
École polytechnique de Louvain

Artificial Intelligence in
Orthopaedic Recovery

Author: Anat LEVI
Supervisors: Pierre-Antoine ABSIL, Charles-Eric WINANDY
Readers: Siegfried NIJSSEN, Emilie RENARD
Academic year 2018–2019
Master [120] in Data Sciences Engineering



Université catholique de Louvain

Abstract

Ecole Polytechnique de Louvain

Master in Data Sciences Engineering

Artificial Intelligence in Orthopaedic Recovery
by Anat Levi

Dealing with the timely challenge of helping medical teams increase their
efficiency and identify crucial points in time where their intervention is needed, is the
main objective of this research. Utilizing the data of orthopaedic patients, recovering
from a knee/hip joint replacement surgery, we implement several Machine Learning
(ML) models aimed at predicting patient pain levels and clinical interventions.

We start with the construction of a flat dataset, holding patient daily reportings,
consisting of over 400 different features which are collected from various sensors.
In order to reduce noise and data dimensionality, we then apply different statistical
techniques for both building new features from existing ones and selecting the
most relevant features for each of our prediction tasks. Data cleansing and analysis
methods, including feature distribution plots, Pearson correlation, data scaling
and data imputation were used in order to create the narrowest, fullest and most
appropriate dataset for each prediction task and ML model. Finally, we implement
and train decision trees, Support Vector Machines (SVMs) and Recurrent Neural
Networks (RNNs) for obtaining high performing classifiers for our objectives.

The models built were carefully analyzed and tuned in order to extract maximum
information about the most significant features and to be able to translate the
results into recommendations for the clinical team. Based on separate blind test
set evaluation, the different models (built for each research question) were able to
predict the target with similar balanced accuracy (75% for manual intervention
prediction and 85% for substantial pain prediction), however with a significantly
better interpretability for the decision trees, making them a much more useful and
insightful tool in this framework.
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Chapter 1

Introduction

We currently live in an era which is characterized by information and data
explosion in almost every field of life. When making decisions, we can choose to
consult many different data sources, which are easily and freely accessible and
available. The main challenges have shifted from being able to obtain, collect and
sense the data, to being able to efficiently filter and analyze the (too) large amounts
of existing data.

With the introduction of Electronic Health Records (EHR), this challenge is
becoming more and more common in the medical domain as well. EHR, represent
the experience of both patients and doctors on the time axis [1]. Thus, these days,
most clinicians have access to volumes of patients data, including a variety of data
points per patient. While the ability to consult this data upon making a clinical
decision can be very beneficial, clinicians usually lack the time or tools to do so.

A Clinical Decision Support System (CDSS) is a computerized information system
designed to provide health professionals with assistance in clinical decision-making
tasks [2]. A good CDSS is able to accurately predict the relevant information for
a specific patient in a specific point in time, and recommend actions to be taken
accordingly.

To this end, we see increasing use of Artificial-Intelligence (AI) and Machine-
Learning (ML) models in healthcare. Building these models requires digitizing and
preparing the data, performing a thorough feature selection process for identifying
the subset of features which are most influential for solving the problem at hand,
training models and assessing their performance and finally comparing between
the different models and choosing the best one for use.
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CHAPTER 1. INTRODUCTION

In this chapter we will first introduce the concrete real-life example which will be
examined in this thesis and the objectives of the research. We will continue with a
historical overview of the evolution of using AI systems in healthcare followed by a
brief survey of relevant state-of-the-art research activities and conclude with the
thesis structure and contribution.

1.1 Objectives
In this subsection we will list the objectives of the research. Before doing so, we

introduce the medical-data which we have access to and the general goals of the
company which gives us access to the information. Noteworthy that even though
the discussion and analysis throughout the thesis are rather specific (discussed over
a specific application), the analysis, tools, data-representation and conclusions are
quite general and can be extended to other CDSSs.

"MoveUP" is a mobile-health company, developing a mobile application for
patients undergoing a knee or hip joint replacement surgery. The application stores
and monitors all data indicating the patient’s pain levels, exercises, activity and
medication intake. The data is being collected starting a couple of weeks before
the surgery and throughout the patient’s rehabilitation process, and is being used
to provide real-time medical support and advice to ensure the best and fastest
rehabilitation.

In the current setting, the medical advice is given by a team of Physical Therapists
(PTs) and surgeons. The physical therapists regularly examine the data of each
patient, and based on metrics and best practices, decide whether an intervention is
needed for a specific patient. An intervention could be changing the recommended
exercise scheme of the patient, making changes in the medications-intake dosage,
or giving a specific advice to the patient regarding their daily activity or behaviour.

The follow up of the patients is carried out through an internal medical dashboard,
presenting specific data points regarding all the patients currently rehabilitating.
This allows the medical staff to get a quick picture of all the patients and decide
on the order in which these patients should be addressed. For an illustration of the
internal dashboard see Figure 1.1. Once the overview line of a patient strikes the
attention of any of the clinicians, they can click on the Details link of that patient
and see more detailed information.

In order to make the medical team’s work more efficient, moveUP wishes to
make use of all historical and current data collected about the patients, in order
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CHAPTER 1. INTRODUCTION

Figure 1.1: Illustration of the internal medical dashboard
.

to be able to predict in advance patient outcomes and change the treatment
protocol accordingly. In addition, they ask to identify key features which affect the
rehabilitation process, in order to expose them in the dashboard and furthermore,
in order to make use of them in sorting the patients’ list displayed.

In this work, we will try to address two objectives by applying AI and ML
techniques for the daily prediction of:

1. The daily occurrence of a manual intervention for a patient

2. Whether or not the next day pain levels reported by the patient will be
substantial (above 40 on a scale of 1-100)

By solving these problems, we will be providing the moveUP PT team with an
automatic classification of the patients, such that the patients in need of assistance
would be automatically identified. This way the team’s work becomes quicker
and more efficient such that each PT is able to monitor more patients per day,
and avoids wasting time on examining the information of patients which, at the
moment, do not require care.
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CHAPTER 1. INTRODUCTION

1.2 Historical Overview and State of the Art
The main goal of AI applications in health-care systems is to identify and analyze

relationships between prevention or treatment mechanisms and patient outcomes
[3]. Such applications have been developed and applied in many different medical
fields, including: diagnosis processes, drug development, personalized medicine, and
patient monitoring and care. Numerous medical institutions and large technology
companies such as IBM and Google have developed AI algorithms for improving
different healthcare related aspects [4]. In addition, hospitals are looking into AI
solutions in order to save costs, improve patient satisfaction, and better deal with
staffing and workforce related constraints.

The first AI application in healthcare was a decision support system known as
Dentral [5], the product of a research taking place during the 1960s and 1970s. Its
primary aim was helping organic chemists identify unknown organic molecules, by
analyzing their mass spectra and using knowledge of chemistry. While initially not
being aimed directly at healthcare, it provided the basis for a subsequent system
MYCIN [6], which was able to identify bacteria causing severe infections, and
recommend the antibiotics type and adjusted dosage for each patient. As such,
MYCIN was considered as one of the most significant early applications of AI in
medicine [7].

During the 1980s and 1990s there had been significant advancements in mi-
crocomputers and network communications, allowing the development of more
computationally extensive algorithms and systems. This caused many researchers
and developers to believe that AI systems should also be used in the medical
domain, in order to compensate for the absence of perfect (or complete) data to
make decisions, instead of relying on the expertise of physicians [8]. Thus, systems
applying fuzzy set theory [9], Bayesian networks [10], and artificial neural networks
(ANN) [11, 12], have been developed to be used as intelligent computing systems
in healthcare.

Since then, advancements in both technology and medicine have enabled the
growth in research and development of AI and ML techniques for healthcare
applications. More recently, decision trees [13] have been widely used in building
prediction and classification applications for medical use. Decision trees institute one
of the most effective machine learning based methods as they are very interpretable,
free of ambiguity, can make use of both discrete and continuous variables in the
learning process, and can be used for classification as well as regression purposes
[14, 15]. Support Vector Machine (SVM)-based classifiers [16] have also been widely
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CHAPTER 1. INTRODUCTION

used for medical purposes in recent years and, in many cases, have been shown to
achieve better performance than other machine learning methods [17, 18]. State of
the art solutions make use of deep learning and Recurrent Neural Networks (RNNs)
for using sequential patient data to predict future outcomes [1, 19, 20].

In this thesis, the above mentioned techniques will be implemented on a dataset
including continuous temporal data of patients. Unlike other medical applications,
the moveUP application records numerous patient attributes on a daily basis. This
provides continuous visibility to the patient state, rather than having just several
data observations per patient, taken in different points in time along a large time
interval. The chosen algorithms will therefore be adapted to the type of data and
data-structure in our case.

1.3 Thesis structure and contribution
There exist several researches dealing with the prediction of pain levels after a

joint replacement surgery. While in most cases the features available for the research
include clinical and radiographic variables measured pre-surgery and several times
during the first year after surgery [21], we have observations following the patient
on a day-to-day basis, allowing for a more accurate analysis. In this work we use all
the data at our disposal to predict patient outcomes, which makes data-preparation,
data-structuring, data-access and the analysis process more complex. In turn and
owing to the general importance of the types of data we have access to, the thesis
starts with the important stage of understanding the data in Chapter 2. The thesis
structure is listed in the following, as well as the main novelty and contribution of
the different chapters.

Chapter 2 presents the data structure and describes all the data points which
were available for this research. It further describes the preliminary analysis which
was conducted on the data and the methods used for data cleansing and feature
selection. Our contribution is the generation of our own clean and ready to use
dataset, composed of 105 features, carefully chosen from the originally available
340 features.

Chapter 3 focuses on the models built for predicting a patient’s need for manual
intervention by the moveUP medical team. It explains the theory behind each model
and details the steps taken in the modeling process. We introduce our method
for building decision trees and SVMs on sequential data, and the construction of
new features for embedding the time series information into the data. For each
model type, the final model is presented including its performance assessment. This
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CHAPTER 1. INTRODUCTION

chapter is concluded by a quantitative and qualitative comparison between the
different models, and an additional construction and analysis of an ensemble model,
combining the different models discussed. The main contribution of this chapter,
is the revelation of the key features which take part in the decision to intervene for
a specific patient. This analysis exposed some features which are not used in the
current protocol, thus allowing the clinicians the gain of new insights.

The aim of Chapter 4 is to describe the models built for predicting whether
next day pain levels reported by the patient would be substantial. This chapter
opens with significant changes to the initial dataset, including additions of new
features, data analysis and feature reduction. We then continue to build decision
trees and RNNs, describing the design choices made along the way. The chapter
is concluded with a quantitative and qualitative comparison between the models
and an analysis of the results. The work described in this chapter reveals the
most significant features responsible for pain increase and provides intuition to the
clinicians regarding the medical recommendations that should be given, in advance,
to the patient, in order to avoid substantial pain.

To conclude, we come back in Chapter 5 to the initial goal of this project, using
AI and ML techniques for making the work of the PT team more efficient, and
reflect on how this research contributed to its achievement. In addition, we mention
some topics that could further contribute to this goal, but were not covered in the
present work.
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Chapter 2

Data Preparation

A first challenge in using data for machine learning algorithms is having the data
digitized, well structured and cleansed. In the medical domain, still today we have
many data points which exist only in hard copy, and are not recorded into any
computational database. In other cases, the data is digitally stored, but either in a
non-relational database, making it much harder to access and query in an efficient
way, or the data is stored in several different systems and, therefore, needs to be
extracted and loaded into a new flat structure [22]. Restructuring and cleansing
the data is at the heart of applying any machine learning based technique and is
therefore a crucial first step.

The moveUP production data is stored in a MongoDB database, which is a
NoSQL database, used for storing json documents. While this database may be very
convenient and efficient for storing and pulling information for a certain key value
(e.g. patient), this database poses a big challenge when it comes to reporting and
analysis needs. Thus, in order to be able to easily query and analyze the relevant
data, a preliminary data-preparation stage was conducted with the objective of
pulling the data from the MongoDB and re-structuring it in a more convenient
relational schema.

The data stored by the moveUP solution can be divided into five groups:

1. Patient data – all static information about a patient, including: age, gender,
surgery details, marital status, education etc. This data-set represents mostly
discrete categorical features.

2. Medical scores – medical questionnaires, such as PROMs (Patient Reported
Outcome Measures) [23], taken by each patient several times during their
moveUP process. Typically: pre-surgery, six weeks post-surgery, three months
post-surgery and six months post-surgery. The PROMs’ questions try to
measure the patient’s health status, their health-related quality of life, their
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CHAPTER 2. DATA PREPARATION

functional status, their symptoms and symptom burden and health-related
behaviors such as anxiety and depression. This dataset is represented by
mostly discrete numerical features, on a scale of 1-100 and binary yes/no
features.

3. Daily data – all data points collected on a daily basis both from the wearable-
device (reporting number of steps taken, calories burnt etc.), and from a
series of daily questionnaires taken by the patient. The questionnaires include
information indicating pain levels, general feeling, medications taken and
ability to perform physical exercises and daily activities. This dataset is also
represented mostly by discrete numerical features, on a scale of 1-100 and
binary yes/no features.

4. Exercise scheme – all data regarding the physical exercises a patient needs
to preform throughout the rehabilitation process. This includes both the
instructions regarding the exercises a patient needs to perform each day, and
measurements regarding their actual performance.

5. Chat – history of all chat messages transmitted between the patients and the
physical therapists.

At this stage we had at our disposal in the relational schema only the features
belonging to groups 1-3 above, such that the exercise scheme and chat data were
not taken into account. In order to use both the static and dynamic features
available in the data, SQL queries were applied to join all tables (over 20), in order
to form a big flat dataset to be fed to the different ML algorithms. The data in
this dataset was carefully examined and multiple reportings for a patient in the
same day were removed. After the cleansing process, this initial dataset consisted
of 28,610 data rows, each of which including 340 features. This dataset corresponds
to 800 different patients. Each row in this dataset is a tuple representing a single
patient on a single day, as can be seen in Table 2.1, where Patient ID is the unique
patient identifier in the system, DATE is the date in which the results were reported,
S1, ..., Sn represent the set of patient static features and D1, ..., Dm represent the
set of patient dynamic features.

For a past patient (which had already recovered) we have about 90 tuple rows
representing 90 rehabilitation days, each consisting of:

• 65 static features representing the patient’s profile. These features repeat the
same values over all rows of the same patient

• 45 dynamic features reported on a daily basis

8



CHAPTER 2. DATA PREPARATION

Patient ID DATE
(Y-M-D) Static Dynamic

S1 S2 ... Sn D1 D2 ... Dm

0 2017-01-01 30 2 ... A 0 89 5
0 2017-01-02 30 2 ... A 1 98 8
1 2017-03-01 57 0 ... C 2 74 2

Table 2.1: Dataset structure

• 230 medical score features, representing the temporal state of the patient
and taken several times along the rehabilitation process. For simplicity, just
the first occurrence (pre-surgery) of each medical score was considered in the
above mentioned dataset, and treated as a static feature.

2.1 Feature Selection
When using ML algorithms to model a problem, the size of the feature set

used and its content are crucial for both the performance of the classifier and for
the efficiency of the training and classification processes. Including irrelevant or
redundant features may degrade classifier performance. Moreover, the bigger the
feature set, the more computationally extensive the learning process will be, and
also the classification for new unseen data points. In addition, the use of fewer
features reduces the complexity of the model, and results in a simpler model, which
is also easier to understand and explain [24]. Therefore, it is essential to select the
subset of features which are the most relevant to the predictive modeling problem
at hand.

Feature selection techniques can be used to automatically select an optimal
subset of features for a specific problem and dataset. These techniques can be
divided to two main groups: Filter Methods provide a ranking over the features,
denoting the usefulness of each feature to the classification task. Based on this
ranking, the best N features can be chosen as the optimal subset; Wrapper Methods
subsequently choose different subsets of features, build a classifier based on each
subset and assess the classifiers’ performance. The latter approach is much more
time consuming and computationally extensive, as it needs to fully train models
for evaluating many different feature subsets.

In this thesis, we are dealing with two different classification problems, and
we aim to use several different ML algorithms. Therefore, we were searching for

9



CHAPTER 2. DATA PREPARATION

methods to help reduce the dimensionallity of the initial dataset, such that the
resulting data subset would remain optimal for the different modeling tasks at hand.
We, therefore, found it appropriate to use the Pearson’s correlation coefficient,
which is a filter method. In essence, the method applies a statistical test measuring
the correlation between two continuous feature variables. Features which are highly
correlated are more linearly dependent and, hence, have almost the same effect on
the dependent variable. Thus, when finding a correlated pair, one of the features
in the pair can be removed from the dataset.

Before applying this method, an important pre-processing stage has to take place
in order to cleanse the data. A common restriction of many ML models is that the
dataset has to be clear of null (missing) values, otherwise the modeling tools are
unable to compute the classifier. Therefore, any null value originally appearing in
the dataset, must be replaced by an actual value, or alternatively the whole data
example needs to be removed from the dataset.

Thus, a first step of preliminary analysis was performed, in which the number of
null values was counted for each of the features. Features with more than 3000 null
values (10% of the initial data size) were extracted for examination. For each of
these features, a solution for imputation (replacing the missing data with an actual
value) was considered. When no appropriate solution was found for a feature, this
feature was removed from the data set.

For example, some questions are dependent on one another, such that if a
patient answers No, the next question is not presented and, thus, ends up with a
null value in the database. For these kind of questions the imputation rule was
relatively easy and was computed based on the value given in the primary question.
On the other hand, some questionnaires were discovered to be introduced to the
application at a significantly later stage than others, causing a large number of
records to have missing values for the entire questionnaire. In these cases, we
decided not to impute the answers of an entire questionnaire, and simply omit these
questionnaires entirely from the research. This step resulted in a major reduction
of the dataset, excluding 210 features.

In order to eliminate redundant features from the reduced dataset, the above
mentioned Pearson correlation was used. The correlation of every two-features
pair was calculated, and all feature pairs having a correlation of above 85% (in
absolute value) were recognized. For each of these pairs, the most accurate or
meaningful feature was selected and the other removed. For example, number of
steps, calories burnt, and distance walked are very highly correlated. Looking into
these measurements we discovered that while number of steps was measured by the
wearable device, calories burnt, and distance walked were calculated measurements

10



CHAPTER 2. DATA PREPARATION

and are thus less accurate, so they were the ones to be removed.

It is clear that there exist features that might exhibit very high informativeness,
however, the information they provide is not useful (e.g. patient ID, patient email
address or reporting date). In practice, these features are very dangerous when
different ML algorithms are being used. For example, when a decision tree algorithm
is used (see Subsection 3.3), it might actually and falsely rank these features first.
Therefore, the third and final step of the data-preparation included going over the
remaining features and manually removing those that seemed irrelevant for the
prediction tasks. Overall, the feature selection resulted in removing 235 features in
total, resulting in a dimensionality of 105 features.

11



Chapter 3

Manual Intervention Prediction

The first research objective of this thesis is to build a classifier that will be able
to predict whether or not the patient will require manual intervention in the coming
day. This is actually a two-class classification problem, which aims at automatically
identifying those patients which require the PT’s attention, such that the medical
team can attend to them first.

For this task we evaluated and optimized two different types of models and
compared between their performances: Decision Trees (Subsection 3.3) and SVMs
(Subsection 3.4). Before discussing the models and results we next define the
Problem, the optimization variables and the metric which was used to evaluate
performance.

3.1 Problem Definition and New Features
First and foremost, the target binary feature of manual intervention needed to

be defined and computed, as there was no direct representation for this event in
the existing database. We defined this event as True when either the exercise
scheme was changed or a chat message was sent from the PT to the patient. This
feature was thus composed from data extracted from the historical log, documenting
changes made in the exercise scheme, as well as the chat history reporting. For
extracting this information, two binary [0, 1] features were defined per patient per
day: was a change reported in the patient’s exercise scheme; was a chat message
from the PT reported. Once the target feature was added to the training data, the
class labels’ distribution in the training data was calculated and we found that
manual intervention appears in 55% of the cases and does not appear in 45%, as
illustrated in Figure 3.1.

The correlations between each of the features and the target were calculated.
The results showed very low correlation (absolute) values, such that the most

12



CHAPTER 3. MANUAL INTERVENTION PREDICTION

Figure 3.1: Distribution of the target (manual intervention)

correlated feature was number of days after surgery, with a negative correlation
of -0.16, indicating that the farther a patient moves from the surgery on the time
axis, the less likely they are to experience a medical intervention. The second
most correlated features was the indication that a patient uses crutches, with a
correlation of 0.14.

Second, each of the data rows to be used as input to the model needs to represent
the sequential time series information in the data and somehow include the trend
of the past behaviour at each time step. To achieve this, new features were defined
based on the dynamic features reported on a daily basis. For each dynamic feature,
its last three days average, and both the difference and the ratio between the current
point and the last three day average were added to the data set. It should be
noted that the decision to base the historical trend on the last three days alone was
motivated by information obtained from the PTs, which took part in the process
of characterizing the medical data.

Finally, all rows including one or more null values, at any of the columns, were
removed in order to prepare the data for modeling, as discussed in Subsection 2.1.
The outcome of this step was that from a full dataset including 28,610 observations,
each consisting of 125 features, only 19,480 observations were left after the null
removal.

3.2 Performance Evaluation
Before evaluating the models, we briefly discuss the performance metric that we

use. As the classes in our problem are not perfectly balanced (as most real-life
problems), the performance measurement which was chosen to compare between
different model configurations and different models was the Balanced Accuracy
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CHAPTER 3. MANUAL INTERVENTION PREDICTION

(bACC) [25]. The commonly used accuracy metric does not perform well with
imbalanced data sets, as it tends to favour prediction for the majority class. bACC
overcomes this problem, by normalizing true positive (TP) and true negative (TN )
predictions by the number of positive and negative examples, respectively, and
dividing their sum into two, thus giving an equal importance to type 1 and type 2
classification errors. This is computed by the following formula (where FN stands
for false negative, and FP stands for false positive):

TP

2(TP + FN) + TN

2(TN + FP )

In order to avoid over-fitting, the data was initially shuffled and divided to 80%
training and 20% test. For tuning the meta-parameters of each of the models, a
10-fold cross validation (CV) protocol was used [26], such that the 80% training
data was divided to ten equally sized subsets, and in each of the CV folds, a
different set of nine-subsets was used for training and the remaining subset was
used for validation. The results and performance of each fold were calculated on its
validation set and saved, and finally the average performance of each configuration
over the 10-folds was calculated and stored. The meta-parameter values used in the
best performing configuration were chosen to be used in the final model, built on
the whole training set containing 80% of the original data. For comparing between
different final models, the performance of each model was computed on the 20%
test set.

3.3 Decision Trees
A decision tree [27] is a flowchart-like structure representing a decision procedure

for determining the class of a given instance. Each internal node of the tree specifies
a test on a specific attribute. Each such test partitions the data examples at the
node to branches, representing the possible outcomes of the test. Each leaf node
represents a class label. The paths from root to leaf represent classification rules.

The process of learning a decision tree from training data is a top-down process,
starting from the root of the tree and recursively splitting the tree nodes down to its
leafs. At each step, the algorithm greedily chooses the attribute which maximizes
the information gain, with respect to the classification problem, and assigns this
attribute with the current internal node. The information gain [28] is the expected
reduction in uncertainty, represented by entropy. The information gain of splitting
sub-tree with data sample D by attribute xi is defined by:
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Gain(D,Xi) = entropy(D)−
∑

v∈values(xi)

|Di
v|
|D|

entropy(Di
v)

where Di
v are the examples in sub-tree D holding value v for attribute xi.

There are several reasons for choosing a decision tree for our purpose:
• It is able to model a problem with both continuous and discrete features.

• It outputs a set of decision rules which are very easily understood and
interpreted by humans.

• It is robust to outliers in the data, as the decision at each leaf node is based
on the majority vote at that node. Assuming outliers are not numerous, they
will not affect the final outcome.

However, it should be noted that decision trees are in some cases unstable, such
that a small change in the training data can result in a completely different tree.
In addition, when the dataset includes categorical variables, each having a different
number of levels, the information gain metric favors those attributes consisting of
more levels, even when these are not the most relevant ones to the classification
task.

In order to avoid over-fitting when growing the tree, some meta-parameters
need to be trained in order to choose the degrees of both the pre-pruning and
post-pruning mechanisms. These mechanisms make sure that a node does not
branch when either the sample size left on that node is too small, or the branching
is not statistically significant enough.

3.3.1 Modeling and Results
The models were built using the rpart R library for implementing the Classifica-

tion and Regression Trees (CART) algorithm, which had been applied in numerous
applications in the medical domain. CART [29] builds a binary tree by recursively
splitting the data space into hyper-rectangles. At each step, the space is split to
two parts, based on the attribute that maximizes the drop of impurity. A node
is considered pure when all training examples assigned to it belong to the same
class. In the CART algorithm, the gini-impurity measure is used for calculating
the drop of impurity, similarly to how we have seen before the entropy is used in
information gain. The impurity drop of splitting sub-tree with data sample D by
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attribute xi is defined by:

Drop(D,Xi) = Gini(D)−
∑

v∈values(xi)

|Di
v|
|D|

Gini(Di
v)

where Di
v are the examples in sub-tree D holding value v for attribute xi.

The learning process of the trees included tuning the model meta-parameters
minsplit and cp, in charge of the pruning of the tree. Minsplit defines the minimal
number of training examples assigned to a node, allowing it to further be split.
The smaller the value for this parameter, the more the tree will fit to the training
data and the greater is the risk of over-fitting. Similarly, the cp parameter is used
to save computing time, by pruning off splits that are considered not worthwhile.
Namely, a split that does not decrease the overall lack of fit by a factor of cp is
pruned. During the meta-parameter tuning process, three values for minsplit and
four values for cp were examined.

The performance of the first classification tree built for predicting manual
intervention was quite poor (58% bACC on test). These results triggered a deeper
analysis into the target variable. In essence, it illustrates just another example
that model automation needs careful and insightful human control and explanatory
parameters. Figure 3.2 displays the distribution of the manual intervention scenarios.
The fact that 54% of the data accounts for chat messages seemed quite extensive
and required some extra analysis. After consolidation with the PTs, it was revealed
that they obviously have to answer any chat conversation initiated by the patient,
but the new information learnt is that when there was no communication with the
patient in the last three days, the PTs’ protocol requires them to send a message
to the patient. The implication of this is that in many cases, a manual intervention
in the form of a chat message is being reported, when actually there is no clinical

Figure 3.2: Distribution of manual intervention types
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indication for it. In order to remove this noise from the model, two additional
features were added: a binary indication to who initiated the chat conversation
(patient or PT) and a binary indicator for having no communication in the past
three days.

The correlations between the newly added features and the target were calcu-
lated, revealing that these two new features are now the most correlated features in
the dataset with the target, and with much larger correlation values. The indication
that the patient started a chat conversation had a 0.42 correlation with the target,
and the indication that there was no chat conversation with the patient during the
last three days had a 0.32 correlation with the target.

Figure 3.3 presents the final classification tree for predicting manual intervention
(with the meta-parmeters configuration of cp=0.002 and minsplit=15). Each
terminal node includes the following information about the data associated to it from
top to bottom: indication of the class predicted (0 representing no intervention and
1 representing an intervention); the proportion of cases out of the data associated
to this node, in which the labeled class was 1; the percentage of cases out of the
full dataset that are associated to this node (such that the sum of this value over
all terminal nodes is 100%). The second metric is very useful, as it can be treated
as the extent of certainty of the prediction at each node.

First we note that the tree obtained goes hand in hand with our preliminary
analysis results, as the first three features at the top of the tree are the ones found
to be the most correlated with the target. The tree shows that in 20% of the
cases, the patient initiates a chat conversation, for which the PT is obliged to

Figure 3.3: Classification tree for predicting manual intervention
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answer. Additional 10% of the cases reflect the situation in which there was no
communication with the patient in the last three days, which results in a chat
initiation by the PT. The classification task itself then addresses the remaining
70%, from which the more critical patients need to be identified. We see that the
most important feature chosen by this sub-tree is the number of days after surgery,
and the following features include the trend of reported pain level of the patient in
the operated joint during the day, the language spoken by the patient, the patient’s
length of stay in the hospital after surgery, the average number of steps taken in
the past three days, and the average level of warmth felt in the operated joint in
the past three days. The bACC achieved by this decision tree on the test set was
75%.

Data-Sensitive and Large classification Variance:
As the application is on-line, throughout the research we had new patients

joining the system on a daily basis, such that we observed a significant growth
in the data volumes over time. Therefore, trees based on different data volumes,
including slightly different feature sets were constructed throughout the modeling
period. It should be noted that these trees were quite different from one another,
demonstrating one of the biggest limitations of this model type, its high sensitivity
to the data, and the creation of classifiers with large variance.

Seeing the large percentage of data accounting for patients initiating a chat
conversation (20%), raised another interesting question: What triggers the patient
to do so? For answering this, an additional tree was built, as shown in Figure
3.4a, predicting whether or not a patient will initiate a chat conversation. We
can see that the crutches use is the most influential feature in this model. This
model, however, performed quite poorly, with only 56% of bACC. Reaching the
same performance, this tree can be simplified to the one shown in Figure 3.4b.

To conclude this subsection, we highlight that using decision trees we were able
to create comprehensive models, which are easily translated into a set of rules. A
nice advantage of this model is that it also provides the distribution of the data
between the leaf nodes, as well as the certainty level of the classification given at
each one. This allowed us to easily find erroneous data points or other faults in
the dataset construction, as well as to share the models with the PT team, and
receive their feedback at the different modeling stages. It is further important to
stress that it provides large intuition and baseline understanding of the data. As
such, it is recommended as an important sanity and pre-processing stage.
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(a) (b)

Figure 3.4: Classification trees for predicting chat initiation by patient. (a) Full
Tree (b) Pruned Tree

Even though the model at hand was able to generate a tree with sufficient bACC
for predicting manual intervention, this was not the case for understanding in
which circumstances the patient will initiate a chat conversation. Trying to further
improve the bACC obtained for the primary question, and allow for a comparison
between different models, we further tried to build a classifier using SVMs.

3.4 Support Vector Machines
The classification problem can be modeled in space, such that each data example

is a data point, whose coordinates are defined by its feature values, and its color
represents the class it belongs to. In this setting, we are searching for a hyper-plane
separating between the data points associated with the different classes. A SVM is
a discriminative classifier, formally defined by a hyper-plane separating between
the classes [16]. As there could exist infinite separating decision boundaries for
given data and classification task, the uniqueness of the SVM is providing the one
which ensures a maximal margin between the training patterns and the decision
boundary. See Figure 3.5 [30] for illustration.

The SVM linear discriminant g(x) is defined by a linear function of the training
examples matrix X (n examples X p features), as follows:
g(x) = wTX +w0, where vector w and constant w0 are the model parameters. The
geometrical margin is defined as 1

||W || , such that maximizing the margin is equivalent
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Figure 3.5: SVM illustration

to minimizing ||W ||, or equivalently minimizing 1
2 ||W ||

2, which is a mathematically
easier task, as it deals with a quadratic form in the positive quadrant [31].

The training examples are not always linearly separable in the input space, in
which case the decision boundary is non-linear. SVM can also be used for solving
these problems, by applying a projection of the input data to another, higher
dimensional space, referred to as the feature space. This technique is applicable
to different classification functions, including polynomials, Sigmoids, and Radial
Basis Functions.

The effective number of parameters is adjusted automatically by the model during
the learning process, to best generalize the problem. The separating hyper-plane
itself is expressed as a linear combination of the support vectors, which are the
subset of training examples lying closest to the decision boundary.

Outliers in the training sample may cause the classes to not be linearly separable
in the feature space. The distances of outliers, lying within the margin or on the
wrong side of the decision boundary, from the decision boundary itself, are measured
by slack variables. The optimization problem is then relaxed by increasing the
margin constraints and allowing for some slack, turning the "hard" margin into
a "soft" one. In order to balance between the two objectives: maximal margin
and good generalization, the optimization problem is regularized such that C, a
meta-parameter which stands for cost, is the regularization term. The optimization
problem then becomes:

minw,ξ
1
2 ||W ||

2 + C
n∑
i=1

ξi
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Where C is responsible for the size of the soft margin of the SVM and ξi represents
the slack of training example i. The smaller the value of C, the less the model
penalizes for slacks, and thus the greater the soft margin.

The most significant meta-parameter of this model is the kernel type, varying
between Linear, Polynomial, Radial basis and Sigmoid. Other meta-parameters
are specific to each kernel type and include the degree of the polynomial kernel,
and the γ parameter used in all kernels except for the linear one. This parameter
defines the linearity degree of the decision boundary. The smaller γ is, the more
influence training examples which are located far from the decision boundary have
on the final solution, and thus the closer the decision boundary will be to a straight
line. Conversely, as γ grows bigger, the more curvy the decision boundary gets, as
only the closest points to it are taken into account, and thus outliers have a great
influence on the final solution. Therefore, choosing a too large value for γ might
result in over-fitting.

One of the strengths of the linear kernel is that the parameters of the model,
represented by the coefficients of the hyper-plane, could be interpreted as the
importance of the features. Features which are identified by the SVM training
algorithm as insignificant are fitted with a coefficient value close or equal to zero,
whereas features which are identified as relevant for the classification task are fitted
with a relatively large coefficient (in absolute value). This attribute, however, is
not kept when fitting a non linear SVM. In that case the coefficients of the model
implicitly correspond to the higher dimensional space and are therefore not useful
in interpreting the model.

SVMs are among the most successful techniques for pattern classification due
to several advantages they hold. Firstly, as the optimization problem deals with
maximizing a quadratic form, the solution obtained is always the global optimum,
and is unique under some conditions on the training examples. Secondly, margin
maximization improves the classifier’s generalization, as it makes it insensitive to
small changes in the model parameters. Thirdly, using a non linear kernel, changes
the dimensionality of the problem from the original data dimension to the feature
space dimension, which is determined by the number of training examples. This
makes SVM very well fitted for classification problems in which there is a relatively
small number of data examples, and the data’s dimensionality is relatively high. For
these above mentioned reasons, and specifically given the size and dimensionality
of our dataset, it seemed fit to use the SVM as a competing model.
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3.4.1 Modeling and Results
The SVM model uses the representation of the data points in space. For this

reason, categorical features cannot be used as-is in the model. If a categorical
feature is ordinal, its values should be transformed into an ordinal numerical value.
Otherwise, the feature could be broken down to dummy variables. i.e. a feature
having N possible values, can be broken down to N mutually exclusive dummy
variables, such that each i dummy variable represents if feature value i was or was
not seen in each example.

In turn, the dataset which was used for modeling the decision trees was taken,
and all categorical features extracted for examination. Out of the the group of all
categorical features, only seven were not ordinal. From these, four were broken
down to dummy variables and three were removed.

The models were built using the e1071 R library [32], for training SVM models.
As the SVM optimization problem deals with minimizing the decision vector W ,
the optimal hyper-plane is influenced by the scale of the input data. It is therefore
considered good practice to standardize the data prior to training the SVM model
for obtaining better results. In the library used here, data columns are standardized
by default to zero mean and unit variance. The centered and scaled values are
stored internally and are the ones used both for training and for later predictions.

In this research we have trained four SVM models, one of each kernel type. In the
following we present the training process and results for each kernel type. During
the training process of all kernel types, three values of the meta-parameter C were
examined: starting from 1, representing the soft margin approach, allowing training
examples to lie within the margin or to lie on the wrong side of the separating
plane, and gradually elevating the value towards the hard margin approach.

During the training process of the linear kernel, the best performing model was
obtained for C value 1. Noteworthy that for very high values of C, the model could
not find the optimal solution. This implies that the training data is not linearly
separable.

Table 3.1 presents the coefficient values of the top ten rated features in the final
linear SVM built, based on the full training data. We note that the two most
dominant features of the linear SVM are consistent with the ones defined by the
decision tree and are the two chat indicators. We also note that their coefficients
are significantly larger than the ones obtained for the features that follow. On
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Feature Coefficient
patient_initiated_chat 1.220953
3_days_without_chat 0.9591257
day_after_surgery -0.1780687
crutches_use 0.1212989
oos_pain_sub_score 0.117831
last_3_days_avg_Dafalgan_Paracetamol 0.1135305
dutch 0.1070717
french -0.1026608
pain_walking_more_than_15_minutes 0.1015974
Dafalgan_Paracetamol 0.09732956

Table 3.1: Linear SVM top ten weighed features

the other hand, we see that the top ten rated features in this model include some
interesting features which were not used by the tree, such as medication intake and
pain levels.

The test performance of this model based on the bACC metric was 74%, similarly
to the corresponding tree model.

For the Polynomial kernel, the projection used is defined by: (γW TX)degree.
While tuning the degree meta-parameter, polynomial degrees of 2, 3 and 5 were
examined. The best performance achieved in the training process was achieved for
a C value of 1 and a degree of 2. The degree implies on the form of the projection
that allowed best separation between the classes, and the C value again implies
that the best separation was obtained with a soft margin rather than a hard one.
The test performance of this model based on the bACC metric was also 74%.

For the Radial basis function kernel, the projection used is defined by: e−γ|w−x|2 .
While tuning the γ meta-parameter, three values were tested: the default one
provided by the tool which is equal to 1

data dimension
= 0.008, one smaller and one

larger value. Analyzing the CV results, the performance was improved for lower
values of γ. Therefore, additional, smaller values were tested, and the final model
was built using a γ of 0.0033. Also here, the value of C = 1 was found to be best.
The bACC calculated on the test set for this model was 75.5%.

For the Sigmoid kernel, the projection used is defined by: tanh(γW TX). The γ
meta-parameter was tuned here in a similar way to the one described in the radial
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Model bACC
Decision Tree 75%
Linear SVM 74%
Polynomial SVM 74%
Radial Basis SVM 75.5%
Sigmoid SVM 74%

Table 3.2: Model performance comparison

basis function, with similar results. Thus, the final model here was also built with
C = 1 and γ=0.0033 and its bACC test performance was 74%.

3.5 Model Selection
Table 3.2 summarizes the test performances of the final models from each model

type. It is clear to see that there are no significant differences between these
performances, such that quantitatively speaking the models are equally efficient.

This triggered an analysis into the specific predictions of each of the 5 models, and
more specifically the differences in prediction between them. Using the predictions
made by each model on the test set, we first analyzed what we refer to as the
agreement distribution between the models. As displayed in Figure 3.6, in 75% of

Figure 3.6: Classifiers’ agreement distribution
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the cases there was a complete agreement between the five different classifiers, such
that all gave the exact same classification. In additional 5% of the cases, the four
SVM classifiers gave the same classification, in disagreement with the tree. In the
remaining 20% of the cases, there were disagreements between the different SVM
models, such that each time at least one was in agreement with the tree.

We then continued analyzing this data in order to understand the accuracy of
the prediction in each of the above cases. Results are described in Figure 3.7 and
show that out of the 75% of the test set, in which we witnessed full agreement
between the models, their classification was correct 80% of the time. Out of the
5% of the test set, in which we witnessed a full agreement only between the SVM
models, we see that the SVMs were slightly more accurate than the tree, with 55%
accuracy. In the 20% of the test set, in which we witnessed a mixed pattern of
agreements, the tree was able to classify correctly 52% of the time.

Given these results, we were wondering if an ensemble model, incorporating the
predictions of the five models into a single prediction based on the majority vote,
could enhance the models’ performance. Thus, an additional ensemble model was
built and tested. The bACC performance of this model on the test set was 75%,
such that it was not able to out-perform the two best models previously identified.

However, when one chooses a model to base a decision support system on, there
are additional considerations, other than the performance, to be taken into account.
First and foremost, the interpretability of the model. It is always nice to have a
model which can easily be understood. It helps gain the trust and cooperation of
the professionals using the model, it aids in finding bugs and inaccuracies when
they exist, and it sheds light and new intuition about the classification problem.
While in some fields this quality is just a "nice to have", in the medical domain this

Figure 3.7: Prediction accuracy distribution
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quality is often a must. Care takers will be reluctant in many cases to use a "black
box". They will want to make sure that the advice they are giving to patients is
based on true logic, and on things they understand and can explain. This is the
primary reason for which the decision tree is the preferred model among the five
examined.

Secondly, model complexity and computational intractability also play a role here.
Implementing the model into the application is not a static process. The model
chosen will be recomputed on a regular basis on growing amounts of data, and the
results will be compared to the existing model in order to make modifications and
improve model performance. Training an SVM is a much more computationally
extensive mission then training a decision tree. The number and relevant space
of meta-parameters to be tuned is much larger, the computation of the model
itself is much more complex and this results in much more time needed in order to
maintain and improve the SVM model in comparison to the decision tree.

Given these two qualitative reasons, along with the similar quantitative results
obtained, the decision tree was chosen to be the leading model, and is indeed being
incorporated into the moveUP application, for providing professional recommenda-
tions to the PT team.
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Pain Level Prediction

Our second research objective was to build a classifier that will be able to predict
whether the pain levels reported by the patient the next day will be substantial.

The pain reporting via the moveUP application is based on the Visual Analogue
Scale (VAS). VAS [33] is an instrument aimed at measuring an attitude that is
believed to range across a continuous range of values and cannot be easily and
directly measured. To this end, measuring pain perception by patients is vastly
done by using the VAS score. In effect, the VAS is usually represented by a 100
mm horizontal line, anchored by word descriptors at each end, on which the patient
marks the point best depicting their perception of their level of pain. The VAS
score is determined by the distance in mm between the left hand end of the line to
the point marked by the patient. The VAS used in the moveUP application for the
question which is being examined here is illustrated in Figure 4.1

Figure 4.1: Pain level Question from the moveUP application
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For defining the cutoff value to be used for calculating the target, substantial
pain, on our data, we used a pain model appropriate to be used in efficacy studies
in acute pain resulting from a major orthopedic surgery [34]. According to this
model, moderate to severe pain is defined as a VAS score greater or equal to 40.
Thus, this was chosen as the cutoff value for recognizing substantial pain in this
work.

For modeling the problem at hand, we decided to use a tree (Subsection 4.2) as
our baseline model, given its interpretability and given the results presented in the
previous chapter. As a second model we decided to use a state of the art solution
for sequence modeling, an artificial RNN (Subsection 4.3). We found RNNs to
be the best fit here, as our data is a sequential set per patient, representing their
clinical journey over time and RNNs are a family of neural networks specialized for
processing sequential data.

In this chapter we describe the data preparations made in order to model this
problem and the preliminary data analysis. We further describe the modeling pro-
cess using each of the above mentioned techniques, and finally make the comparison
between the results obtained for each model type.

4.1 Data Preparations
Before starting the modeling task we examined the structure of our existing data

set, as used for the previous research question, and decided to make some changes
and additions to best approach the modeling task at hand. These are detailed in
the following subsections.

4.1.1 Additional Features
First of all we decided that the exercise scheme data, holding information about

the exercises actually performed by the patient each day, is crucial and needs to
be added to our relational schema. This decision was motivated by the nature of
the current research question, dealing with perceived pain levels. We had a strong
feeling that the exercises performed by the patient have some impact on their pain
in subsequent days, and that specific exercises may trigger higher pain levels.

Adding this data to the relational schema required a first step of learning and
understanding the content and structure of this data in the original MongoDB
database. We learned that the data available for each patient for each day includes
the list of exercises they performed, specifying their frequency (how many sets
of a given exercise were performed per day) as well as their intensity (how many
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Patient ID DATE
(Y-M-D) Exercise 1 Exercise 2 ... Exercise 54

Freq. Intn. Freq. Intn. ... Freq. Intn.
0 2017-01-01 3 2 0 0 0 0
0 2017-01-02 3 2 1 1 0 0
1 2017-03-01 0 0 0 0 2 2

Table 4.1: Exercises data structure

times each exercise was performed in a single set). The full list of existing exercises
consists of 54 different possible exercises. In order to be able to conveniently feed
this data to the modeling environments, the set of features per patient has to be
identical, and thus cannot include for each patient only those exercises that they
performed. Ergo, the data per patient per day was pulled out from the MongoDB
and reconstructed in the relational schema such that for each patient for each day
we have the full array of exercises, and their performance frequency and intensity,
as presented in Table 4.1 (Intensity is denoted by Intn.). For each exercise that was
not performed by a specific patient in a specific day, the value of zero was reported
in the corresponding cell.

Second, we decided to add additional static features that we believed might also
be influential for the current problem. We further detail these features and the way
they were constructed in the following paragraphs.

One of the medical scores used in the system is the modified STarT Back
Screening Tool (mSBT) [35]. This tool is composed of nine questions, used to
divide patients with low back, neck, shoulder or knee pain to risk-subgroups, based
on their physical and psycho-social factors taken pre-surgery. These subgroups
represent the risk of persistent disability and/or elevated pain intensity, and are
defined by low, medium and high risk. The mSBT has been proven to demonstrate
predictive validity for long-term disability and pain outcomes [36], and thus we
found it important to be included in this model.

While available, this data was excluded from the previous research question as
it was missing for many of the patients and thus resulted in many null values. To
overcome this obstacle we created three new binary, mutually-exclusive, calculated
features, using the data obtained from the mSBT. The features are defined as
is_low_risk, is_medium_risk and is_high_risk. Patients with missing data for
this medical score are simply defined by a (0,0,0) feature vector, representing
unknown_risk.
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Additional static features include a set of 14 binary features, each representing a
different sport activity (such as running, swimming, dancing etc.) and indicating
whether or not the patient participated in each activity pre-surgery. In the same
manner, an additional set of 14 binary features was added, for indicating whether or
not the patient plans to engage in each of these sport activities after their recovery.

Besides the addition of new features to the dataset and in order to be able to use
more of our available data, we decided to impute null values in the steps column.
This was done by a linear interpolation, such that for each patient the interpolation
for each null point (day with no reported steps) was done by the linear line passing
between its two immediate neighbors (days with reported steps for that patient),
one from each direction.

Finalizing this stage, our new dataset consisted of all previously used features
(125) and additional 139 features. We next present the analysis that had been done
on this dataset, in order to clean it, remove redundant features and fully prepare it
for the modeling task.

4.1.2 Preliminary Analysis
We first separately analyzed the biggest group of new features consisting of

108 features indicating the intensity and frequency of each exercise performed by
the patient each day. As this group includes many features and as we knew that
each patient only performs two to three exercises per day, we were interested in
understanding the frequency of occurrences of each of the exercises in the full
dataset. This was computed, for each exercise, as:

# of rows in which the exercise′s frequency > 0
Total # of rows in the dataset

The exercise occurrence frequency in the dataset versus the exercise index is
shown in Figure 4.2. We found that ten of the defined exercises had never been done
by any patient and thus can be omitted from the dataset. We further discovered
that there is a small number of exercises which have been performed in 40% of the
cases, while about half of the exercises have been performed in less then 5% of the
cases. This analysis revealed the sparsity of the sub-matrix containing the exercise
data (illustrated in Table 4.1), with a majority of elements at zero.

Checking correlations between all the exercise-related features, we found that
for most of the exercises (65%) there is a correlation of 85% or above between the
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Figure 4.2: Exercises occurrence frequency in the dataset

frequency and intensity of the exercise, meaning that a change in frequency and in
intensity for most of the exercises are usually performed together. As we prefer
to keep the dimensionality of the problem as low as possible, we thus decided to
only use the features describing the frequency of the exercises and leave out the
intensity ones. At this point we remained with 44 exercise-related features out of
the original 108.

In order to deal with the sparsity of this data, we decided to divide these 44
features into three groups, representing the level of the exercise (easy, medium,
hard) and to additional four groups representing the type of exercise (basic strength,
functional strength, mobility, reduction of symptoms). This way we are introducing
only seven new features to the model instead of 44. These features are all binary,
indicating for each patient for each day whether they performed an exercise from
each of these groups. Noteworthy, these seven features are not mutually exclusive,
as a patient can perform different exercises, belonging to different groups at a given
day.

In the same way, we grouped the five medication features, reporting the daily
dosage taken of five different medications, to three binary medication groups, based
on their strength and purpose. In addition, the 13 daily activity features (e.g.
driving a car, walking, going to work etc.) were grouped to three groups, based on
their activity level (easy, medium, tough).

We then examined the correlations in the resulting dataset. All feature pairs
demonstrated a correlation of below 85%, such that no feature was removed.
Regarding the correlations between each of the features and the target, the most
correlated features (with a correlation of only 50%) were: pain during day, pain
during night, last three days average of pain during day, last three days average of
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Figure 4.3: Distribution of reported pain levels

pain during night, pain during exercises, and general feeling. This result is quite
logical, indicating that the pain level reported each day is correlated with the level
of pain reported in the preceding days.

Lastly, the distribution of the target variable was computed, revealing a very
unbalanced problem, as presented in Figure 4.3. As this is the case, we keep using
the performance measure of bACC for comparing between different models and
between different model configurations.

To sum, after the described data preparations and after null removal, we were left
with a dataset including the data of 1000 patients, consisting of 30,500 observations
of 179 features, to be used as the basis for the modeling task.

4.2 Decision Trees
In general, and specifically for the discussed research question, our goal is to

find the key features which will maximize the efficiency of mechanisms to prevent
patients deterioration. In this subsection, we discuss exactly the methodology to
approach this point efficiently and to demonstrate a methodology using a decision
tree. Namely, we show how to perform an analysis to reduce overclouding and
noise in the data and to deduce the key features which can be reacted upon to
change the trajectory of patient deterioration by treatment.

The approach taken for building the dataset for the decision trees was similar to
prior sections, in order to allow the sequential information to be incorporated into
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Figure 4.4: Classification tree for predicting next day substantial pain

the model. Namely, for each of the sequential features, its last three days average,
and both the difference and the ratio between the current point and the last three
days average were included.

For tuning meta-parameters, we applied the same protocol of 10-fold CV as
elaborated in Subsection 3.2, on a training set consisting of 80% of the current
data set.

The final tree was built using a minsplit value of 15 and a CP value of 0.03, and
is presented in Figure 4.4. We can see that the tree uses only three unique features:
pain during current day, last three days average pain during the day and pain
during exercises in current day. These features chosen by the tree are completely
aligned with our preliminary analysis, in which we reported these three features
among the short list of features most correlated with the target. The bACC of this
tree on the test-set was 86%.

Despite the relatively high bACC value obtained, we found this model to be quite
disappointing, as it is only using past pain to predict future pain, thus not giving
much insight to the care takers. That is, it is logical that high pain levels in the
present are followed by high pain levels in the near future, and we were searching
for the underlying causes for the pain. Furthermore, the motivation for trying to
predict pain levels in the first place was to be able to control the pain and avoid its
elevation, by making changes to the treatment protocol. These include changes in
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Figure 4.5: Classification tree for predicting next day substantial pain without
using pain features

medication dosages, daily activity of the patient and daily exercise plan. For this
reason, we were hoping to get some insight from the tree regarding factors (other
than pain) which influence pain levels and which can be controlled and reacted
upon.

To try and further achieve our goal, we then eliminated all pain-related features
from the dataset and rebuilt a tree to predict next day substantial pain with all
the remaining features. The resulting tree was built with the same values for the
minsplit and CP meta-parameters, and is presented in Figure 4.5.

This tree is indeed much more insightful, and teaches us that pain levels are
highly affected by the morning stiffness experienced in the index joint, by the
intake of Dafalgan/ Paracetamol and by the daily activity performed by the patient.
Another interesting insight is that some static features of the patient (e.g. age and
PROM scores taken pre-surgery) also have an effect on the reported pain levels, as
presented further down in the tree. This is especially interesting as in the current
PT protocol, most of the features appearing in this tree are usually not examined,
such that this tree indeed provided added value as to defining which features should
be looked into when trying to control pain levels.

In addition, The bACC of this tree on the test set was 80%. This means that
by excluding the pain features from the model, we are gaining additional insight,
while only losing about 6% of explanatory power.

Trying to further improve the obtained results, we next describe the steps taken
in order to build a classifier using a recurrent neural network.
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4.3 Recurrent neural networks (RNNs)
In this subsection we first layout the basic notions which relate to modeling using

neural networks and the vocabulary used in the rest of the subsection. We follow
by elaborating on our model and on specific design selections and characteristics
which relate to our prediction problem (Subsection 4.3.1), and finally we discuss
our results in Subsection 4.3.2.

ANNs [37] are automatic data processing systems vaguely inspired by the bio-
logical neural networks that constitute the human brain. Such systems learn from
examples without being implicitly programmed with any task-specific rules. An
ANN is based on a collection of connected units called artificial neurons. Each
connection, like the synapses in a human brain, can transmit a signal from one
artificial neuron to another. Once such a signal arrives to the neuron, the neuron
can process it and then signal additional artificial neurons connected to it.

In common ANN implementations, the output of each artificial neuron is com-
puted by some differentiable non-linear activation function (typically the sigmoid,
rectified linear or hyperbolic tangent) of the weighed sum of its inputs. Each con-
nection between two units has a weight that adjusts as learning proceeds. Initially,
the weight values are set randomly and the network processes data examples to
provide its prediction and update the value of the loss function. The Loss function
is used for measuring the inconsistency between the predicted value Ŷ and the
actual label Y . The weights change according to the desired strength of the signal
at a connection and in order to minimise the total value of the loss function.

Typically, artificial neurons are aggregated into layers. Different layers may
perform different kinds of transformations on their inputs. Signals travel from

Figure 4.6: Artificial Neural Network illustration
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the first layer (the input layer), to the last layer (the output layer), possibly after
traversing the layers multiple times.

Modern deep learning tools and environments provide a very powerful framework
for supervised learning. Deep Neural networks [38] are networks built from numerous
inter connected neurons, placed in numerous layers, such that they are able to
represent very complex functions. Figure 4.6 [39] illustrates such an ANN, getting
as input three features which are subsequently being processed by two hidden
layers (with four units each), and finally outputting one value. The inner layers are
referred to as hidden layers as the training data does not show the desired output
for each of them. There exist different types of ANNs, each optimized for different
types of tasks and input data.

RNNs are a specific family of neural networks designed for processing sequential
data. The main characteristic of RNNs is the fact that some of their neural units
have a loop connection, such that at each time step, the neuron’s input is the
output of that same neuron in the preceding time step along with the current input,
as illustrated in Figure 4.7 taken from [40]. This allows information to persist, such
that past data as well as current data are taken into account in the prediction task.

One implementation of an RNN uses Long short-term memory (LSTM) units. A
common LSTM unit is composed of a cell, an input gate, an output gate and a
forget gate. The cell remembers values over arbitrary time intervals and the three
gates regulate the flow of information into and out of the cell. This makes LSTM
networks well-suited for classification, processing and prediction based on time
series data, since there can be lags of unknown duration between important events
in a time series.

RNNs had already proven to be very successful in predicting patient clinical
events based on the patient’s sequential clinical history [1, 19, 20]. Inspired by
these researches, we decided to use an LSTM RNN in order to predict for each
patient whether their next day pain level will be substantial, given their historical
sequence. In the following we will detail our implementation as well as our design
choices, and report our final results.

4.3.1 Modeling
As the RNN inherently takes into account the sequential nature of the data, we

first removed from our current dataset the entire set of calculated fields reporting
last three day average and distance from average of all the daily reported features.
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Figure 4.7: Recurrent Neural Network illustration

The LSTM RNN implementation was done in Python, using the Keras environ-
ment [41]. This modeling environment offers many different configurations, such
that there are many design choices to be made. As the configuration space size is
too large to explore (e.g. the number of hidden layers, the number of units in each
layer, the activation function used by the units, the loss function to be minimized
etc.), we decided to fix some of the meta-parameter values to commonly used and
recommended values, and explore a grid of values for the others.

The first challenge we were faced with is deciding what would be the depth
of our network, i.e. how many layers it should include. While being an active
issue in the research community, there are no definite guidelines as to how this
should be decided, such that usually a trial and error approach is the best approach.
Generally, two layers have shown to be sufficient to detect more complex features.
The addition of layers beyond two, has shown to improve the results for complex
functions, but comes on the expense of computational complexity and a much
longer training duration.

As a result, we decided to begin with comparing between a RNN structure of
two and three hidden LSTM layers and asses performance. As the deeper network
did not show better results, we finally decided to use a RNN with two hidden layers
of LSTM units followed by a single Dense hidden layer (regular fully-connected NN
layer) and finally a single unit output layer. The output of the network is a single
value between zero and one, representing the probability that the target value of a
given input vector belongs to the positive class. See Figure 4.8 for an illustration
of the RNN structure.

For implementing this model, it is first required to pre-process the data in order
to create sequences of the desired length per patient. As we have no prior knowledge
regarding how many days of data should be taken into account in the prediction, we
treated the size of the sequence as a meta-parameter to be trained. After consulting
with the PTs, we chose to examine sequence sizes of 3, 5, 7 and 10 days.
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Figure 4.8: RNN Structure

In addition and before building the sequences, it is necessary to scale each of the
columns in the dataset. As each group of features comes from a different numerical
range and scale, scaling is important in order to prevent relatively large input
values from slowing down the learning process and convergence of the network. In
some cases, unscaled data can even prevent the network from effectively learning
the problem altogether.

Regarding the scaling method to be used, we examined both common options:
standardization and normalization. Standardizing a dataset involves rescaling the
distribution of values so that the mean of observed values is zero and the standard
deviation is one. This is done by subtracting from each item the column’s mean
and dividing the outcome by the column’s standard deviation, (X − µX)/σX .

On the other hand, normalization is a rescaling of the data from the original
range so that all values are within the range of zero and one. This is done by
subtracting from each item the column’s minimal value and dividing the outcome
by the difference between the column’s maximal and minimal values,
(X −Xmin)/(Xmax −Xmin).

Standardization assumes that the observations fit a Gaussian distribution with a
well behaved mean and standard deviation. For this reason, it is not always the best
scaling decision. However, standardization sometimes behaves well enough even if
this assumption is not met, and might even over perform normalized data. For this
reason we decided to check both scaling approaches as a second meta-parameter.

The third and final meta-parameter to be tuned is the number of units in the
hidden layers. The options here are endless and there are no specific guidelines as
to what should be done. The most common rule-of-thumb on this topic suggests
that the optimal size of the hidden layer is usually between the size of the input and
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Figure 4.9: Rectified Linear Function
.

the size of the output layers. In our setting, the input consists of 123 features and
the output size is one. Given this rule of thumb and common RNN configurations,
values of 32, 64, and 128 units were examined. Note that the number of units
affects the training duration, such that the more units in the network, the more
connections and connection weights that need to be optimized, and thus the longer
the training process.

The activation function chosen for the units in the hidden layers was the rectified
linear function. This piecewise linear function is defined by f(x) = max{0, x}, such
that it outputs the input directly if it is positive, otherwise, it outputs zero (see
Figure 4.9 [42]). This activation function is a very common choice for the hidden
layers in many types of neural networks because it is less computationally expensive
than other well-known activation functions (e.g. tanh and sigmoid), such that it
simplifies the training process, as well as often achieving better performance.

For the output layer, a softmax activation function was chosen. The softmax is
often used as an activation function in the final layer of a classification model as it
normalizes the outputs for each class between zero and one, and divides by their
sum, thus giving the probability of the input value belonging to a certain class.

The loss function was chosen to be cross-entropy. This function is very widely
used for measuring the performance of a classification model whose output is a
probability value between zero and one. The cross-entropy is calculated by:

CE = −y · log(p)− (1− y) · log(1− p)

Where y is the actual label of the observation and p is its predicted probability.
Cross-entropy loss increases as the predicted probability diverges from the actual
label. It penalizes both types of mis-classification errors, where the penalty increases
drastically as the wrong predictions become more confident. This is illustrated
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Figure 4.10: Cross-entropy per predicted probability when true label is 1
.

in Figure 4.10 taken from [43], which presents the decrease in the cross-entropy’s
value as the predicted probability approaches the true label of the observation
(which is labeled as 1).

The technical meta-parameters for the training process were kept fixed, such
that the number of iterations of going over the data (epochs) was set to 10, and the
batch size was set to 64. In order to deal with the great class imbalance reported
previously (see Figure 4.3), class_weight of 1:5.75 were defined for balancing
the proportion between the negative and positive classes in the training process.
Using this parameter, the loss function becomes a weighed average, such that the
additional loss value of each sample is multiplied by the weight of its true class
label. In our case, the negative class is present ∼5.75 times more than the positive
one, hence the weights. By utilizing this parameter in the training process, the
model treats both types of mis-classification errors as equally important, and avoids
predicting for the majority class.

For the meta-parameter tuning, a 1-fold CV protocol was chosen. The dataset
was primarily divided into a 90% training set and a 10% test set. Within the
training set, we split the data to 80% training and 20% validation. For each
combination of meta-parameter values, the model was trained once on the training
data (holding 80% of the full training set) and the bACC, calculated on the
validation set, was saved aside for later analysis. The meta-parameter values used
in the RNN configuration with the highest validation performance were then chosen
for the construction of the final model.
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Noteworthy that the CV protocol used here has two differences from the one
used so far. Firstly, the fact that we use 90% of the data for training and not 80%
as done previously. This was done as deep learning networks are known to achieve
good results when there is a substantial amount of data to be trained on. As this
is not our case, we wanted to use as much data as possible in the training process,
while still leaving some data for testing. Secondly, the decision to apply a CV
protocol that only uses 1 fold. The reason for this is that the training process of a
RNN is very time consuming. While training a RNN, the dataset is being ran-over
multiple times (epochs) for minimizing the loss function. Hence, the difference in
time between applying a 1-fold CV and a 10-fold CV is immense.

We realize that the implications of this approach, however, is that we expose
our model to the danger of over-fitting to the training set. In order to try and
avoid that, every LSTM layer was followed by a Dropout layer. This layer helps to
prevent over-fitting by ignoring randomly selected neurons during training, and
hence reduces the sensitivity to the specific weights of individual neurons. The
proportion of random neurons to be ignored was set to 20%, as it represents a good
compromise between model accuracy achieved and the prevention of over-fitting.

In addition, we monitored the bACC values obtained during the meta parameter
tuning process. We compared the bACCs obtained for training, validation and
test (when computed) and noticed that they were all very similar (per model
configuration), implying that there was no significant over-fitting.

4.3.2 Results
In all the different models trained, the ones using a standardized scaling of the

data always performed better (on validation) in comparison to the parallel ones
based on the normalized data. In addition, the meta-parameter tuning process
yielded that the best performing configuration is achieved with a sequence of length
five with 64 units in each of the hidden LSTM layers and 16 units in the hidden
dense layer. The validation bACC of this model was 83%. This configuration was
used in order to train an RNN on the whole training set (including 90% of the full
dataset). The bACC of the final model on the test set was 84.88%.

Trying to further improve the results of the RNN, we examined closely our data
and searched for a change that would enhance the model’s performance. Although
RNN is specialized for processing sequential data, we found evidence suggesting
that static features may not always be processed by it in the best way. Furthermore,
these evidence suggest that the static features should be processed separately, e.g.
by a feed-forward NN. The outputs of the latter together with the RNN output
(processing only the dynamic information) should then be combined in order to
obtain best results [20].
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Model bACC
Decision Tree - full data 86%
Decision Tree - w/o pain features 80%
RNN - full data 85%
RNN - w/o static features 86%

Table 4.2: Model performance comparison

We leave as an interesting open-challenge to implement this full solution, however,
suspecting that the static features might be hurting the model’s performance, we
decided to remove all static features from the dataset and rerun the meta-parameter
tuning process again on the new dataset. This time the tuning process resulted in
a best performing configuration achieved with a sequence of length seven with 128
units in each of the hidden LSTM layers and 32 units in the hidden dense layer.
The validation bACC observed was 85%. It should be noted that in general, the
bACC values seen in the meta-parameter tuning process of the dataset without
any static features, were slightly higher then the ones observed on the initial full
dataset. Once again, this configuration was used in order to train an RNN on
the whole updated training set. The bACC of the final model on the test set was
86.18%.

We were expecting the RNNs to achieve significantly better results than the ones
obtained using the trees, what was evidently not the case. In the following we
compare between the different models, analyze the results and try to understand
what led to the perceived behaviour.

4.4 Model Selection
Table 4.2 summarizes the test performance of the 4 models described in this

chapter. The two RNN models had a very similar final performance, which was
also similar to the performance achieved by the best tree. As was the case in the
previous chapter, the quantitative performance of the models does not allow for a
clear choice between them, such that other criteria need to be taken into account.

First of all we examine the interpretability of all models. The trees constitute a
very straight forward model, that can be easily implemented and understood. It
is very clear which features were chosen as most significant by the tree, and this
allowed us to further experiment and analyze the behaviour of the tree without
certain features. This model can be easily analyzed by clinicians, which can provide
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clinical evidence as to why the features chosen are indeed significant in treatment
and recovery.

The RNNs on the other hand, supply a model which is a complete “black box”.
The weights obtained for each of the connections can be easily extracted from the
model, but this information is practically useless in a model including as many
features as we have. i.e. it is extremely difficult to analyze over 30,000 weight values,
in order to extract from this information the significance of each of the original
features given as input. For a given neural network, the best way to understand
if a feature is indeed significant is to remove it from the data and observe how it
affects the model’s performance. This method was indeed used here for examining
the static features’ importance, and the results obtained show that they have no
significant value in the model, as removing them results in similar bACC.

As we were disappointed from the relatively poor results obtained by the RNN
models, we were aspiring to understand the cause for this. One strong assumption
we had, is that neural networks are very sensitive to the size of the training data
provided to them, in the sense that they are able to achieve very impressive results
when the data is big enough.

In order to test this hypothesis, we decided to re-build one tree and one RNN
design, with growing amounts of data, and analyze their change in performance on
a separate fixed test set, as the number of training data rows becomes larger. For
the tree, we chose the configuration of the best performing tree out of the two, and
for the RNN we chose the configuration without the static features, as it showed
slightly better results throughout the whole modeling process.

Figure 4.11: Test bACC per training data volume on a tree Vs. RNN
.
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Figure 4.11 presents the results of this experiment. Each point on the graph
represents the test bACC obtained for a model trained with the number of rows
indicated in the x axis. The dashed lines represent the linear trend of each of the
models examined. We can clearly see that while the bACC convergence in the
tree’s case happens quite early on (around 7000 rows), such a convergence is not
clearly viewed for the RNN. Moreover, we see that the linear trend in the tree’s
case is much smaller than the RNN’s, again indicating that the bACC of the RNN
had not yet converged, and that having yet more data to train on, is likely to result
in better performance.

To conclude this chapter, we were able to answer positively the research question,
i.e. we were able to predict next day pain levels while utilizing both tools. The tree
classifier allowed for a deeper analysis and understanding of the results and the key
features. On the other hand, the RNN provided comparable results, however, its
test bACC as a function of training data size seems to converge slower than that of
a tree, leaving room for increased performance on larger data scales. Nevertheless,
with very limited interpretability.
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Conclusion

The contribution of this thesis is in making the first steps in a wide research
activity, which utilizes AI and ML techniques for predicting patient outcomes and
using this information for adjusting the treatment protocol. Essentially, the goal is
to increase both the efficiency of the clinical team and the patients’ satisfaction.

Specifically, in this research we aimed to build efficient predictors for manual
intervention occurrences and for pain levels, in patients recovering from an or-
thopaedic surgery. We explored the efficiency, accuracy and interpretability of
different ML models, applied to a set of collected patient data.

Broadly, the three main challenges that we faced were: (1) how to handle patient
data, which is irregularly structured, contains many missing entries, is very noisy
and holds many different data types, (2) how to build new features from existing
ones, in order to reduce the noise in the data while also lowering the problem’s
dimensionality, and (3) how to correctly make use of different ML techniques, such
that we can validate, interpret and understand the outcome/model.

Starting from the necessary step of data extraction, we built our flat dataset,
holding daily reportings consisting of over 400 different features from several
different sensors (wearable device, daily questionnaires, periodical medical scores,
exercise scheme and chat messages). Then, after studying, understanding and
cleaning the data, different statistical techniques were used in order to both build
new features from existing ones and to select the most relevant features for each
of our prediction tasks. Data cleansing and analysis methods, including but not
limited to, feature distribution plots, Pearson correlation, data scaling and data
imputation were used in order to create the narrowest, fullest and most appropriate
dataset for each prediction task and ML model.
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The core of the research dealt with how to (correctly) apply and train decision
trees, SVMs and RNNs for obtaining high performing classifiers. The models
built were carefully analyzed and tuned in order to extract maximum information
about the most significant features and to be able to translate the results into
recommendations for the clinical team.

The main outcomes of this research indicate that for predicting manual interven-
tion, both decision trees and SVMs achieve the same level of prediction balanced
accuracy, which did not improve even when using an ensemble model. We found
that for the most part, the models were in agreement regarding the most significant
features and regarding the classification itself. Similarly, when predicting substan-
tial pain levels, we discovered that both decision trees and RNNs achieve the same
level of bACC, however, with some dependence on the dataset size. The analysis
indicated that the RNN’s bACC is probable to keep rising with the growth in data
volumes.

In both cases, we observed that decision trees provide a model which is much
more interpretable. This is useful both during the modeling process, for verifying
the model’s logic and discovering errors, and later, for building the understanding
of the clinical team and gaining their trust.

In the following, we list several important challenges and interesting future work
for our research:

The current research for predicting pain levels leaves room for additional work,
for improving the RNN performance in different aspects. First, as was mentioned in
the RNN results (Subsection 4.3.2), future work could include the implementation
of an ANN, processing the static and the dynamic features separately and then
combining them for producing the output, and comparing the results to the ones
obtained in the current work. Second, as was discussed in the subsection presenting
the model selection for pain level prediction (Subsection 4.4), the performance of
the RNN is likely to increase with a significant increase in data volumes. With
the current data growth rate we are expecting the data to double its size within
eight to ten months. It will be, then, very interesting to re-run the current RNN
models, analyze their results, and asses whether their performance keeps increasing
as expected.

Moreover, the time and efforts spent for constructing the full dataset and for
building an automatic process, allowing for new data to be added as it arrives,
resulted in a robust infrastructure that could be exploited in the future for many
different research questions and prediction tasks, saving substantial setup time. In
particular, we believe that an interesting and relevant research could focus on the
prediction of milestones for a patient. i.e. predicting when a patient would be able
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to perform certain tasks, stop taking medications etc. This would be very beneficial
for the patient, allowing to reduce the uncertainty surrounding such a surgery,
as well as setting realistic expectations for the patient, and increasing patient
satisfaction. In addition, we would encourage future research aiming at building a
personalized treatment plan per patient. This plan would automatically change
over time, according to patient specific parameters observed. This challenging
task includes first identifying those feature which are critical for the personalized
treatment and using them in order to model the connection between their patterns
and the required treatment changes.

It is extremely important to note, that the research conducted and models built
as part of the overarching activity, focus on helping, recommending, and making
the PT team’s work more efficient, and the patient rehabilitation process smoother
and quicker. They, however, by no means aim at replacing the clinical team. Thus,
when incorporating these insights into the application, a great emphasis should
be put on separating between the actual evidence collected from the patient, and
the recommendations coming from the ML models. Namely, the prediction models
should not trigger an automatic change in the treatment protocol of the patient,
but should rather produce an alert for the PT, indicating that something should
be changed or requires special attention.

To conclude, we strongly believe in applying AI and ML techniques in the medical
domain, for making the clinicians’ work more efficient and for improving patient
outcomes. It is evident that the research community is increasingly dealing with
these kinds of problems, focusing on building robust and high performing models,
which are also able to provide fair interpretability. These challenges are of utmost
importance, and we trust that medical applications will increasingly incorporate
such models and techniques in the foreseeable future.
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