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Introduction

Colorectal cancer is the second most common cancer in humans and the second leading cause
of cancer-related deaths in the United States [1, 2]. Rectal cancer accounts for around 25% of
colorectal cancer cases [3]. Diagnosis of rectal cancer is initially made through a digital rectal
exam. To confirm rectal cancer, an endoscopy is performed to obtain a tissue biopsy and mea-
sure the distance from the lesion to the anal verge, defining rectal cancer as a tumor located
less than 15cm from the anal verge[4]. Once cancer is pathologically established, Magnetic
Resonance Imaging (MRI) or transrectal ultrasound is utilized to determine local tumor ex-
tension and nodal status. Additionally, computed tomography (CT) of the chest and abdomen
is performed to detect metastases in the lungs or liver [5]. Surgical intervention utilizing the
technique of Total Mesorectal Excision (TME) is widely recognized as the gold standard for
treating locally advanced rectal carcinoma.

1.1 Total Mesorectal Excision

Total Mesorectal Excision is considered the gold standard technique for rectal cancer excision,
as it has shown the lowest recurrence rates [6, 7]. The outcome improves further when sur-
gical treatment is combined with preoperative chemo-radiotherapy. During TME, the pelvic
autonomic nerves are identified and preserved, reducing the likelihood of sexual or bladder
dysfunction [7]. TME can be performed using laparoscopic, open, robot-assisted, or transanal
techniques [8].

TME involves the complete removal of the rectum and the surrounding mesorectum, as well as
the pararectal lymph nodes, which are typically the initial site of metastases, as illustrated in
Figure 5 [3]. The surgery is challenging due to the narrow and deep constraints of the pelvic
cavity, resulting in a small workspace and limited vision, particularly when using rigid laparo-
scopic tools. Precision is critical during the resection of the mesorectum to ensure complete
tumor removal. Despite its importance, there is currently no clear, objective definition of a
"difficult pelvis"[9].

Other factors influencing the difficulty of TME surgery include tumor distance from the anal
verge, tumor size, prior abdominal surgeries, neoadjuvant radiotherapy, male gender, and body
mass index (BMI) [10].

1.2 Complications Associated with TME Surgery

TME surgery has a high rate of postoperative complications, reported to range between 36% and
59% [11]. Common complications include problematic anorectal dysfunction and dehiscence (re-
opening) of the anastomosis. Anastomotic leakage (AL), is a complication in which a surgical
anastomosis fails and intestinal contents leak into the body, is reported in 4% to 20% of cases [3,
12]. This can lead to further postoperative complications, often necessitating re-operation,
which delays recovery, prolongs hospital stays, and increases mortality rates [13].

1.3 Research Objective

TME is a vital procedure for rectal surgery, yet it is technically challenging and associated
with a high complication rate. Currently, there is no standardized method for surgeons to
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1.3 Research Objective

Figure 2: Illustration of the resection lines performed during TME to ensure complete tumor
excision and address potential metastasis spread. The image highlights the tumor within the

rectum. The dotted lines showcase the resection boundaries.

gauge the potential difficulty of TME surgery. Although the literature suggests that certain
clinical and pelvimetry factors impact surgical outcomes, no objective definition exists for what
constitutes a "difficult pelvis" or which combination of variables contributes to complications.
Pelvic measurements, such as the pelvic inlet, pelvic outlet, or the length of the sacral curve,
define the dimensions of the available working space for the surgeon during TME surgery. These
pelvimetry measurements, along with other factors, could play a significant role in predicting
complications and surgical difficulty.

This thesis aims to address this knowledge gap by developing a machine-learning model that
integrates clinical and pelvimetry parameters to predict the complexity and complications of
TME surgeries. Such a model could assist clinicians during outpatient clinic consultations by:

1. Providing patients with more accurate information regarding surgical outcomes and risks.

2. Estimating the duration of the surgery, improving the efficiency of the operation clinic
roster.

3. Determining the level of surgical expertise required for each patient.

The research seeks to answer the following question:

"Is it possible to create a machine learning model that accurately predicts complications and
the duration of surgery using preoperative clinical and pelvimetry metrics of patients

undergoing Total Mesorectal Excision surgery?"

This study aims to provide a data-driven approach for surgical decision-making in TME surgery,
combining clinical and pelvimetry parameters to deliver patient-tailored care.
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Clinical Background

2.1 Incidence and Prevalence

Colorectal cancer (CRC) is the third most common cancer worldwide, accounting for approxi-
mately 10% of all cancer cases. More than half of these cases occur in developed countries [14].
Furthermore, CRC is one of the leading causes of mortality in Western countries. Rectal cancer
accounts for around 25% of all CRC cases [3]. In 2014, it was reported that each year approx-
imately 13,000 patients are diagnosed with colorectal cancer in the Netherlands, and around
5,000 patients die from the disease annually [15]. A study examining data on colorectal cancer
incidence from 1988 to 2007 showed a global increase in CRC among individuals under the age
of 50, largely driven by a prominent rise in rectal cancer in many countries [16]. Despite this
rising incidence, the 5-year survival rate for CRC has improved to 63%, and for rectal cancer,
it has reached up to 67%. These survival rates vary based on the stage at diagnosis: localized
(no spread outside the colon or rectum), regional (spread to nearby structures or lymph nodes),
and distant (spread to distant lymph nodes or organs such as the liver or lungs) [17].

2.2 Symptoms and Risk Factors of colorectal cancer

There are several symptoms that are associated with colorectal cancer [18]:

• A change in bowel habits, such as constipation, diarrhea, or a change in stool consistency
• Rectal bleeding or blood in the stool
• A feeling that the bowel does not empty completely
• Fatigue or weakness
• Unexplained weight loss

There are several risk factors that increase the chance of CRC. These factors are displayed in
Table 1.

Category Risk Factors Description

Non-Modifiable Risk
Factors • Age: Particularly after 50

• Family history: Increased risk with a family history of CRC
• Personal medical history: Inflammatory bowel diseases or previous radi-

ation therapy
• Male gender: Higher risk in males

Modifiable Risk Fac-
tors • Diet: High fats, low fiber, fruits, and vegetables, with red meat

• Alcohol consumption: Heavy drinking increases CRC risk [19]
• Obesity: High BMI
• Low physical activity: Sedentary lifestyle increases CRC risk
• Smoking: Smokers are 2.17 times more likely to develop CRC

Table 1: Non-modifiable and modifiable risk factors for colorectal cancer [20]
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2.3 Diagnosis and Staging of Rectal Cancer

2.3 Diagnosis and Staging of Rectal Cancer

Diagnosis of rectal cancer typically starts with a digital rectal exam, which allows the physi-
cian to palpate any abnormalities in the rectal area. This is often followed by an endoscopy,
usually a flexible sigmoidoscopy, to detect colonic neoplasms in the rectum. A tissue biopsy is
then performed to confirm rectal cancer and measure the distance from the lesion to the anal
verge [21]. Rectal cancer is classified as a tumor is located withing 15 cm of the anal verge [22].
Once cancer is pathologically confirmed, sagital, axial and coronal T2-MRI scans are used to
determine the depth of tumor invasion, lymph node involvement and circumferential resection
margin [23]. Transrectal ultrasound can also be utilized to determine the depth of invasion and
the absence of metastatic lymph nodes preoperatively [24]. Computed tomography of the chest
and abdomen is performed to detect distant metastases in the lungs or liver [5]. While current
diagnostic tools effectively stage rectal cancer, they do not assess the potential difficulty of
TME surgery. This underscores the need for predictive tools incorporating both clinical and
pelvimetry variables.

2.4 Advancements in Rectal Cancer Treatment

Rectal cancer treatment has evolved in the last few years, leading to a substantial reduction in
mortality after surgery. Minimally invasive resection combined with neo-adjuvant chemotherapy
has decreased mortality and improved patient outcomes. There are several techniques that are
available for the treatment of rectal cancer. Among these advancements is Total Mesorectal
Excision, which is considered the gold standard.

Total Mesorectal Excision (TME): The Gold Standard

Total Mesorectal Excision is considered the gold standard due to its association with signifi-
cantly lower recurrence rates [6, 7]. Recurrence rates dropped from 20.8% in patients undergoing
conventional surgery to 5.9% in those treated with TME [25]. During TME, the pelvic auto-
nomic nerves are identified and preserved, reducing the risk of sexual or bladder dysfunction.
Additionally, TME helps preserve anal sphincter function, minimizing the need for a perma-
nent stoma [7]. TME can be performed using laparoscopic, open, robot-assisted, or transanal
techniques [8]. The procedure involves the complete removal of the rectum, including the sur-
rounding mesorectum and pararectal lymph nodes, which are common sites of metastasis. This
is performed along the visceral pelvic fascia, often referred to as the "holy plane", as it is crucial
for ensuring complete tumor clearance [3].

Low Anterior Resection

TME is applied in Low Anterior Resection. Due to advancements in the understanding of rectal
cancer and improvements in surgical techniques, it was discovered that the traditional distal
resection margin of 5 cm yielded similar patient survival and recurrence rates when compared
to smaller distal margins. This made it increasingly feasible to preserve sphincter function
during surgery [26, 27]. Furthermore, due to advances in stapling devices the ability to create
a safe anastomosis at the distal rectum or the anal canal has been made possible, this is often
performed using a circular stapler [28]. However, anastomotic leakage still a remains a common
complication, with a higher chance of occurrence the more distal the anastomosis is. Failure of
the anastomosis varies between 6 to 30% depending on other risk factors[29].
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2.5 Factors impacting TME surgical difficulty

Abdominoperineal Resection

Abdominoperineal resection (APR) is a procedure predominantly used to treat low-lying rectal
cancer where the tumor is located close to the anal rectal junction, and sphincter preservation
is not feasible. Like in other rectal surgeries, TME is a fundamental part of APR. It involves
removing the sigmoid colon, rectum, and anus, resulting in a permanent colostomy. This radical
approach ensures complete tumor removal and reduces the chances of residual cancer cells[30,
31].

Role of Total Neo-adjuvant Therapy in Treatment of Rectal Cancer

Neo-adjuvant therapy is the standard of care and an important component of rectal cancer treat-
ment. It has three primary goals: down-staging the tumor, eradicating distant micrometastases
and preserving the rectum [32]. Traditionally, neoadjuvant therapy includes chemoradiotherapy,
followed by Total Mesorectal Excision (TME) and systemic chemotherapy. Total neoadjuvant
therapy combines (chemo)radiotherapy and chemotherapy before surgery to improve treatment
outcomes and reduce recurrence.

2.5 Factors impacting TME surgical difficulty

Total Mesorectal Excision (TME) is a crucial yet challenging surgical procedure influenced
by numerous clinical variables [10]. Another component contributing to surgical difficulty
is pelvic anatomy. The narrow and constrained anatomy of the pelvis significantly limits the
surgeon’s working space, especially when using rigid instruments during laparoscopic surgery [9].
Research has shown that pelvimetry can be used to assess the surgical difficulty of rectal cancer.
Table 2, displays an overview of key risk factors affecting the surgical difficulty in TME.

Risk Factor Description

Tumor Location
• Anterior tumors are more likely to have positive resec-

tion margins due to advanced staging.
• Tumors near the Anal Rectal Junction (ARJ) are more

challenging to operate on.

Tumor Size
• Larger tumors increase surgical complexity and opera-

tion time.
• Tumor size raises the risk of positive circumferential

resection margins.

Previous Abdominal
Surgery • Scar tissue from prior surgeries may lead to longer op-

eration times, a higher risk of postoperative complica-
tions, and conversion to open surgery.

Additional Risk Factors
• Male gender and higher BMI increase surgical difficulty.

Table 2: Factors influencing surgical difficulty during TME [10].
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2.6 Pelvimetry in predicting surgical difficulty

2.6 Pelvimetry in predicting surgical difficulty

In their systematic review, Hong et al. examined the role of MRI pelvimetry in predicting
technical difficulty and outcomes of open and minimally invasive total mesorectal excision.
Results of 11 studies suggested that a smaller intertubercular distance, interspinous distance,
pelvic inlet, and a larger pubic tubercle height are correlated with increased surgical difficulty.
Surgical difficulty was mentioned as a positive circumferential resection margin, incomplete
TME, longer operative time, higher blood loss or anastomotic leak, conversion to open surgery,
postoperative complications, or longer pelvic dissection time [9].

Raheem et al. performed a systematic review that aimed to evaluate the usefulness of pelvimetry
data in assessing the surgical difficulty of rectal cancer and its correlation with complication
outcomes. It researched the interspinous distance (IS), intertuberous distance (IT), mesorectal
fat area (MFA), and pelvic inlet (PI). This review concludes that there is no standard definition
of a difficult pelvis, therefore complicating the comparison of studies. Studies in this review
mentioned that a smaller IS, narrow PI, and large MFA were indicators for a longer operation
time and a higher chance of an anastomotic leakage [33].

Yamamoto et al. aimed to measure anatomical variables on MRI and analyze their predictive
value in estimating the surgical difficulty of rectal surgery. Patients who underwent an LAR
were included, with a distance to the ARJ of less than 10 cm. Eight measurements were
included: one angle, the anorectal angle, and seven distances. These distances were pelvic
inlet, pubococcygeal distance, sacral depth, pelvic length, pelvic outlet, intertuberous distance,
and interspinous distance. This study identified four predictors that could signal a difficult
surgery: BMI of 25+, tumor size above 45 mm, anorectal angle of 123+ degrees, and pelvic
outlet <82.7 mm [34].

Chau et al. examined whether pelvic dimensions on preoperative MRI can predict poor-quality
resections in laparoscopic low anterior resection (LAR) for rectal cancer. This study involved
92 patients with tumors within 10 cm from the anal verge and utilized pelvic measurements,
such as the S1-S5-pubic symphysis angle. The findings showed that an S1-S5 angle above 74.3°
was a significant predictor of poor-quality resections. These findings emphasize the potential
of MRI pelvimetry in identifying patients who may require extra care or alternative surgical
methods for improved outcomes [35].

These studies each show different results of what pelvimetry measurements have predictive
value, again displaying that a difficult pelvis is hard to standardize. In this study, the definition
of a difficult pelvis will be based on complication outcomes, as this is easily measurable and
has a significant impact on the patient’s quality of life.

The table below provides an overview of the findings from previous research, illustrating the
complexity and diversity in identifying key anatomical predictors.
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2.7 Machine Learning in Total Mesorectal Excision

Study Significant Parameters Surgical Outcomes

Hong et al.
• Smaller intertubercular distance
• Smaller interspinous distance
• Smaller pelvic inlet
• Larger pubic tubercle height

• Positive circumferential resection
margin

• Incomplete TME
• Longer operative time
• Higher blood loss
• Anastomotic leakage
• Conversion to open surgery
• Postoperative complications
• Longer pelvic dissection time

Raheem et al.
• Smaller interspinous distance (IS)
• Narrow pelvic inlet (PI)
• Large mesorectal fat area (MFA)

• Longer operation time
• Higher chance of anastomotic leak-

age

Yamamoto et al.
• BMI ≥ 25
• Tumor size > 45 mm
• Anorectal angle ≥ 123°
• Pelvic outlet < 82.7 mm

• Predictive value for surgical diffi-
culty in rectal surgery

Chau et al.
• S1-S5 angle > 74.3° • Poor-quality resections in laparo-

scopic low anterior resection (LAR)

Table 3: Significant parameters and surgical outcomes studied in selected research.

2.7 Machine Learning in Total Mesorectal Excision

Miao Yu et al. developed multiple machine-learning models to predict the surgical difficulty
of LaTME. This study had a dataset of 626 patients who each underwent LaTME. Grading
of surgical difficulty was done using a modified Escal rating due to differences between eastern
and western patients, where postoperative hospital stay changed from >15 days to >12 days
and the duration of surgery from >300 min to >240 min. A total of 35 variables were used in
this study, including 20 pelvimetry measurements. To reduce dimension and solve collinearity,
the least absolute shrinkage and selection operator (LASSO) was used. A total of six machine
learning models were developed, where XGBoost displayed the best results with an Area Under
the Receiver Operating Characteristic curve (AUROC) of 0.855. A total of seven variables were
identified as predictors of surgical difficulty. The variables include Tumor distance to the anal
verge, prognostic nutritional index (PNI), pelvic inlet, pelvic outlet, sacrococcygeal distance,
mesorectal fat area, and angle 5 (the angle formed by the apex of the sacral curvature and the
lower boundary of the pubic bone)[36].

Liu et al. investigated the possibility of predicting the need for a permanent stoma using
machine learning. A permanent stoma is often used for patients to reduce the pressure on the
anastomosis when a patient has a preserved anus after LaTME. A total of 1163 patients were
included in this study. Results from an XGBoost prediction model displayed an ROC as high as
0.963 for the validation set. Risk factors for a permanent stoma were age > 65, rectal stenosis,
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2.8 Study Objective

history of hypertension, history of diabetes, history of chemo- or radiotherapy, and distance of
>5 cm from the tumor to the dentate line[37].

2.8 Study Objective

This study addresses the clinical challenge of predicting complications and surgical difficulty
in Total Mesorectal Excision (TME) surgeries, including Low Anterior Resection (LAR) and
Abdominoperineal Resection (APR). By leveraging machine learning, the goal is to enhance
patient outcomes through personalized care strategies, ultimately reducing postoperative com-
plications and improving surgical success rates.
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Technical Background

MRI plays a crucial role in the preoperative assessment, diagnosis, and treatment of rectal
cancer [38]. A growing field of interest is the use of pelvimetry measurements derived from
MRI as predictive factors for surgical outcomes in rectal cancer procedures, such as Total
Mesorectal Excision (TME). Automated pelvimetry measurements from T2-MRI scans could
enhance a clinician’s understanding of the complexity of a patient’s case, improving the pre-
operative planning phase [9]. Simultaneously, the application of artificial intelligence (AI) in
healthcare is rapidly evolving, offering tools to improve surgical assessment of patients. This
study aims to incorporate AI by developing automated pelvimetry measurement techniques and
prediction models that assess both surgical difficulty and surgery duration [39]. Specifically, in
the context of TME, these AI-driven models could support clinicians by combining pelvime-
try measurements with clinical parameters to better forecast surgical challenges and potential
complications, such as anastomotic leakage.

3.1 Machine Learning

Machine learning is a part of artificial intelligence, as seen in Figure 3. It is based on the ability
to let computers learn from data, often used to make predictions. The machine, in this case,
the computer, can learn and improve due to experience. An essential part of machine learning
is data pre-processing, which involves the transformation, cleaning, and organization of data
to improve the accuracy of an algorithm. Machine learning may be used when a human’s
expertise is unavailable or when the complexity of the data requires computers to find more
complex relations between variables that are difficult for humans to detect alone [40, 41].

The application of machine learning in medicine is increasing, thanks to the improved data
storage capacity, stronger computational power, and a large volume of data. Two of the main
fields it is used for are the prediction of diagnosis and the outcome of, for example, a surgical
operation such as TME. However, these are not the only subjects that machine learning is
useful for in medicine [42]. Other machine learning tasks include the ability to reconstruct
the mechanisms of a disease, find suitable patients for recruitment for clinical trials, predict a
patient’s prognosis, or continuously monitor a patient’s health to detect arrhythmias [43].
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3.2 Machine Learning Models in study

Figure 3: Venn Diagram Illustrating the Scope of Artificial Intelligence, Machine Learning,
and Deep Learning

3.2 Machine Learning Models in study

Logistic Regression

Logistic regression is a supervised machine learning algorithm used for binary classification.
It estimates the probability of whether an instance belongs to one of two classes. The model
applies a logistic function to the linear combination of input features, resulting in an output
between 0 and 1. Using this probability, the instance is classified into one of the two classes,
as shown in Figure 4a.

Random Forest

A Random Forest is an ensemble machine learning model based on decision trees. During
the training phase, multiple random decision trees are combined, and each tree outputs a
prediction, displayed in Figure 4b For classification tasks, the final output is the class with the
most instances, and for regression tasks, the mean of all outputs is taken.

XGBoost (eXtreme Gradient Boosting)

XGBoost implements the gradient-boosting technique applied to decision trees. It constructs a
series of decision trees where each new tree corrects errors from the previous one by minimizing
residual error. The final prediction is calculated by taking the weighted sum of all trees and
adjusting it by the learning rate, shown in Figure 4c. Each of these models has its own
advantages and disadvantages, as outlined in Table 4.

10



3.3 Deep Learning

(a) Logistic Regression[44] (b) Random Forest[45] (c) XGBoost[46]

Figure 4: Illustrations of the structure of Logistic Regression, Random Forest, and XGBoost

Model Advantages Disadvantages

Logistic Regression
• Simple and interpretable
• Scales well with large datasets

• Assumes linear relationships
• Sensitive to missing data

Random Forest
• Resistant to noise and overfit-

ting
• Provides feature importance
• Handles non-linear relation-

ships

• Difficult to interpret
• High computational require-

ments

XGBoost
• Optimized for speed and scala-

bility
• Supports various loss functions
• Automatically handles missing

values

• Complex hyperparameter tun-
ing

• Requires significant computa-
tional power

• Can overfit with complex mod-
els

Table 4: Summary of advantages and disadvantages for Logistic Regression, Random Forest,
and XGBoost.

3.3 Deep Learning

Deep learning is a subset of artificial intelligence and a specialized area of machine learning. It
uses a neural network that, when properly trained, can handle large datasets and achieve high
accuracy. A neural network is structured in multiple layers, each containing data transforma-
tions that make the data more abstract. Starting layers recognize simple features, while later
layers recognize increasingly complex features. At the final layer, the model identifies patterns
and creates a prediction [47, 48].

Each layer consists of multiple neurons, each containing a weight and a bias. The weight
influences how input values propagate through the network, while the bias allows the neurons
to have flexibility by changing the output, independent of the input. After the final layer, the
model calculates the error (loss) for each prediction against the actual output (target value).

11



3.3 Deep Learning

This loss is used as feedback for the model to learn and adjust weights and biases through a
process called backpropagation, improving accuracy over time.

Deep learning has seen significant success in medicine, especially in the field of computer vision,
which focuses on image and video understanding. Tasks such as object detection, classification,
and segmentation are common. The use of convolutional neural networks (CNNs) leverages
spatial invariance, ensuring features remain relevant regardless of their position in the image.
Deep learning has excelled in medical imaging, with examples like melanoma identification [49]
or breast lesion detection in mammograms [50].
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Three Pillars of this study

This chapter outlines the three main components of this thesis, illustrated in Figure 5:

1. Machine Learning Model Development: Creating a predictive model to assess the
likelihood of complications during Total Mesorectal Excision (TME) surgery.

2. Deep Learning for Sacral Curve Analysis: Utilizing deep learning techniques to
estimate the length of the sacral curve, aiming to identify novel parameters that may
impact the complexity and outcomes of TME surgery.

3. Dashboard Development: Designing a proof-of-concept dashboard to support surgeons
in decision-making, enabling personalized, patient-specific care planning.

Figure 5: Workflow of the Three-Pillar Approach in This Thesis
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Machine Learning Model

5.1 Introduction

The main chapter of this thesis was the development of a machine learning model to predict
post-operative complications, aiming to optimize patient-tailored care and outcomes. The
following steps were taken to develop such a model:

1. Data preprocessing: Data preprocessing involved cleaning and organizing the dataframe
for further analysis, filtering the dataset based on the in- and exclusion criteria.

2. Univariate Analysis: Initial exploration of individual relationships between features
and the target outcome, aimed at identifying potential predictors of complications.

3. Machine Learning Pipeline Development: Target selection, univariate correlation,
feature selection, and model training were implemented in a pipeline to build and evaluate
machine learning models.

4. Model Evaluation: The different machine learning models were evaluated and opti-
mized for clinical application.

The final models were evaluated for two post-operative target outcomes predicted following
TME surgery:

1. Clavien-Dindo grade 3 or higher (CDC3+): This outcome predicted whether a
patient would experience a Clavien-Dindo grade complication of 3 or higher after TME
surgery, defined as requiring surgical, endoscopic, or radiological intervention. The de-
tailed gradings of the classification are provided in Table 5.

2. Anastomotic leakage: This outcome predicts the probability of anastomotic leakage
occurring after surgery.

Grade Definition
Grade I Any deviation from the normal postoperative course without the need for pharmacological

treatment or surgical, endoscopic, and radiological interventions.
Grade II Requiring pharmacological treatment with drugs other than those allowed for Grade I

complications. Includes blood transfusions and total parenteral nutrition.
Grade III Requiring surgical, endoscopic, or radiological intervention.
Grade IIIa Intervention not under general anesthesia.
Grade IIIb Intervention under general anesthesia.
Grade IV Life-threatening complication (including CNS complications) requiring IC/ICU manage-

ment.
Grade IVa Single organ dysfunction (including dialysis).
Grade IVb Multi-organ dysfunction.
Grade V Death of a patient.
Suffix “d” If the patient suffers from a complication at the time of discharge (for “disability”), this

is added to the respective grade of complication.
*Brain hemorrhage, ischemic stroke, subarachnoidal bleeding, but excluding transient ischemic attacks.
CNS: central nervous system, IC: intermediate care, ICU: intensive care unit.

Table 5: Clavien-Dindo Classification of Postoperative Complications[51]
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5.2 Clinical parameters

An overview of all the clinical features in the final dataset after preprocessing with description
is displayed in Table 6. These features, combined with the pelvimetry measurements in Table 7
are utilized in the final dataset.

Feature Description Feature type
abdomen Earlier non-related abdomen surgery Binary
age Age Continuous
asascore ASA (American Society of Anesthesiologists) physi-

cal status score
Categorical

BMI Body Mass Index (BMI) Continuous
distance to tumor Distance from tumor to ARJ Continuous
intervention Laparoscopic or Robotic performed Binary
height Patient’s height Continuous
chemotherapy Indicates whether preoperative chemotherapy was

administered
Categorical

therapy Surgery, chemo- or radiotherapy before surgery Categorical
radiotherapy Radiotherapy applied Continuous
procedure LAR or APR Binary
T-stage T-staging before operation Categorical
N-stage N-staging before operation outcomes Categorical
M-stage M-staging before operation Categorical
sex Patient’s gender Binary
weight Patient’s weight Continuous

Table 6: Summary of clinical features of the dataset with descriptions and types.

5.3 Pelvimetry measurements

An overview of all pelvimetry measurement features used in the machine learning model are
displayed in Table 7, including pelvimetry distances and angles calculated from points iden-
tified in the pelvis. Distances such as the Pelvic Inlet, Pelvic Outlet, pubic tubercle height,
and sacrococcygeal distance were measured. Furthermore, the interspinous distance (IS) and
intertuberous distance (IT) were measured, as displayed in Figure 6.

The anatomical points that these measurements are based on were automatically detected
using an in-house deep learning model. This model identified five key points in the pelvis on
a sagittal T2-MRI scan, as shown in Figure 7a. These points included the promontorium (A),
S3 vertebra (B), coccyx (C), caudal part of the pubic symphysis (D), and cranial part of the
pubic symphysis (E).

In addition to these measurements, the dataset included the distance between the promontorium
(A) and G (the middle of the pelvic outlet) and the distance between point F (the middle of
the pelvic inlet) and the coccyx, as shown in Figure 7b. Moreover, the pelvic depth (illustrated
by the red line) and the sacral depth (depicted by the yellow line) were also measured, as seen
in Figure 8a. Angles that were measured are displayed in Figure 8b.
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(a) Interspinous distance (green line) visualized
on a transversal MRI.

(b) Intertuberous distance (orange line)
visualized on a transversal MRI.

Figure 6: Visualization of transversal measurements on MRI: (a) Interspinous distance and
(b) Intertuberous distance.

(a) Five automatically detected key points:
promontorium (A), S3 vertebra (B), coccyx (C),
lower part of the os pubis (D), and upper part of

the os pubis (E).

(b) Distances between key pelvic points: point A
to G (middle of pelvic outlet) and point F to C

(middle of pelvic inlet).

Figure 7: Illustration of automatically detected key pelvic points (a) and the distances
measured between points F-C and A-G (b) on sagittal MRI

(a) Pelvic depth (red line) and sacral depth
(yellow line) visualized on a sagittal MRI.

(b) Visualization of the six angles calculated for
the machine learning model

Figure 8: Visualization of pelvic and sacral depth measurements (a) and six angles (b) on
MRI.
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5.3 Pelvimetry measurements

Frustum Volume of a Cone

Using the pelvic inlet (AE) and pelvic outlet (CD), a rough estimation of the pelvic volume
(cm3) was calculated based on an inverted frustum-shaped cone visualized in Figure 9 calculated
using Equation 1. The pelvic area resembles a cone, which is the region the surgeon operates
in. For R, half the distance of the pelvic inlet was used and for the smaller radius r, half the
distance of the pelvic outlet was chosen. The height h was calculated as the mean of distances
AC and DE.

V =
1

3
πh

(
R2 +Rr + r2

)
(1)

• V : Volume of the frustum
• h: Height of the frustum (distance between the

two circular bases)
• R: Radius of the larger circular base
• r: Radius of the smaller circular base
• π: Pi, approximately 3.14 Figure 9: Visual representation

of the inverted frustum used for
volume calculation.

Area Pentagon

To calculate the area of the pentagon (cm2), all five points A through E were used. To simplify
the calculation, the points were projected onto a 2D plane on the xy-axis. The area was then
calculated using the Shoelace formula shown in Equation 2:

A =
1

2

∣∣∣∣∣
n∑

i=1

(xi · yi+1 − yi · xi+1)

∣∣∣∣∣ (2)

• A: Area of the pentagon.

• xi, yi: Coordinates of the pentagon points in the 2D plane.

• n: Number of vertices in the pentagon.
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5.4 Pre-processing

Table 7: Pelvimetry measurements used in the machine learning model.

Pelvimetry Measurement Description
AB Distance between promontorium and S3 vertebra.
AC Sacrococcygeal distance.
AD Diagonal conjugate.
AE Pelvic inlet.
AG Distance between promontorium and G (middle of pelvic out-

let).
BD Distance between S3 vertebra and caudal part of os pubis.
BE Distance between S3 vertebra and cranial part of os pubis.
BC Distance between S3 vertebra and coccyx.
CD Pelvic outlet.
CE Distance between coccyx and caudal part of os pubis.
DE Pubic tubercle height.
FC Distance between F (middle of pelvic inlet) and coccyx.
Angle 1 Angle between points ABE.
Angle 2 Sacral curve angle.
Angle 3 Angle between points CDB.
Angle 4 Angle between points DEC.
Angle 5 Sacrococcygeal-pubic angle.
Angle 6 Angle between points EAD.
IS Distance between ischial spines.
IT Distance between ischial tuberosities.
Frustum Volume Volume of the frustum-shaped cone.
Sacral Depth Distance from S3 vertebra to midline of AC.
Area Pentagon Area of the pentagon formed by pelvic points (A-E).
Pelvic Depth Distance from S3 vertebra to midline of AC and DE.
Frustum Volume/Pelvic Depth Ratio of frustum volume to pelvic depth.

5.4 Pre-processing

Study Design

This is a retrospective study involving eight TME centers in the Netherlands, performing more
than forty TME surgeries annually. For each patient involved, they underwent a primary tumor
rectal resection. Furthermore, all patients had a preoperative MRI performed between January
1, 2013, and December 31, 2021.

Inclusion Criteria

As shown in Figure 12, the following criteria were employed to include patients in the dataset:

• Resection Treatment: Only patients who underwent resection treatment were included.
• Curative Operation: The operation must have been intended as a curative procedure.
• Primary tumor: TME must have been performed for the primary tumor.
• Elective Surgery: Only elective (non-emergency) surgeries were considered.
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• Specific Surgical Procedures: Only Low Anterior Resection (LAR) or Abdominoper-
ineal Resection (APR) procedures were included.

• Surgical Method: The operation must have been performed laparoscopically or robot-
ically.

• MRI Annotation: A preoperative pelvic MRI must be available containing complete
visualization of the bony pelvis to ensure complete pelvimetry measurements.

Exclusion Criteria

The following criteria were used to exclude patients from the dataset:

• No Transanal Endoscopic Microsurgery (TEM): Patients who had TEM prior to
resection were excluded.

• Tumor Proximity to Anal Rectal Junction (ARJ): Tumors must be within 14 cm
of the ARJ.

Data Cleaning

After applying the inclusion and exclusion criteria, the remaining dataset underwent a thorough
cleaning process to ensure its integrity and quality for analysis. This process involved merging
datasets, handling missing values, removing outliers, and engineering new features.

Data merging: Data from several hospitals was combined to create a single clinical dataset,
afterwards the pelvimetry dataset was incorporated.

Handling missing values: Columns with a high percentage of missing values (80% or more) were
removed. For features with fewer missing values, the K-nearest neighbor (KNN) imputation
algorithm was applied, as it preserves relationships in the data and works for both categorical
and continuous variables. Missing values that represented unavailable information, such as
radiotherapy, were imputed with a placeholder value of 1, corresponding to "no radiotherapy
performed."

Outlier removal: Outliers were identified using boxplot visualizations and Z-scores analysis in
which a threshold of 3 standard deviations was applied. In the Z-score formula (Equation 3),
x represents the data point. As a result, age values below 33 were excluded (see Figure 10).
Anatomically impossible values, such as unrealistic distances between the promontorium and
coccyx (AC), Pelvic inlet (AE) and Pelvic outlet (CD), were also removed

Z-score =
x− mean

std. deviation
(3)

Figure 10: Histogram distribution of Age, displaying a small right skew

19
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Feature engineering: To enhance model performance, new features were created: Body Mass
Index (BMI), calculated from the patient’s weight and height; and Clavien-Dindo 3+ grading,
transformed into a binary outcome where grades 1–2 were classified as negative (0) and grades
3–5 as positive (1).

Scaling and transformation: Features with skewed distributions, such as BMI (skewness: 0.77),
were log-transformed to reduce extreme values. Continuous variables were scaled between 0
and 1 to standardize feature magnitudes, ensuring equal contribution during modelling.

(a) BMI distribution (right skew) (b) BMI after log transformation

Figure 11: (a) Histogram of BMI distribution, and (b) Histogram of BMI distribution after
log transformation.

Encoding categorical variables: Categorical variables were encoded. Dichotomous variables,
such as sex (male, female) and surgery type (LAR, APR), were converted to binary values. Or-
dinal variables, including neo-adjuvant radiotherapy (none, short-course, long-course, chemora-
diotherapy) and TNM classification (T-stadium: 1–4, N-stadium: 0–2), were scaled between
0 and 1. The ASA score was preserved in its original ordinal structure due to its clinical
significance.
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5.4 Pre-processing

Figure 12: Flowchart illustrating the inclusion and exclusion criteria, along with additional
data cleaning steps, used to shape the final dataset.

Final Dataset

The final dataset of CDC3+ consisted of 973 data points with 42 predictive features selected
based on clinical expertise and univariate correlation analysis. The dataset exhibited a class
imbalance with an approximate 5.2:1 ratio between negative and positive classes.

For anastomotic leakage predictions, a subset of 525 data points was constructed by filtering for
patients who underwent Low Anterior Resection (LAR) with a performed anastomosis. This
subset displayed a class ratio of 5.5:1 between negative and positive classes. Addressing these
imbalances is critical for model reliability, using techniques like class weighting or synthetic
resampling (e.g., SMOTE).

Univariate correlation

To evaluate the relationship between the predictor features and the target variable, two types
of univariate analyses were performed: the Point Biserial correlation for acontinious predictor
features and the Chi-square-test with Cramer’s V for categorical and binary features. The
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formulas for these tests are explained in the appendix. These methods allowed for measuring
the associations between variables and provided insights into potential variables influencing
surgical difficulty. The strength and interpretation of the association are displayed in Table 8.

Estimated values Interpretation of association

0.00–0.09 Negligible
0.10–0.19 Weak
0.20–0.39 Moderate
0.40–0.59 Relatively strong
0.60–0.79 Strong
0.80–1.00 Very strong

Table 8: Interpretation of correlation based on features

5.5 Pipeline

This chapter explains the development of the pipeline design. A well-designed and structured
pipeline ensures that no data-leakage occurs and due to the systematic approach, it has several
benefits such as: consistency, reproducibility, efficiency, scalability and experimentation. The
use of a pipeline reduces the chance of errors and improves the ease of logging results and
models. An overview of the pipeline and its components are displayed in Figure 14

In this study, the best model was trained by systematically optimizing parameters for multiple
models. This was conducted for both target outcomes. Each step involved testing multiple
combinations of parameters to identify the optimal configuration based on performance metrics.
All individual runs and their results were tracked and recorded in Weights and Biases for
comprehensive analysis and comparison [52].

Stratified Cross Validation

In this pipeline, cross-validation is applied at multiple components. Cross-validation is the
process of splitting the data into k-folds where each fold has a different distribution of train
and test sets[53]. By averaging the results of the final testing, this ensures that the model does
not over fit for a certain fold. However, when using normal cross-validation, the distribution of
classes across folds might not be guaranteed to match the distribution of the original dataset.
This can lead to problems, especially if the dataset has imbalanced classes.

Stratified k-fold cross-validation tackles this problem by ensuring that the class distribution is
similar in each fold (k), displayed in Figure 13. This is especially useful in datasets with a
class imbalance. This method leads to more robust results and a more generalizable model[54].
In this method, a value of five folds is chosen as this strikes a good balance between bias and
variance[55].
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Figure 13: Visualization of Stratified K-Fold Cross-Validation with Training (Blue) and
Testing (Red) Splits

5.6 Pipeline components

Figure 14: Pipeline structure illustrating key steps: initialization and configuration, feature
selection, variance inflation factor (VIF) calculation, hyperparameter tuning, SMOTE

application, and model evaluation
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Pipeline initialization and configuration

The first component was the loading of the preprocessed dataset and selection of one of the two
classification target outcomes. Furthermore, multiple important decisions are made such as:

• Machine learning model type: In this pipeline the decision can be made between three
classification machine learning models: Logistic regression, Random Forest Classifier, and
XGBoost.

• Class Weighting: Class imbalance is when one of the classes is underrepresented in
the dataset[56]. This can lead to incorrect and biased results in model training. Class
weighting assigns higher weights to the minority class, which makes the model pay more
attention to that class and reduces the bias towards the majority class.

• Distance threshold to anorectal junction (ARJ): Selecting the maximum distance
between the tumor and the ARJ. This will influence the size of the dataset due to more
cases being excluded when lowering the distance. In this method, a value of 14 cm was
used.

• Scoring metric: Choose the evaluation metric that will be used to measure performance
during feature selection. The options for this were accuracy, precision, recall (sensitivity),
F1-score, and AUC.

Feature Selection

A large dimensionality in a dataset is often not preferred as this often leads to overfitting, has
a high computational cost, and makes it difficult to interpret the model. Feature selection is
a method that is widely used to minimize the use of irrelevant features; it aims to choose a
small subset of features that are deemed relevant for the training of the model while removing
features that add noise to the dataset[57, 58, 59]. In this method, both forward and backward
feature selection are applied to use the strengths of both methods. To ensure robustness in this
process a pre-built python package from sci-kit learn is used called SequentialFeatureSelector
to create the forward and backward feature selection.

During feature selection, the F1-score is used as the scoring metric for feature selection as it
considers both precision and recall. If the focus is solely on recall (sensitivity), the model might
choose features that lead to a perfect recall (1.0), but at the cost of poor precision. By choosing
F1, the aim is to develop a balanced model.

(a) Forward Feature Selection (b) Backward Feature Selection

Figure 15: Illustration of (a) Forward and (b) Backward feature selection
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Forward feature selection: The procedure iteratively determines the best new feature to add
to the list of chosen features Figure 15a. It starts with zero features and identifies the feature
that, when an estimator is trained on it, maximizes a cross-validated score using stratified k-fold
cross-validation. The process continues by adding a new feature to the collection of selected
features once the initial feature is chosen. When in the last 10 interactions no improvement
was seen in the scoring metric the feature selection process ends and the feature set, with the
highest score is used. An advantage of forward feature selection is that it starts with a small
dataset, therefore it is less prone to collinearity. However, when a feature is added it can’t be
removed. It can make the feature added before this less relevant because it explains the same
variance [59].

Backward feature selection: This procedure starts with all features, and then it iteratively
determines the feature to remove after training on an estimator to minimize the negative impact
on the stratified k-fold cross-validated score Figure 15b. The process continues with removing
a feature until no improvement is seen. This continues until no improvement is displayed in
the last ten iterations in the scoring metric. The final set of features that produces the best
performance score is selected. An advantage of backward feature selection is due to starting
with all features it is able to capture relationships between features. Sometimes a single feature
might not contribute significantly, but in combination with other features have a meaningful
impact on the performance of a model [59].

After forward and backward feature selection, the feature sets of both processes are combined
and overlapping features will be selected displayed in Figure 16.

Figure 16: "Visualization of Features Selected by Forward and Backward Feature Selection,
Highlighting Overlapping Features

Variance Inflation Factor

The Variance Inflation Factor (VIF) is a statistical measure that is used to address multi-
collinearity[60]. This happens when there is a high correlation between predictor variables,
which can create instability in the training of a model and making it harder to interpret. The
formula for the VIF in equation 4 [61].

V IFi =
1

1−R2
i

(4)

R2 is the coefficient of determination, which explains how well a model fits the data. It tells
how well a predictor is explained by the other predictor variables. If the R2 is close to 0, the
predictor is not closely correlated to other predictor variables. Whereas if it is closer to 1 it is
highly correlated, resulting in a high VIF.
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In this component of the pipeline the VIF is calculated for all predictor variables. Afterward, it
removes the variable with the highest VIF and this iteration is repeated till all variables have a
VIF below the selected threshold, The function is modified to ensure that overlapping features
selected during the feature selection process cannot be removed. For this method a VIF of
ten is selected, this value is somewhat high as it allows some multicollinearity. The reasoning
behind this decision is that in our case it is preferred to have a greater confidence in the final
prediction and less about the interpretability of the individual variables.

Hyperparameter tuning

Hyperparameters are set manually in machine learning, this is conducted by the user before
training. These types of parameters differ from internal parameters in such a way that hyper-
parameters affect the behavior and architecture of the algorithm. Tuning of hyperparameters is
used to let a model be used optimally, and it can be performed manually but also done through
hyperparameter tuning[62]. For this, stratified k-fold is used, to find the optimal parameters
for five folds.

In this pipeline, the option used for hyperparameter tuning in the final models was Bayesian
Optimization. This approach starts with random combinations and then builds a mathemat-
ical model to predict the hyperparameters that are most likely to improve the model. The
benefit of Bayesian Optimization is its efficiency compared to Gridsearch. Instead of exhaus-
tively searching all possible combinations, it focuses only on the most promising areas in the
hyperparameter space, evaluating only the “good” combinations.

SMOTE (Synthetic Minority Over-Sampling Technique)

In case class weighting is not applied to tackle the class imbalance, the second option is to apply
SMOTE [63]. When SMOTE is applied, instead of duplicating existing samples, synthetic sam-
ples are generated by interpolating between a minority class instance and its nearest neighbour.
A random point is created along the line segment between the feature vector and one of its
k -nearest neighbours. k can be adjusted based on the dataset. SMOTE is only performed for
the minority class to balance the data set. An example of regular SMOTE is shown in Figure
17.

Figure 17: Illustration of Regular-SMOTE: Synthetic Minority Points (Red) Generated
Between Original Minority Points (Blue) Amid Non-Minority Points (Grey) [64]

26



5.6 Pipeline components

In this pipeline, multiple types of SMOTE can be applied, such as:

1. Regular-SMOTE: The standard implementation of SMOTE, where synthetic samples
are generated by interpolating between a randomly chosen minority class instance and
one of its k-nearest neighbors.

2. Borderline-SMOTE: Focuses on generating synthetic samples near the decision bound-
ary, where minority class samples are more likely to be misclassified.

3. ENN-SMOTE: Combines SMOTE with Edited Nearest Neighbors (ENN), which re-
moves noisy or borderline samples from the dataset after oversampling.

4. Tomek-SMOTE: Combines SMOTE with Tomek Links, which identify and remove
overlapping samples from the majority class after oversampling.

5. ADASYN (Adaptive Synthetic Sampling)-SMOTE: Focuses on generating more
synthetic samples in regions where the minority class is underrepresented, based on data
density.

6. SVM-SMOTE: Uses Support Vector Machines (SVM) to identify critical boundary
regions in the feature space where synthetic samples should be generated.

7. Safe-Level-SMOTE: Generates synthetic samples in "safe" regions of the minority class
by considering the proximity of majority class samples.

8. Means-SMOTE: Applies K-Means clustering to group data into clusters and generates
synthetic samples within each cluster.

9. Cluster-SMOTE: A variant of Means-SMOTE that generates synthetic samples specif-
ically within clusters to respect the natural data structure.

Model evaluation

To evaluate the results five fold stratified cross validation is applied as explained before, this
approach helps to create a more robust model and prevents one of the five folds to produce
unrealistic results. After training and fitting the data for each fold in the stratified k-fold,
scoring metrics such as Accuracy, Precision, Recall, F1-score, Specificity, and Area Under the
Curve (AUC) were calculated. By averaging the scores over the five folds, the results provide a
realistic model performance. Furthermore, the final model was evaluated using the leave-one-
out method on specific hospital test sets. For the evaluation, data from an individual hospital
was used as a test set. The model was then trained on the rest of the dataset. Afterwards that
model is evaluated for the hospital subset to assess the performance.
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5.7 Results Anastomotic Leakage

Top Features by Absolute Correlation

Among the top 10 features based on absolute correlation values, 50% of the features are pelvime-
try measurements, highlighting their importance. All features displayed have a significant p-
value. For continuous variables, the correlation can be either negative or positive. A negative
correlation indicates that, as the feature value decreases, the chance of a positive case increases.
For anastomotic leakage, the correlations are generally weak, indicating that they do not con-
tribute significantly to prediction. However, the feature ’pelvic inlet’ (AE) emerges as the
largest predictor.

Table 9: Top 10 features Based on Correlation

Variable P-value Correlation CI Lower CI Upper

AE (Pelvic Inlet) 0.001 -0.139 -0.222 -0.054
distance to tumor 0.002 -0.137 -0.220 -0.052
Frustum Volume
/ Pelvic depth 0.002 -0.137 -0.220 -0.052

sex 0.004 0.126 0.045 0.201
T-stage 0.003 0.118 0.048 0.192
AD 0.010 -0.113 -0.197 -0.028
IS (Interspinous) 0.010 -0.103 -0.196 -0.027
Frustum Volume
Cone 0.019 -0.103 -0.184 -0.017

chemotherapy 0.020 0.092 0.044 0.200
therapy 0.052 0.085 0.009 0.160

5.7.1 Machine Learning Model Results

Best Performing Model

The best performing model was a Logistic Regression model trained using a Stratified 5-fold
cross-validation approach, ensuring balanced representation of classes in each fold. The training
set size was 516 samples, generated using SMOTE-ENN to address class imbalance. The test
set size was 105 samples, consisting of 89 negative cases and 16 positive cases, with a class
imbalance ratio of 5.5:1. The final hyperparameters used are a regularization strength of C=1
leading to a balanced model. An L2 penalty to prevent overfitting and the solver liblinear as
this works well with L2 regularization. The features used in the final model are displayed in
table 10 below:
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Table 10: Overview of Features included the final anastomotic leakage model

Features

Angle 1 distance to tumor
Angle 4 weight
Angle 6 chemotherapy
procedure radiotherapy
intervention sex
M-stage therapy

Evaluation Metrics

The main performance metrics, based on stratified 5-fold cross-validation, are displayed below.
The objective was partially met for the anastomotic leakage model, which reached a sensitivity
score of 0.765 ± 0.140. The accuracy for the anastomotic leakage model was 0.528 ± 0.034.
Furthermore, the model displayed a low specificity of 0.484 ± 0.057. The F1-score, representing
the harmonic mean of precision and recall, reached 0.332 ± 0.042 for the anastomotic leakage
model.

Table 11: Performance Metrics for Anastomotic Leakage Model

Metric Accuracy Sensitivity Specificity F1 AUC

Value 0.528 ± 0.034 0.765 ± 0.140 0.484 ± 0.057 0.332 ± 0.042 0.667 ± 0.075

Confusion matrix

Figure 18 shows the average confusion matrix of the model’s stratified cross-validation on a
test set of 105 cases visualizing the class imbalance.

Figure 18: Confusion matrix showing the performance of the model. The values represent
True Negatives (43), False Positives (46), False Negatives (4) and True Positives (12)
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Prediction Probability Distribution

Figure 19 displays the prediction probability distribution.

Class 0 (Red): A significant portion of Class 0 predictions falls within the 0.6 to 0.9 probability
range, indicating that the model often classifies these true negative cases as positive with
moderate confidence. This results in a large number of false positives, as true negative cases
are frequently misclassified when their predicted probabilities exceed the 0.5 threshold.

Class 1 (Green): The majority of Class 1 cases are also concentrated in the 0.6 to 0.9 range,
suggesting that the model has some discriminative ability in identifying positive cases but with
only moderate confidence. This moderate range indicates that while the model can separate
positive cases from negative ones to some extent, it lacks strong certainty.

Overall, there are no positive cases with predicted probabilities in the high-confidence range
(0.9–1), indicating that the model does not demonstrate strong confidence in its classifications.
This reinforces the interpretation that while the model is capable of identifying positive cases
to some degree, its predictive confidence is limited, impacting the accuracy.

Figure 19: Prediction probability distribution shows the models prediction probability for
each actual class, where Class 0 represents negative cases and Class 1 represents positive cases.

Receiver-Operating Characteristic curve

The model’s average AUC of 0.667 indicates that it is only slightly better than random chance.
The curve does not display a prominent spike, indicating that the model struggles to achieve
high sensitivity without generating a significant number of false positives. This pattern is
typical of models that face difficulty distinguishing between classes effectively. Looking at the
objective of a sensitivity (True Positive Rate) of 0.8 at a False Positive Rate of 0.5, the models
interval is relatively small displaying consistency in the folds at this sensitivity.
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Figure 20: ROC curve with False Positive Rate (FPR) on the x-axis and True Positive Rate
(TPR) on the y-axis

Sensitivity vs Specificity

Figure 21 represents the trade-off between sensitivity and specificity at different thresholds
during 5-fold cross-validation. This visualization helps identify the threshold that achieves the
desired balance between sensitivity and specificity. In our case, the threshold should be set at
approximately 0.50 to reach the target sensitivity of 0.8. While the intersection point of the
sensitivity and specificity curves typically indicates an optimal threshold for balanced perfor-
mance, our goal is to prioritize sensitivity for the model. Both the sensitivity and specificity
are fairly consistent in their increase and decrease, with sensitivity having a slightly stronger
decrease after the intersection point.

Figure 21: Graph visualizing the the mean sensitivity (blue) and specificity (green) at
different thresholds
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Feature Importance

Compared to univariate correlation, feature importance reflects the role of a feature in the
model’s decision-making process. In LR, it is determined by the magnitude of the model’s
coefficients. Larger coefficients, whether positive or negative, indicate a stronger influence on
the target outcome. A positive coefficient means that as the variable value increases, the log-
odds of the positive class increase, making the positive outcome more likely. Conversely, a
negative coefficient implies that as the feature value decreases, the positive class becomes more
likely. If a feature has a coefficient of 1, a one-unit increase (similar to one standard deviation
due to scaling) increases the log odds of the positive outcome by 1.

Figure 22 displays the feature importance for the top 10 features based on coefficient (β). For
each feature, the average feature coefficient is calculated across all five folds. Angle 1 displays
the largest positive feature coefficient, as the angle of 1 increases. Furthermore, the largest
negative coefficient is distance to tumor. This indicates that as the distance from the tumor
to the ARJ decreases, the likelihood of anastomotic leakage increases. sex has a significant
negative contribution to the outcome, displaying that being a female reduces the chance of
anastomotic leakage. Most feature coefficient values are below 2. For anastomotic leakage, two
out of the top 10 features are related to pelvimetry measurements.

Figure 22: Ranked Feature Importance in the Models predictions (Highest to Lowest)
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External Validation

To test the models consistency across various subsets of the main dataset. For each dataset,
only data from a certain hospital was chosen, therefore there is a strong variation in test set
size. Sensitivity varies ranging from 0.0 to 1.0, and specificity 0.38 to 0.8. Results display that
only three hospitals display the target sensitivity of 0.8. Hospital 7 displays a high AUC of
0.83 and a F1-score of 0.6, however due to the low sample size this result is likely unreliable.

Table 12: Performance Metrics per Hospital

Hospital n Accuracy Sensitivity Specificity F1 AUC

1 199 0.48 0.60 0.46 0.26 0.57
2 89 0.46 1.00 0.44 0.14 0.79
3 107 0.56 0.84 0.48 0.47 0.63
4 46 0.63 0.56 0.65 0.37 0.64
5 28 0.71 0.00 0.80 0.00 0.33
6 31 0.68 0.80 0.65 0.44 0.73
7 17 0.76 0.60 0.83 0.60 0.83
8 8 0.38 0.00 0.38 0.00 NaN
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5.8 Results CDC3+

Top Features by Absolute Correlation

Table 13 displays the top 10 features for the outcome of CDC3+ a confidence interval of 95% is
used. The variable sex demonstrates the strongest correlation with the outcome, with a value
of 0.104. However, this correlation is still weak and only marginally above the threshold for
being considered negligible. All other features exhibit correlations below 0.1, indicating that
their relationships with the outcome are weak. sex, the ratio between Frustum Volume and
Pelvic Depth, Pelvic inlet, Interspinous distance, AD and Frustum Volume Cone all display a
significant p-value.

Table 13: Top 10 features Based on Correlation

Variable P-value Correlation CI Lower CI Upper

sex 0.001 0.104 0.061 0.163
Frustum Vol-
ume/Pelvic depth

0.004 -0.093 -0.155 -0.033

AE (Pelvic Inlet) 0.004 -0.093 -0.155 -0.033
IS (Interspinous) 0.026 -0.072 -0.130 -0.008
AD 0.026 -0.072 -0.130 -0.008
Frustum Volume Cone 0.026 -0.072 -0.130 -0.008
height 0.290 0.066 0.024 0.123
asascore 0.296 0.066 0.024 0.123
weight 0.296 0.066 0.024 0.123
T-score 0.338 0.059 0.026 0.118

5.8.1 Machine Learning Model Results

Final model parameters

The model was trained using a 5-fold stratified K-fold cross-validation approach to ensure
balanced representation of classes in each fold. The training set consisted of 778 samples, and
to address the class imbalance ratio of 5.2:1, class weights of 1:9 were applied to make the model
more sensitive to the minority class. For each fold, the test set comprised 185 data points, with
163 negative cases and 32 positive cases, maintaining the original class proportions. The final
hyperparameters used are a regularization strength of C=1 leading to a balanced model. An L2
penalty to prevent overfitting and the solver liblinear as this works well with L2 regularization.
Table 14 displays the features included in the final model:
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Table 14: Overview of Features included the final model

Feature

AB AD
AE AG
BE BMI
CE IS
IT Frustum Volume Cone
distance to tumor Angle 2
Angle 3 Angle 5
Area pentagon asascore
sex weight
intervention length
age chemotherapy
radiotherapy therapy
procedure scorecm

Evaluation metrics

The main performance metrics are displayed in table 15 based on stratified 5-fold cross-
validation. The primary aim of this study was to develop sensitive models, prioritizing the
identification of positive cases over minimizing false positives. The target sensitivity score was
set at 0.8. The objective was met for the CDC model, which achieved an average sensitivity
score of 0.835 ± 0.102. The accuracy for the CDC model was 0.392 ± 0.075. The CDC model’s
low specificity of 0.306 ± 0.097 reflects the trade-off made to prioritize sensitivity, which typ-
ically comes at the cost of reduced specificity. The F1-score reached a value 0.309 ± 0.025.
Finally, the AUC score of 0.608 ± 0.03 for the CDC model suggests it performs only slightly
better than random chance when distinguishing between positive and negative cases. Similar
to the anastomotic leakage, the model displays a large standard deviation for sensitivity, high-
lighting inconsistency across folds. On the other hand, the smaller standard deviations for the
other metrics indicate a more consistent performance across folds.

Table 15: Performance Metrics for the CDC3+ model

Measurement Accuracy Sensitivity Specificity F1 AUC

Value 0.392 ± 0.075 0.835 ± 0.102 0.306 ± 0.097 0.309 ± 0.025 0.608 ± 0.031
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Confusion matrix

Figure 23 displays the average confusion matrix of the five folds.

Figure 23: Confusion matrix showing the performance of the model. The values represent
True Negatives (50), False Positives (110), False Negatives (5) and True Positives (26)

Prediction Probability Distribution

Figure 24 shows the prediction probability distribution for CDC3+ model.

Class 0 (Red): The largest portion of Class 0 predictions falls within the 0.55 to 0.75 prob-
ability range, indicating that the model falsely classifies negative cases as positive. However,
not with high confidence, demonstrating a lot of uncertainty in the model.

Class 1 (Green): The majority of Class 1 cases are also concentrated in the 0.58 to 0.75
range, suggesting that the model has some discriminative ability in identifying positive cases
but only with moderate confidence. This moderate range indicates that while the model can
separate positive cases from negative ones to some extent, it lacks strong certainty.
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Figure 24: Prediction probability distribution with negative cases shown in red (0) and
positive cases shown in green (1)

Receiver-Operating characteristic Curve

Figure 25 displays the ROC curve For the CDC3+ model, the AUC is 0.61, displaying that
the models predictive ability is only slightly higher than chance. At a threshold of 0.8 True
Positive Rate (TPR), the model exhibits relatively wide confidence interval, indicating a lack
of consistency across the folds.

Figure 25: ROC curve with False Positive Rate (FPR) on the x-axis and True Positive Rate
(TPR) on the y-axis

Sensitivity vs Specificity

Figure 26 displays the mean sensitivity vs mean specificity of all folds at various thresholds.
The target of 0.8 sensitivity, comes down to a threshold of 0.53, resulting in a specificity of 0.4.
The intersection of sensitivity and specificity is at a threshold of 0.63, where both sensitivity
and specificity have a value of 0.57.
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Figure 26: Graph visualizing the the mean sensitivity (blue) and specificity (green) at
different thresholds

Feature Importance

Figure 27 displays the feature coefficients for the CDC model, seven of the top 10 features are
pelvimetry measurements. All features have a mean coefficient below 2, but some show a high
standard deviation (up to 1,73).

Figure 27: Feature Importance in the Models predictions
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External Validation

Table 16 displays the performance of the model on various subsets of the participating hospitals.
These vary in sample size and in class balance therefore results vary. The sensitivity varies
between 0.67-1.0 and specificity between 0.24-0.44.

Table 16: Performance Metrics per Hospital

Hospital n Accuracy Sensitivity Specificity F1 AUC

1 309 0.35 0.76 0.25 0.30 0.53
2 230 0.37 0.81 0.31 0.22 0.51
3 174 0.39 0.82 0.28 0.34 0.61
4 81 0.48 0.67 0.44 0.32 0.56
5 70 0.43 0.71 0.40 0.20 0.54
6 50 0.36 1.00 0.24 0.33 0.66
7 30 0.47 0.89 0.29 0.50 0.62
8 29 0.31 1.00 0.26 0.17 0.67
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The primary aim of this study was to develop a machine learning model to predict compli-
cations in patients undergoing Total Mesorectal Excision. By incorporating both clinical and
pelvimetry input variables, the model aims to assist surgeons in pre-operative decision-making,
enabling more tailored and patient-specific care. Since positive cases are the most critical in
clinical settings, a sensitivity of 0.8 was chosen as the target for model development.

Anastomotic leakage

Our findings showed that we were able to develop a model that achieved 80% sensitivity,
demonstrating that the model is moderately effective at detecting positive cases, albeit at
the cost of low specificity, as displayed in Figure 18. The low accuracy of 0.528 ± 0.034 is
a poor indicator of the model’s performance due to class imbalance and should therefore be
interpreted with caution. With an average AUC of 0.667, the model demonstrates predictive
power slightly better than chance. Clinically, an AUC of 0.667 would have limited utility [65].
Moreover, the use of ROC AUC in a model with a strong class imbalance may provide a
misleading impression, as a high AUC could be achieved by correctly classifying the majority
class while neglecting the minority class. Due to this limitation, the use of Precision-Recall
AUC would be more informative, as it prioritizes the model’s performance for the minority class,
providing better insights into its applicability in a clinical setting [66]. The model exhibited
a large standard deviation for sensitivity (±0.140), indicating inconsistency across folds and
challenges in reliably identifying true positives, which might be attributed to the class imbalance
in the dataset. In contrast, the smaller standard deviations for the other metrics suggest more
consistent performance across folds.

The univariate correlation identified five of the top 10 features as pelvimetry features. With
Pelvic Inlet having the largest negative correlation. This is logical as a decrease would probably
lead to less operating space for the surgeon, resulting in a higher chance of anastomotic leakage.
However, after feature selection, only two of the top 10 features based on highest feature coeffi-
cient were pelvimetry features, indicating that when features are combined in a model, clinical
parameters hold greater significance. The most important features in the machine learning
model included Angle 1, which had a large positive coefficient, contradicting literature findings
where a smaller Angle 1 was associated with more difficult surgeries [67]. While these findings
are not directly comparable, they are related, making this contradiction relevant. The second
important feature is the distance to tumor containing a strong negative coefficient. Indicating
that as the distance to the tumor reduces, the likelihood of a positive outcome increases. This
outcome corresponds with the literature, which mentions that a lower anastomosis corresponds
with an increased chance of anastomotic leakage [14, 68].

The dataset was relatively small, consisting of only 525 data points. For a prediction model to
perform well and capture meaningful relationships within the data, a larger dataset is generally
required. However, such a small dataset might limit generalizability and comparing this with
clinically applied prediction models in the literature, the size of our dataset may be too small for
clinical implementation. Expanding the dataset will require a lot of time unless more hospitals
contribute their data to improve model training.

However, in the literature, there are studies that develop machine learning models that predict
surgical complications with smaller datasets yet achieve higher AUCs. For example, Li et al.
used a dataset of 322 patients to develop a machine learning model that predicts incisional
infection following a right hemi-colectomy, with the best performing model reaching an AUC
of 0.885[69]. This suggests that a larger dataset might not necessarily be the answer and that
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the predictive features required for optimal performance are not yet included in the dataset or
that the outcome we are attempting to predict is to challenging.

The dataset has a class imbalance ratio of 5.5:1, making it highly imbalanced, favoring the
majority class (negative cases, 0). To account for the small dataset and class imbalance,
SMOTE-ENN was applied to create synthetic samples for the minority class (positive cases, 1).
In our anastomotic leakage model, the class distribution for the training set folds change from
[negative:355, positive:65] to [negative:178, positive:286], resulting in a new class imbalance of
0.62:1 (negative:positive). This creates a minority-class-dominated balance, which is requested
to create a sensitive model. The significant reduction in Class 0 samples is due to the removal
of borderline samples close to the minority class. With a k of 3, any Class 0 sample not
surrounded by at least three other Class 0 samples is removed. A default value of k = 3 is
chosen, as this strikes a balance between effectively removing the majority class border samples
while preserving its structure and avoiding oversmoothing, which could lead to overfitting for
the minority class.

The results of Table 12 display the usage of the model on small hospital subsets. These results
demonstrated the models robustness, focusing on sensitivity opposed to specificity. However
the results display that the model is fairly robust in terms of sensitivity prioritization over
specificity. However, due to the small sample size, these hospitals show extreme variability in
their performance.

The results demonstrate, that accurately predicting if a patient will develop anastomotic leakage
following TME surgery may not be feasible. However, the models prediction can serve to
stimulate surgeons to take additional precautions before surgery. Furthermore, it is important to
have mentioned that both univariate correlation and feature importance display that pelvimetry
measurements have a predictive factor on the outcome of a patient. Therefore, future practice
could include pelvimetry measurements as a standard protocol for each patient, based on MRI.

Clavien Dindo 3+

The main findings of the model training for Clavien-Dindo grade 3+ were that it is possible
to train a model for 80% sensitivity. However, at a cost of low specificity, resulting in a large
number of false positives. The standard deviation for the model is low for all metrics except
sensitivity ± 0.102 demonstrating that the model is effective at predicting positive cases and but
lacks consistency over each fold. The F1-score of 0.309 indicates that the model has difficulty
discriminating between true and false positives, which is often the case in imbalanced datasets.

The prediction probability distribution displayed in Figure 24 follows a Gaussian-like shape,
centered slightly to the right of the threshold at 0.5, with a peak around 0.65. The significant
overlap between the two classes in the 0.5–0.7 range indicates that the model assigns similar
confidence to both classes, highlighting its limited ability to discriminate effectively between
them.

In the univariate correlation, the correlation of the features is very low, indicating that there
is little correlation between the predictor variables and CDC3+. This is confirmed again in
the feature coefficients of the feature predictions in the logistic regression model, where the
coefficients are really low again, sometimes varying with high standard deviations, displaying
that over multiple folds, a consistent set of features have a strong influence on the prediction,
while in others there impact is low. Displaying that its predictive power is dependent of the
variance in the subset.
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For this model, a class weighting of 1:9 is applied, while the class imbalance is 5.2:1. This
weighting is implemented to create a more sensitivity-focused model. However, overweighting
beyond the natural imbalance might lead to reduced generalizability, as it can cause the model
to overfit on the minority class. Class weighting of 1:9 was selected during the model sweep to
create a slightly larger class weighting than the natural ratio. In future research, the option
to explore more specific class imbalance ratios, such as 1:8 or 1:8.5, could be considered to
determine if this leads to improved results.

The challenge in predicting Clavien-Dindo grade 3+ lies in its nature as a universal classification
system. It serves as a collective term encompassing diverse complications, such as a pulmonary
embolism, which can be classified as grade 3+ even in the context of TME surgery without a
direct causal link. This broad scope complicates the establishment of clear causal relationships
and makes accurate prediction more difficult. This difficulty is also reflected in the performance
metrics. Although the model achieves 80% sensitivity, it incorrectly predicts 70% of the negative
cases as false positives, demonstrating very little discriminative power. What these results will
add to the future is difficult to assess, probably that it is very difficult to predict a universal
grading in a surgery. Therefore, creating surgery specific grading for TME might be relevant.
A difficult surgery can be defined by the Escal grading [70]. This however also includes the
Clavien Dindo grading, thus a different form of grading needs to be invented.

The results of Table 16 display the usage of the model on small hospital subsets. As mentioned
for the anastomotic leakage subsets, the sample sizes are again small. However, the robustness
of the model is demonstrated by the sensitivity for each model, which remains at the target
level of around 0.67-1.0. Nevertheless, due to the low specificity (0.24–0.44), this model is not
clinically applicable, as it offers almost no distinction between false positives and true positives.

Pre-processing

Patients with a tumor distance of 14 cm or less are included in the dataset, as this distance
includes only tumors defined as rectal cancer. However, literature states that tumors at a
distance of 15 cm or less are classified as a rectal cancer [71]. If a distance of 15 cm or less
was chosen, the final dataset for CDC would include 1006 patients instead of 973 and for
anastomotic leakage, the dataset would increase to 556 from 525. For both outcomes, this
expansion of the dataset could potentially have led to improved performance.

During pre-processing, the distances of all possible options between the five points were calcu-
lated as input for the training of the model and feature selection. However, distances such as
AD and CE were also calculated, which are not clinically defined distances. This could make
the interpretability of the model more difficult. Furthermore, the variable prethp was added
to the model to indicate whether earlier surgery, chemoradiation, or radiotherapy took place
before the surgery. This binary variable adds extra noise to the model, as this information
is already described in chemotherapy, radiotherapy, and the abdomen variable. Therefore, the
feature prethp is unnecessary and could potentially lead to multicollinearity.

One factor that might have influenced the results and feature selection is that the feature
scorecm (M-staging of the tumor pre-operative) had three options instead of two "No metastases
(0)" or "Metastases (1)". Among the 973 patients, 42 contained a value of "unknown (9)". This
might have added noise to the model or potentially hindered the training process. Additionally,
this feature is not scaled to have values between 0 and 1, the magnitude of 9 might influence
the training, compared to the other scaled features

During pre-processing, the intertuberous distance had 22.5% missing values, therefore to combat
this we used KNN-imputation using 5 nearest neighbours to keep the results robust, however
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22.5% is a large percentage but still feasible based on literature, as in general imputation up
to 50% improves the classification[72].

Pipeline

During feature selection, we employed forward and backward feature selection using the F1
score as the scoring metric. While this approach creates the most balanced model, our ultimate
goal is not to achieve balance but to develop a model with a sensitivity of 0.8. Therefore,
a custom scoring metric would be useful for determining when the feature selection process
should stop iterating, specifically when the sensitivity of 0.8 is reached. This approach would
result in a more sensitive model, which is critical because identifying positive cases is of the
most important. Another option would be to use Fbeta, which is used in imbalanced binary
classification, where a custom weight can be applied to either precision or recall, thus improving
the sensitivity of the model [73]. Although false positives are not ideal, they are acceptable
in this context: if a patient is predicted to have complications but ends up having none, this
is preferable to missing a patient who does have complications. Moreover, it is not realistic
to expect a model to perfectly predict complications. The primary goal is a high sensitivity
to prompt the surgeon to pay extra attention to certain patients, thereby improving patient
tailored care.

At the moment, the value for early stopping during feature selection is set at 10. This value
is currently chosen based on intuition. If there is no improvement within 10 iterations, the
stopping criterion could be set to a higher value; however, doing so would significantly increase
computation time, but this could improve the results of a higher sensitivity.

Currently, a value of 10 is chosen for VIF. However, lowering this value to five is common
practice, resulting in fewer features to train the final model, reducing multicollinearity between
predictor features [74]. This also improves the interpretability of the model, as having fewer
features makes the model simpler and easier to interpret. However, this could potentially result
in the loss of relevant information. In our case, this is not the most critical aspect, as our
primary goal is not to have a highly interpretable model but rather to focus on the probability
of the model predicting a complication. A high probability on positive cases would prompt the
surgeon to pay closer attention to additional patient characteristics and base its decision on
that.

During hyper parameter tuning, an important step that is missed is that, for the logistic
regression model, only one solver ’liblinear’ is available during hyper parameter tuning. This is
a mistake, as the choice of the solver chosen could influence the performance metrics. Therefore
ensuring a broader spectrum of solvers could improve these metrics and the model.

General

One limitation of the univariate correlation analysis is that it combines two different correlation
measurements—Point-Biserial correlation for continuous features and Cramér’s V for categor-
ical features—to create a ranked list based on correlation values. This approach provides an
indication of the strength of the relationship between each feature and the target variable, but
these two metrics have inherently different scales and interpretations. Therefore, this should
be taken into account when analyzing the univariate correlations.
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Future works

Feature engineering and Refinement
Currently, no polynomial features were applied, as this would strongly increase the number
of features and potentially capture new relationships between the predictor features and the
target variable. However, this would come at the cost of significantly increased computation
time due to both forward and backward feature selection. Alternatively, this approach could
be applied to the selected features and limited to the pelvimetry measurements.

The Frustum Volume/Pelvic Depth ratio, together with the Pelvic Depth, had a significant
p-value for both anastomotic leakage and CDC3+, ranking both in the top 10 of highest cor-
relation for both outcomes. To further investigate this feature, the Frustum can be refined by
segmenting the volume of the pelvic cavity to create a more accurate prediction.

New Features
The addition of new features, such as surgical expertise, could add significant value. However,
this poses a challenge, as institutions like the Meander Medical Center are teaching hospitals,
where an attending surgeon might perform certain parts of the procedure while a resident
handles simpler tasks. This situation can also occur in other institutions. Therefore, this
feature would only be valid if a single surgeon performed the entire operation.

Furthermore, it might be interesting to predict the operation time using regression. However,
it is crucial to ensure that the start and end points of the surgery, such as the closure of the
body, are clearly defined. Additionally, it is essential that the start times are followed with
precision to maintain accuracy in the predictions.

Model calibration
Something important to consider, as probabilities are crucial in our analysis, is the calibration
of the model. Calibration can potentially improve the accuracy of the predicted probabilities.
However, due to the model’s unbalanced performance, it is possible that the calibration process
may result in a specificity-focused model.
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5.10 Conclusion

This study aimed to develop a machine learning model capable of accurately predicting compli-
cations for patients undergoing Total Mesorectal Excision surgery. Two targets were selected:
anastomotic leakage and Clavien-Dindo grade 3+. The aim was to create sensitive models
capable of detecting at least 80% of positive cases. This target was nearly achieved for both
models, with sensitivity values of 0.765 for anastomotic leakage and 0.835 for Clavien-Dindo
grade III+, ensuring that high-risk patients could be effectively identified.

Feature importance analysis revealed that, for anastomotic leakage, both an increased Angle 1
and smaller distance to tumor had strong coefficients. Notably, Angle 1 differs from existing
literature, while distance to tumor corresponds with previous findings. For Clavien-Dindo grade
III+, the feature coefficients were low for variables with large standard deviations, highlighting
the difficulty in assessing certain predictors to establish a universal grading system. Overall,
this study advances the application of machine learning in predicting surgical complications in
Total Mesorectal Excision surgery. In the future, achieving a prediction for CDC3+ may prove
unattainable, and if a grading system for surgical difficulty were to be developed, it would need
to be specific to TME surgery. Research on predicting anastomotic leakage should focus on
developing new features, such as surgical expertise, and expanding the dataset by including
more hospitals, potentially extending beyond The Netherlands

Despite these results, the study has several limitations. First, the size of the dataset was
limited, with 973 data points for Clavien-Dindo grade III+ and 525 for anastomotic leakage.
This was further hindered by the incorrect selection of the filter for tumor distance, set at 14
cm instead of 15 cm. Additionally, no custom scoring metric was applied for feature selection,
resulting in the selection of features based on a balanced model rather than a sensitivity-focused
model. Finally, due to class imbalance, model training was hindered, necessitating the use of
methods such as SMOTE and class weighting to address these challenges. Nevertheless, this
study underscores the potential of applying machine learning to predict surgical outcomes by
combining pelvimetry measurements and clinical variables. It lays the foundation for developing
patient-tailored care plans to be implemented by surgeons.

45



Sacral Curve Model

6.1 Introduction

During Total Mesorectal Excision, the pelvic cavity presents a narrow constraint, which influ-
ences the surgeon’s ability to properly operate and create a good anastomosis when performing
a Low Anterior Resection [6, 75]. Furthermore, there are problems where the sacral curve ob-
structs the surgeon’s movement due to the curvature of the sacrum, especially in the deep part
of the pelvis where the rectum is present. This obstruction can create difficulty in the precise
dissection along the “holy plane” – the optimal dissection plane, where the rectum is removed
along with the mesorectum [76]. Min Soo et al. mentioned that when there is a deep sacral
curve, surgeons tend to cut more in an oblique manner, departing from the ideal dissection
plane, possibly leaving behind cancerous tissue [77]. However, other literature contradicts this
statement and mentions that the sacral length and depth do not significantly influence the
surgical difficulty [78]. Displaying that there has been a lack of research about the influence of
the sacral curve on surgical difficulty and complications without a consensus being reached.

Therefore, the aim of this study was to develop an algorithm that automatically calculates the
distance of the sacral curve based on coordinates and sagittal T2-MRI scans. These results are
then quantified and combined with clinical parameters to predict the influence of the sacral
curve on the difficulty of a patient after TME.

6.2 Method

During this study, two deep learning models were initially trained using the Dice score. The
best-performing model was then applied to develop sacral curves based on sacrum segmen-
tations. Following this, parameter extraction was performed and a statistical analysis was
conducted to determine the correlation between individual parameters and anastomotic leak-
age.

Study Population

The dataset consists of 1,707 preoperative sagittal T2-MRI scans, sourced from eight TME
centers that perform more than 40 TME surgeries annually. All MRIs were acquired using
1.5 or 3.0-Tesla MRI scanners, where the complete bony pelvis was visible and the scans were
artifact-free. The final statistical analysis included data from a total of 390 patients after ap-
plying all in- and exclusion criteria. The dataset included patients based on specific criteria:
only those who underwent resection treatment intended as a curative operation were consid-
ered. The resection must have involved TME for the primary tumor and had to be an elective,
non-emergency surgery. Only patients who had LAR or APR procedures performed laparo-
scopically or robotically were included. Additionally, a preoperative pelvic MRI, with complete
visualization of the bony pelvis, was necessary for comprehensive pelvimetry measurements.
Patients were excluded based on the following criteria: any prior Transanal Endoscopic Micro-
surgery (TEM) before resection. Tumors were required to be within 14 cm of the Anal Rectal
Junction (ARJ).
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Pre-Processing

Variations in MRI parameters across the scans required for pre-processing to be performed
ahead of model training. Therefore, all MRI scans were resampled to a uniform voxel spacing.
The dataset for model training was created by manually labeling the sacrum in the MRI scans
using 3D Slicer [79], resulting in a binary segmentation of the sacrum. This labeled dataset
served as a ground truth dataset for a MONAI-based 3D U-Net, which is designed for medical
image segmentation tasks [80]. First, the MRI scan and its corresponding label underwent
transformations, including normalization where voxel values were scaled between 0 and 1. This
was done to combat different intensities across varying MRI scans. Furthermore, random crop-
ping was applied to select only the region of interest of the label. This reduced computational
load and improved the algorithm’s robustness, preventing overfitting. The final step involved
converting the MRI and the label into tensors for compatibility with the 3D U-Net.

Model Architecture

The input data for the model consists of 3D MRIs with voxels resampled to a uniform spacing
to ensure model functionality. The input layers has one input channel, indicating the scan
requires to be in greyscale. Following this are five feature map layers, where each layer has
an increasing number of feature maps to capture progressively complex features. The model
output consists of two channels, resulting in a binary image. In this image, background voxels
are black (0), and foreground voxels, representing the sacrum segmentation, are white (1).
Batch normalization is used throughout the network.

Model Training

The model was trained using an 80-20 data split, with 80% of the data allocated for training
and 20% for validation. Training was conducted over a maximum of 600 epochs, with early
stopping applied if there was no improvement in validation loss for 50 consecutive epochs. A
minimum improvement of 0.001 was required. The training process stopped at epoch 221,
achieving a final training loss and validation loss of 0.22. The model utilized a batch size of
32, a learning rate of 0.0001, maximum channels set at 256, and a patch size of 224× 224× 16.
Training was performed on a GPU. For the optimizer, an Adam optimizer was used. The best
model was selected based on the lowest validation loss.

Model Evaluation

The model was then tested on an additional test set of 52 patients, with the results shown
in Table 17. The Dice coefficient was used as the primary evaluation metric to assess the
model’s performance. The Dice coefficient is used to compare a predicted segmentation and its
corresponding ground truth label—in our case, the manual segmentation. In the Dice score, 0
indicates no overlap and 1 indicates complete overlap. The Dice coefficient is calculated using
Equation 5:

D =
2|A ∩B|
|A|+ |B|

(5)

Due to the elongated structure of the sacrum, an extra evaluation metric was applied, called
the centerline Dice (clDice) [81], to quantify the segmentation quality. For this, the skeletons
SP and SL were acquired from the ground truth (VL) and predicted segmentation (VP ) using
morphological operations. Using these, the fraction of the predicted segmentation skeleton
(SP ) that lies within the ground truth segmentation (VL) was calculated, referred to as the
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topology precision (Tprec). Similarly, the topology sensitivity (Tsens) was calculated as the
fraction of the ground truth segmentation skeleton (SL) lying within the predicted segmentation
(VP ). Using these values, the clDice is defined as the harmonic mean of these measurements,
as displayed in Equation 7:

Tprec(SP , VL) =
|SP ∩ VL|

|SP |
Tsens(SL, VP ) =

|SL ∩ VP |
|SL|

(6)

clDice(VP , VL) = 2× Tprec(SP , VL)× Tsens(SL, VP )

Tprec(SP , VL) + Tsens(SL, VP )
(7)

These measurements are used to evaluate the segmentation. However, to evaluate the final
sacral curve, the Hausdorff distance is utilized [82]. This calculates the maximum distance
between the predicted line segment and the manually drawn line, which serves as the ground
truth. Lastly, the Mean Squared Error (MSE) and Root Mean Squared Error (RMSE) of the
curve length are calculated [83].

Parameter Extraction

The trained model was applied to 1707 patients to extract various parameters, with the sacral
curve length being the most important. The coordinates of points A to C were loaded and
resampled from uniform spacing to their original spacing. Additionally, the binary segmentation
output of the model was resampled to the original spacing. Using the coordinates of points A
and C as the start and end points, the Dijkstra 3D algorithm was employed to calculate the
shortest distance along the sacral curve [84].

Before calculation of the distance, the coordinates A and C are verified if they are located in
the same z-slice, as this could influence the path of the distance calculation. The input for this
distance calculation was a distance map of the sacrum, where each voxel value represented its
distance to the nearest boundary of the segmentation, serving as weights for the algorithm. To
prevent zig-zagging, line smoothing is applied.

Additional parameters were computed, including the length of the sacral curve and the lengths
of its segments (AB, BC). Furthermore, the ratio between the length of the sacral curve (LAC)
and the direct distance (DAC) are calculated using equation 8, these lines are displayed in
Figure 28. This is also performed for the segments AB and BC. Additionally, the bending
energy (the amount of bending a curve is subjected to) is calculated using equation 9 [85], the
maximum derivative in the curve and segments, and the position of the maximum derivative
along the sacral curve and segments were analyzed.

RatioAC =
LAC

DAC

, RatioAB =
LAB

DAB

, RatioBC =
LBC

DBC

(8)

Eb =

∫
κ2 ds (9)
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6.3 Results

Figure 28: Illustration of line segments (AB, BC, AC) and Dijkstra paths of AB and BC

6.3 Results

Model evaluation

Two models were trained, one with 129 patients and the other on 213 patients. Both models
were trained for 600 epochs. The validation and training loss and dice are displayed in Figure 29.
The model with the lowest validation loss was selected. Model 1 is denoted as the model with
129 patients and model 2 is noted as the model with 213 patients.

(a) Validation Loss (b) Dice Score

Figure 29: Comparison of (a) Validation Loss and (b) Dice Score over training steps for
datasets with 213 patients (yellow) and 129 patients (blue).

The performance metrics of both models are displayed in Table 17. Model 1 reached a Dice
score of 0.82 (± 0.22), while Model 2 achieved a Dice score of 0.85 (± 0.19) with a smaller
standard deviation. Similarly, Model 2 also achieved a higher clDice score of 0.89 (± 0.17),
compared to Model 1’s score of 0.87 (± 0.19). For the mean Hausdorff distance, the results of
Model 2 (13.13 mm) compared to Model 1 (13.98 mm). Model 2 also outperformed Model 1 in
both MSE and RMSE. Displaying more reliable and accurate predictions. Therefore model 2
is used for sacral curve determination.
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6.3 Results

Table 17: Comparison of Metrics for Model 1 and Model 2

Metric Model 1 Model 2

Dice 0.82 (± 0.22) 0.85 (± 0.19)
clDice 0.87 (± 0.19) 0.89 (± 0.17)
Mean Hausdorff Distance (curve) (mm) 13.98 13.13
Mean Squared Error (curvelengths) (mm2) 195.63 166.67
Root Mean Squared Error (curvelengths) (mm) 13.99 12.91

Sacral Curves

Model 2 is applied to create sacral curves for 1707 patients. 1205 out of the 1707 sacral curves
are included based on the accuracy of the segmentation verified through visual inspection. Two
examples of sacral curves are displayed in Figure 30.

(a) Correct segmentation and sacral curve
detection

(b) Incorrect segmentation resulting in an
abnormal sacral curve

Figure 30: Comparison of sacral curve detection results: (a) shows a correct segmentation
and sacral curve detection, while (b) demonstrates incorrect segmentation leading to an

abnormal sacral curve.

Univariate correlation

For the statistical analysis of the parameters with anastomotic leakage, a total of 390 patients
out of the 1205 patients with an accurate segmentation were included after applying inclusion
and exclusion criteria. For each feature, the p-value, correlation, and 95% confidence interval
(CI) for the correlation were calculated. The results are displayed in Table 18. The analysis
showed that only the ratio AB had a significant p-value. Furthermore, the correlations were
all extremely low, with only the ratio AB (0.14) and BC (-0.10) showing the highest, although
weak, correlations. All other parameters exhibited negligible correlations with anastomotic
leakage.
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Table 18: Univariate Correlation Analysis for Anastomotic Leakage

Variable Mean Std Dev P-value Correlation CI Lower CI Upper
Curve length AC 166.69 15.44 0.51 -0.04 -0.148 0.074
Curve length AB 90.05 8.09 0.58 -0.03 -0.142 0.080
Curve length BC 76.44 10.03 0.51 -0.04 -0.148 0.074
Ratio AC 1.33 0.09 0.35 0.05 0.032 0.250
Ratio AB 1.07 0.05 0.01 0.14 -0.211 0.009
Ratio BC 1.13 0.07 0.07 -0.10 -0.115 0.107
Area AC 3805.84 747.44 0.94 -0.00 -0.081 0.141
Area AB 1221.30 349.84 0.59 0.03 -0.088 0.134
Area BC 1215.99 349.26 0.68 0.02 -0.136 0.086
Max. der. AC 10915.51 44263.09 0.66 -0.03 -0.144 0.078
Max. der. AB 178.24 1096.50 0.56 -0.03 -0.135 0.087
Max. der. BC 10813.89 44276.20 0.67 -0.02 -0.163 0.059
%Pos. max. der. AC 70.11 9.40 0.35 -0.05 -0.061 0.161
%Pos. max. der. AB 89.92 24.32 0.37 0.05 -0.170 0.051
%Pos. max. der. BC 36.29 17.77 0.29 -0.06 -0.110 0.113
Bending En. AC 0.49 0.67 0.98 0.00 -0.077 0.145
Bending En. AB 0.16 0.33 0.54 0.03 -0.132 0.090
Bending En. BC 0.33 0.49 0.71 -0.02 -0.109 0.114
Mean Bending En. AC 0.00 0.00 0.96 0.00 -0.109 0.114
Mean Bending En. AB 0.00 0.00 0.72 0.02 -0.091 0.131
Mean Bending En. BC 0.00 0.00 0.81 -0.01 -0.125 0.097

6.4 Discussion

The aim of this study was to develop a deep learning model to measure the distance of the sacral
curve and evaluate its correlation with the surgical outcome, anastomotic leakage, following
Total Mesorectal Excision during Low Anterior Resection surgery. After evaluating the various
parameters, it became clear that there is a lack of evidence supporting a direct link between
anastomotic leakage and the sacral curve. The discovered parameter, Ratio AB, although it
has a significant p-value, displays a low correlation with the target outcome.

Evaluation of results

During the training of the models, it is evident that neither model overfits, as the validation loss
consistently decreases. Both the Dice score and validation loss are better for Model 2 compared
to Model 1. Model 2 achieves a Dice score of 0.85, which is 0.03 higher than that of Model 1.
While this is an acceptable result, the Dice score does not directly represent the accuracy of
the sacral curve distance. Model 2 outperformed Model 1 across all metrics, including clDice,
Mean Hausdorff Distance, MSE, and RMSE. Therefore, it can be concluded that Model 2 is
the best-performing model. Increasing the amount of data the model is trained on would likely
improve line detection, as demonstrated by the improvement in sacrum segmentation observed
when the training dataset increased from 123 to 213 patients.

The expectation for the parameters was that a strongly curved sacral curve would prove dif-
ficulty and therefore that have both a high correlation with anastomotic leakage, especially
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the lower part of the sacral curve, due to the surgeons inability to manouver the laparoscopic
tools. The univariate correlation analysis based on Model 2 reveals that only 1 out of 21 fea-
tures has a significant p-value (Ratio AB). Additionally, only Ratio AB (0.14) and Ratio BC
(-0.10) demonstrate correlations above 0.1 or below -0.1, which are still weak. An increase in
Ratio AB would mean that the sacral curve segment AB increases, opposed to the direct line
distance AB. This would result in extra curvature of the upper part of the sacrum. Ratio
BC has a negative correlation, meaning the opposite—that if the distance of LBC decreases,
a higher chance of anastomotic leakage is happening, meaning that a flatter end of the sacral
curve results in increased chance of anastomotic leakage. Displaying the complete opposite of
the expectations.

The goal of creating an automatic determination of the sacral curve has been achieved. However,
for 502 patients, the model was unable to generate a realistic sacral curve, indicating that the
model is not yet robust enough to create reliable sacral curves in all cases. Therefore, achieving
a Dice score higher than 0.85, preferably with a standard deviation of less than 0.19, is necessary
to improve the model’s robustness and reliability.

Limitations

This study has several limitations. First, the model was trained on only 123 and 213 patients.
Increasing the dataset would likely result in a higher Dice score, as is clearly shown by the
improvement observed when training on 213 patients instead of 123. To expand the dataset,
manual labeling could be employed, or visually confirmed sacral curves could be used as input
labels for further training, focusing on direct sacral curve segmentation instead of sacrum
segmentation and calculating the sacral curve using the Dijkstra algorithm.

Currently, the Dice coefficient is used as a loss function during training as well as when eval-
uating the models. Although the Dice score is feasible for training and validation, it does not
capture all aspects when assessing the sacrum. It is most important that the sacrum is com-
pletely connected from the promontory to the coccyx. A good sacral curve can still be created
even when the Dice score is not optimal. A penalty should be introduced to optimize results
when a segmentation has gaps, which can lead to incorrect sacral curves. For all patients,
validation of the line took place in 2D. There are a few patients where the line was created in
multiple planes. Ideally, the validation for these sacral curve lines would also take place in 3D.

In this study, patients with rectal cancer are defined as those with tumors 14 cm or less from the
ARJ. However, the literature indicates that most surgeons consider this distance to be 15 cm.
In the clinical dataset of 2,773 patients used for the machine learning model, this discrepancy
accounts for a difference of 265 patients. Including this additional criterion in the sacral curve
study would result in 20 more patients being included in the univariate correlation analysis.

Future works

In future research, a different loss function needs to be implemented. Currently, Dice loss is used
for optimal segmentation. However, since we are dealing with a longitudinal structure, it may
be more beneficial to use SoftclDice loss, which is specifically designed for small and elongated
structures, such as vessels or nerves. This change would likely ensure that the segmentation
remains continuous and intact. To increase the dataset, both manual labeling can be expanded,
and data augmentation can be applied to make the model more robust and to further expand
the dataset. Furthermore, more post-processing steps could be incorporated. Even with an
incomplete segmentation, where a gap in the sacrum is present, the sacral curve could still
be calculated, leading to a higher availability of patients. Currently, the analysis is limited to
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univariate correlation. However, utilizing polynomial features in the future might uncover new
relationships and enhance correlations, potentially stronger than those currently identified with
anastomotic leakage.

6.5 Conclusion

This study aimed to develop a deep learning model to automatically measure the length of the
sacral curve and analyze its relationship with anastomotic leakage in patients following TME
surgery. A 3D U-net was trained on two datasets containing T2-sagittal MRI scans; one model
was trained on 123 patients, and the other on 213. The larger dataset of 213 patients produced
the best results, with a Dice score of 0.85, a mean Hausdorff distance of 13.13, a MSE of 166.67
and a RMSE of 12.91. The Dice score of 0.85 indicates acceptable performance. Combined with
a 70.5% hit rate for accurate line creation, these results suggest that the model development
was successful.

Statistical analysis, based on 390 patients across 21 variables, revealed that only Ratio AB
had a significant p-value of 0.01. While Ratio AB (0.14) and Ratio BC (-0.10) displayed
the strongest correlations with anastomotic leakage, there is a lack of correlation between the
sacral curve and anastomotic leakage. These results display that it is difficult to create an
interpretable measure for the curvature of the sacral curve.

A key limitation of this study was the lack of data for model training and statistical analy-
sis. Future research should prioritize developing new features for the machine learning model,
unrelated to the sacral curve, which has shown limited usefulness in predicting anastomotic
leakage.
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Dashboard

The prediction model will be deployed in a real-time dashboard to enhance surgical decision-
making. A pipeline is developed that integrates multiple artificial intelligence models, data
processing steps, and real-time visualization in an easy-to-use, proof-of-concept dashboard.
This dashboard aims to reduce post-operative complications and enable patient-tailored care.
The final product features a drag-and-drop system for importing MRI scans, a standardized
input dashboard for the surgeon to enter clinical parameters, automatic integration of clinical
parameters with pelvimetry data and a final output visualization that presents a risk analysis
for the patient.

7.1 Materials

Dash

The dashboard is developed using Dash, a Python-based open-source framework for building
interactive dashboards [86]. Dash was chosen due to several advantages: Ease of implementa-
tion: Integration with Python-based AI models is intuitive, Compatibility: Works with popular
Python libraries such as Pandas, Plotly, and NumPy, Interactivity: Allows interactive features,
such as buttons, for an enhanced user experience, Customization: Supports easy customization
using HTML and CSS and Local deployment: Operates on a local host, eliminating the need
for external databases.

Flask

Flask, a lightweight Web Server Gateway Interface (WSGI) web application framework, is used
in combination with Dash[87]. Within this pipeline, Flask acts as a web server hosting each
application while continuously monitoring folders for new data, enabling real-time processing.
The pipeline operates with five parallel web servers, tracking multiple folders.
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7.1 Materials

Figure 31: Flowchart of the pipeline illustrating all components and input values utilized
within the process
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7.2 Pipeline Components

A pipeline is created to streamline the process of importing medical images and the implemen-
tation of the different AI models. In each component Flask is used for the constant monitoring
of input folders to streamline the process. An overview of the pipeline’s structure is illustrated
in the flowchart shown in Figure 31. The pipeline consists of the following components:

1. DICOM to NIfTI Conversion: DICOM files are converted to NIfTI format to meet
the input requirements of the first deep learning model.

2. Point Detection Model: This step uses a pre-trained deep learning model to detect
five points and calculates distances between these points. The model resamples images to
meet spacing requirements and restores real-world dimensions for accurate measurements.
The outputs include coordinates, distances and the resampled NIfTI file.

3. Sacral Curve Model: Detected points A and C are imported and the sacral curve model
of chapter 6 is utilized to calculate the sacral curve distance using sacrum segmentation
and the Dijkstra algorithm. Other pelvic parameters are extracted as well explained in
chapter 6 additional pelvic parameters. These parameters are stored in a data frame for
subsequent steps.

4. Dashboard Input Page: Dash is used to create the first dashboard page, where surgeons
input patient clinical variables. The data is exported as a data frame for use in the
prediction models. The input page is visualized in Figure 32.
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Figure 32: Dashboard input page

5. Prediction Models: Two pre-trained machine learning models are used for prediction:

(a) Anastomotic leakage.

(b) Clavien-Dindo grade 3+.

Data frames from previous steps are merged and scaled to match the input requirements of
the prediction models. The outputs include predictions and their associated probabilities.

6. Dashboard output page: The final dashboard page presents clinical parameters, pre-
dictions, and probabilities. Parameters indicating risks are highlighted in red, while those
with positive implications are shown in green. An overview of the output page is displayed
in Figure 33.
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Figure 33: Dashboard output page highlights parameters, with red indicating risks and green
representing positive values

7.3 Usability

The dashboard is envisioned as a tool to enhance clinical decision-making by providing surgeons
and clinicians and relevant patient-specific information. The primary use case involves clinicians
inputting patient parameters before the patient arrives, allowing for a quick and comprehen-
sive overview of the patient’s condition. For example, during preoperative consultations, the
clinician can review MRI-derived measurements (e.g., IS, IT, and tumor-to-ano-rectal junction
distance) provided by the radiologist, alongside clinical variables, to assess surgical risks.

The dashboard can also support multidisciplinary discussions by centralizing relevant data in
an easy-to-read format. Surgeons could quickly visualize patient-specific risk factors during
case presentations or surgical planning meetings, reducing preparation time and improving
communication.

In the future, integration with Electronic Health Record (EHR) systems such as Easycare, HiX,
or Epic and imaging systems like PACS could automate data transfer, further reducing manual
input and potential errors. Additionally, customizable parameter visualization would enable
surgeons to focus on the most critical information, tailored to their preferences and the specific
case.

7.4 Discussion

Dashboard Functionality
The dashboard demonstrates the potential of a clinical decision support tool (CDST) for sur-
geons by providing patient-specific risk-factor insights. This proof-of-concept tool is designed
to align with clinical workflows, enabling surgeons to identify at-risk patients and tailor their
approaches accordingly. For example, during preoperative consultations, the dashboard cen-
tralizes clinical and imaging data, streamlining the decision-making process. Role-based access
ensures that each user, from radiologists to assistants, interacts with the dashboard in a way
that enhances efficiency and reduces redundant tasks.

Future usability improvements could include detailed visualizations of pelvimetry measure-
ments. These visualizations would help surgeons identify parameters that deviate from expected
ranges, offering an intuitive understanding of potential surgical challenges.
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Integration and Usability
A critical factor in the dashboard’s adoption is seamless integration into clinical workflows and
electronic systems. Future iterations will integrate with EHR systems such as Easycare, HiX, or
Epic, and imaging systems like PACS, automating data transfer and minimizing manual input.
Customizable parameter visualization will further enhance usability by allowing surgeons to
focus on the most critical information tailored to each case.

Challenges, such as resistance from clinicians or difficulties integrating with third-party systems,
must be addressed through intuitive design and user feedback. For example, incorporating
mechanisms like the System Usability Scale (SUS) will ensure the dashboard evolves based on
clinician needs and preferences.

Technical Development
Role-based functionality is a feature that should be integrated in future iterations. For instance:

• Radiologists: Responsible for uploading MRI scans and facilitating measurements of IS,
IT and distance-to-tumor.

• Assistants: Tasked with inputting clinical parameters before the surgeon’s review to
streamline the workflow.

• Surgeons: Able to customize the dashboard to display only the parameters most relevant
to their decision-making process, ensuring a tailored and efficient interface.

Transitioning from Dash to Django will enhance the dashboard’s security, scalability, and role-
based functionality. By incorporating features such as user authentication and access control,
the dashboard can operate securely in clinical environments. Additionally, future developments
will include SHAP-based interpretability for transparent predictions, further aligning the tool
with clinical usability standards.

As a proof of concept, the dashboard demonstrates significant potential to streamline clinical
workflows, enhance decision-making, and improve patient outcomes. With continued develop-
ment and a focus on usability, it can become an integral part of surgical decision-making in
outpatient clinics.
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Final Conclusion and Future Works

The aim of this thesis was to develop a machine learning model to predict Anastomotic Leak-
age and Clavien Dindo Grade 3+ in patients who underwent total mesorectal excision. To
accomplish this, a pipeline has been developed to train several machine learning models, and
a selection is based on choosing a model with around 80% sensitivity, yielding the following
results: For the anastomotic leakage model, the performance metrics were as follows — an
accuracy of 0.528 ± 0.034, a sensitivity of 0.765 ± 0.140, a specificity of 0.484 ± 0.057, an F1
score of 0.332± 0.042, and an AUC of 0.667± 0.075. The CDC3+ model achieved an accuracy
of 0.392 ± 0.075, a sensitivity of 0.835 ± 0.102, a specificity of 0.306 ± 0.097, an F1 score of
0.309± 0.025, and an AUC of 0.608± 0.031.

The second study performed is the development of a deep learning model to accurately predict
the length of the sacral curve and extra parameters extracted from this result. This model
displayed a Dice score of 0.85, clDice of 0.89, and a Hausdorff distance of 13.13, indicating decent
performance. The trained model was utilized to segment sacral curves for 1,707 patients, with
1,205 patients having an accurate segmentation. Following in- and exclusion criteria, statistical
analysis is performed for 390 patients. Results displayed a significant p-value for Ratio AB and
the highest correlation for Ratio AB (0.14) and Ratio BC (-0.10).

At last, utilizing both models, a pipeline is developed to predict both target outcomes based
on MRI volumes and clinical metrics. This pipeline is used to develop an interactive dashboard
using Flask and Dash that highlights patient characteristics and gives a probability of the
chance of anastomotic leakage or CDC3+ happening. This information can assist surgeons in
the decision-making process for improving patient-tailored care.

Future works should include increased data gathering for the machine learning model, with the
main focus being on anastomotic leakage as this has more potential than CDC3+. Investigating
additional features, such as surgical expertise, might strongly improve the model. The Sacral
Curve model displayed little usage in terms of statistical analysis; therefore, the model needs
to improve to show significant performance and as a result develop useful parameters that can
prove to be an addition to the machine learning model. At last, the developed dashboard has
to be tested in clinical practice, with the future of being integrated into the Electronic Health
Records. Developing the pipeline using Django can add to scalability, security, and improve
the user interface to make the dashboard more intuitive.

Looking at the complete study, the aim was to accurately predict anastomotic leakage with
clinically acceptable accuracy, potentially assisting in decisions to not operate on a patient.
However, this is unlikely to be achievable, even with a significant increase in data in the next
years. Adding extra features might improve the model, but there is too much variability in
human factors to predict it accurately. Predicting CDC3+ is off-limits due to the inability to
model a direct causal link with the current features.

By combining machine learning, deep learning, and dashboard development, this thesis provides
a foundation for advancing patient-tailored care for individuals undergoing Total Mesorectal
Excision surgery, with the potential to significantly enhance decision-making processes in per-
sonalized medicine.
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Appendix

Point Biserial correlation

This is a t-test used when you want to evaluate the relationship between a dichotomous variable
and a continuous variable, such as weight or height. It calculates the correlation, which can
range between -1 and 1. A negative value indicates that if the continuous variable increases,
the chance of being positive decreases. A positive value indicates the opposite. The closer the
value is to -1 or 1, the stronger the correlation.

rpb =
(Y1 − Y0)

sy
·
√

N0 ·N1

N2

Where:

• Y0: Mean of the metric observations coded as 0.

• Y1: Mean of the metric observations coded as 1.

• N0: Number of observations coded as 0.

• N1: Number of observations coded as 1.

• N = N0 +N1: Total number of observations.

• sy: Standard deviation of all metric observations.

Chi-square test

The chi-square test is used to test if there is a significant association between two categorical
variables. It assesses the independence of the variables by comparing the observed frequencies
in each category to the frequencies expected under the assumption of independence. Cramer’s V
can be calculated after conducting the Chi-square test to measure the strength of the correlation.
Cramer’s V ranges from 0 to 1. The interpretation of the correlation is illustrated in Figure X.

χ2 =
∑ (O − E)2

E

Where:

• O: Observed frequency.

• E: Expected frequency.
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Metrics

The following metrics are used to evaluate the performance of classification models. These
metrics help assess how well the model distinguishes between classes.

• Definitions:

– TP (True Positive): The number of positive instances correctly identified by the
model.

– TN (True Negative): The number of negative instances correctly identified by
the model.

– FP (False Positive): The number of negative instances incorrectly classified as
positive by the model.

– FN (False Negative): The number of positive instances incorrectly classified as
negative by the model.

These terms form the foundation for the following metrics:

• Accuracy: Accuracy measures the overall correctness of the model by calculating the
proportion of correctly classified instances.

Accuracy =
TP + TN

TP + TN + FP + FN

• Specificity (True Negative Rate): Specificity measures the model’s ability to correctly
identify negative cases. It is the proportion of true negatives out of all actual negative
instances.

Specificity =
TN

TN + FP

• Sensitivity (Recall or True Positive Rate): Sensitivity measures the model’s ability
to correctly identify positive cases. It is the proportion of true positives out of all actual
positive instances.

Sensitivity =
TP

TP + FN

• Precision: Precision measures the proportion of correctly predicted positive cases out of
all instances predicted as positive.

Precision =
TP

TP + FP

• F1-score: The F1-score is the harmonic mean of precision and recall. It provides a
balanced measure that considers both false positives and false negatives.

F1 = 2 · Precision · Recall
Precision + Recall
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