checked and, if necessary, corrected the resulting Al-
generated segmentations, preventing fully automatic predictions. In addition, despite
promising initial results on their respective internal test set, the authors did not validate
their model’s performance on an external test set.

Previously, a radiomics-based Fistula Risk Score (RAD-FRS) using a similar prediction
model with radiomic features extracted from manual segmentations of the pancreas was
proposed. We found that the AI-FRS based on Al-generated segmentations performed
similarly to the RAD-FRS on the same previously withheld external test set (AUC = 0.81).
Both the AI-FRS and the RAD-FRS were trained and evaluated on the same internal
and external datasets differing only in the segmentations used to extract the radiomic
features. However, the AI-FRS used automatic segmentations to extract the radiomic
features, which allowed for a more standardized and less time-consuming process, while
the RAD-FRS relied on manual segmentations that required expert input and additional
time for precise delineation. This fundamental difference in the segmentation process
underscores the potential for AI-FRS to enhance efficiency without sacrificing predictive
accuracy, offering a distinct advantage in clinical settings where timely risk assessment
is critical.

Several limitations of this study should be addressed. First, while the AI-FRS forgoes

time-consuming manual annotations, additional computational resources, at least 8
GB GPU, are needed to create the Al-generated segmentations, potentially limiting its
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application in less equipped medical centers. Second, we did not report calibration,
which would require correction for the undersampling performed during the
preprocessing step. The discriminative ability of the AI-FRS was promising as evaluated
on the external test set. Thus, future work should enable absolute risk estimations in
the total population. Third, this is a retrospective study with all its known limitations.
A prospective study is deemed necessary before clinical application to investigate the
safety and effectiveness of the AI-FRS in a large-scale, comparative trial.”'' The objective
of this study should be to provide more substantial evidence for translating the Al-
FRS from a research application into a clinically relevant tool. Third, we only included
radiomic features in the construction of our model. Future work should evaluate multi-
modal models constructed with additional feature types, such as pre-operative clinical
data and deep learning features.

The AI-FRS is the first fully automatic and externally validated Al-based framework to
predict POPF using pre-operative CT scans, allowing for predictions at scanning time.
The Al-FRS achieved a similar AUROC to the three existing fistula risk scores. After further
validation, this model may allow for automatic pre-operative prediction of POPF.
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APPENDIX S1

METHODS

Segmentation Model Training Data Preparation

Seven trained observers manually segmented the pancreas and surrounding anatomical
structures in 105 late arterial phase CT scans from 105 patients from dataset A using 3D
slicer version 4.11.20210226 (18). Including segmentations of surrounding abdominal
structuresduring segmentation model training has been showntoincrease performance,
thus the observers also segmented the pancreatic tumor (if present), duodenum, liver,
gallbladder, bile duct (and, if present, bile duct stents), celiac trunk, hepatic artery,
superior mesenteric artery, superior mesenteric vein, portal vein, splenic artery, splenic
vein, aorta, and inferior vena cava (21). The pancreatic tumors were segmented by
one of a team of three abdominal radiologists (YN: 27 years’ experience, FS: 3 years’
experience, and MK: 6 years’ experience) subspecialized in pancreatic pathologies at
the Amsterdam UMC. After the pancreatic tumor was segmented, the pancreas and the
remaining structures were segmented by a Ph.D. student (JB) or one of three master’s
students (AT, FR, and KV). These segmentations were performed under the instruction
and supervision of a radiology resident (IV), who also checked the final segmentations.
Figure S1 depicts a segmentation example.

Normalization and Feature Reduction

We independently normalized the radiomic features of the training and the test sets
using the MinMax scaler. Further, we serially applied two feature reduction methods to
the training sets to select the most predictive features for each split: removal of features
with a variance of less than 0.001 and discarding of features with an importance of zero
using LASSO feature selection. Before training, we oversampled the minority classes in
the training sets with a sampling strategy of 0.9 and subsequently undersampled the
majority classes. Finally, we added random Gaussian noise with a mean of zero and a
variance of 0.2.

Statistical Analysis

We reported the AUROC of the AI-FRS, RAD-FRS, FRS, and ua-FRS with a 95% confidence
interval (95% Cl). We employed the maximum Youden'’s J value from the AUROC to
identify the cut probability where prediction discrimination was optimized between
sensitivity and specificity.
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Figure S1, Example of manual segmentations of anatomical structures within a late arterial phase

computed tomography scan.

Legend: Turquoise = PDAC tumor, red = arteries (aorta, celiac trunk, hepatic artery, splenic artery, and
superior mesenteric artery), dark blue = veins (inferior vena cava, portal vein, splenic vein, and superior
mesenteric vein), pink = pancreas, yellow = duodenum, green = liver, orange = gallbladder
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A1Check: the External Validation of a Machine Learning Model Predicting Colorectal Anastomotic
Leakage (A1Check) - study protocol (NCT05810207)

Study Overview

Brief Summary:

Anastomotic leakage is a severe complication that can arise following a colorectal
resection. It impairs both the short- and long term outcome, and negatively influences
cancer recurrence rates." Its detrimental effects resound in healthcare costs of a patient
after anastomotic leakage, 71.978,- EUR, versus patients with an uncomplicated course,
17.647,- EUR.’ Despite multiple innovation within the field of colorectal surgery, incidence
of colorectal anastomotic leakage did not reduce in the past decade.® Mitigation strategies
as prehabilitation, intraoperative optimization, selective bowel decontamination and
reconstruction techniques are promising but do not completely eliminate the risk of
leakage.”” The only true prevention of colorectal anastomotic leakage is the omission of
an anastomosis and implies an ostomy, which in itself has a negative impact on quality of
life. A stoma is associated with stoma-related morbidity and should therefore be avoided
in patient who do not need it. Predicting anastomotic leakage intra-operatively, just
before the construction of the anastomosis, may offer a solution. A stoma will then only
be constructed in those at high risk of anastomotic leakage. Currently, there are prediction
models for anastomotic leakage base on conventional multivariate logistic regression
analysis, however these are not useful for clinical practice due to suboptimal results.
Machine learning algorithms on the other hand, take well into account the multifactorial
nature of complications and might thus be able to predict anastomotic leakage more
accurately.'” The machine learning models we created proved to be well capable of making
these predictions. This model was created based on the a database containing both pre-and
intra-operative data from 2,483 patients. Before these models can be used in daily practice,
external validation is essential. Our models should be tested on unseen data from patients
treated in centers that were not previously involved in the database that was used to train
the model in order to achieve high reproducibility. Our hypothesis is that with our model
we can accurately predict anastomotic leakage intra-operatively during colorectal surgery.

Detailed Description:

Study procedure

The aim of the study is to externally validate a machine learning model predicting
anastomoticleakage.The prediction model that will be externally validated, is developed
on a prospective database."' This database contained data of 2,483 colorectal cancer
patients who were operated between January 2016 and April 2021 in 14 hospitals, both
rural and academic in 4 different countries (the Netherlands, Italy, Belgium, Australia).
Some 189 patients (7.6%) developed colorectal anastomotic leakage. The models
predicted risk of colorectal anastomotic leakage intraoperatively, just prior to the
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construction of the anastomosis, using a total of 31 variables. These variables contain
both preoperatively available data and the variables regarding the intraoperative
condition of the patient. The models were internally validated using 10-fold cross
validation and subsequently tested on 20% of unseen data of the database. The area
under the curve - receiver operating characteristics (AUROC) of the best performing ML
model on the test set was 0.84, with a sensitivity of 0.86, specificity of 0.78, a positive
predictive value of 0.24 and a negative predictive value of 0.99. This means that this
model have near perfect prediction of “no anastomotic leakage” Although the positive
predictive value is low (24%) and could lead to overtreatment (i.e. unnecessary stomas)
when adopted in every patient, it enables focused postoperative observation in a
limited amount of patients.

During this prospective simulation study there are no direct benefits or risks for
participating patients. This prospective simulation study will be non-interventional, the
prediction models do not alter the original daily practice and in this phase, it is not
intended to be used as a diagnostic device. Intraoperatively, just prior to the construction
of the anastomosis machine learning model will predict, using the patient, tumor, and
intraoperatively variables (listed in the Data Dictionary paragraph), the probability of
anastomotic leakage to occur. SAS VIYA is used for deployment of the machine learning
model. During the prospective simulation study, the scores of these predictions are
only available to the principle and research investigators), and thus unknown to the
participating hospitals or operating surgeons in order to prevent any influence on
current daily practice in this stage of the research. Thirty days postoperatively, data of
the patients regarding the occurrence of anastomotic leakage will be collected. AUC-
ROC, sensitivity, specificity, and accuracy then will be calculated based on the number
of patients assessed as true positive, true negative, false positive or false negative. After
a minimum of 100 events and 100 non-events, the external validation is completed and
the final AUC-ROC, sensitivity and specificity scores will be presented.

Quality assurance plan, data checks, source data verification

Data will be handled confidentially and anonymously. Data will be pseudo-anonymized
for the principal investigator and the research investigators. Pseudo-anonymized
data are entered in a Castor database."” A data dictionary is attached to the original
dataset with metadata to describe the data. All participating hospitals have a Data
Sharing Agreement to share data of included patients with the principal investigator
and the research investigators. A data management plan will be created according to
our institute’s polices with the assistance of a data management expert, along with the
Transparent Reporting of a multivariable prediction model for Individual Prognosis Or
Diagnosis (TRIPOD) guidelines.” The characteristics of the collected and generated data
is clinical data extracted from the electronic health records. This contains continuous,

204



A1Check: the External Validation of a Machine Learning Model Predicting Colorectal Anastomotic
Leakage (A1Check) - study protocol (NCT05810207)

nominal, and dichotomous variables. Data will not be reused or coupled to existing data.
Informed consent of patients is necessary to predict the outcome using the developed
model. Privacy policies and laws are applicable to this project. The research is laid down
legally by Dutch law concerning scientific medical research, according to the law:
Wet Medischwetenschappelijk Onderzoek met mensen (WMO). The project will also
comply with all data protection principles as is defined in the General Data Protection
Regulation. The anonymized dataset can be accessed via a Castor database. Long term
data will be saved in the Amsterdam UMC repository with help of the research data
management (RDM) department. The data will be saved for five years after the project
has ended. The costs for data management are provided in the project budget.

Data dictionary

The following variables will be collected:

i. Patient and tumor characteristics: Age; sex; body mass index; American Society
of Anesthesiologists (ASA) classification; intoxications (smoking and/or alcohol
consumption); medical history of diabetes; steroid use (not nasal); hemoglobin;
benign or malignant disease. If there is malignant disease: TNM-stage, tumor
distance from anal verge, neoadjuvant treatment.

ii. Perioperative characteristics: Surgical procedure, surgical approach; conversion;
occurrence of intraoperative event (hypoxic events, hypercarbia, bradycardia,
hypotension, embolism, reanimation, more extensive resection than planned, serosa
lesions, bladder and ureteral injuries, intraoperative bleeding, splenectomy)

iii. Characteristics just prior to the creation of the anastomosis: Patient temperature;
time of antibiotic administration; administration of vasopressors; blood loss; 02
saturation; mean arterial pressure; fluid administration; urine production; presence
of fecal contamination; subjective assessment of local perfusion; epidural analgesia;
dosing movements; time from incision until the creation of the anastomosis,
intention to create stoma.

iv. Postoperative characteristics: Colorectal anastomotic leakage within 30 days and
length of hospital stay.

Standard Operating procedures: Patients eligible for inclusion are detected in the first

multidisciplinary team meeting. If eligible, the surgeon will inform and discuss this study

with the patient in the preoperative consultation for surgery. If the patient consents
to participation, written informed consent is required. The patient may withdraw this
consent at any time.

Sample size calculation: In the participating hospitals, around 100 to 400 colorectal
resections are performed annually, with an approximate incidence of anastomotic
leakage of 5 to 15%. Multiple studies demonstrated a minimum of 100 events and 100
nonevents as an appropriate sample size for external validation."*'* With an expected

205

12



Chapter 12

total of 1,200 patients included annually and a leakage percentage around 10%,
including 100 events takes approximately one to two years.

Handling missing data: The machine learning model will make a prediction in patients
with more than 80% of the required data available. Missing data are imputed using
predictive mean matching with ten iterations.

Statistical analysis plan: The external validation will be performed on at least 100 events
(anastomotic leakage) and 100 non-events (no anastomotic leakage). The machine
learning model with the best predictive performance in terms of AUROC will be used
as the implementation model. Colorectal anastomotic leakage rate will be compared
in a multivariate logistic regression model. All analyses will be carried out under the
supervision of a clinical epidemiologist.

Eligibility Criteria:

Inclusion Criteria:

- patients undergoing colorectal resection with the construction of an anastomosis

- patients with the age of 18 years or older

- patients able to give informed consent

Exclusion Criteria:

- when more than 25% of the target variables are missing on which the machine
learning model bases the prediction

- non-elective surgeries

Study Plan

This section provides details of the study plan, including how the study is designed and
what the study is measuring.

Design details

Observational Model: Cohort

Time Perspective: Prospective
Target Follow-up Duration: 90 Days
Estimated enrollment: 1000 patients
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Study start: 2022-02-01
Estimated primary completion: 2024-07-01

Cohorts and interventions

Group/Cohort Intervention/Treatment

Adult patients undergoing colorectal resection with the Procedure: Colorectal resection
construction of an anastomosis. - Patients undergoing a colorectal
The exposure of interest in the current study regards the resection with the construction of a
occurrence of anastomotic leakage in patients undergoing primary anastomosis

colorectal resection with the construction of an anastomosis.
Information on the exposure of interest is gained by obtaining
data from the patient files.

Primary outcomes measures

Outcome Measure Measure Description Time Frame
Colorectal anastomotic ~ Colorectal anastomotic leakage is defined according to The occurrence of the
leakage Reisinger et al."®: “clinically relevant anastomotic leakage primary outcome is
is defined as extra luminal presence of contrast fluid on assessed after 30 days
contrast-enhanced computed tomography scans and/ postoperatively.

or leakage when relaparotomy was performed, requiring
reintervention or treatment.”

Secondary outcomes measures

12

Outcome Measure Measure Description

Time Frame

Length of Hospital Stay To evaluate the impact of anastomotic leakage on length of
stay, the duration of a patient’s hospital stay after undergoing a
colorectal resection is investigated.

The predictive The predicted probability of anastomotic leakage for every
performance of the participant will be evaluated with the actual outcome after
prediction model 30 days postoperatively. The discrimination of the external

validation cohort is reported with the area under the curve -
receiver operating characteristic, the sensitivity, specificity, and
accuracy. Calibration of the prediction model will be visualized
in a calibration plot.

The length of
hospital stay is
assessed 90 days
postoperatively

30 days
postoperatively
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This thesis introduces novel artificial intelligence (Al) based prediction models designed
for the prediction of colorectal anastomotic leakage (CAL) and postoperative pancreatic
fistula (POPF). These Al models represent groundbreaking innovations that stand to
revolutionize perioperative decision-making in surgical practice.

An Al model capable of accurately predicting CAL serves as a transformative decision
support tool, empowering surgeons to make more informed choices. It aids in
discerning when to employ stomas for high-risk patients and when it is judicious to
forego them for those at lower risk. Additionally, this model’s precision provides the
assurance of low risk of CAL, thus facilitating earlier patient discharge. The forthcoming
A1Check study, detailed in Chapter 12, plays a pivotal role in addressing this pressing
need. Successful external validation of this model holds the potential to usher in its
clinical implementation, thereby becoming a cornerstone in patient selection for early
discharge, regular postoperative care, and stoma construction. The CHASE study has
demonstrated the feasibility and safety of including colorectal cancer patients with an
American Society of Anesthesiologists (ASA) score of 1 or 2 who underwent elective
laparoscopic resection within a 23-hour accelerated enhanced recovery after surgery
program.' However, it is imperative to acknowledge that the CHASE population
exhibited a higher readmission rate than the control group. The Al model developed in
the A1Check study could address this by accurately selecting patients for early discharge
while minimizing the risk of readmission.

In parallel, the AI-FRS model, as presented in Chapter 11, carries significant implications
for the future of pancreatic surgery. Similar to the CAL model, it plays a crucial role in
surgical decision-making, especially for high-risk or frail patients. Beyond preventive
applications, the PORSCH study underscores the potential for early recognition facilitated
by accurate prediction, leading to substantial enhancements in clinical outcomes.’

While the shift toward Al-driven algorithms is undeniable in this data-driven era, the
actual integration of Al models into daily clinical practice remains limited. Additionally,
several challenges emerge from the studies presented in this thesis that necessitate
careful consideration before successful implementation can be achieved. To further
enhance the seamless integration of Al models for predicting complications following
abdominal surgery, this discussion section addresses these challenges and provides
actionablerecommendations. A proposed framework, rootedin these recommendations,
is presented to guide researchers and clinicians in future endeavors within the field of
predictive modeling

211

13



Chapter 13

Assess clinical relevancy

Assessing the clinical relevancy of a predictive model is a crucial preliminary step in the

development and implementation of Al-models. In this era of data-driven healthcare, the

ability to predict various outcomes has expanded significantly. However, it is essential to
carefully consider how accurate predictions can genuinely benefit daily clinical practice.

The process of creating and integrating a prediction model is resource-intensive, so it

is imperative to evaluate the potential advantages of the intended model. In essence,

a prediction model that justifies implementation should align with one or more of the

following criteria:

1. Improved patient outcomes. A predictive model should have the potential to
substantially enhance patient outcomes. This may involve the early identification
of complications, better treatment decisions, or improved postoperative care
strategies

2. Enhanced Care Efficacy: The model should contribute to the overall effectiveness
of healthcare delivery. This can manifest in several ways, such as aiding in more
accurate diagnosis, treatment planning, or patient management.

3. Reduced Hospital Costs. Efficient predictive models can play a vital role in reducing
healthcare costs. By optimizing resource allocation, streamlining interventions, and
potentially preventing adverse events, these models can contribute to cost savings
for healthcare facilities and patients.

Define primary outcome

The primary outcome in a prediction model should closely align with the objective of
the study. Precision in defining this outcome is important. As illustrated in Chapter 7,
certain studies developed prediction models for postoperative pancreatic fistula (POPF)
without providing a clear definition for this complication. Similarly, as explored in
Chapter 5, the wide array of definitions for colorectal anastomotic leakage (CAL) has led
to divergent study outcomes.

The importance of a standardized definition cannot be emphasized enough, as it
fosters the applicability of prediction models across different healthcare settings and
regions. Efforts have been made to seek consensus through two Delphi studies, yet the
challenge of achieving unanimity regarding the definition, diagnosis, and management
of CAL remains difficult.* To address this challenge, future Delphi studies must engage
a globally diverse panel of experts. Their collective expertise has the potential to
culminate in a universally accepted definition, which can then be seamlessly integrated
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into both clinical practice and research. This harmonization will significantly enhance
the comparability of research findings.

Using the right type of data

Selecting the right datasets for the development of Al prediction models is another
perquisite. For instance, in the context of colorectal anastomotic leakage (CAL),
the A1Check study has demonstrated that a combination of pre- and intraoperative
structured data yields a highly accurate prediction model. A review of previous research
reveals that many machine learning algorithms predominantly rely on preoperative data
for CAL prediction. One notable example is the study conducted by Hoek et al., which
aimed to construct a preoperative prediction model using a vast dataset from the Dutch
Colorectal Audit, comprising 13,175 patients, making it the largest study of its kind in the
Netherlands.” Despite its impressive scale, this model exhibited suboptimal predictive
performance, as evidenced by a modest concordance index of 0.658 following cross-
validation. Such findings underscore the crucial need for a model that also integrates
intraoperative data. Indeed, the LekCheck study by Huisman et al.’ identified certain
intraoperative risk factors for CAL, and incorporating these factors into a CAL prediction
model is likely to enhance its predictive performance.

However, the development of a prediction model for postoperative complications
does not consistently yield high predictive performance when using structured data.
Chapter 9 illustrates that the use of both pre- and intraoperative structured data did
not result in a highly predictive model. Various factors can explain this phenomenon,
and in this instance, two main reasons emerge. Either the quality of the data is
suboptimal, attributed to missing data or the absence of crucial variables that would
serve as significant predictors, or the primary outcome of interest cannot be adequately
explained by structured independent variables. In such cases, it becomes pertinent to
explore other types of data.

The realm of imaging analysis has gained substantial attention, exemplified by the
utilization of radiomic and deep learning features to extract parameters from imaging
modalities.”® This approach offers the potential to uncover novel predictive parameters,
especially relevant in the context of POPF, where imaging-derived parameters such as
pancreatic texture and pancreatic duct diameter hold significance. Chapter 7's review
reaffirms the promise of radiomic features in POPF prediction, although it highlights
methodological limitations and a lack of external validation. Chapter 10 addresses this
gap by presenting an externally validated and publicly available POPF prediction model
based on radiomic features extracted from preoperative CT scans.
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Assess the quality of a prediction model

Once a prediction model is developed, itis crucial to assess its performance using various
methods and metrics. Traditional measures for binary outcomes provide essential
insights and include the Brier score, the Area Under the Curve — Receiver Operating
Characteristic (AUROC), sensitivity, specificity, and calibration.’ Calibration, in particular,
is a metric that is sometimes overlooked, yet it can carry profound significance.
Neglecting calibration can be perilous because poorly calibrated models have the
potential to mislead and, in certain cases, prove detrimental to clinical decision-making.'
It is important to emphasize that calibration should not be underestimated. A poorly
calibrated model, despite achieving a high AUROC, can be less clinically valuable than
a competing prediction model with a lower AUROC but exceptional calibration." The
significance of calibration becomes even more evident when considering the practical
implications of using a prediction model to inform both patients and healthcare
professionals. Inaccurate risk estimates arising from poor calibration can lead to false
expectations among patients and clinicians. Patients may make life-altering decisions
based on an anticipated event, or its absence, only to realize that their decisions were
based on misguided information.'®

Be as transparent as possible

Artificial intelligence is a powerful force poised to revolutionize various domains,
including surgical procedures. In Chapter 8, we explore the current implementation
of Al applications in the operating room, with the expectation that their prevalence
will continue to grow. Given this trajectory, it is crucial to emphasize the importance of
transparent reporting and rigorous evaluation of Al models. In the realm of predictive
modeling, the Transparent Reporting of multivariable prediction model of Individual
Or Diagnosis Artificial Intelligence (TRIPOD-AI) initiative is currently in progress.'” This
initiative is tailored to prediction models that leverage machine learning techniques.
TRIPOD-AI provides researchers with a comprehensive reporting guideline that
empowers them to furnish essential details, enabling readers to assess the study’s
quality and meaningfully interpret its findings. The adoption of such a tool has the
potential to reduce research inefficiency and minimize wasted resources.'” The hope is
that this valuable resource will gain widespread acceptance and catalyze improvements
in research methodology, ensuring that the evolution of Al in healthcare is guided by a
commitment to transparency and the highest standards of research integrity.
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Establishing risk categories and define treatment
consequences

To effectively support surgeons in their perioperative decision-making using a
prediction model for postoperative complications, the creation of risk categories
alongside individual risk assessments is pivotal. Risk categories enable the grouping of
individual risks for a comprehensive evaluation and tailored response to each category.
Typically, risk categories are categorized as low, intermediate, and high risk, with specific
recommendations provided for each category.

For instance, in the case of postoperative pancreatic fistula (POPF), two widely used
prediction models, the Fistula Risk Score (FRS) and the updated Alternative Fistula
Risk Score (ua-FRS), advise considering preventive measures for patients at high risk of
developing a fistula.”' These measures may include the use of anastomotic stents or
prophylactic ocreotide. However, in the prediction of CAL, such well-defined risk groups
have not yet been established. To address this gap, a Delphi study should be conducted
to achieve consensus on the specific cut-off values for risk categories in the prediction of
CAL and the subsequent management of complications following colorectal resection.
This consensus will provide actionable guidance for managing patients within each risk
category, rendering the prediction model more practical and conducive to seamless
implementation in clinical settings.

Collaborate

Collaboration stands as a cornerstone in the arena of predictive modeling using Al.
Every phase of the process, from conceptualization to development, validation, and
eventual integration of a prediction model, necessitates the establishment of a well-
coordinated team. It is advisable to assemble these teams at the outset of the project to
ensure the smooth progression of the work. In making these collaborative Al projects
clinically applicable, it is imperative to establish a robust chain of communication
among multifaceted teams. These teams should ideally include doctors, data scientists,
biomedical researchers, and IT experts. Such complex problems require a mixture of
domain-specific expertise, and this collaboration is the glue that binds these diverse
skill sets together. Regular meetings among these teams are crucial. They provide a
forum to discuss the current status of the project, share insights, and identify potential
challenges. Each team can be thought of as a distinct point or “dot”, and it is the process
of collaboration that connects these dots. This interconnectedness is vital for the
seamless integration of a prediction model into existing healthcare systems, ensuring
that the technology serves its intended purpose effectively.
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English summary

Part I: Impact of anastomotic leakage and mitigation strategies

An anastomosis is created to restore gastrointestinal continuity after a sick part within
this this track is removed. Failure of this anastomosis is called colorectal anastomotic
leakage (CAL) in colorectal surgery and a postoperative pancreatic fistula (POPF) in
pancreatic surgery. Both a CAL and POPF are major impact complications on both the
short- and long-term outcome, as well as oncological outcomes. Several mitigations
strategies have been proposed to diminish the incidence or severity of anastomotic
leakage. A diverting stoma is a commonly used mitigation strategy in colorectal surgery.
However, it is not fully understood which patients benefit most from a diverting stoma.
A diverting stoma is a commonly employed mitigation strategy in colorectal surgery.
However, it remains unclear which patients benefit the most from a diverting stoma.
Chapter 2 identified patient characteristics and intraoperative factors associated with
a diverting stoma, revealing statistically significant differences between patients with
and without one. The study suggested a protective effect of a diverting stoma against
CAL, advocating for selective use.

In chapter 3, data from the Netherlands’ nationwide audit over the past decade on
rectal surgery were analyzed. Out of 13,263 patients, 7,106 had a diverting stoma. The
reduction in diverting stomas was correlated with an increase in CAL. Interestingly, if
CAL occurred, fewer patients required surgical reintervention. However, patients with a
diverting stoma experienced more readmissions to the hospital. Therefore, the trade-off
of selective use should be carefully considered.

As hospital mergers become more common due to centralization in medicine, their
impact on postoperative outcomes such as CAL and POPF remains unclear. Chapter 4
evaluated the effect of a merger between two Dutch university hospitals on the quality
of surgical care, volume, and timeliness. The study demonstrated that a hospital merger
could be conducted without compromising patient safety, while benefiting from the
centralization of highly specialized care and promoting medical research.

Literature on the long-term effects of CAL concerning postoperative oncological
outcomes and stoma presence is inconclusive. Understanding the association between
CAL and long-term outcomes is crucial for patient follow-up, counseling, and tailored
treatment decisions. Chapter 5 did not reveal a negative impact of CAL on oncological
outcomes. However, CAL was strongly associated with an increased incidence of stoma
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presence after five years, significantly affecting the quality of life for patients after colon
and rectal cancer surgery.

Part Il: The use of artificial intelligence in predictive modelling

Theintegration of Alis becomingincreasingly prevalentin the development of prediction
models within the healthcare sector. In Chapter 6, numerous challenges associated with
the implementation of Al were thoroughly examined, encompassing aspects from initial
development to practical application. The chapter offered insightful recommendations
concerning the utilization of Al for predicting postoperative complications following
major abdominal surgery.

The ability to POPF accurately holds significant potential in assisting surgeons with
making individualized treatment decisions. Chapter 7 delved into a systematic
review, assessing the predictive capabilities of radiomic features in anticipating POPF.
The evaluation encompassed considerations of methodological quality, reporting
transparency, and the risk of bias. The findings underscored the promising potential of
radiomic features in accurately predicting POPF. However, it was noted that the existing
evidence supporting their clinical application was still lacking.

Moreover, the operating room stands out as a data-rich environment where Al can play
a pivotal role. Chapter 8 provided a comprehensive review of current Al applications in
perioperative care, highlighting their focus on supporting decision-making during the
perioperative phase and enhancing surgical skills and safety. This section emphasized
the paramount importance of standardizing data, clinically validating Al systems,
meticulously evaluating the implementation process, and establishing ethical and legal
frameworks.

Part Ill: Development of prediction models

Within the realm of Al, various types of algorithms are used for the development of
prediction models. Tree-based models, a subset of Al, have gained prominence in
this regard. However, their superiority over logistic regression, especially in handling
structured data, remains uncertain. Chapter 9, drawing on nationwide data from 16
centers in the Dutch Pancreatic Cancer Audit involving 799 patients, investigated this
question. The findings revealed that, in the prediction of postoperative complications
after pancreatic surgery, tree-based models did not outperform logistic regression.

In chapter 10, a groundbreaking model, the Radiomics preoperative-Fistula Risk Score
(RAD-FRS), was introduced for predicting postoperative pancreatic fistula (POPF).
This novel model derived radiomic features from preoperative CT scans of patients
following pancreatoduodenectomy. Successfully developed and internally validated
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in the Netherlands, it underwent external validation in Italy, demonstrating a robust
performance with an area under the curve of 0.81 in the external validation cohort. The
potential integration of this model with hospital CT reporting systems could enhance
patient counseling before surgery.

Chapter 11 showcased yet another model for predicting POPF—the Artificial
Intelligence-based Fistula Risk Score (AI-FRS). This model, relying on radiomic
features from automatic pancreas segmentations, predicted the risk of POPF after
pancreatoduodenectomy. Pending further validation, this model holds promise for
automatic preoperative prediction of POPF.

In chapter 12, the A1Check study’s study protocol was presented. This prospective
study aims to externally validate Al algorithms predicting CAL. These algorithms utilize
pre- and intraoperative data from patients undergoing colorectal resection with a
primary anastomosis. The study contributes to the ongoing exploration and validation
of Al's role in predicting postoperative complications.

Nederlandse Samenvatting

Deel I: Impact van naadlekkage en risico beperkende maatregelen

Een naad of anastomose wordt gecreéerd om de gastro-intestinale continuiteit te
herstellen nadat een ziek stuk van de darm of alvleesklier is verwijderd. Wanneer deze
naad niet goed heelt, wordt dit colorectale naadlekkage (CAL) genoemd bij colorectale
chirurgie en een pancreasfistel (POPF) bij pancreaschirurgie. Zowel CAL als POPF
hebben een grote impact op zowel de korte- als langetermijnresultaten, evenals op
oncologische resultaten. Verschillende risico beperkende maatregelen zijn voorgesteld
om de incidentie of ernst van naadlekkage te verminderen. Een ontlastend stomais een
veelgebruikte strategie bij colorectale chirurgie. Het is echter niet volledig begrepen
welke patiénten het meest baat hebben bij een deviérend stoma. Hoofdstuk 2 toonde
aan welke patiéntkenmerken en intraoperatieve factoren geassocieerd waren met een
ontlastend stoma. De studie toonde duidelijk statistisch significante verschillen aan
tussen patiénten met en zonder ontlastend stoma. Een ontlastend stoma vertoonde
een beschermend effect tegen CAL, en het selectief gebruik ervan werd aangeraden.

In hoofdstuk 3 werden gegevens van de landelijke audit van rectale chirurgie in
Nederland van het afgelopen decennium geanalyseerd. In totaal werden 13.263
patiénten geanalyseerd, waarvan 7.106 een ontlastend stoma hadden. Er werd
vastgesteld dat de afname van ontlastend stoma'’s gepaard gingmet een toename van
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CAL en als CAL optrad, hadden minder patiénten een chirurgische re-interventie nodig.
Patiénten met een ontlastend stoma vertoonden echter ook meer ziekenhuisopnames.
Dus, de afweging van selectief gebruik moet individueel worden overwogen.

Vanwege centralisatie en supercentralisatie in de geneeskunde komen ziekenhuisfusies
steeds vaker voor. Het effect hiervan op postoperatieve uitkomsten, zoals CAL en
POPF, is echter onduidelijk. In hoofdstuk 4 werd het effect van een fusie van twee
Nederlandse universitaire ziekenhuizen op de kwaliteit van chirurgische zorg, volume
en tijdigheid van zorg geévalueerd. De studie toonde aan dat een ziekenhuisfusie kan
worden uitgevoerd zonder de veiligheid van patiénten in gevaar te brengen, en daarbij
profiteert van de centralisatie van hooggespecialiseerde zorg en de bevordering van
medisch onderzoek.

Literatuur over de langetermijneffecten van CAL met betrekking tot postoperatieve
oncologische resultaten en stomapresentie is tegenstrijdig. Begrip van de associatie
tussen CAL en lange termijn resultaten is cruciaal voor de follow-up van patiénten,
counseling en op maat gemaakte behandelbeslissingen. Hoofdstuk 5 toonde echter
geen negatieve invloed van CAL op oncologische resultaten aan. Naadlekkage was
echter sterk geassocieerd met een verhoogde aanwezigheid van een ontlastend of
eindstandig stoma na vijf jaar, wat de kwaliteit van leven van patiénten na chirurgie
voor colorectale kanker aanzienlijk beinvloedde.

Deel ll: Het gebruik van kunstmatige intelligentie in voorspellende
modellering

Artificiéle intelligentie (Al) wordt steeds vaker gebruikt om voorspellingsmodellen in de
gezondheidszorg te ontwikkelen. In hoofdstuk 6 werden meerdere kwesties besproken
met betrekking tot de implementatie van Al, van de ontwikkeling tot de daadwerkelijke
implementatie. Het gaf suggesties voor het gebruik van Al bij het voorspellen van
postoperatieve complicaties na grote buikoperaties.

Een nauwkeurige voorspelling van POPF kan de chirurg helpen bij het aanbieden
van op maat gemaakte behandelbeslissingen. Radiomic features, computer-afgeleide
wiskundig geéxtraheerde kenmerken, zijn geintroduceerd als een nieuw instrument
om een voorspellingsmodel voor POPF te ontwikkelen. In hoofdstuk 7 werd een
systematische review uitgevoerd om de voorspellende prestaties van radiomic
features bij het voorspellen van POPF te evalueren en de methodologische kwaliteit,
rapportagetransparantie en het risico op vertekening systematisch te beoordelen.
Het toonde aan dat radiomic features het potentieel hebben om POPF nauwkeurig
te voorspellen. Hoewel deze resultaten veelbelovend waren, was het bewijs ter
ondersteuning van klinische toepassing zwak.
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Ook de operatiekamer is een data-rijke omgeving waarin Al een belangrijke rol kan
spelen. Hoofdstuk 8 beoordeelde de huidige toepassingen van Al in de perioperatieve
zorg. Het toonde aan dat toepassingen gericht waren op het ondersteunen van
perioperatieve besluitvorming en het verbeteren van chirurgische vaardigheden en
veiligheid. Het benadrukte het belang van het standaardiseren van gegevens, klinische
validatie van Al-systemen, zorgvuldige evaluatie van het implementatieproces en het
vaststellen van ethische en juridische kaders.

Deel lll: Ontwikkeling van voorspellingsmodellen

Er zijn veel soorten machine learning, een subcategorie van Al, modellen die kunnen
worden gebruikt om voorspellingsmodellen te ontwikkelen. Tree-based modellen
worden steeds vaker aanbevolen voor het ontwikkelen van voorspellingsmodellen. Het
is echter onduidelijk of deze modellen superieur zijn aan logistische regressie bij het
gebruik van gestructureerde data. Hoofdstuk 9 gebruikte landelijke gegevens van 16
centra in het Nederlandse Pancreas Kanker Audit van 799 patiénten en toonde aan dat
een tree-based model niet beter presteerde dan logistische regressie bij het voorspellen
van postoperatieve complicaties na pancreaschirurgie.

Inhoofdstuk 10 wordtde Radiomics preoperative-FistulaRiskscore (RAD-FRS),eennieuw
voorspellingsmodel voor POPF, geintroduceerd. Radiomic features werden geéxtraheerd
uit preoperatieve CT-scans van patiénten die een pancreatoduodenectomie zouden
ondergaan. Het model werd ontwikkeld en intern gevalideerd in Nederland en extern
gevalideerd in Itali€. Het model presteerde goed met een area under the curve van 0,81
in de externe validatiecohort. Dit model heeft de potentie om geintegreerd te worden
in het patiéntendossier om zo de patiéntenvoorlichting véér de operatie te verbeteren.

Hoofdstuk 11 toont een ander model voor de voorspelling van POPF, de Artificial
Intelligence-based Fistula Risk Score (AI-FRS). Dit model voorspelde het risico op
POPF na pancreatoduodenectomie op basis van radiomic features van automatische
pancreassegmentaties. Na verdere validatie kan dit model automatische preoperatieve
voorspelling van POP mogelijk maken.

In hoofdstuk 12 wordt het studieprotocol van de A1Check-studie gepresenteerd.
Deze prospectieve studie valideert externe Al-algoritmen die CAL voorspellen. Deze
modellen maken gebruik van pre- en intra-operatieve gegevens van patiénten die een
colorectale resectie ondergaan met een primaire anastomose.
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