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Abstract

Patients routinely undergo surgeries executed under general anesthesia that re-
quire ventilation. Sometimes this mechanical ventilation is not only harmful to
health but also a significant cause of death. One lung ventilation (OLV) assisted
lung surgery is not free from those complications. During OLV assisted lung
surgery, ventilation is applied to the lung opposite the side of the operation, and
the other lung (where the surgery will take place) is already damaged. For these
reasons, mechanical ventilation procedures may cause acute ventilator-induced
lung injuries. These lung injuries can be the reason for different pulmonary and
respiratory complications, which may lead to patient death. So it is essential to
predict OLV assisted surgery-related outcomes to reduce negative results. I have
used machine learning to predict the perioperative outcome. I have used a real-
world dataset of OLV assisted lung surgeries collected in Manitoba. The dataset is
the real-time olv assisted lung surgery data from 80 patients surgery information.
Due to the uneven class distribution, I have used SMOTE for oversampling the
data. I divided the dataset into three parts: i) Preoperative Data, ii) Intraoperative
Data, and iii) Combined Data. Three different classification algorithms, Random
Forests (RF), Support Vector Machines (SVM), and Logistic Regression (LR), have

been applied to the different combinations of datasets. Using intra-operative data
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oversampled by SMOTE using the SVM classification algorithm gives the best ac-

curacy with an Fl-score of 0.70 and AUC of 0.61 for the prediction of surgical

complication.
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Chapter 1

Introduction

Every day numerous surgeries take place around the world. Surgeries that
are executed under general anesthesia requires artificial ventilation. This artificial
mechanical ventilation may sometimes be injurious to health [1]. Most of the time,
patients undergoing lung surgery need OLV. During OLV assisted lung surgery,
ventilation is applied to the lung opposite the side of the surgery, and the other
lung (where the surgery will take place) is already damaged. At the same time,
different ventilation settings have different effects. Different OLV surgeries take
different operating times also. Longer operating times can have different effects
than shorter ones. So OLV may cause acute ventilator-induced lung injury, which
can be the reason for different pulmonary and respiratory complications. In some
cases, those complications can be a major reason for the death of the patients.

Different ventilation parameters include airway pressures, VT, respiratory rate,
the fraction of inspired oxygen (FiO;), PEEP, continuous positive airway pressure
(CPAP), oxygenation and more [2} (3} [4; [5]. So the study of the assessment of the

ventilation parameters and their relation with the perioperative complications is
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necessary. This study can help to reduce negative postoperative outcomes. Differ-
ent ventilation parameter variations of those parameters have different effects on
the postoperative complication.

I have applied machine learning to real-world surgical data of one-lung venti-
lation. This dataset has real-time surgery information of 80 patients during OLV
assisted lung surgery. This dataset was collected by the Section of the Thoracic
Surgery of the Department of Surgery, the University of Manitoba under the super-
vision of Professor Dr. Biniam Kidane. It has preoperative and intraoperative data.
Preoperative data has FEV1, DLCO, Charlson Comorbidity Index (CCI), surgery
type, etc. Intraoperative data is collected at regular intervals (1 sec, approx) dur-
ing the surgery and has surgery duration, heart rate, FiOz, CO2-ET etc.

I have applied three different classification algorithms-RF, SVM, and LR-with
different combinations of features for those patient records. For patients I have
predicted complications, normal oxygenation at 4 hours, and normal oxygenation
at 12 hours.

The dataset is imbalanced in terms of outcomes. Among 80 patients’ records,
only 20 records have surgical complications, and 60 records have no surgical com-
plications. For the imbalanced proportion of the classes, I have applied an over-
sampling technique called Synthetic Minority Over-sampling Technique(SMOTE)
[6].

I have also used the grid search cross validation (CV) for hyperparameter tun-
ing [7; |8]. This technique finds the optimum value of hyperparameters for a given
model. I have executed different 108 experiments and then compared the results.

Using machine learning with intra-operative data oversampled by SMOTE

yielded the best results. Using SVMs, the F1-score for prediction of complications
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is 0.70.
In chapter 2, I have the background of this thesis. Chapter 3 contains the lit-
erature review of this thesis. Chapter 4 and 5 describes the results and conclusion

of this thesis.



Chapter 2

Background and Methods

Every day thousands of lung surgeries are taking place around the world. Most
of the time, these types of operations need OLV. Due to this mechanical ventilation,
acute lung injury takes place. Prediction of postoperative complications due to

OLV using machine learning can reduce the negative outcome of those surgeries.

2.1 Surgical Background

In the human body, the two lungs are two separate organs. But they work as a
single functional unit of the body for ensuring the proper amount of oxygen and
CO2 in the blood. During lung surgery, the function of one lung from the other
needs to be separated, which is called lung isolation [9]. In this procedure, an
individual lung operates as a single unit with the help of specific instrumentation
and keeps breathing isolated in the other lung and not in the lung where the op-
eration will take place. OLV is a technique that is used to complete this procedure
[10]. During OLV assisted lung surgery, mechanical ventilation is applied to the

lung opposite the side of the other lung where the operation will take place. That
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means the lung where the operation will take place is excluded from ventilation
during the surgery, and all the bronchial functions are conducted by the other
lung, which increases the chance of Acute Lung Injury (ALI).

The essential ventilatory variables during OLV are tidal volume (VT), respira-
tory rate, the fraction of inspired oxygen (FiO2), positive end-expiratory pressure
(PEEP), and continuous positive airway pressure (CPAP). Other variables that are
also important during surgery are oxygenation, forced vital capacity (FVC), diffus-
ing capacity of the lungs for carbon monoxide (DLCO), forced expiratory volume
(FEV), surgery duration, surgery type, and charlson comorbidity index [2} (3} 4} [5].
The amount of air pushed into and out of the lungs throughout each ventilation pe-
riod is called the VT [11]. Volumetric portion of the oxygen present in every breath
is called the (FiO2)[12]. After every breath, the pressure applied by the ventilator
to ensure the functionality of the lung during the ventilation process is PEEP [13].
FEV is the amount of oxygen one can blow throughout a compelled breath and
calculated throughout the first (FEV1), second (FEV2), and third (FEV3) seconds
of that breath [14]. Throughout the FEV process, the cumulative volume of oxy-
gen breathed is called FVC [14]. The DLCO indicates the extremity of parenchymal
lung disease [15]. Charlson Comorbidity Index is a predictor of surgical mortality
[16].

Many researchers have suggested different optimum levels of those variables
and ventilatory management settings during OLV for reducing negative outcomes.
But still, it's difficult to identify the optimum level for different patients. Some-
times applying different levels of ventilation variables damage the healthy lung
even if the ventilation period is short [17]. Alveolar damage [18], postpneumonec-

tomy pulmonary oedema [19], and various pulmonary complications [20] occur in
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different patients depending on different health conditions, ventilatory settings,
and operational stress. All of those parameters vary over time and have different
interactions between them. At the same time, different OLV surgeries take differ-
ent operating times also. Longer operating times can have different effects than

shorter ones.

2.2 Machine Learning Background

The main aim of this thesis is to build a machine learning predictor that will pre-
dict postoperative complications and delayed return to normal oxygenation from
the ventilation parameters during OLV. The machine learning approaches are used
to identify the relationship between ventilation parameters and perioperative out-
comes. Different machine learning classification algorithms are applied to the
different data sets to compare the results between them. These tools will be de-

scribed in detail in chapter 4.

2.2.1 Machine Learning Methods and Data

Machine learning is the advanced utilization of Artificial Intelligence (Al). It learns
dynamically from data with the help of different algorithms and improving perfor-
mance from experience. So based on a dataset, the algorithm makes its decision.
But the decision is more like a tool to be able to make predictions on new, unseen
data. Datasets are a collection of data. Each datasets can be viewed as being in
rows and columns. Figure 2.1 is an example of a dataset. Each row of a dataset is
an instance, and each column of the dataset is a feature. Each feature can have

different data types, such as numerical, categorical, textual values, etc. A portion
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of features are used as input of the machine learning model, and there are some
variables that are used as the output. Here the machine learning model is a mod-
ule that is trained to identify different types of patterns. A portion of data from
datasets is used as a training dataset used to train the machine learning model.

The rest of the data are used as the test or training dataset for evaluating that

model.

There are different types of machine learning techniques, such as supervised
learning, unsupervised learning, reinforcement learning. In supervised learning,

data is pre-categorized or has a numerical value and is a type of learning technique

Feature

where both input and output data are provided [21].

Figure 2.1: Example of a dataset

Instance
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2.2.2 Classification Algorithms
Random Forests

Random Forests (RF) are used regularly in both classification and regression [22]
and are a popular supervised classification technique, which are a combination
of decision tree predictors [23]. RFs are a collection of unpruned classification
and regression decision trees, which combines the decision of individual decision
trees using bagging and feature randomness. An individual decision tree makes
a decision by going from the root to a leaf and the entire RF makes a decision by
majority vote.

We have an example of decision tree in Figure 2.2. Internal nodes of a decision
tree are a test and leaf nodes are the ultimate outcome of evaluating several of these
tests. Testing starts at the root node. The uppermost node on the tree is called
the root node of a tree. In figure 2.2, if a patient has a DLCO of 100 and we are
the root then, it decision tree will follow the next internal node, which checks a
threshold of (FiO2) less than equal to 0.49. Then it will make the decision based
on the value of (FiO3). Thus it will move forward, and the final or leaf node will
have the ultimate verdict.

In training, each tree in an RF relies on a subset of the features of an instance
sampled independently. In simple terms, RFs connect randomized decision trees
and provides an average prediction from them [22]. They construct n individual
decision trees where n is a value that the user can adjust (hyperparameter), and
each decision tree makes a class prediction. Then they considers all the results of
decision trees, and the class with maximum number of correct prediction becomes

the final prediction of the model. RFs work efficiently when the number of cases
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True

Fi02 > 70 <= 0.49

alse

HR Mean <= 60.21

Figure 2.2: Example of a random decision tree from RFs

is much less than the number of features, which match with our research traits.

Random Forests require all individuals to have the same number of features.

Support Vector Machines

A popular useful technique for classification is SVMs [24]. It’'s popular for obtaining
good results in medical diagnostics, optical character identification, forecasting,
and other areas [25].

This algorithm is a supervised learning technique requiring a labeled training
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Figure 2.3: A Support Vector Machine

set [26; 27]. This algorithm is also efficient for large data sets and the broad
diversity of biological data. SVMs require all data to have the same number of
features.

For a given set of input, SVM tries to find a decision surface for separating two
classes. In SVMs, data points which are closest to the decision surface are called
support vectors. In the most basic case, the decision surface is a hyperplane.
SVMs maximizes the boundary between the separating hyperplane and instances
and finds an optimal solution among the infinite number of solutions. New in-
stances are classified by the side of the decision boundary that the new instance
lies on.

For example, let us consider a dataset with green rectangles and yellow circles
illustrated in figure 2.3. This is a 2D case, so the instances have two features and

plotted as points in the 2D plane. The objective of SVM is to find an optimal line
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Figure 2.4: Example of Logistic Regression

that divides the dataset into two different classes.

After finding the decision boundary, the SVM finds the nearest points to the
decision boundary. These points are considered as support vectors. Secondly, it
measures the distance between the line and the support vectors. SVM ftries to
maximize the gap between them and find out the optimal hyperplane for which it

can maximize the distance. We can see how its done in figure 2.3.

Logistic Regression

Logistic Regression is a predictive analysis and used when the outcome class is bi-
nary. It builds models based on the logistic function and describes the connection
between the binary classification and feature variables. LR assesses the outcome

based on previous knowledge or information by identifying the most critical rela-
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tionship between the different circumstances and the consequences [28].

Let us consider a model where we need to identify the postoperative outcome
of surgery for a given set of ventilation parameters as input features. Here the
final outcome is a complication and no complication. LR will first calculate the
weighted sum of the ventilation parameters. After that, it will input this into the
sigmoid function. LR uses sigmoid function as the logistic function. By computing
the sigmoid function, LR will get a probability. This probability is then converted
to a binary outcome by use of a threshold. For a new instance, the probability of
that instance is calculated and then assigned to one of the classes. The formula
for the sigmoid function is given below:

1

sigmoid(z) = = 2.1)

Let us consider an example of LR in figure 2.4, where the x-axis represents
the weighted sum of the ventilation parameters, and the y-axis represents the
probability of complication. If we plot the mentioned sigmoid function, the graph
will be an S curve. Even if the logistic regression model meets an outlier, it will
handle it with the help of this logistic function. Here outliers are data points that

don'’t fit a particular data group.

2.2.3 Hyperparameter Tuning

In machine learning, a value which is employed to regulate the training process of
a model is called the hyperparameter. Hyperparameter tuning is finding the opti-
mized hyperparameters for a specific model as different machine learning models
have different hyperparameters. For finding a machine learning model with the

best accuracy, it is essential to supply the optimum value of hyperparameters to
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that model. I have used Grid Search Cross Validation for hyperparameter tuning
[7;18]. Grid Search CV finds those best hyperparameters by using cross-validation
and exhaustively checking with all the possible values of those hyperparameters

in that model.

2.3 Dataset

For this thesis, I have used a surgical time-series dataset, which contains data for
each second, and general preoperative information for each of the patients. The
sample size of the dataset is 80, which means it contains records for 80 patients.
This dataset was collected by the Section of the Thoracic Surgery of the Depart-
ment of Surgery, the University of Manitoba under the supervision of Professor Dr.

Biniam Kidane. The dataset has two parts. Those are:

e Preoperative data

¢ Intraoperative time-series data

We have used four preoperative features: FEV1, DLCO, Charlson Comorbidity
Index (CCI), and surgery type for analysis. We have also used four intraoperative
features: surgery duration, heart rate, FiO2, CO2-ET for analysis.

We have four different outcome variables in the dataset. They are i) compli-
cation, ii) normal oxygenation at 4hour, iii) normal oxygenation at 12hour, and iv)
normal oxygenation at 24hour. All of them have a binary outcome. Complication
means the number of patients having any complications after surgery. There is
data on sub-types of complication in the data set but these are very rare. Among
80 patients, 60 patients had no complications after surgery indicated by O, and

20 patients had complications after surgery reported by 1 in the dataset.
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Normal oxygenation at 4 hours means the number of patients are at normal
oxygenation at 4 hours. Forty-three patients were in normal oxygenation at 4
hours indicated by 1, and thirty-seven patients were not in normal oxygenation at
4 hours indicated by O in the dataset. Similarly, we have data on normal oxygena-
tion after 8, 12 and 24 hours. Sixty-three patients were in normal oxygenation at
8 hours indicated by 1, and seventeen patients were not in normal oxygenation
at 12 hours indicated by O in the dataset. Seventy-one patients were in normal
oxygenation at 24 hours indicated by 1, and nine patients are not in normal oxy-
genation at 12 hours indicated by O in the dataset. The main challenge of the data
set is that the class distribution of the dataset is imbalanced. We have missing
data in pre-operative records. Two features of pre-operative records have missing

data: FEV1 and DLCO. FEV1 has 11, and DLCO has 17 missing records.

2.4 Oversampling and Imputation

Our dataset has uneven class distribution. For complication, only 25% of the data
set has complications, and for oxygenation at 12 hrs, only 21.25% of the dataset
has not returned to normal oxygenation after 12 hours. If we train a machine
learning model with this data set and want to predict from it, then the outcome
variable prediction can be poor due to the small minority class. So most of the
machine learning models will fail to predict correctly. To resolve this problem, I
have used SMOTE [6]. SMOTE offers better classification results by over-sampling
the minority class and under-sampling the majority class.

SMOTE oversamples the minority class. SMOTE doesn’t replicate the minority

class instances. It creates synthetic minority class examples and balances the
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training dataset. For obtaining equal class distribution, an iterative process is
executed [29]. Randomly minority class examples are taken from the training
set. Then K-nearest neighbors are taken (by default, K=5). Then instances are
randomly selected from the set of neighbours to compute new minority examples.
The new minority examples are created by taking the average value between the
sampled neighbor and the original sample. SMOTE is a successful technique in
different field of operation in data science and considered as a benchmark for
learning from imbalanced data [30].

The dataset also has missing data for two preoperative features. For that
reason, I have taken the median value of all the values of a particular surgical
feature and imputed the missing value with that median value for that particular
feature. This technique imputes missing data of the dataset rather than losing the

entire patient.

2.5 Metrics for Evaluating Machine Learning Models

Two different metrics are considered for all the experiments of this research. Those
are fl-score and AUC. As I have mentioned earlier, our datasets are highly im-
balanced. Accuracy only measures all correctly predicted cases, but it doesn’t
deal with the incorrectly classified cases. Accuracy is a good measure when the
dataset has an equal distribution of classes. In our cases, our dataset has a
highly imbalanced class distribution. So accuracy will not be enough to evalu-
ate the model. That is why I have used f1-score and AUC. For imbalanced class,
fl1-score is more insightful than accuracy. Fl-score ranges between O and 1. It

measures the harmonic mean of precision and recall. Here precision is the ratio
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of correctly predicted positive instances and all predicted positive cases, and the

recall is the ratio of correctly predicted positive examples and all positive of the

TruePositives
TruePositives+ FalsePositives

dataset. The formula for precision is 0 3 and the formula for

TruePositives
TruePositives+ FalseNegatives) *

recall is 0 It is better to evaluate a model with f1-score as
this score uses both false negative and false positive.

Area Under Curve (AUC) is a metric for evaluating performance for classifica-
tion problems under different conditions. It shows the performance of a model for

distinguishing between classes. The value of AUC is ranges from O to 1. A higher

value of AUC indicates a more accurate machine learning model.

2.6 Software Used for the Research

For data preprocessing and prediction, I have used python 3.0 scripting language
and sckit-learn [7}; [8]]. I have used different libraries from sckit-learn such as sim-
ple imputer, RF, SVM, LR, feature importance from RF, Grid Search CV, pyplot.
SMOTE has been used for the oversampling technique. Simple imputer imputes
the missing value by taking the median of all the values. RF, SVM, LR are used
for machine learning classification and prediction. Feature importance finds the
importance of the features in RF classification. Grid Search CV is used for hyper-
parameter tuning of the model. SMOTE has been used from imbalanced-learn [31]
library of python for oversampling process. Pyplot has been used from Matplotlib

[32] library of python for the visualization of different graph

"https://github.com/atifulaftab/Predicting-Perioperative-Outcomes-from-Surgical-Data-During-0LV
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Chapter 3

Literature Review

OLV assisted lung surgeries are dependent on mechanical ventilation which
involves different ventilation parameters such as VT, respiratory rate, the fraction
of inspired oxygen, PEEP, CPAP and more [2; [3; 4; 5]. The prediction of clinical
outcomes based on these different parameters are very essential for reducing the
negative outcomes.

In 2009, Pardos et al. [33] assessed the connection between the ventilatory
mode implemented during OLV and intraoperative and early postoperative arte-
rial oxygenation when patients are undergoing lung surgery. The study size was
one hundred and ten thoracic surgeries with duration of at least one hour. They
observed that arterial oxygenation during OLV or early postoperative oxygenation
is not affected when using pressure-controlled ventilation (PCV) compared with
volume-controlled ventilation (VCV) with the same VT. However the paper was not
a predictive analysis.

Blank et al. [34] discussed the management of one-lung ventilation. They

assessed the use of ventilator management during surgery involving OLV and

17
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measured the result on clinical consequences. They have used multivariate lin-
ear regression to assess the relationships between primary and secondary clinical
outcomes and six ventilator parameters such as VT, PEEP, plateau ventilator pres-
sures(Pplat), inspired oxygen fraction, expiratory carbon dioxide, and respiratory
rate etc. for 1019 cases. Hospital electronic records and the Society of Thoracic
Surgery database are the sources of dataset. They found that a high number of
patients go through high VT during OLV. They also identified that significant post-
operative symptoms and respiratory complications were inversely associated with
this VT. After analyzing the situation they advised that maintaining low VT is not
capable of blocking postoperative respiratory complications without a sufficient
amount of PEEP, though physiologically low VT is an essential element throughout
OLV. The research work is a a ventilator management study and not a predictive
analysis.

Colquhoun et al. [35] also conducted a multicenter study and reviewed the
various courses of action in the ventilation method for patients experiencing OLV.
They have used 5609 patient’s different ventilation parameter records which in-
cludes VT, driving pressure, PEEP, etc., during analysis. They used the Multi-
center Perioperative Outcomes Group database [35; [36; [37] which helped to dis-
tinguish different patients undergoing one-lung ventilation. They observed that
a substantial proportion of patients who were female, obese, or of short stature
included in high-risk subgroups were ventilated with less than suggested VT. They
found that most of the patients receive different VT and PEEP level than the rec-
ommended level. The research is also a ventilator management study and not a
predictive analysis

Belda et al. [38] conducted a descriptive multicenter national study on lung
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surgery patients experiencing one-lung ventilation in 2018. This study was con-
ducted with data of 690 patients who underwent thoracic surgery with OLV. They
observed that OLV has a lower rate of postoperative pulmonary complications
(PPCs) for the patients undergoing OLV with open lung approach. A personal-
ized open-lung approach includes an alveolar recruitment maneuver- an enhanced
transpulmonary pressure to excavate collapsed alveoli [39] accompanied by an
adjustment of PEEP to the best respiratory system. But their goal was not the
prediction of any postoperative pulmonary complications. The main objective of
this paper was to give an idea of patients having PPCs who underwent through
open-lung approach during OLV. They actually evaluated the performance of one
lung approach in this research.

Shen et al. [40] investigated the relationship between one primary ventila-
tion parameter, VT, and pulmonary complications. This research was conducted
among 101 patients who experienced left-lung ventilation during thoracoscopic
esophagectomy during June 2011 and July 2012. They found that intraoperative
OLV causes lung injury in addition to pulmonary complications after minimally
invasive esophagectomy (MIE). They also identified that low average VT reduces
ventilation-associated lung complications.

Neto et al. [41] assessed the relationship of VT, the level of PEEP, and driv-
ing pressure during mechanical ventilation with postoperative complications. The
sample size for this research was 2250. They conducted a meta-analysis on data
from patients who experienced general anesthesia. Their main intention was to
identify mechanical ventilator-associated postoperative pulmonary complications.
They identified that when patients experience postoperative pulmonary compli-

cations, those complications are related to intraoperative high driving pressure
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and changes in the level of PEEP that increase driving pressure. But they did
not authenticate the validity of those facts experimentally and suggested some
approaches to confirm the validity of those facts.

Ball et al. [42] studied and examined intraoperative ventilation parameters
and their relationships with PPCs in overweight patients. They performed a sec-
ondary analysis which was only limited to 2012 obese patients. They found that
obese patients are often ventilated with high VT and low PEEP which causes post-
operative pulmonary complications. Their study was limited to only obese patients
and the association between ventilation settings and postoperative complications.
But they failed to evaluate any specific casualty.

Okahara et al. [43] investigated the relationship among intraoperative venti-
lator settings with PPCs after thoracic surgery. They worked with detailed surgery
information, preoperative characteristics and information of patients and anesthe-
sia information from 197 patients. They observed that higher FiO, during one-lung
ventilation might be correlated with the increased rate of PPCs. In their study, they
failed to determine the causality of the complications.

After analyzing the above pieces of literature, we can identify that the re-
searchers have identified some parameters including VT and PEEP that are linked
to surgical outcomes. But there is no reliable and recognized way to predict post-

operative pulmonary complications for ventilation parameters during OLV.



Chapter 4

Results and Discussion

4.1 Techniques

4.1.1 Data Processing

Preoperative and intraoperative information was extracted from OLV surgery in-
formation by the Section of the Thoracic Surgery in the Department of Surgery,
the University of Manitoba, under the supervision of Professor Dr. Biniam Kidane.

There are two raw datasets available for this research. Those are:

e Preoperative data

e Intraoperative time-series data

Though pre-operative varibales are widely used for predicting post-operative
complications[44;45; 46} 47], as a thoracic & foregut Surgeon, Professor Dr. Biniam
Kidane suggested some critical both pre-operative and intra-operative features
which they emphasize during OLV assisted lung surgery. Tables 4.1 and 4.3 de-
note those features or variables considered from the raw preoperative and intraop-

erative time-series datasets. Table 4.4 represents the outcome variable for these

21
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Variable Name Value Range
Surgery Type Oto5

FEV1 31 to 143
DLCO 48 to 118
Charlson Comorbidity Index (CCI) | O to 9

Table 4.1: Preoperative Data

Surgery Type ID | Surgery Type Name

0 VATS Wedge Resection

1 VATS Lobectomy

2 Open Segmental Resection

3 Open Lobectomy

4 Right Extraplerual Pneumonectomy
5 Open LN biopsy

Table 4.2: Surgery Types

datasets, which contains the binary value (O or 1). For complication outcome vari-
ables, O represents no complication, and 1 represents the complication. For nor-
mal oxygenation after 4, and 12 hours outcome variables, O represents abnormal
oxygenation, and 1 represents normal oxygenation.

Each intraoperative feature was recorded as continuous time-series data dur-
ing the entire OLV surgery. Each second of surgery records are kept as time series
data in the dataset. Figure 4.1 shows the histogram for no. of patients for par-
ticular surgery duration in seconds. The mean surgery length was 7960.6875
seconds or 132.67 minutes. We have taken the median of all the values of each
intraoperative feature for each patient. The primary motivation was representing
the whole scenario of a particular feature during the surgery as a single numerical

feature. We have also extracted the max value of all the intraoperative features for
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Variable Name Type

Heart Rate Numerical
The Fraction of Inspired Oxygen (£iO2) Numerical
Carbon Dioxide Equivalent (CO; ET) Numerical

Arterial Blood Pressure Mean (ABP-Mean) | Numerical

Arterial Blood Pressure Systolic (ABP-SYS) | Numerical

PEEP Numerical
Ppeek Numerical
Surgery Time Numerical

Table 4.3: Intraoperative Data
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Figure 4.1: Histogram Visualization for Surgery Duration

rendering the highest peak of the feature. We didn’t consider the minimum value
for any feature as most of the time, the minimum value of a particular feature was

0.
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parameters
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4.1.2 Summarizing the Time Series Data

We have also adopted an alternate way to summarize the time series data. For
each of the patients, we have calculated the percentage of time of the surgery
duration above a given threshold for different intraoperative features. We have-
heart rate, F'iOy, ABP-Mean, ABP-Sys, PEEP, Ppeak, CO, — ET. Given a threshold
T, we calculated the percentage of time that a feature was above or below T. The
threshold for heart rate was greater than 120, 110, & 100 and less than 60. For
FiO,, the threshold was greater than 70 and for CO; — ET was greater than 45
and less than 25. The threshold for ABP-SYS was less than 80 and for ABP-MEAN
the threshold was less than 60. The threshold for PEEP was greater than 10 and
less than 5. The threshold for Ppeak was greater than 30. All the thresholds are
suggested by Professor Dr. Biniam Kidane. Due to a large amount of missing data,
we removed ABP-Mean, ABP-Sys, PEEP, Ppeak from further analysis.

We have represented the processed data ranging from O to 1. By 1 we repre-
sented meeting the threshold value for the entire time and by O we represented
the absence of threshold value for the entire time for each patient. There is also
fraction value between 1 and O for the representation of the percentage of pres-
ence of threshold value during the surgery. Figure 4.2 & 4.3 shows the histogram
visualization for percentage of time of different ventilation parameters. From the
intraoperative time-series dataset, we have processed and extracted 12 features.
Table 4.5 denotes the prepared intraoperative features used for this thesis.

I have used six different combinations of dataset. Initially, I divided the dataset
into the main two parts. Those are Preoperative and Intraoperative information
for each patient. Intraoperative datasets have been divided into two distinct parts.

One of them consists of maximum and the average value of different ventilatory
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Variable Name Positive Cases | Negative Cases
Complication 20 60

Normal Oxygenation after 4 Hours |43 37

Normal Oxygenation after 12 Hours | 63 17

Normal Oxygenation after 24 Hours | 71 9

Table 4.4: Outcome Variables

Variable Name Value Range
Heart Rate Mean 47.27 to 100.15
Heart Rate Max 56 to 208

FiO; Mean 44,58 to 93.59
FiOy Max 68 to 100

Percentage of time for HeartRate > 120| 0 to 1

Percentage of time for HeartRate < 60 |0 to 1

Percentage of time for HeartRate > 110|0 to 1

Percentage of time for HeartRate > 100 | O to 1

Percentage of time for F'iO, > 70 Oto 1

Percentage of time for C0; — ET <25 |Oto 1

Percentage of time for C0; — ET >45 |Oto 1

Surgery Duration (Minutes) 20 to 377

Table 4.5: Processed Intraoperative Data

records. Another one is the percentage of time of various ventilatory records for
the whole period of surgery. These three distinct records are used to generate 18

different combinations for the experiments.

4.2 Oversampling, Imputation, and Standardization

Our dataset has records for 80 patients. Among them, only 20 have the postop-

erative OLV associated complication, and 60 have no complications. Forty-three
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patients had normal oxygenation at 4 hours, and thirty-seven patients did not
have normal oxygenation at 4 hours. These scenarios shows that our dataset is
highly imbalanced. If we train a machine learning model with this data set and
want to use it to make predictions, then complication or abnormal oxygenation
prediction can be less likely to occur due to the small minority class. So most of
the machine learning models will fail to predict correctly. To resolve this problem,
I have used Synthetic Minority Over-sampling Technique (SMOTE) [6]. I have ap-
plied it to my training set. It oversamples the minority class by creating synthetic
minority class examples and balances the training dataset.

I have two preoperative featurea which have missing values. One of the fea-
tures is FEV, which has 11 missing values, and another one is DLCO, which has
17 missing values. For imputing the missing value, I have used simple imputer
from scikit-learn [7; [8]. It fills up the missing value with the mean value of all the
rows of that particular feature.

I have also standardized my dataset using the Standard Scaler from scikit-
learn [7; 8]. Standardization modifies the values of the dataset to a standard

scale, but it keeps the variations in the ranges of values the same.

4.2.1 Feature Extraction

Feature extraction or selection is choosing a subset of related features to apply in
the machine learning model. For feature selection, we have used feature impor-
tance, which is the process of allotting scores to input features, which shows the
significance of each feature. I have used the feature importance of RFs from sckit
learn [7; 8] for identifying the critical features.

As a thoracic & foregut Surgeon, Professor Dr. Biniam Kidane also suggested
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some crucial features which they carefully observe in OLV assisted lung surgery.
Some of the features are also considered based on the medical importance and

previous sucessful medical research.

4.2.2 Machine Learning and Outcome Prediction

I executed different 108 experiments for predicting perioperative outcomes for op-
erational data during OLV. Figure 4.4 shows the overall process executed during
those experiments. I have used six different combinations of patient information

for conducting those experiments. Those six combinations are:

e Combined Data

Intraoperative Data

Preoperative Data

Intraoperative data - max and mean only

Intraoperative data - percentage of time only

Combined Data without percentage of time records

We have divided intraoperative data into two parts: Maximum and mean value for
the features and percentage of time records for those features. Intraoperative data
is basically the combined data of maximum and mean value for the features and
percentage of time records for those features. From above list we can observe that
we have used different combination of those intraoperative data.

For different 108 experiments, I have used three different classification al-

gorithms. Those are RFs, SVMs, and LR. These three classification algorithm
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Hyperparameter Range
Number of Tress for RF 1 to 200
Max Depth for RF 1to 25

Regularization parameter C for SVM | 0.001 to 10000

Gamma for SVM 0.0001 to 0.01

Kernel for SVM rbf / linear

Regularization Strength C for LR 0.01 to 1000

Penalty for LR 11 or 12

Table 4.6: Hyperparameters

predicted complication, normal oxygenation at 4 hours, and normal oxygenation
at 12 hours.

Each combination of the dataset was randomly split into two sets: the training
set (80%) and the test set (20%). Models were trained on the training set only. All
models used the same split of training and test data. SMOTE was only applied
to training set. There is no synthetic data in the test set. Results were obtained
using ten repeated 5-fold cross-validation and grid search over hyperparameters
for hyperparameter tuning. The hyperparameters are: number of trees and max
tree depth for RFs, regularization parameter C (used for harmonizing the model
complexity for better prediction outcomes), kernel (defines the kernel type to be
used in the algorithm) and gamma (defines the kernel coefficient) for SVMs, and
the inverse of regularization strength C and penalty (applied to define the standard
practiced in the penalization) for LRs. Table 4.6 illustrates the different values for
hyperparameters.

For verification of results with grid search CV, I have used another technique
called nested cross-validation. In this technique, data was split using stratified

k-fold into five different folds, and grid search cv is applied to each fold. Each of
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Figure 4.4: Flow chart for predicting perioperative outcomes

the fold returns average optimum hyperparameters for grid search cv. In each grid
search, it used 5-fold cross-validation. Then those hyperparameters are applied
to each fold of the stratified k-fold, and the final result was calculated by taking
the average of all five results.

I have also used Principal Component Analysis (PCA), a dimensionality reduc-
tion algorithm. This algorithm is applied to project high dimensional data into a
lower dimension as many features or dimensions in a dataset produces more noise.
It can be used to reduce the number of features and to eliminate redundancy in
the features. Since we had few instances, we wanted to investigate whether re-
ducing the number of features as well would improve results. We have executed
the PCA analysis for different components: 3, 4, 5, 6, and 7. We have used 3-7
components since it represents a range of values which includes up to half the

number of features of the original set.
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4.3 Evaluation

As I have mentioned earlier, I have measured two different metrics for each of the
experiments. Those are fl1-score, and AUC. Our datasets are highly imbalanced.
For complication, only 25% of the data set has complications, and for oxygena-
tion at 12 hrs, only 21.25% of the dataset has not returned to normal oxygenation
after 12 hours. For imbalanced classes, fl1-score & AUC is more insightful than
accuracy score.

Table 4.7 shows the f1-score for complication prediction without SMOTE. The
highest score we have is with combined preoperative data and intra-operative data
classified by RFs. Preoperative values are usually recorded before OLV assisted
thoracic surgery.

Now we move to table 4.8, which shows the f1-score for complication prediction
with SMOTE. The highest value here we have with intra-operative data classified
by SVMs, which is 0.70. We got 0.61 AUC for this prediction. These were obtained
with an RBF kernel and with a avg. value of C=5311.0 and gamma= 0.0091. This
f1-score with AUC is the best prediction among all the experiments.

The result for normal oxygenation prediction using the same experimental
settings are mentioned in Table 4.9, 4.10, 4.11 and, 4.12 which is not acceptable
due to poor score.

Using machine learning with combined preoperative data and intra-operative
data yielded the best results for complication prediction. Using Rfs, the F1-score
for prediction of complications is 0.59. Intra-operative data alone had the best
prediction after applying SMOTE. It has 0.70 f1-score with SVM classification al-

gorithm. Figure 4.5 shows an illustration of the decision boundary of an SVM.
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Dataset F1-Score for RF | F1-Score for SVM | F1-Score for LR
Combined 0.59+0.07 0.57+0.09 0.57+0.09
Intra-operative 0.56+0.10 0.57+0.09 0.57+0.09
Pre-operative 0.58+0.09 0.57+0.09 0.57+0.09

Intra-operative

without Percentage 0.59+0.10 0.57+0.09 0.57+0.09

of Time Records

Percentage of Time

0.57+0.07 0.57+0.09 0.57+0.09
Records
Combined
without Percentage 0.59+0.10 0.56+0.08 0.57+0.09

of Time Records

Table 4.7: Complication Prediction without SMOTE

Dataset F1-Score for RF | F1-Score for SVM | F1-Score for LR
Combined 0.67+0.11 0.68+0.11 0.64+0.09
Intra-operative 0.68+0.08 0.70+0.08 0.59+0.13
Pre-operative 0.56+0.08 0.57+0.13 0.594+0.13

Intra-operative

without Percentage 0.65+0.12 0.67+0.11 0.63+0.11

of Time Records

Percentage of Time

0.67+0.10 0.67+0.13 0.47+0.12
Records
Combined
without Percentage 0.63+0.09 0.60+0.12 0.63+0.07

of Time Records

Table 4.8: Complication Prediction with SMOTE

The points exhibit instances from the data set, and the colored regions indicate
predictions. A new data point on the graph will be classified according to the back-
ground color where it is placed. The areas and data points are represented by a

2-dimensional PCA plot to visualize high-dimensional data. The value of AUC for



Results and Discussion 34

Dataset F1-Score for RF | F1-Score for SVM | F1-Score for LR
Combined 0.51+0.09 0.36+0.09 0.35+0.10
Intra-operative 0.48+0.08 0.33+0.07 0.34+0.08
Pre-operative 0.47+0.16 0.46+0.12 0.34+0.08

Intra-operative

without Percentage 0.57+0.08 0.54+0.11 0.35+0.10

of Time Records

Percentage of Time

0.37+£0.12 0.32+0.07 0.33+0.08
Records
Combined
without Percentage 0.474+0.09 0.394+0.09 0.35+0.10

of Time Records

Table 4.9: Normal Oxygenation at 4 Hours Prediction without SMOTE

Dataset F1-Score for RF | F1-Score for SVM | F1-Score for LR
Combined 0.50+0.08 0.47+0.09 0.43+0.08
Intra-operative 0.51+0.08 0.46+0.11 0.55+0.09
Pre-operative 0.40+0.10 0.55+0.18 0.554+0.09

Intra-operative

without Percentage 0.58+0.10 0.59+0.10 0.45+0.11

of Time Records

Percentage of Time

0.48+0.09 0.38+0.13 0.36+0.11
Records
Combined
without Percentage 0.53+0.11 0.46+0.08 0.454+0.09

of Time Records

Table 4.10: Normal Oxygenation at 4 Hours Prediction with SMOTE

this prediction was 0.61.
Without SMOTE, intra-operative data alone had an f1-score of 0.57. This shows
that SMOTE improved the result drastically with the intra-operative data alone.

Pre-operative data alone yielded weaker results. Using LRs, the F1-score for
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Figure 4.5: Illustration for SVM Analysis on Intraoperative data with SMOTE

the preoperative data alone is 0.59 with SMOTE & using RFs, 0.58 without SMOTE.

I have used the feature importance of RFs from sckit learn [7; 8] for identifying
the critical feature. From that experiment, it is found that maximum heart rate,
maximum F;O,, and surgery times are very crucial intraoperative features for the
prediction in the case of RFs.

When using nested CV, the average result was almost identical as the actual
result prepared with the grid search cv. The variation with the actual result was
0.01-0.08 at most.

I have also used Principal Component Analysis (PCA), a dimensionality reduc-
tion algorithm. I have executed the PCA analysis for different components: 3, 4, 5,
6, and 7. Results were obtained using same ten repeated 5-fold cross-validation

and grid search over hyperparameters for hyperparameter tuning. From Table
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Dataset F1-Score for RF | F1-Score for SVM | F1-Score for LR
Combined 0.73+0.10 0.74+0.09 0.74+0.09
Intra-operative 0.69+0.12 0.74+0.09 0.74+0.09
Pre-operative 0.74+0.09 0.74+0.09 0.74+0.09

Intra-operative

without Percentage 0.744+0.08 0.73+0.10 0.74+0.09

of Time Records

Percentage of Time

0.71+0.09 0.74+0.09 0.74+0.09
Records
Combined
without Percentage 0.724+0.09 0.74+0.09 0.74+0.09

of Time Records

Table 4.11: Normal Oxygenation at 12 Hours Prediction without SMOTE

Dataset F1-Score for RF | F1-Score for SVM | F1-Score for LR
Combined 0.66+0.10 0.69+0.08 0.65+0.16
Intra-operative 0.69+0.12 0.72+0.11 0.58+0.13
Pre-operative 0.65+0.14 0.63+0.15 0.584+0.13

Intra-operative

without Percentage 0.69+0.09 0.70+0.09 0.58+0.10

of Time Records

Percentage of Time

0.64+0.08 0.61+0.08 0.54+0.11
Records
Combined
without Percentage 0.65+0.05 0.64+0.09 0.65+0.15

of Time Records

Table 4.12: Normal Oxygenation at 12 Hours Prediction with SMOTE

4.13 and 4.14, we can see the fl-score for different PCA analysis for complication
prediction with and without SMOTE. It does not make the results significantly
worse, but it does not improve on the results. They cannot beat the result of intra-

operative data with SMOTE classified by the SVM classification algorithm.
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PCA Components | RF SVM LR

3 0.58+0.15 | 0.58+0.17 | 0.60+0.15
4 0.65+0.13 | 0.63+0.09 | 0.62+0.09
5 0.65+0.13 | 0.624+0.14 | 0.62+0.14
6 0.65+0.07 | 0.62+0.08 | 0.64+0.10
7 0.62+0.09 | 0.62+0.11 | 0.62+0.11

Table 4.13: F1 Score for Different PCA Analysis for Complication Prediction with-

out SMOTE

PCA Components | RF SVM LR

3 0.64+0.11 | 0.634+0.10 | 0.58+0.08
4 0.63+0.08 | 0.62+0.08 | 0.60+0.07
5 0.63+0.10 | 0.62+0.11 | 0.56+0.07
6 0.65+0.11 | 0.614+0.07 | 0.54+0.09
7 0.65+0.08 | 0.554+0.11 | 0.49+0.05

Table 4.14: F1 Score for Different PCA Analysis for Complication Prediction with

SMOTE

Dataset AUC for RF | AUC for SVM | AUC for LR
Combined 0.50+0.04 0.50+0.00 0.50+0.01
Intra-operative 0.47+0.14 | 0.50+0.02 | 0.50+0.03
Pre-operative 0.49+0.03 0.50+0.00 0.50+0.02
Intra-operative
without Percentage 0.53+0.16 0.50+0.11 0.49+0.04
of Time Records
Percentage of Time
0.47+0.05 0.50+0.00 0.49+0.03
Records
Combined
without Percentage 0.51+0.08 0.48+0.00 0.50+0.01
of Time Records

Table 4.15: AUC for Complication Prediction without SMOTE
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Dataset AUC for RF | AUC for SVM | AUC for LR

Combined 0.50+0.07 | 0.57+0.12 | 0.54+0.09

Intra-operative 0.56+0.08 0.61+0.07 0.50+0.06

Pre-operative 0.39+0.10 0.46+0.16 0.48+0.15

Intra-operative

without Percentage 0.51+0.13 0.65+0.11 0.50+0.08

of Time Records

Percentage of Time
0.55+0.07 0.54+0.11 0.48+0.09

Records

Combined

without Percentage | 0.46+0.11 0.53+0.12 0.52+0.12

of Time Records

Table 4.16: AUC for Complication Prediction with SMOTE

Dataset AUC for RF | AUC for SVM | AUC for LR

Combined 0.51+0.08 0.45+0.07 0.44+0.06

Intra-operative 0.48+0.11 | 0.42+0.10 | 0.45+0.08

Pre-operative 0.49+0.11 0.48+0.06 0.46+0.07

Intra-operative

without Percentage 0.58+0.08 0.57+0.15 0.49+0.04

of Time Records

Percentage of Time
0.41+0.05 0.46+0.02 0.46+0.03

Records

Combined

without Percentage | 0.4840. 15 0.48+0.09 0.46+0.07

of Time Records

Table 4.17: AUC for Normal Oxygenation at 4 Hours Prediction without SMOTE
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Dataset AUC for RF | AUC for SVM | AUC for LR

Combined 0.50+0.10 | 0.47+0.08 | 0.45+0.08

Intra-operative 0.52+0.11 0.49+0.13 0.42+0.11

Pre-operative 0.43+0.13 0.55+0.08 0.55+0.08

Intra-operative

without Percentage 0.58+0.15 0.60+0.11 0.46+0.06

of Time Records

Percentage of Time
0.48+0.06 0.45+0.10 0.39+0.10

Records

Combined

without Percentage 0.53+0.07 0.47+0.06 0.47+0.07

of Time Records

Table 4.18: AUC for Normal Oxygenation at 4 Hours Prediction with SMOTE

Dataset AUC for RF | AUC for SVM | AUC for LR

Combined 0.48+0.04 0.50+0.00 0.50+0.00

Intra-operative 0.44+0.03 0.50+0.00 0.50+0.00

Pre-operative 0.49+0.04 0.50+0.00 0.50+0.00

Intra-operative

without Percentage 0.51+0.07 0.48+0.05 0.49+0.00

of Time Records

Percentage of Time
0.46+0.02 0.50+0.00 0.50+0.00

Records

Combined

without Percentage | 0.47+0.06 0.50+0.02 0.50+0.00

of Time Records

Table 4.19: AUC for Normal Oxygenation at 12 Hours Prediction without SMOTE

4.4 Discussion

The 108 different experiments with the various classification algorithms give us

some insightful observations. First of all, the highly imbalanced dataset is the



Results and Discussion 40

Dataset AUC for RF | AUC for SVM | AUC for LR

Combined 0.45+0.14 | 0.55+0.14 | 0.59+0.14

Intra-operative 0.54+0.08 0.63+0.13 0.50+0.13

Pre-operative 0.50+0.11 0.56+0.12 0.45+0.11

Intra-operative

without Percentage 0.59+0.16 0.59+0.15 0.56+0.17

of Time Records

Percentage of Time
0.49+0.11 0.52+0.11 0.53+0.14

Records

Combined

without Percentage | 0.46+0.18 0.46+0.12 0.61+0.12

of Time Records

Table 4.20: AUC for Normal Oxygenation at 12 Hours Prediction with SMOTE

main reason for not getting higher accuracy. Class distribution for the compli-
cation, normal oxygen saturation at 4 hours, and normal oxygen saturation at
12 hours highly uneven. Though we overcome this obstacle using SMOTE. It is
clear from the experiments that SMOTE gives a improvement over the imbalanced
dataset.

I observed that normal oxygenation at 12 hours gives us higher accuracy with-
out smote. But after analyzing, it is clear that it's always predicting patients are in
normal oxygenation as the class distribution is highly unequal here. The class ra-
tio is for predicting normal oxygenation at 12 hours is highly uneven. That means
it is not predicting adverse outcomes at all.

SMOTE is only applied to the training set but not in the test set for fair pre-
diction. All the comparisons are fair, as I have used the same test and training
split for all the experiments. I observed that intraoperative data has improved pre-

diction accuracy and has a higher AUC score than preoperative data. Combining
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them is also not capable of bringing improvement in accuracy and AUC.

From this research, it is visible from the result that intraoperative data are
more crucial than preoperative in terms of F1-score and AUC. So this research
suggests using intraoperative data as input to the machine learning model. As
of now, it is not possible to identify the outcome in real-time as we have used
the data for the whole surgery. But it is possible to use real-time data and send
them instantly to a deep learning model for immediately predicting complications
of surgery for that particular time of surgery.

In our research, Professor Dr. Biniam Kidane suggested using all types of
complications as outcome variables. But if we only use pulmonary complications
or some specific complications, then the dataset will be more imbalanced. Using
only one specific complication will make the dataset more imbalanced, and the

prediction of complications likely be more difficult with a higher F1-score.



Chapter 5

Conclusion

5.1 Future Work

The main obstacle to this thesis was the dataset. Class distribution was unequal
for complication prediction, normal oxygenation at 4 hours prediction, and normal
oxygenation at 12 hours prediction. The sample size for the experiment was 80,
which is very small for predicting complications or normal oxygenation with higher
accuracy. Many information was incomplete or had missing values, which has
been sorted out by taking the average value for that specific patient. Shen et
al. [40], Ball et al. [42], Neto et al. [41], Blank et al. [34] used VT, PEEP etc. in
their research and considered them as critical ventilation parameters. But those
essential features can not be used due to high volume of missing data.

As our dataset’s main challenges are the small sample size and uneven class
distribution, we can work further if we get a balanced dataset with bigger sample
size.

I am not able to explore other machine learning algorithms such as Bayesian

42
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Network, ADA Boost, etc. From one undergraduate research under Professor Dr.
Michael Domaratzki, I came to know that Naive Bayes, and Gradient Boosting,
doesn’t improve the result when tested with similar experimental setup. In the

near future, I want to explore those with a bigger dataset, if available.

5.2 Conclusion

All lung surgeries are highly dependent on OLV. At the same time, it is also true
that this type of mechanical ventilation can cause acute ventilator-induced lung
injuries which can be the reason for different pulmonary complications and, res-
piratory complications which may lead to the death of a patient. So the evaluation
of ventilation parameter and their relationship with the postoperative outcome is
highly required. In this thesis I designed a predictor using machine learning which
can predict postoperative complications and delayed return to normal oxygenation
from ventilation parameter during OLV for reducing the negative outcomes. After
executing different 108 experiments, we find that the machine learning model with
SVM applied to the intra-operative dataset oversampled with SMOTE gets us the
best accuracy with the f1-score of 0.70 and AUC 0f 0.61. This is a drastic improve-
ment over all other experiments. Further research with a balanced dataset can
give us a more optimized model for the prediction of perioperative complications

of OLV with more accuracy.
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