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Abstract 

Context. In machine learning, ensemble methods continue to receive increased attention. 
Since machine learning approaches that generate a single classifier or predictor have shown 
limited capabilities in some contexts, ensemble methods are used to yield better predictive 
performance. One of the most interesting and effective ensemble algorithms that have been 
introduced in recent years is Random Forests. A common approach to ensure that Random 
Forests can achieve a high predictive accuracy is to use a large number of trees. If the predictive 
accuracy is to be increased with a higher number of trees, this will result in a more complex 
model, which may be more difficult to interpret or analyse. In addition, the generation of an 
increased number of trees results in higher computational power and memory requirements. 

Objectives. This thesis explores automatic simplification of Random Forest models via 
post-pruning as a means to reduce the size of the model and increase interpretability while 
retaining or increasing predictive accuracy. The aim of the thesis is twofold. First, it compares 
and empirically evaluates a set of state-of-the-art post-pruning techniques on the simplification 
task. Second, it investigates the trade-off between predictive accuracy and model interpretability.  

Methods. The primary research method used to conduct this study and to address the 
research questions is experimentation. All post-pruning techniques are implemented in Python. 
The Random Forest models are trained, evaluated, and validated on five selected datasets with 
varying characteristics.  

Results. There is no significant difference in predictive performance between the 
compared techniques and none of the studied post-pruning techniques outperforms the other on 
all included datasets. The experimental results also show that model interpretability is 
proportional to model accuracy, at least for the studied settings. That is, a positive change in 
model interpretability is accompanied by a negative change in model accuracy.  

Conclusions. It is possible to reduce the size of a complex Random Forest model while 
retaining or improving the predictive accuracy. Moreover, the suitability of a particular post-
pruning technique depends on the application area and the amount of training data available. 
Significantly simplified models may be less accurate than the original model but tend to be 
perceived as more comprehensible.   
 
Keywords: Random Forests, pruning, interpretability, accuracy. 
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Sammanfattning 

Kontext. Ensemble metoder fortsätter att få mer uppmärksamhet inom maskininlärning.  
Då maskininlärningstekniker som genererar en enskild klassificerare eller prediktor har visat 
tecken på begränsad kapacitet i vissa sammanhang, har ensemble metoder vuxit fram som 
alternativa metoder för att åstadkomma bättre prediktiva prestanda. En av de mest intressanta 
och effektiva ensemble algoritmerna som har introducerats under de senaste åren är Random 
Forests. För att säkerställa att Random Forests uppnår en hög prediktiv noggrannhet behöver 
oftast ett stort antal träd användas. Resultatet av att använda ett större antal träd för att öka den 
prediktiva noggrannheten är en komplex modell som kan vara svår att tolka eller analysera. 
Problemet med det stora antalet träd ställer dessutom högre krav på såväl lagringsutrymmet som 
datorkraften. 

Syfte. Denna uppsats utforskar möjligheten att automatiskt förenkla modeller som är 
genererade av Random Forests i syfte att reducera storleken på modellen, öka dess 
tolkningsbarhet, samt bevara eller förbättra den prediktiva noggrannheten. Syftet med denna 
uppsats är tvåfaldigt. Vi kommer först att jämföra och empiriskt utvärdera olika 
beskärningstekniker. Den andra delen av uppsatsen undersöker sambandet mellan den prediktiva 
noggrannheten och modellens tolkningsbarhet.  

Metod. Den primära forskningsmetoden som har använts för att genomföra den studien 
är experiment. Alla beskärningstekniker är implementerade i Python. För att träna, utvärdera, 
samt validera de olika modellerna, har fem olika datamängder använts.  

Resultat. Det finns inte någon signifikant skillnad i det prediktiva prestanda mellan de 
jämförda teknikerna och ingen av de undersökta beskärningsteknikerna är överlägsen på alla 
plan. Resultat från experimenten har också visat att sambandet mellan tolkningsbarhet och 
noggrannhet är proportionellt, i alla fall för de studerade konfigurationerna. Det vill säga, en 
positiv förändring i modellens tolkningsbarhet åtföljs av en negativ förändring i modellens 
noggrannhet. 

Slutsats. Det är möjligt att reducera storleken på en komplex Random Forests modell 
samt bibehålla eller förbättra den prediktiva noggrannheten. Dessutom beror valet av 
beskärningstekniken på användningsområdet och mängden träningsdata tillgänglig. Slutligen kan 
modeller som är signifikant förenklade vara mindre noggranna men å andra sidan tenderar de att 
uppfattas som mer förståeliga.   
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Nomenclature 
 

Acronyms  Descriptions 

ML   Machine Learning 
AI   Artificial Intelligence  
RF   Random Forests 
CART   Classification and Regression Trees 
MSE   Mean Square Error 
SD   Standard Deviation 
ANOVA  Analysis of Variance 
SFS   Sequential Forward Selection 
SBS   Sequential Backward Selection 
LOF   Local Outlier Factor 
HC   Hill Climbing 
OOB   Out of Bag 
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1. INTRODUCTION 

Google Translate, Facebook’s face recognition technology, Siri, and Paypal’s fraud detection 
system all have at least one thing in common. They rely on Machine Learning (ML) 
techniques to perform core tasks. ML is a subfield of computer science that addresses the 
question of how to build programs or computer systems that automatically improve through 
experience (Jordan and Mitchell, 2015). According to Jordan and Mitchell (2015), ML is 
currently one of the most rapidly growing technical fields, residing at the intersection of 
computer science and statistics, and at the core of Artificial Intelligence (AI) and data science. 
Jordan and Mitchell (2015) state that MLd has become the method of choice for developing 
practical applications for computer vision, speech recognition (e.g. Siri), natural language 
processing (e.g. Google Translate), and robotic control systems. For many applications, it is 
easier to train a system by showing it examples of desired input-output behaviour than to 
program it manually to predict the desired outputs for all possible inputs (Jordan and Mitchell, 
2015).  
 
Complex ML algorithms, such as Random Forests (RF) and Artificial Neural Networks, have 
achieved great predictive performances in various applications (Fawagreh, Gaber, and Elyan, 
2015). These accurate results are achieved by automatically learning features from the data. 
Being able to understand the learned features and the outputs of a complex system will allow 
us to understand our data and the model predictions in a better way. For example, we may be 
interested in building a model to predict long-range crime activity but, because of the many 
features, the final model may be too complex to interpret. By building a simpler and more 
transparent model, we may be able to: i) reduce the actual size and complexity of the model, 
allowing us to incorporate the model into small-scale hardware (J. Zhang and Chau, 2009), 
and ii) interpret the learned structure of the model, enabling us to gain new fundamental 
insights from the data (Mashayekhi and Gras, 2015).  
 
This thesis aims to explore various approaches to automatically simplify models generated by 
the RF algorithm while retaining or improving the predictive accuracy. The simplification 
techniques will be evaluated based on the achieved level of simplicity and interpretability. 
There exist several automatic techniques to simplify RF models, but the techniques that are of 
particular interest here are able to perform the simplification as a post-processing step after 
RF has generated the complete models. The reason why we are interested in investing this 
type of techniques is because they do not restrict the growth of the ensembles’ members, i.e. 
each tree is fully grown before pruning is applied. In this way, we can ensure that the internal 
properties of an ensemble are not affected. More specifically, the techniques that will be 
examined in this thesis are: i) search based post pruning, (Bernard, Heutte, and Adam, 2009), 
ii) cluster-based post-pruning, (Fawagreh et al., 2015), iii) rank-based post-pruning, 
(Fawagreh, Gaber, and Elyan, 2016), and iv) rule based post-pruning (Mashayekhi and Gras, 
2015).   
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1.1 Problem statement 
A common approach to ensure that an RF-model has a high predictive accuracy is to increase 
the number of trees generated. In his seminal article, Breiman (2001) discusses the 
consequences of increasing the number of trees. If the predictive accuracy is to be increased 
with a larger number of trees, this will most often result in a more complex model which in 
turn may be more difficult to interpret by a human (Breiman, 2001). In addition, the 
generation of an increased number of trees results in higher computational power and memory 
requirements (Mishina, Murata, Yamauchi, Yamashita, and Fujiyoshi, 2015; J. Zhang and 
Chau, 2009). It is thus of importance to maintain the same level of accuracy while improving 
the interpretability and reducing the need for more computational power and the memory 
usage. Based on these observations, this thesis will address the research problem of 
automatically simplifying Random Forest models to increase interpretability while 
maintaining predictive accuracy. 
 
It is well known that an ensemble of predictors performs better than a single predictor for a 
wide variety of tasks and conditions (Breiman, 1996; Fawagreh et al., 2015). The RF 
algorithm has achieved outstanding results in many domains and it often produces better 
results than a single decision tree (Hernandez-Lobato, Martinez-Munoz, and Suarez, 2006). 
As stated earlier, in order for an RF-algorithm to produce highly accurate models, the number 
of trees or the size of the forest needs to be large. This can be a major disadvantage when 
resources, such as storage capacity and computational power, are limited. If these constraints 
are not taken into consideration, it will be difficult to implement the algorithm in small-scale 
hardware or embedded systems. In some cases, large models also take a longer time to 
execute. This can lead to serious consequences if the algorithm is executed on systems that 
are used for mission-critical applications. 
 
Another drawback of an ensemble of trees, such as RF, is the low interpretability. RF is a 
popular supervised learner that often results in an increased predictive accuracy though at the 
cost of interpretability and insight into the decision process (Breiman, 2001). In many areas, 
such as bioinformatics, the accuracy level is not the only relevant criterion. Often, it is also 
important for predictive models to be highly interpretable (Strobl, Boulesteix, Zeileis, and 
Hothorn, 2007). To meet this specific requirement, researchers from the area of knowledge 
discovery have investigated different aspects of RF. In the process of knowledge discovery, 
most researchers seek to extract useful knowledge from very large databases. However, for 
this knowledge to be useful, a high predictive accuracy is not in itself adequate. The extracted 
models also need to be understood by human users in order to promote trust and acceptance. 
In addition, users often create models to attain deeper knowledge of the problem domain 
rather than to simply obtain an accurate classifier or predictor. 

1.2 Motivation 
RF simplification seems to generate significant interest in the research community. This 
explains the large amount of research done in this field. Nevertheless, there are still several 
knowledge gaps that need to be addressed. Some of the studies consider model accuracy as 
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the only criterion while other studies define model interpretability as their main measure. In 
situations when both criteria must be taken into consideration, the knowledge is limited. This 
thesis will discuss this possible knowledge gap.  
 
Most of the techniques presented in the related work section focus on classification problems. 
However, methods that are successful for classification are in certain cases not directly 
applicable to regression problems (Mendes-Moreira, Soares, Jorge, and Sousa, 2012). This is 
another knowledge gap that will be investigated in this thesis.  

1.3 Objectives 
This thesis explores automatic simplification of Random Forest models via post-pruning as a 
means to reduce the size of the model and increase interpretability while retaining or 
increasing predictive accuracy. This can be achieved by removing weak trees from the 
original model. Having a smaller subset containing only well-preformed trees will likely 
result in a model that is capable of outperforming the original model which consists of both 
weak and well-preformed trees. Therefore, the aim of the thesis is twofold. First, it compares 
and evaluates a set of state-of-the-art post-pruning techniques (search based, cluster based, 
and ranking based) against each other to find the most appropriate technique. Second, with the 
help of the rule based post-pruning technique, we will investigate the trade-off between 
predictive accuracy and model interpretability, i.e. the task of transforming opaque models 
with high accuracy to more interpretable models while preserving the same level of accuracy. 
It is of great importance to mention that the first three post-pruning techniques (search based, 
cluster based, and ranking based) focus only on model accuracy when simplifying. Model 
interpretability is not taken into consideration. The rule based post-pruning technique takes 
this criterion into account when simplifying. 
 
In this thesis, the model accuracy is measured using MSE (Mean Squared Error), while the 
size of a model is defined as the total number of trees in the RF-model. By utilizing the 
relationship between decision trees and decision rules, the interpretability of a model is 
measured according to Definition 1 and Definition 2 in Section 3.3.3. 

1.4 Delimitations 
To narrow the scope of the thesis, classification problems have been excluded, i.e. this thesis 
will only address regression problems. The reason behind this decision is because the majority 
of the approaches suggested by other researchers are only aimed to tackle classification 
problems. However, methods that are successful for classification are in certain cases not 
directly applicable to regression. One of the objectives in this thesis will, therefore, be to 
investigate this possible knowledge gap.   
 
Many techniques have been developed to prune the size of the ensembles. These techniques 
can be categorized into three domains: (i) pre-pruning techniques, (ii) runtime-pruning 
techniques, and (iii) post-pruning techniques. This thesis will only examine the third category. 
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According to Breiman (2001), one way to achieve a better performance is to let the trees grow 
to their maximum size. By using post-pruning techniques, we can ensure that an ensemble can 
reach its full potential before pruning is applied. The post-pruning techniques will allow to 
increase the accuracy of models by removing the weak trees. The removal of the weak trees 
may result in a subset of trees that is capable to perform better than the original model that 
consist of both weak and well-performed trees  (H. Zhang and Wang, 2009). The pre-pruning 
and runtime-pruning techniques may restrict the growth of the ensembles’ members, which 
can affect the internal properties of that ensemble.  

1.5 Research Questions 
The research questions stated below focus on models generated by RF. To apply these types 
of techniques, we also assume that the model to be simplified is pre-trained. Pre-training in 
this context means that the model has already been generated.  
 
RQ1: Which post-pruning technique can provide the smallest RF-model without affecting the 
prediction accuracy? 

 
The goal with Q1 is to identify the best technique that provides the smallest RF-model, 
which also at the same time does not decrease the prediction accuracy. 
 

RQ2: What is the relationship between model accuracy, model size and model 
interpretability? 

 
The purpose of Q2 is to investigate and understand how the size of a model can 
influence the model accuracy and model interpretability. 

1.6 Expected Outcomes 
This thesis is expected to provide an extensive review of the examined techniques. The goal is 
to clearly show which technique is the most appropriate. We expect that this thesis will result 
in an algorithm that can generate pruned RF models that both are smaller in size and have the 
ability to perform as well as, or better than, the original ensembles. We also expect that this 
thesis will highlight the relationship between model interpretability and model accuracy.   

1.7 Thesis Outline 
The remainder of this thesis is organized as follows. The second chapter gives an overview on 
related work, description of the theory, and relevant scholarly literature. The third chapter 
explains how the research has been conducted; which research method has been used, which 
data pre-processing techniques have been selected. The fourth chapter presents the results of 
the data analysis and the findings obtained from the research, while the fifth chapter includes 
an extensive discussion of the results and interpretations and opinions. Chapter 6 presents the 
key findings and shows the conclusions drawn from the research. In the seventh and last 
chapter, we recommend areas and possibilities for further research and future work. 
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2. Background  

Chapter 2 has two main purposes: i) to give a description of the theory, and relevant scholarly 
literature; and ii) to provide an overview of related work. We start this chapter by introducing 
the field of ML and which building blocks it consists of. We then continue to discuss a 
particular family of decision trees, namely Classification and Regression Trees. We also 
discuss ensemble learning and the most popular techniques used to generate ensemble 
models. We highlight the concept of interpretable models and introduce some of the most 
popular methods used to evaluate ML models. This chapter is then ended by providing a 
review of related work. 
 
Learning is a process that includes the gain of new declarative knowledge, the development of 
skills through instruction or practice, the organization of new knowledge into useful and 
general representations, and the discovery of new knowledge and theories through 
observation and experimentation (Carbonell, Michalski, and Mitchell, 1983; Nilsson, 1996). 
The study and computer modelling of learning processes in their different variants constitute 
the subject matter of ML (Carbonell et al., 1983). 
 
ML is a field evolved from the field of AI. ML aims to mimic the intelligent abilities of 
humans by machines (Subramanian, 2010). This is done by automatically learning programs 
from data (Domingos, 2012). ML algorithms have the ability to figure out how to solve 
important problems by generalizing from examples. In many situations, this is a feasible and 
cost-effective alternative to manually building these programs. Domingos (2012) studies how 
the use of ML has spread quickly throughout computer science during the last years. 
According to Domingos (2012) and Dietterich (1997), this expansion has many reasons: First 
independent research communities in computational learning theory, neural networks, and 
pattern recognition have discovered that they had many things in common and started to work 
together. Second, methods and techniques in ML have begun to be applied to solve new kinds 
of problems such as knowledge discovery in databases, language processing, and robot 
control, as well as to more traditional problems such as speech recognition, face recognition, 
medical data analysis, game playing, web search, spam filter, recommender system, and ad 
placement. 
 
Machine Learning algorithms are categorized into several types, based on the desired 
outcome of the algorithm (Ayodele, 2010). There are four common types. The first type is 
called supervised learning. In supervised learning, a function is learned from a large number 
of training examples. Each training example consists of both input (X) and output (Y) values. 
The output value is often referred to as a label. The label indicates the desired output of the 
event represented by the example. In this type of learning, the machine is given a sequence of 
input/output pairs {(𝑥1, 𝑦1), ( 𝑥2, 𝑦2), ⋯ , (𝑥𝑛, 𝑦𝑛)} and the objective of the machine is to learn 
to produce the correct outputs given a new unseen sequence of inputs 𝑋 = {𝑥1, 𝑥2, ⋯ , 𝑥𝑛}. 
There are two standard categories of supervised learning: i) classification learning, and ii) 
regression learning. In classification learning, the label value specifies the type or the class 
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into which the corresponding example belong to, while in regression learning, the label value 
is an output that is real-valued, e.g. price, weight, temperature, etc. (Behnke, 2003; 
Ghahramani, 2004; Sammut and Webb, 2011b; Zhou and Li, 2009). In other words, if the 
label value (y-variable) is discrete/categorical, then it is a classification problem. If the label 
value is continuous (real number) then it is a regression problem. Supervised learning stands 
in contrast to unsupervised learning. 
 
In unsupervised learning, a function is learned from training examples that are not labelled, 
i.e. the machine receives only a sequence of inputs 𝑋 =  {𝑥1, 𝑥2, ⋯ , 𝑥𝑛}, but obtains neither 
supervised target labels nor rewards from the environment (Behnke, 2003; Ghahramani, 
2004). The third type of learning is called semi-supervised learning. Semi-supervised learning 
is halfway between supervised and unsupervised learning. The main idea behind semi-
supervised learning is to learn a prediction function on both unlabelled and labelled training 
examples in order to perform an otherwise supervised learning or unsupervised learning task 
(Amini and Usunier, 2015; Zhu, 2011).  
 
The last type of learning is called reinforcement learning. In reinforcement learning, the 
objective is to make the machine interact with its environment by generating actions 
{𝑎1, 𝑎2, ⋯ , 𝑎𝑛}, which affect the state of the world around the machine, which in turn results 
in the machine receiving some inputs (rewards or punishments). The goal is to make the 
machine learn to act in a way that maximizes the future rewards and minimize punishments in 
the long term (Behnke, 2003; Ghahramani, 2004).  
 
At this point, it is of importance to note that the primary focus of this thesis will be on 
supervised learning in general and regression learning in particular. The reasons behind this 
choice are two. First, RF is a supervised learning algorithm. Second, as discussed earlier in 
Section 1.2, there is a shortage of regression works.  

2.1 Decision Tree Learning 
To understand RF, it is necessary to first understand decision tree learning in general. A 
decision tree is a tree representation of conditions that determine when a decision can be 
applied together with actions. A decision tree consists of nodes (root node, interior nodes, and 
leaf nodes) and edges. Each pair of nodes is connected by an edge. This edge is labelled by a 
condition. The leaf nodes are labelled by decisions or actions. A decision tree works as 
following: starting at the root node then navigating down until a leaf node is reached. When a 
leaf node is reached, the decision or action in that leaf node is used (Dobra, 2009; Fürnkranz, 
2016).  An example of a decision tree is given in Figure 2.1. 
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Figure 2.1: An example of a decision tree used to determine whether it’s a good weather or 

not to play tennis. 

A decision tree is learned or trained in a top-down manner, with an algorithm called Top-
Down Induction of Decision Trees. This algorithm uses recursive partitioning or divide-and-
conquer methods (Fürnkranz, 2016). The main role of this algorithm is to choose the best 
attribute for the tree root (the node at the top of the tree), split the training examples into 
disjoint sets, and attach corresponding nodes and branches to the tree. Once the dataset is 
partitioned according to the selected attribute, the procedure is recursively repeated to each of 
the resulting datasets.  If a dataset only has examples from the same class/value, or if it is not 
possible to perform further splitting, the corresponding node is turned into a leaf node with 
the respective class or value. A further splitting may not be possible because, for example, all 
possible splits have already been used. For the remaining datasets, an interior node is created 
and associated with the best splitting attribute for the corresponding set as stated above 
(Dobra, 2009; Fürnkranz, 2016).  
 
There exist some algorithms that are used to create decision trees, for example, C4.5, ID3, and 
Classification and Regression Trees (CART). We will focus on the latter since it’s the 
technique that is used in the original article (Breiman, 2001).  CART is a machine learning 
technique for constructing prediction models from data. A predictive model is obtained by 
recursively partitioning the dataset and fitting a simple prediction model within each partition. 
This partitioning can be represented graphically as a decision tree. A classification tree is a 
decision tree used for classification problems. A classification tree uses values of 
attributes/features of the data to make a class label (discrete or categorical) prediction, with 
prediction error measured in terms of misclassification cost.  
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The tree in Figure 2.1 is an example of a classification tree, where the leaf nodes are labelled 
by categorical values, in this instance: Play or Don’t play.   
 
A regression tree is a decision tree used for regression problems. A Regression tree is 
designed for dependent variables that take continuous (a real number) values, with prediction 
error often measured by the squared difference between the observed and predicted values 
(Fürnkranz, 2016; Loh, 2011). 
 
Since CART methodology is an essential concept in RF, it is of importance to understand the 
internal mechanism of this technique. The CART tree is a binary recursive partitioning 
method that has the capability to process continuous and nominal attributes as targets and 
predictors. Starting at the root node, the dataset is split into two child nodes. Each of these 
child nodes is then split into two grandchildren. Since the tree is grown to a maximal size, 
there is no need for predefined stopping criteria. The process of tree-growing stops when it is 
not possible to perform further splits due to lack of data. Once the tree is grown to its 
maximal size, the tree is pruned back to the root node (split by split) using the cost-
complexity pruning method. The split to be removed or pruned is the split that has the 
smallest contribution to the overall performance of the tree on training data (Gey and 
Nedelec, 2005; Scott, Willett, and Nowak, 2003; Wu and Kumar, 2009). 
 
The idea behind CART mechanism is not to generate one single tree, but to produce a 
sequence of nested pruned trees. Each of these trees is a candidate to be the optimal tree. The 
tree to be selected is the tree that performs best on independent test data. In contrast to the 
C4.5-algorithm, CART does not use performance measures based on internal training data. 
Instead, the performance of trees is always measured on independent test data or by using 
cross-validation. The process of tree selection proceeds only if the test data evaluation is 
performed (Gey and Nedelec, 2005; Scott et al., 2003; Wu and Kumar, 2009). 
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2.2 Random Forests 
We start this section by considering the standard supervised learning problem. A learning 
algorithm is given a sequence of input/output  pairs {(𝑥1, 𝑦1), ( 𝑥2, 𝑦2), ⋯ , (𝑥𝑛, 𝑦𝑛)} for some 
unknown function 𝑦 = 𝑓(𝑥). The 𝑥𝑖 values are often a vector of the shape {𝑥1, 𝑥2, ⋯ , 𝑥𝑛} 
containing real-valued components, and the (y) values are usually drawn from the real line in 
the case of regression. Given a set of training examples, the objective of a learning algorithm 
is to output a regressor. The regressor is an approximation of the true function f. Given a new 
set of x values, the role of a regressor is to predict the corresponding y values. An ensemble of 
regressors is a set of regressors whose individual decisions are averaged to predict new 
unseen instances (Dietterich, 2000). 
 
In machine learning, ensemble methods are gaining more and more attention (Liaw and 
Wiener, 2002; Yang, Lu, Luo, and Li, 2012). Ensemble learning is an instance of supervised 
learning where multiple models are used to find one solution for either a regression or a 
classification problem (Mendes-Moreira et al., 2012; Polikar, 2006; Rokach, 2009). Since 
systems that use a single classifier or regressor have shown limited predictive performance in 
some cases, ensemble methods were developed to yield better predictive performance 
(Fawagreh et al., 2015; Hernandez-Lobato et al., 2006). A common approach in ensemble 
learning is to use majority voting to determine the class label for unlabelled instances: each 
classifier is asked to predict the class label of the instance being considered. The class that 
collects the highest number of predictions is returned as the final prediction of the ensemble 
(Fawagreh et al., 2015). This approach is known as ensemble classification. In contrast to 
ensemble classification, the goal of ensemble regression is to make a prediction on learning 
problems with a numerical target variable. The final prediction of the ensemble is achieved by 
averaging the responses of its individual members (Mendes-Moreira et al., 2012). Figure 2.2 
shows an example of a regression ensemble. 

 
Figure 2.2: An example of a regression ensemble. The final decision of the ensemble is 

achieved by averaging the decisions of the trees in the ensemble. 
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Several effective ensemble algorithms have been introduced in recent years for example: 
Boosting, Bagging, and Random Subspace Method. The last two techniques are the building 
blocks of RF.  
  
Bagging predictors is a technique for producing multiple predictors and using these to get an 
aggregated predictor. The aggregation averages over the predictors in the case of regression 
(numerical outcome) and does a plurality vote in the case of classification (Breiman, 1996). 
Bagging or ‘bootstrap aggregation’ uses a bootstrap of the training set to train predictors, i.e. 
each predictor is independently constructed using a bootstrap sample of the entire dataset. The 
bootstrap sample is obtained from a training set, D, of size n by generating m additional 
training sets with size r, where 𝑟 ≤  𝑛, by uniformly sampling from D with replacement 
(Breiman, 1996; Siroky, 2009). Bagging provides a key step in the development of RF since it 
is one of the earliest techniques to combine ‘random trees’ (Breiman, 1996). In 2001, 
Breiman suggested an approach, which added an extra layer of randomness to Bagging. This 
technique is known as Random Forests. This additional layer of randomness is known as, 
Random Subspace Method.  
 
Random Subspace Method or feature bagging is an ensemble technique that attempts to 
improve the performance of weak learners by training these learners on random samples of 
features instead of all features (Skurichina and Duin, 2001). In other words, Bagging modifies 
the training data by sampling training objects while this technique modifies the training data 
by sampling data features (Skurichina and Duin, 2002). Let F be a feature set, 𝐹 =

 {𝑓1, 𝑓2, ⋯ , 𝑓𝑛}, of size n. Random Subspace Method generates m additional feature sets with 
size s, where 𝑠 < 𝑛, by uniformly sampling from F with replacement. Each learner is then 
trained on one of these feature sets.   
 
Like Bagging, RF also creates multiple CART trees using bootstrapped samples from the 
training data. The difference is that each tree is grown with a randomized subset of features, 
hence the name ‘random’ (Gislason, Benediktsson, and Sveinsson, 2006; Prasad, Iverson, and 
Liaw, 2006; Siroky, 2009). A large number of trees (500 to 2000) is used to build the model, 
hence a ‘forest’ of trees (Prasad et al., 2006).  For each bootstrap sample, a tree is grown to 
maximum size without pruning, and aggregation is by averaging the trees (Prasad et al., 2006; 
Siroky, 2009). By allowing each tree to grow to its maximal size, and selecting the best split 
from a random subset of features at each node, RF aims to improve the prediction strength 
while increasing diversity among trees (Breiman, 2001). Figure 2.2 shows an example of an 
RF-model used for a regression problem.  
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The RF algorithm is best described by Liaw and Wiener (2002). The algorithm is explained in 
Algorithm 2.1.  

Algorithm 2.1: Random Forests algorithm in pseudocode. 

RF makes use of Bagging technique in point (1) while Random Subspace Method is utilized 
in point (i). In this section, we have highlighted the main building blocks of the RF algorithm. 
Concepts like Bagging and Random Subspace Method have been covered. We have also 
described the idea behind ensemble methods and how they work. This section is ended by 
providing the pseudocode for RF.  

Input: training data (T), number of trees (n), number of features (f)  
1. Draw n bootstrap samples from T 
2. For each of the bootstrap samples:  

a. Grow an unpruned regression tree with the following setting: 
i. At each node, randomly sample a subset of features of size f and 

choose the best split among this subset. 
3. Predict new unseen data by averaging the predictions of the n trees  

Output: Random Forest  
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2.3 Interpretable Models 
In this section, we discuss the concept of interpretable models. Ribeiro, Singh, and Guestrin 
(2016) describe the task of understanding the way ML models behave as laborious. They 
mean that the task of understanding of ML models empowers both designers, developers, and 
users in different ways: in model selection, feature engineering, to trust and act upon the 
predictions, and in more intuitive user interfaces.  
 
To improve and support the process of decision-making in several applications such as online 
marketing, health care, and recommender systems, predictive analytics has been broadly used 
(Dhurandhar, Oh, and Petrik, 2016). According to Dhurandhar et al. (2016), a crucial factor in 
these applications is the interpretability of the decision-making process. If the 
recommendation logic is well understood, the adoptions of these decision support tools will 
be effortless. For this reason, interpretable ML models have generated significant interest in 
the research community and have become a vital concern in ML.     
 
There exist various terms that are used in the literature alongside interpretability. Usability is 
one of them (Bibal and Frénay, 2016). Bibal and Frénay (2016) mean that a model is not 
usable if it is rejected even though the accuracy is acceptable. Freitas (2014) conducted a case 
study in a Health center and noted that a simple, easy to read, model (e.g. decision tree) may 
be rejected because medical doctors may consider that this simple model is not capable of 
representing complex medical conditions. In this report, we refer to the task of understanding 
ML models as interpretability. By interpretable models, we mean models in which the inputs, 
outputs, and the relationship between them are known and clear.   

2.4 Model Evaluation 
This section will highlight some of the most popular methods used to evaluate the 
performance of ML models. These methods are an essential building block in ML and by 
introducing them, we will ensure that the knowledge required to understand the rest of this 
thesis is provided.  
 
The reason why we need to evaluate an ML model is to determine how well the model will 
perform on unseen and future data. The target values of future instances are unknown, and we 
need to examine the accuracy metric of the ML model on data for which we already have the 
target values. This assessment will then be used as a proxy for predictive accuracy on future 
data. The method that is of interest for this thesis is known as cross-validation, but before 
describing this method, it is advisable to explain the concepts of Mean Square Error (MSE) 
and Standard Deviation (SD).  
 
Sammut and Webb (2011) describe MSE as a model evaluation metric that is frequently used 
in regression problems. According to them, the MSE of a model with respect to a test-set is 
the mean of the squared prediction errors over all instances in the test set. The prediction error 
is the difference between the true target value and the predicted target value for an instance. 
The MSE can be calculated using the following formula:  
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𝑀𝑆𝐸 =  
∑ (𝑦𝑖−𝜆(𝑥𝑖))2𝑛

𝑖=1

𝑛
     (2.1) 

Where 𝑦𝑖 is the true target value for a test instance 𝑥𝑖, 𝜆(𝑥𝑖) is the predicted target value for 
the test instance 𝑥𝑖, and 𝑛 is the number of test instances (Sammut and Webb, 2011a). The 
lower the MSE value of a model is, the better the model is.  
 
The second evaluation method to be described is SD. SD is a measure of the spread of a 
distribution. A low SD value shows that the data points are close to the mean, while a high SD 
shows that the data points are spread over a larger interval, i.e. far from the mean. The SD can 
be calculated using the following formula: 

𝜎 =  √
1

𝑁
 ∑ (𝑥𝑖 −  𝜇)2𝑁

𝑖=1     (2.2) 

Where 𝜎 is the Standard Deviation, 𝑁 is the total number of data points, 𝑥𝑖 is the data point, 
and 𝜇 is the mean of the data points.  
 
Cross-validation (Stone, 1977) is a statistical method for evaluating and comparing the 
performance of ML algorithms. This is done by dividing the dataset into two different 
segments. One is used to train the model while the other is used to test or validate the model 
performance (Refaeilzadeh, Tang, and Liu, 2009). There exist several forms of cross-
validation, but the one that interests us is called k-fold cross-validation since it utilizes the 
amount of data available in a better manner. All data are used for both training and testing. In 
their work, Refaeilzadeh et al. (2009) provide an explanation of how k-fold cross-validation 
works. They mean that the dataset is first divided into k equally (or nearly equally) sized parts 
or folds, hence the name k-fold. Once the data-set is partitioned, the next step is to perform k 
iterations of training and testing. At each iteration, a new fold of the dataset is held-out for 
testing while the rest k – 1 folds are used to train a new model. As a result of k iterations, k 
different performance results will be available. The final result is achieved by averaging the 
results from all k iterations (Refaeilzadeh et al., 2009). Figure 2.3 demonstrates an example 
with k = 7. The grey data folds are used for training while the yellow folds are used for 
testing. In ML, it is common that the value of k is set to 10, 10-fold cross-validation 
(Refaeilzadeh et al., 2009).      
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Figure 2.3: An example that demonstrates how k-fold cross-validation works. In this example, 

we have a 7-fold cross-validation, since the value of k is set to 7.   

Trawiński et al. (2012) argue that in order to perform multiple comparisons of machine 
learning algorithms, statistical tests and post-hoc procedures are used. The statistical tests are 
used to determine if there exist significant differences between the compared algorithms 
(Trawiński, Smętek, Telec, and Lasota, 2012). According to them, the most frequently used 
statistical test is the t-test. They discuss further that t-test requires that the necessary 
conditions (e.g. independence and normality) for a safe usage should be fulfilled if the t-test is 
to be used. This is not the case in the majority of the experiments in ML. When comparing 
multiple ML-algorithms, Trawiński et al. (2012) recommend to employ rank based 
nonparametric Friedman test (Friedman, 1937) followed by a proper post-hoc procedures to 
identify the pairs of algorithms that differ significantly.  
 
The Friedman test is easiest described by (Trawiński et al., 2012) and (Demšar, 2006). 
Friedman test is a nonparametric counterpart of the parametric ANOVA test. The purpose of 
this test is to determine if there exist significant differences between the results achieved by 
algorithms studied over given datasets (Trawiński et al., 2012). In their article (Trawiński et 
al., 2012), the authors mention that the Friedman test determines the ranks of the algorithms 
for each dataset. In other words, the best performing algorithm is assigned the rank of 1, the 
second-best rank 2, etc.  
 
Let 𝑟𝑖

𝑗 be the rank of the j-th of k algorithms on the i-th of N datasets. The Friedman test 
compares the average ranks of algorithms, 𝑅𝑗 =

1

𝑁
 ∑ 𝑟𝑖

𝑗
𝑖 . The null hypothesis states that all the 

algorithms perform equivalently and so their ranks 𝑅𝑗 should be equal (Trawiński et al., 2012) 
and (Demšar, 2006). The Friedman statistic  

𝑋𝐹
2 =

12𝑁

𝑘(𝑘+1)
 [∑ 𝑅𝑗

2
𝑗 − 

𝑘(𝑘+1)2

4
]    (2.3) 

is distributed according to 𝑋𝐹
2 with 𝑘 − 1 degrees of freedom.  
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2.5 Related Work 
This section gives an overview on related work. First, it presents a number of techniques that 
are used to prune the models generated by ensemble algorithms such as RF. Second, a 
description of some of the most important approaches used to extract knowledge from 
complex models and to improve model interpretability is provided.  

2.5.1 Reduced model size 

This section highlights the simplification techniques that use model size as the only criterion 
when simplifying RF models.  
 
Several improvements have been made over the past decade to produce a subset of an 
ensemble that can perform as well as, or better than, the original ensemble. The aim of 
ensemble pruning is to find such a good subset. A large number of diverse ensemble selection 
methods have been proposed. Tsoumakas et al. (2008) and Tsoumakas et al. (2009) have 
introduced an approach to categorize ensemble selection methods into a taxonomy. The 
authors propose a certain organization of the various ensemble selection methods into the 
following categories: a) search based, b) clustering based, c) ranking based and d) other. 
Fawagreh et al. (2015) use a clustering-based approach to prune the model generated by RF. 
The objectives of this paper are two. The first one is to investigate how data clustering can be 
applied to identify different groups of similar decision trees in RF in order to remove 
redundant trees by choosing a representative from each cluster. The second objective is to use 
these likely diverse representatives to produce an extension of RF, named CLUB-DRF. 
 
In their paper (Tsoumakas, Partalas, and Vlahavas, 2009), the authors try to address a serious 
issue in the use of RF; how large an RF have to be. To minimize the size of a forest, three 
measures are considered to determine the importance of a tree in a forest in terms of 
prediction performance in order to find the desired/optimal sub-forest. On the other hand, 
Yang et al. (2012) propose a margin optimization based pruning algorithm which can 
minimize the ensemble size and preserve or improve the performance of RF. The main idea 
behind their algorithm is that it directly takes into consideration the margin distribution of the 
RF model on the training set. To evaluate the generalization ability of the sub-ensembles and 
the importance of individual classifiers/trees in an ensemble, four different metrics are used. 
 
The goal of Zhao’s et al. (2009) work, is to present a fast pruning approach. Regarding the 
authors, the existing ensemble pruning algorithms require much pruning time, and this is the 
main reason behind this work. The algorithm uses a transaction database to store or represent 
the prediction results of all base classifiers and then an FP-Tree structure is used to compact 
the prediction results. Next, a greedy pattern mining method is provided to find the ensemble 
of size k. After obtaining the ensembles of all possible sizes, the one with the best accuracy is 
outputted. The article written by (Sheen, Aishwarya, Anitha, Raghavan, and Bhaskar, 2012) 
consider ensemble pruning as an optimization problem. The authors propose the use of 
harmony search which is a music inspired algorithm in order to select the best combination of 
classifiers. The proposed approach in their paper is search based and comprises of three 
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phases: i) generation of multiple predictive classifiers, ii) reduction of ensemble size by using 
ensemble pruning techniques, iii) combination of final ensemble.  
 
Zhou and Tang (2003), emphasize the importance of using selective ensembles instead of 
non-selective ensembles. They mean that if the learners are decision trees, it may be better to 
build a selective ensemble, that is ensembles containing some instead of all the trained 
decision trees while Bernard et al. (2009) propose to go one step further in the understanding 
of RF mechanisms. They are trying to cope with the previously mentioned drawbacks of RF 
by tackling these issues as a classifier selection problem. Their main goal is to determine 
whether it is possible to select a subset of trees from a forest that can outperform this forest. 
The aim of their study is not to discover the optimal subset of individual trees/classifiers 
among a large forest, but rather to investigate the extent to which it is possible to enhance the 
accuracy of an RF algorithm by concentrating on a specific subset of trees. The techniques 
used to search for the sub-optimal subset of trees are SFS (Sequential Forward Selection) and 
SBS (Sequential Backward Selection). The method proposed here is search based.  
 
The article written by (Fawagreh et al., 2016) is another article that deals with the 
simplification of RF models. The authors suggest an approach called LOFB-DRF to prune RF 
models. The aim of this article is twofold. First, it investigates the possibility to use 
unsupervised learning techniques such as Local Outlier Factor (LOF) in order to identify 
diverse trees in the RF. Second, trees with highest LOF scores are then selected to produce a 
new RF termed LOFB-DRF. Note that LOFB-DRF is ranking based. Partalas et al. (2008)  
studie the greedy ensemble selection family of algorithms. The objective of these algorithms 
is to search for the globally best subset of regressors by making local greedy decisions for 
changing the current subset. Three different parameters of these algorithms are discussed in 
this paper: i) search direction (Forward or Backward), ii) choice of the dataset (training set, 
validation set), and iii) the performance evaluation measure. Finally, a general framework for 
regression models is presented.  
 
The last approach that copes with ensemble selection is presented by Dutta (2009). In 
Duttas’s (2009) paper, different metrics (correlation coefficient, covariance, dissimilarity 
measure, chi-square, and mutual information) are presented. These metrics are used to 
measure diversity in regression ensembles. The main contribution of this paper involves: i) an 
investigation of metrics that can be used for measuring diversity in regression ensembles, and 
ii) an extensive empirical study of the performance of diverse regression ensembles compared 
to the original ensembles built without consideration of diversity, is presented.  
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2.5.2 Improved model interpretability  

The papers reviewed in the previous section use model size as the only criterion when they 
simplify the complexity of RF models. A small model size does not necessarily mean an 
improved model interpretability. However, there are also other ways to achieve this goal. The 
focus of the following papers is on model interpretability. 
 
To interpret RF-models, the authors of (Palczewska, Palczewski, Robinson, and Neagu, 2014) 
propose a study on identifying the feature contribution for RF-models which in turn leads to 
showing how much a variable/feature influences the model and why the decisions happen. 
While in (Auret and Aldrich, 2012) and (Siroky, 2009), variable affects the accuracy when 
permuted. Auret et al. (2009) also mention that it is possible to find out the important 
variables in RF-models even with lots of noise (many other variables). Zachary and Fridolin, 
(2015) present the easy interpretability of a single decision tree. This paper further on 
mentions that with the help of permutation of variables, it is possible to roughly assess the 
important variables by checking for example how much it affects the overall prediction 
accuracy. Strobl et al. (2007) describe in great detail on variable importance measures, as 
stated in a few related works already discussed this paper with permutation. This paper also 
introduces the “GINI importance” which shows the inequality of the number of times one 
variable is used which shows whether the variable is weighted or not. Something to remark 
about the “GINI importance” is that it is not optimal to use for measurement of variable 
importance in various situations. 
 
Rule extraction is to make it possible to interpret RF-models in a simpler way such as 
replacing trees with IF-THEN- statements. The authors of (Phung, Chau, and Phung, 2015) 
propose an algorithm that expands the RF-model with two more phases, namely, rule 
refinement in which each rule is initialized to the weight of 1, ranking of the rule and rule 
integration. The second phase in rule extraction is about extracting interpretable IF-THEN- 
statements in either bottom-up or top-down scheme. Deng (2009) proposes a framework for 
the interpretation of RF-models called inTree. Similar to the previously described rule 
extraction algorithm, the inTree consists of algorithms that extract rules, measure/rank the 
rules, prune irrelevant or redundant variables/conditions in a rule, select rules and extracting 
frequent variable interactions/conditions from the tree ensemble. The inTree framework can 
be applied after the model has been trained/processed. With the help of Sirikulviriya and 
Sinthupinyo (2011), the rules are clearly stated on how they will be interpreted and how the 
extracting and pruning will look like. 
 
Liu et al. 2012 propose a hybrid solution of variable importance and rule extraction where it 
extracts a small number of rules from the RF and finds the important variables/features of it. 
This method, however, does not increase accuracy but extracts a drastically lower amounts of 
rules for interpretation and kind of balances it with the cost of loss of accuracy on various 
datasets. (Mashayekhi and Gras, 2015) is one of the projects focusing on this topic. Unlike the 
other approaches presented in this section, the method proposed, named RF+HC (HC stands 
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for Hill Climbing algorithm), in this work concentrates on creating transparent and simple 
models by extracting rule from RF. 
 
Acquisition of higher interpretability with other different techniques will be mentioned here, 
one in particular is in (Assche and Blockeel, 2007b) and (Assche and Blockeel, 2007a). The 
authors of these papers mention that the ensemble can be made into a single decision tree by 
approximating the ensemble model. This technique, however, does not reach the same heights 
of accuracy as in ensemble methods nor the stability of reaching the high amounts of accuracy 
as in ensembles but has the interpretability of a single decision tree. The articles (Johansson, 
Sönströd, and Löfström, 2011) and (Johansson, Sönströd, and König, 2014) introduce another 
method called “oracle coaching”. The goal of this method is to reduce the accuracy vs. 
comprehensibility trade-off. This method approximates the RF with a single decision tree. 
Oracle coaching uses a generated transparent model with combinations of regular training 
data and test data initially labelled by a strong classifier. This method proposes the RF as the 
oracle, and the transparent models are the decision trees generated by for example the J48. 
The authors further conclude that the predictive accuracy was highly accurate. 
 
The growing interest in RF models explains the large amount of research that has been 
performed in this field. Nevertheless, there are still a number of knowledge gaps that need to 
be studied. The studies covered in section 2.5.1 take model accuracy as the only criterion 
while the studies in section 2.5.2 define model interpretability as their main measure. In 
situations when both criterions must be taken into consideration, the knowledge is limited. 
This study will investigate this possible knowledge gap.  
 
The majority of the techniques presented in this section focus on classification problems. 
However, methods that are successful for classification are in certain cases not directly 
applicable to regression problems (Mendes-Moreira, et al., 2012). This is another knowledge 
gap that will be discussed in this thesis.  
 
This chapter has provided an introduction to the field of ML. It also has introduced the 
knowledge needed to understand the rest of the report. CART-trees, Regression learning, 
Bagging and RF which form the core of this work, have been discussed. This chapter is ended 
by providing a summary of related work. 
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3. METHOD 

The need to produce simple models is increasing which makes it a laborious task for ML 
engineers and researchers to meet. Especially, if we take into consideration the European 
Union’s General Data Protection Regulation of April 2018 (Goodman and Flaxman, 2016). 
This law means that the users have the “right to explanation”, i.e. the users can ask for an 
explanation of an algorithmic decision that was made about them. This regulation may have a 
potential impact on the adaptation of ML solutions and techniques in the society. The aim of 
this thesis is to investigate a set of state-of-the-art post-pruning techniques that can be used to 
reduce the complexity of models generated by RF.  We will also study the relationship 
between model accuracy and model interpretability. 
 
In this chapter, we provide an in-detail explanation of the post-pruning techniques examined. 
This chapter is divided into four sections. The first section discusses the choice of the research 
methodology while in the solution section, we describe the algorithms used to perform the 
simplification. In the evaluation section, we present how both the original RF models and the 
simplified models were evaluated. The experimental setup section discusses how the 
experiments were designed and conducted.  
 

3.1 Choice of research methodology 

This study is a quantitative research. The reason why a quantitative research is conduced 
because it emphasizes objective measurements and the statistical and numerical analysis of 
data collected through surveys or by manipulating pre-existing statistical data using 
computational techniques (Levy & Ellis, 2011), which is the case for this thesis. Another 
reason why a quantitative research is chosen because it in many situations reduces and 
restructures a complex problem to a limited number of variables. A quantitative research can 
also be used to examine the relationship between variables and establish cause and effect in 
controlled conditions (Levy & Ellis, 2011).  

The research method used to conduct this thesis and address the research questions is 
experimentation. An experiment is a procedure in which the researcher manipulates the level 
of one or more independent variables and then measures the outcome (dependent variable(s)) 
(Millsap and Maydeu-Olivares, 2009). An experiment is a reliable and a powerful approach 
for evaluating cause-and-effect relationships (Kampenes, Dybå, Hannay, & K. Sjøberg, 
2009). The reason why an experiment is used as the main research method in this thesis is 
because of its capability to determine how the different variables (e.g. number of trees and 
model accuracy) are related and if there exists a cause-and-effect relationship between them. 
By using an experiment, we will be able to manipulate the independent variable (in this 
instance: number of trees) and measure its effect on one or more dependent variables (in this 
instance: model accuracy and model size). 
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3.2 Solution 
This section explains the techniques used to perform the simplification and these are: i) search 
based post-pruning, (Bernard et al., 2009), ii) cluster based  post-pruning, (Fawagreh et al., 
2015), iii) ranking based post-pruning, (Fawagreh et al., 2016) and iv) rule based post-pruning 
(Mashayekhi and Gras, 2015).  

3.2.1 Search based post-pruning 

This approach is designed by (Bernard et al., 2009), and the reason why it is categorised as 
search based is because it uses a search algorithm in order to search for the best trees in an RF 
model.  
 
The principle of this approach is to apply ensemble selection techniques on a forest made up 
of a large number of trees. To achieve that, two main choices have to be made: i) selection 
criteria, and ii) a selection method. The selection criteria can be categorized into two different 
groups: performance-based and diversity-based. The one that is of interest for us is the 
performance-based. The goal of this selection criterion is to find the model that optimizes the 
performance of the ensemble by adding/removing to/from the current ensemble. Based on the 
type of the problem, classification or regression, the performance-based metrics can vary.   
 
The second part of the search based technique is the selection method. The goal of Bernard’s 
et al. (2009) article is not to find the optimal subset of trees in the forest. By optimal, we mean 
the case where all the possible combinations of trees are explored. Instead, Bernard et al. 
(2009) aim to produce a sub-optimal subset of trees that can outperform this forest. To search 
for the sub-optimal subset of trees, the well-known ensemble selection algorithms, SFS 
(Sequential Forward Selection), and SBS (Sequential Backward Selection) are used. SFS and 
SBS are known to be sub-optimal because they work in a sequential manner which makes 
each iteration depends on the previous one, and finally, not all the possible solutions are 
explored.  
 
SFS and SBS iteratively build the sub-forest from the original forest according to the selection 
criterion. In SFS, at each iteration, one tree is added to the sub-forest and the tree that 
optimizes the performance of the sub-forest will be included. In SBS, at each iteration, a tree 
can be removed from the forest if its removal does not affect the overall accuracy.  
 
In SFS, the sub-forest S is initialized to an empty set, and the algorithm, at each iteration, 
attaches to S the tree 𝑡 ∈ 𝑅𝐹\𝑆 that optimizes an evaluation function E. By using the 
selection criterion, the evaluation function evaluates the addition of a tree t to S based on its 
performance on a validation set V. A validation set is a part of the original dataset that is held 
out during the training stage. Algorithm 3.1 shows the SFS method in pseudocode.  
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 Algorithm 3.1: The Sequential Forward Selection (SFS) method in pseudocode. 

In SBS, the sub-forest S is initialized to the complete forest RF, and the algorithm at each 
iteration, removes from S the tree 𝑡 ∈ 𝑅𝐹 that optimizes an evaluation function E. By using 
the selection criterion, the evaluation function evaluates the removal of a tree t from S based 
on its performance on the validation-set V. Algorithm 3.2 shows the SBS method in 
pseudocode.  

Algorithm 3.2: The Sequential Backward Selection (SBS) method in pseudocode. 

 

An example of how SFS works can be found in Figure 3.1, while Figure 3.2 demonstrates the 
way SBS works.  

 

Input: ensemble of trees (RF), selection criteria (C) and validation-set (V).  
1. S = {}  
2. L = RF.size() 
3. for i to L do 

a. 𝑡 = arg 𝑚𝑎𝑥𝑡∈𝑅𝐹\𝑆  𝐸(𝑆, 𝐶, 𝑉) 
b. 𝑆 = 𝑆 ∪ {𝑡} 

4. Return S 
Output: subset of trees.  
  
  

Input: ensemble of trees (RF), selection criteria (C) and validation-set (V).  
1. S = RF 
2. L = RF.size() 
3. for i to L do 

a. 𝑡 = arg 𝑚𝑎𝑥𝑡∈𝑆  𝐸(𝑆, 𝐶, 𝑉) 
b. 𝑆 = 𝑆\{𝑡} 

4. Return S 
Output: subset of trees.  
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 Figure 3.1: An example of how the Sequential Forward Selection (SFS) works. 

 
 Figure 3.2: An example of how the Sequential Backward Selection (SBS) works. 

We used almost the same approach suggested by (Bernard et al., 2009), except for the 
selection criterion. They used a criterion that was aimed for classification problems. Since we 
were working on a regression problem, it was a necessity to find another criterion that was 
suitable for regression. To overcome the limitation in Brenard’s et al. (2009) work, we 
followed the selection criterion used in (Partalas et al., 2008), which was based on MSE. The 
part of the code that we changed in this work is line 3.a in both Algorithm 3.1 and Algorithm 
3.2. 
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3.2.2 Cluster based post-pruning 

The next post-pruning technique that we will discuss in this thesis is the one suggested by 
(Fawagreh et al., 2015).  Since it uses a clustering algorithm to simplify the RF-models, it has 
been categorized as cluster based.  
 
The main idea behind this work is to investigate how data clustering can be applied to find 
clusters of similar trees in RF-models to remove redundant trees by selecting a representative 
tree from each cluster. By combining these likely diverse trees, the goal is to produce a sub-
forest that is much smaller in size than the original RF, and that performs at least as good as 
the original RF.  
 
According to (Fawagreh et al., 2015), clustering attempts to organize objects into clusters 
whose members are similar. They define a cluster as a collection of objects which are similar 
between them by a measure (in this instance: MSE). To cluster the trees, the popular K-means 
algorithm is used (Cam and Neyman, 1967). The K-means algorithm works as shown in 
Algorithm 3.3.  

Algorithm 3.3: The K-means algorithm in pseudocode. 

As stated earlier in this section, the principle of Fawagreh’s et al. (2015) work is to apply the 
clustering based technique to produce diverse clusters of trees. Their approach works as 
follows: let the trees in the RF be denoted by the vector 𝑅𝐹 = (𝑇1, 𝑇2, ⋯ , 𝑇𝑛), where n is the 
number of trees in the RF, and let the training set be denoted by 𝑆 = (𝑟1, 𝑟2, ⋯ , 𝑟𝑚), where m 
is the number of instances in the training set. Each tree in the RF is asked to predict the target 
value in each instance in the training set. Let also 𝐶(𝑇𝑖, 𝑆) = (𝑝𝑖1, 𝑝𝑖2, ⋯ , 𝑝𝑖𝑚) denote the 
vector of target values obtained after having 𝑇𝑖 predicted the training set S. Now, the MSE 
value for each 𝐶(𝑇𝑖, 𝑆) can be calculated, which we denote as 𝐸(𝑇𝑖, 𝑀𝑆𝐸). That is, each tree 
in the RF is associated with its MSE value. After having each tree 𝑇𝑖 predicted the training 
instances, there will be a super vector of the shape 𝛽 =

((𝑇1, 𝑀𝑆𝐸1), (𝑇2, 𝑀𝑆𝐸2), ⋯ , (𝑇𝑛, 𝑀𝑆𝐸𝑛)). This vector is then fed as input to the K-means 
algorithm. When clustering is completed, we will have a number of clusters, where each 
cluster contains trees that are similar between them and dissimilar to the trees belonging to 

Input: T and k, where T is an ensemble of trees and k is the number of clusters to create. 
1. Select k cluster centres (centroids) from T at random. 
2. Calculate the distance (e.g. Euclidean) between each tree in T and the centroids.   
3. The tree is assigned to the cluster with minimum distance, i.e. nearest cluster. 
4. Recalculate the new centroids using: 

𝑐𝑛𝑒𝑤 =
1

𝑐𝑖
∑ 𝑥𝑖

𝑐𝑖
𝑖=1 , where 𝑐𝑛𝑒𝑤 is the new centroid, 𝑐𝑖 is the number of trees in 

𝑖𝑡ℎ cluster, and 𝑥𝑖 is the current tree in the cluster. 
5. Recalculate the distance between each tree and the new centroids. 
6. If no tree changes its cluster, i.e. if no tree is reassigned to another cluster. Repeat 

from step 3.   
7. Return k clusters. 

Output: k-clusters.  
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other clusters. Since it is a regression problem, it is of importance to note that we used the 
value of MSE to both measure the similarity between trees and cluster them. This meant that 
trees with similar MSE values were likely to fall in the same cluster. To create the simplified 
RF-model, we selected a representative tree from each cluster. The tree to be selected was the 
tree with lowest MSE. A low MSE value indicate a better performance. The cluster based 
technique is summarized in Figure 3.3.  
 
The issue with the K-means algorithm was the choice of its centroids (centre point of a 
cluster). Since the centroids were selected at random, there was no guarantee that these 
centroids would be well distributed over the input interval, i.e. the centroids would not cover 
the entire input interval. If the distances between the centroids selected were short, we might 
end up with clusters that were near to each other, resulting in trees with similar attributes. To 
avoid this problem, in our thesis we extended the approach suggested by (Fawagreh et al., 
2015). Instead of using K-means, we used the K-means++ algorithm (Arthur and 
Vassilvitskii, 2007).  The K-means++ algorithm ensured that the initial centroids were seeded 
in such a way that did not clump them together in space, which resulted in clusters that were 
far from each other. The part of the code that we extended, by following Aruthur’s et al. 
(2007) approach, was line 1 in Algorithm 3.3. Let 𝑋 denote the input interval and 𝐷(𝑥) 
denote the shortest distance from a data point to the closest centroid that already has been 
selected, then K-means++ works as follows: 

1a. Select one centroid  𝑐1, chosen uniformly at random from 𝑋. 
1b. Select a new centroid 𝑐𝑖, chosen 𝑥 ∈ 𝑋 with probability 𝐷(𝑥)2

∑ 𝐷(𝑥)2
𝑥∈𝑋

 
1c. Repeat step 1b. until k centroids are selected.  

Once all centroids are selected, we can proceed with the standard K-mean algorithm described 
in Algorithm 3.3.  
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Figure 3.3: The cluster based approach. 

3.2.3 Ranking based post-pruning 

The third post-pruning technique to be discussed in this thesis is known as the ranking based 
technique  (Fawagreh et al., 2016).  The reason why this approach has been categorized as 
ranking based because it uses a ranking algorithm to rank the trees in an RF. Highly ranked 
trees are then selected to form the simplified model.  
 
Fawagreh et al. (2016) argue that an ensemble tends to achieve better results when there is a 
significant diversity among its individual members. Taking this fact into account, the 
objective of their paper is twofold. First, the paper investigates if an unsupervised learning 
technique, namely, Local Outlier Factor (LOF) can be used to identify diverse trees in RF. 
Second, trees with highest LOF scores are then used to build the simplified RF-model.  
 
The LOF algorithm was developed by (Breunig, Kriegel, Ng, and Sander, 2000) to measure 
the outlierness of an object. Each object is assigned a LOF value. The higher the LOF value 
is, the more isolated the object is with respect to its neighbours. LOF is considered as an 
anomaly detection technique. The LOF algorithm is easiest described by (Alshawabkeh, Jang, 
and Kaeli, 2010) and the steps of the LOF algorithm can be found in Algorithm 3.4. 
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Algorithm 3.4: The Local Outlier Factor (LOF) algorithm in pseudocode 

Let the trees in the RF be denoted by the vector 𝑅𝐹 = (𝑇1, 𝑇2, ⋯ , 𝑇𝑛), where n is the number 
of trees in the RF, and let the training set be denoted by 𝑆 = (𝑟1, 𝑟2, ⋯ , 𝑟𝑚), where m is the 
number of instances in the training set. Each tree in the RF is asked to predict the target value 
in each instance in the training set. Let also 𝐶(𝑇𝑖, 𝑆) = (𝑝𝑖1, 𝑝𝑖2, ⋯ , 𝑝𝑖𝑚) denote the vector of 
target values obtained after having 𝑇𝑖 predicted the training set S. Now, the MSE for each 
𝐶(𝑇𝑖, 𝑆) can be calculated, which we denote as 𝐸(𝑇𝑖, 𝑀𝑆𝐸). That is, each tree in the RF is 
associated with its MSE value. After having each tree 𝑇𝑖 predicted the training instance, there 
will be a super vector of the shape 𝛽 = ((𝑇1, 𝑀𝑆𝐸1), (𝑇2, 𝑀𝑆𝐸2), ⋯ , (𝑇𝑛, 𝑀𝑆𝐸𝑛)). This vector 
is then fed as input to the LOF algorithm. The LOF algorithm will then assign each tree an 
LOF value which indicates the degree of its outlierness. The top k (a user-defined positive 
integer) trees are then chosen to produce the simplified RF-model. Figure 3.4 demonstrates 
the idea behind the ranking based technique.  

Let p, q, and o be some objects in a dataset D, and k be any positive integer. The distance 
function (e.g. Euclidean distance) 𝑑(𝑞, 𝑝) denote the distance between objects q and p.   
 

1. Compute the k-distance of p. 
a. The k-distance of p is the distance to its k-th nearest neighbour.  

2. Find the k-distance neighbourhood of p (𝑁𝑘(𝑝)) 
a. The k-distance neighbourhood of p contains every object whose distance to 

p is less than the k-distance.  
3. Compute the reachability distance of p with respect to object o. 

a. The reachability distance of object p with respect to object o is defined as: 
i. 𝑟𝑒𝑎𝑐ℎ_𝑑𝑖𝑠𝑡𝑘(𝑝, 𝑜) = max {k-distance(o), d(p, o)}, where d(p, o) is 

the distance between p and o. 
4. Compute the local reachability density of p.  

a. The local reachability density of p is the inverse of the average reachability 
distance from k-nearest neighbours of p.  

i. 𝑙𝑟𝑑𝑘(𝑝) = [
∑ 𝑟𝑒𝑎𝑐ℎ_𝑑𝑖𝑠𝑡𝑘(𝑝,𝑜)o ∈ 𝑁𝑘(𝑝)

|𝑁𝑘(𝑝)|
]

−1

 
5. Compute the local outlier factor of p. 

a. 𝐿𝑂𝐹(𝑝) is the average ratios of the local reachability density of p and that 
of p’s k-nearest neighbours.    

i. 𝐿𝑂𝐹(𝑝) =
∑

𝑙𝑟𝑑𝑘(𝑜)

𝑙𝑟𝑑𝑘(𝑝)𝑜 ∈ 𝑁𝑘(𝑝)

|𝑁𝑘(𝑝)|
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Figure 3.4: The ranking based approach. 

3.2.4 Rule based post-pruning 

The fourth and last post-pruning method that we will cover in this thesis uses rules instead of 
trees to solve the interpretability problem. The technique suggested by (Mashayekhi and Gras, 
2015) uses rule extraction. Since one rule is created for each path from the root node to the 
leaf node in a decision tree, Mashayekhi’s et al. (2015) approach utilizes the strong 
relationship between rule structure and tree structure to perform the simplification.  

Mashayekhi et al. (2015) discuss the possibility to transform the hypothesis generated by RF 
into a more interpretable representation. According to them, one way to obtain a simple and 
transparent model is to induce rules directly from the training set. However, another way is to 
take advantage of the good performance of the existing black-box models such as RF and 
generate rules based on them. The process of generating rules from opaque models such as RF 
is referred to as rule extraction.   

The algorithm suggested by (Mashayekhi et al., 2015) is called RF-HC which stands for 
Random Forests and Hill Climbing. The pseudocode for the RF-HC algorithm can be found in 
Algorithm 3.5. The algorithm consists of three parts: In the first part, an RF is constructed and 
all rules in the RF are extracted into a set. The second part of the algorithm computes the 
score of all rules based on their coverage and accuracy. A rule covers an instance if the 
instance fulfils the conditions of that rule (Mashayekhi et al., 2015). The results are stored in a 
matrix that shows which rule cover each instance and its corresponding target value. 
Afterward, each rule is assigned a score in order to control the rule selection process which is 
based on two factors, accuracy, and coverage. They use Equation (3.1) to compute the score 
of each rule. 
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Algorithm 3.5: The RF-HC algorithm in pseudocode. 

𝑟𝑢𝑙𝑒𝑆𝑐𝑜𝑟𝑒 =  
𝑐𝑐−𝑖𝑐

𝑐𝑐+𝑖𝑐
+  

𝑐𝑐

𝑖𝑐+𝑘
     (3.1) 

In this equation, cc (correct classification) is the number of instances that are covered and 
correctly classified by the rule. Variable ic (incorrect classification) is the number of 
incorrectly classified instances that are covered by the rule. Finally, k is a predefined positive 
integer that is used to avoid denominator becoming zero. The third and last part of the 
algorithm uses a fitness proportionate selection method x times to generate an initial rule set S 
with a probability to select a rule proportional to its score. In order to search the RF rules 
space, a heuristic search algorithm named random-restart stochastic Hill Climbing, is used. 
For more information about the implementation of the random-restart stochastic Hill 
Climbing, the reader is referred to (Doost and Melis, 2010).  The HC algorithm searches for 
the best neighbour, the one with highest/lowest score, of the current location based on 
Equation (3.1) in the search space and by adding or removing one rule from the current rule 
set. For adding or removing one rule, the same fitness proportionate selection method that was 
employed for creating S is used. The HC algorithm is executed max-iterations times.  

The issue with the rule extraction method described in this section is that it is aimed for 
classification problems. To make this approach applicable to regression problems, we had to 
change Equation (3.1). For simplicity’s sake, we defined a rule score Equation (3.2) that could 
work with regression problems, but it is possible to change this equation in future research.  

𝑟𝑢𝑙𝑒𝑆𝑐𝑜𝑟𝑒 = 𝑀𝑆𝐸 − 𝑅𝐶 + 𝑅𝐿      (3.2) 

 

Input: train-set, number-of-rules, number-of-trees, max-iterations 
1. From train-set create a forest of size number-of-trees. 
2. Extract all rules from the forest into a set L. 
3. Compute rules coverage: 

a. For each instance in train-set. 
i. If a rule in L matches an instance. 

1. Store the target value of both the instance and the rule. 
4. Compute the score of each rule according to Equation 3.2.  
5. Use a fitness proportionate selection method to generate an initial rule set S of size 

number-of-rules. 
6. Create an empty rule set H. 
7. To search for the best set of rules, Hill Climbing algorithm is executed max-

iterations times. 
a. For each iteration in max-iterations 

i. Use Hill Climbing to search the rule set S 
1. The rule with highest/lowest score, of the current location is 

added to the rule set H.  
Output: rule set H. 
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The variable MSE is the mean squared error for each rule. The variable RC is the number of 
instances covered by the rule, the higher the number the better. The variable RL is the number 
of antecedents or conditions in each rule, the lower the better. Rules with a low score are 
more likely to be selected. 

3.3 Evaluation 
In this section, we discuss how both the original RF models and the simplified models were 
evaluated. We also introduce the concept of parameter tuning. In addition, this section will 
also highlight the datasets used to conduct the experiments and how these datasets were 
prepared or pre-processed to achieve higher performances.  
  

3.3.1 Datasets 

We used 5 datasets with various characteristics in terms of the number of features and the 
number of instances to observe how the performance of the selected post-pruning techniques 
vary depending on the type of the dataset. All datasets were taken from UCI machine learning 
repository (Lichman, 2013).  

UCI datasets are widely used in the research community and the majority of ML researchers 
refer to UCI datasets in their articles. There were two factors that determined the choice of our 
datasets. The first factor was the size of the dataset. Larger datasets were excluded due to 
limitations of computational power. Even small datasets were excluded. The second factor 
was the lack of information about the datasets. Datasets that lacked basic information such as 
the target variable were not taken. Datasets that required a large effort to be pre-processed 
were also excluded. Table 3.2 shows the characteristics of each dataset. 

Dataset Task Number of 
features 

Number of 
instances 

Missing 
values 

Boston Housing Regression 14 506 No 
Student Performance Math (SPM) Regression 33 397 No 

Auto MPG Regression 8 398 Yes 
SML2010 Regression 24 4137 Yes 
Wiki4HE Regression 53 913 Yes 

Table 3.2: The characteristics of the datasets used in this report. 

Since some of our datasets contained missing values, it was advisable to first clean the 
datasets by imputing the missing values before using them. By missing values, we mean 
instances that lack a value at a specific feature. Missing values can occur because of 
nonresponse. For example, a respondent does not provide a response to a certain question due 
to stress or lack of knowledge.  

If the missing values are not properly handled, then we may end up drawing inaccurate 
conclusions about the data. It is, therefore, of high importance to clean the data before using it 
to build the RF-models. To solve the missing values problem, we used a simple method 
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named, column-mean imputation (Engels and Diehr, 2003). Column-mean imputation means 
that a missing value can be replaced by the average value for that particular column.   
 
Another issue that we faced, was categorical values. Some of our datasets such as, Student 
Performance Math (SPM), contained values that were categorical, for example: school name, 
and address. The RF algorithm implementation from the Scikit-learn package does not 
provide support for categorical values. Scikit-learn’s version of RF supports only integral real 
values1. To overcome this limitation of the Scikit-learn implementation, label encoding2 was 
used. Label encoding transforms a categorical or string value to a numeric value.  
 

3.3.2 Parameter Tuning 

By parameter tuning, we mean the process of selecting the best combination of parameters 
that provide the maximal performance. Breiman (2001) states that there are two parameters 
that RF is sensitive for. The first tuning parameter is the number of trees that is used to build 
the forest. The second tuning parameter is the number of features to consider at each node 
split (mtry). According to (Goldstein, Hubbard, Cutler, and Barcellos, 2010), mtry controls the 
bias-variance trade-off. Goldstein et al. (2010) mean that when searching for fewer features 
per node may produce less correlated trees which will lead to a reduction in the overall 
variance of the prediction. This will, however, also reduce the accuracy of each individual 
tree, increasing the bias. To avoid the bias-variance dilemma, Breiman (2001) suggested 
choosing the 𝑖𝑛𝑡 (log2(𝑛) + 1) of the number of features (n) per node split.  
 
To determine the best possible combination of parameters, we searched over a larger range of 
values for the mtry parameter. The mtry values that we used were: i) 𝑚𝑡𝑟𝑦 = 1, 𝑚𝑡𝑟𝑦 =

0.3𝑛, 𝑚𝑡𝑟𝑦 = 0.5𝑛, 𝑚𝑡𝑟𝑦 =  √𝑛,  𝑚𝑡𝑟𝑦 = 2√𝑛, 𝑚𝑡𝑟𝑦 = log2(𝑛), and 𝑚𝑡𝑟𝑦 = log2(𝑛) +

1, where n is the total number of features. 
 
There is no standard rule for selecting the number of trees to grow. Goldstein et al. (2010) 
increase the number of trees until a certain criterion stabilizes. In their case, the used OOB 
error as a stopping criterion. OOB is an internal feature in RF and refers to out-of-bag 
samples. An OOB data are data that have not been used during the tree building (Breiman, 
2001). 
 
Due to the limitation of computational power, we limited the number of trees to 150 trees. We 
increased the number of trees by teen until we reached the maximum number of trees which 
was 150 trees in our case. Using 10-fold cross-validation, this process was repeated 10 times, 
where at each iteration the parameter combination selected was trained on 9 folds and tested 
on 1. The best possible parameter combination was the one that gave the least MSE. The 
figures 3.5-3.9 show the best parameter combination for each dataset.  
 
                                                 
1 http://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.OneHotEncoder.html  
2 http://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.LabelEncoder.html 

http://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.OneHotEncoder.html
http://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.LabelEncoder.html
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Figure 3.5: The best RF parameter combination for the Boston Housing dataset, using 10-

fold cross-validation. 

 
Figure 3.6: The best RF parameter combination for the SPM dataset, using 10-fold cross-

validation. 

 
Figure 3.7: The best RF parameter combination for the Auto MPG dataset, using 10-fold 

cross-validation. 
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Figure 3.8: The best RF parameter combination for the SML2010 dataset, using 10-fold 

cross-validation. 

 
Figure 3.9: The best RF parameter combination for the Wiki4HE dataset, using 10-fold cross-

validation. 
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It is also of importance to ensure that the post-pruning techniques are well tuned before 
conducting the experiments. 
 
An advantage of the search based technique is that there are no user defined parameters which 
means that there is no need to perform parameter tuning. In contrast, the number-of-clusters 
parameter in the cluster based technique is user defined.  In their article, Fawagreh et al. 
(2015) propose a method to choose the value of the number-of-clusters parameter. They 
define it as a multiple of 5 in the range 5 to 40. We followed the same approach except for the 
upper bound, i.e. 40. We defined it as 𝑘 = 𝑛 − 5, when n is the number of trees in the original 
model. This decision allowed us to study the performance of different cluster sizes over a 
larger interval. The reason why k was not set to n, i.e. 𝑘 = 𝑛, was because we could then end 
up with a number of clusters that was equal to the size of the original forest. Since we selected 
one tree from each cluster, this could mean that we would pick the same trees, even after the 
simplification was performed. To select the most appropriate number of clusters, 10-fold 
cross-validation was used. At each iteration, each number of clusters was trained on 9 folds 
and tested on 1. This process was repeated 10 times for each number of clusters. The number 
of clusters to be selected was the one with the least MSE. The figures 3.10-3.14 illustrate the 
most appropriate number of clusters for each dataset.  
 
On the other hand, the ranking based method contains two user-defined parameters. The first 
parameter is the final number of trees to be selected after having LOF algorithm ranked each 
tree. The second parameter is the k nearest neighbours (k). The k parameter defines the 
number of neighbours to be considered when calculating the LOF value of each tree. To 
determine the number of clusters, the same approach as in the cluster based method was used. 
For the k parameter, Breunig et al. (2000) have proposed a method to determine its value. 
They recommend choosing a minimum k and a maximum k. The LOF value is calculated over 
each k in that range. For k-minimum, Breunig et al. (2000) recommend picking a value in the 
range 10 to 20. According to Breunig et al. (2000), the value of k-maximum is application-
dependent, but they mean that a good value of k-maximum can be either less or larger than 
35, depending on how the size of the cluster is defined. In this thesis, we limited the value of 
k-maximum to 35.  
 
To determine the best parameter combination for each dataset, we used grid search with 10-
fold cross-validation. The value of the final number of trees parameter was in the range 
{5, 𝑛 − 5} while the value of the k nearest neighbour parameter was in the range {10, 35}. 
Grid search means that each element in the first range is compared to all the elements in the 
second range. The parameter combination with the least MSE was chosen. The different 
parameter combinations for the ranking based method can be found in Table 3.1. 
  
For the rule based post-pruning technique, there are only two user-defined parameters. The 
first is the number of rules to extract from the entire forest. Due to the limitation of 
computational power, the number of rules to be extracted was in the range 
{100, 1000, 2000, 3000}. The second parameter is the max-iterations parameter which 
specifies the number of iterations that the Hill Climbing algorithm needs to run to search for 
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the best rules. According to (Mashayekhi & Gras, 2015), an acceptable value for the max-
iterations parameter is 500.    
 

 
Figure 3.10: The bar with least MSE indicates the most appropriate number of clusters for 

the Boston Housing dataset. 

 
Figure 3.11: The bar with least MSE indicates the most appropriate number of clusters for 

the SPM dataset. 
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Figure 3.12: The bar with least MSE indicates the most appropriate number of clusters for 

the Boston Housing dataset. 

 
Figure 3.13: The bar with least MSE indicates the most appropriate number of clusters for 

the SML2010 dataset. 

 
Figure 3.14: The bar with least MSE indicates the most appropriate number of clusters for 

the Wiki4HE dataset. 
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Dataset Number of trees K-nearest neighbours MSE 
Boston Housing 20 19 19.484 

Student Performance Math (SPM) 25 10 3.215 
Auto MPG 50 20 8.709 
SML2010 20 18 5.801 
Wiki4HE 35 30 1.509 

Table 3.1: This table shows the different parameter combinations for the ranking based 
technique, after having used grid search.  

3.3.3 Interpretability 

According to the literature, the measuring and evaluation of the interpretability of ML-models 
are often necessary (Bibal and Frénay, 2016). Bibal and Frénay (2016) mean that finding a 
way to measure interpretability is challenging due to its subjective nature. To the best of our 
knowledge, the task of evaluating the interpretability of a model is application-dependent, 
which means that it can exist several ways to represent a model and measure its 
interpretability. One type of representations is rule representation (Huysmans, Dejaeger, 
Mues, Vanthienen, and Baesens, 2011). According to Huysmans et al. (2011), if 
interpretability is the main requirement, ‘if-then’ rules are often the preferred choice as they 
should offer the required level of interpretability. By following the conditions in a rule, one 
can interpret which variables affect the prediction result and in which way. It is for this reason 
that we have chosen to use rule representation to measure the interpretability in this thesis. 
Another reason for choosing the rule representation is the strong relationship between 
decision trees and rules. A rule can be derived from a decision tree by following the path from 
the root node to a leaf node. Thus, a decision tree can generate a large number of ‘if-then’ 
rules. Using the rule based technique, we will transform the RF-model into a rule based 
model. This is done by extracting all the rules in each tree in the RF-model.  
 
In this thesis, we say that a simplified model is more interpretable than the original model if: 

Definition1: The total number of conditions in all rules in the simplified model is less 
than the total number of conditions in all rules in the original model (Chorowski, 
2012). 

Definition 2: The average number of conditions in a single rule in the simplified model 
is less than the average number of conditions in a single rule in the original model 
(Freitas, 2014). 

In addition to interpretability, it is of importance to ensure the quality of the extracted rules. 
It’s not sufficient to only extract simple rules. The extracted rules need to demonstrate an 
acceptable performance. For this reason, Definition 3 and 4 are introduced. Huysmans, 
Baesens, and Vanthienen (2006) discuss two important aspects that contribute to the aspect of 
rule quality, accuracy, and fidelity.  

 

Definition 3: The concept of accuracy describes whether the extracted rules can make 
correct predictions for previously unseen test instances.  
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Definition 4: The concept of fidelity measures the ability of the extracted rules to 
mimic the behaviour of the model from which they were extracted. 

 

Definitions 1 and 2 give us a solid metric to measure the interpretability of the extracted 
model while definitions 3 and 4 are used to ensure the quality of the model/rules extracted 
with the help of definitions 1 and 2. 

3.4 Experimental Setup 
In this section, we will describe how the experiments were conducted and the tools used to 
implement the different post-pruning techniques.  
 
The programming language used was Python, because it provides a wide range of ML 
libraries and tools which provide both basic and advanced functionalities. Since we focused 
on post-pruning techniques in this thesis, the next step was to simplify already pre-trained RF-
models. This meant that there was no need to implement a customized version of the RF-
algorithm. Instead, we used the RF algorithm implemented by the open source library, Scikit-
learn3. 

3.4.1 Experiments and model evaluation 

Using the configuration obtained from section 3.3.2, we experimented with five datasets that 
were produced from the pre-processing step in section 3.3.1. To achieve a better 
generalization performance, each dataset was partitioned using the k-fold cross-validation 
method, where k was set to 10. In total, we performed two experiments. 
 
The objective of the first experiment was to determine which of the following three 
techniques: search based, cluster based, and ranking based could provide the smallest RF-
model without affecting the prediction accuracy. To determine the most suitable technique 
and whether there exists a significant difference in predictive performance between the 
compared techniques, we defined the following null hypothesis: 

𝐻0 = 𝑡ℎ𝑒𝑟𝑒 𝑖𝑠 𝑛𝑜 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑖𝑛 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑣𝑒 𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑡ℎ𝑒 𝑐𝑜𝑚𝑝𝑎𝑟𝑒𝑑 𝑡𝑒𝑐ℎ𝑛𝑖𝑞𝑢𝑒𝑠. 

Since testing the null hypothesis involves the comparison of more than two techniques on 
multiple datasets, the Friedman test was used (Trawiński et al., 2012). The Friedman test is 
based on the average ranks of each technique rather than average performance. This means 
that the best performing technique is assigned the rank 1, the second best the rank 2, etc.  
 
The test statistic for the Friedman test is based on the Chi-squared distribution as defined in 
Equation (3.3), where n is the number of datasets, k is the number of techniques to be 
compared, and R is the total ranks for each technique. Furthermore, we performed the 
hypotheses testing at 𝛼 = 0.05 and with 𝑘 − 1 degrees of freedom.  

                                                 
3 http://scikit-learn.org/ 

http://scikit-learn.org/
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𝑋𝑟
2 =

12

𝑛𝑘(𝑘+1)
 ∑ 𝑅2 − 3𝑛(𝑘 + 1)    (3.3) 

To measure the performance of each technique, 10- fold cross-validation was used. In the 
cluster based and ranking based method, the evaluation method was straightforward. Having 
the dataset partitioned into 10 roughly equal-sized folds, for each iteration a new RF-model 
was both trained and simplified on 9 folds. The performances of both the simplified RF-
model and the original RF-model were then tested on the remaining fold. This process was 
repeated 10 times, for each fold. The final result was achieved by averaging the test results 
from the 10 iterations.  
 
Since the search based post-pruning technique requires an extra dataset, in addition to the 
training set and test set, to perform the simplification. The k-fold cross-validation method was 
modified. Having the dataset partitioned into 10 roughly equal-sized folds, 7-folds were used 
to train the RF-model, 2-folds were used to simplify the RF-model, and 1-fold was used to 
test the performances of the simplified RF-model and the original RF-model. This process 
was repeated 10 times, for each fold. The final result was achieved by averaging the test 
results from the 10 iterations.  
 
The process described above was repeated for each dataset. We call this process, experiment. 
To ensure quality and obtain correct and accurate results, each experiment was performed 10 
times and the results were averaged. In other words, each 10-fold cross-validation was 
repeated 10 times, i.e. 10 × (10-fold cross-validation).  
 
The purpose of the second experiment was to study the relationship between model accuracy, 
model size and model interpretability. In this thesis, the model accuracy is measured using 
MSE, while the size of a model is defined as the total number of trees in the RF-model. By 
utilizing the strong relationship between decision trees and decision rules, the interpretability 
of a model is measured according to Definition 1 and Definition 2 in Section 3.3.3.    
 
To measure and evaluate the performance of the extracted rules against the model from which 
they were extracted, 10-fold cross-validation was performed. Having the dataset partitioned 
into 10 roughly equal-sized folds, for each iteration a new RF-model was trained, transformed 
into a rule based model, and simplified using 9 folds. The performances of the original RF-
model, the original rule based model, and the simplified rule based model were tested on the 
remaining fold. This process was repeated 10 times, one time for each fold. The final result 
was achieved by averaging the test results from the 10 iterations. There were no guidelines on 
how large the simplified rule based model should be, i.e. the number of rules to be extracted. 
To overcome this problem, we used the following sizes: (100, 1000, 2000, and 3000). For 
each size, a 10-fold cross-validation was performed. 
 
Due to the limits of computing power and time constraints, the second experiment was only 
performed one time, i.e. each 10-fold cross-validation was used only once, i.e. 1 ×  (10-fold 

cross-validation). According to (Flach, 2012), it is still possible to achieve accurate results 
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even though 1 x 10-fold cross-validation method is used. It is of high importance to note that 
the dataset called SML2010 was not included in the second experiment due to limitations of 
computational power. In other words, in the second experiment, we only used four datasets.   
 
In chapter 3, we have provided an in-detail explanation of the main building blocks of the 
simplification techniques used in this thesis. This chapter has also discussed how both the 
original RF models and the simplified models were evaluated. We have also introduced the 
concept of parameter tuning. In this chapter, we have reviewed how the experiments were 
conducted and the tools used to implement the different post-pruning techniques. Finally, 
chapter 3 has highlighted the datasets that were used to conduct the experiments and how 
these datasets were pre-processed to achieve higher performances.  
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4. RESULTS 

This chapter presents the results of the experiments and the findings obtained from this thesis. 
This chapter is divided into two sections. The first section explains the results achieved from 
the first experiment while the second section presents the results obtained from the second 
experiment.  

4.1 Experiment 1  

Dataset RF  SFS SBS 
 N MSE SD N MSE SD N MSE SD 

Boston Housing 30 23.734 1.033 8 25.291 2.156 28 23.473 0.791 

SPM 30 3.563 0.106 11 4.127 0.414 28 3.579 0.076 

Auto MPG 90 11.614 0.277 12 11.095 0.754 87 11.391 0.175 

SML2010 80 5.276 0.068 14 5.505 0.152 79 5.280 0.075 

Wiki4HE 90 1.503 0.014 21 1.560 0.048 28 1.502 0.017 

Table 4.1: Performance comparison between the original RF, Sequential Forward Selection 
(SFS) and Sequential Backward Selection (SBS) on five data sets, where N refers to the 

number of trees, MSE to the Mean Squared Error, and SD to the Standard Deviation. The 
rows highlighted in boldface indicate the best performing model.  

Dataset RF Cluster based  Ranking based 
 N MSE SD N MSE SD N MSE SD 

Boston Housing 30 21.793 0.866 10 23.204 1.083 20 22.182 0.874 

SPM 30 3.555 0.163 15 3.645 0.240 25 3.565 0.128 

Auto MPG 90 9.223 0.147 60 9.333 0.241 50 9.350 0.208 

SML2010 80 5.999 0.043 30 6.061 0.053 20 6.137 0.069 

Wiki4HE 90 1.574 0.022 50 1.595 0.015 35 1.600 0.040 

Table 4.2: Performance comparison between the original RF, the cluster based, and the 
ranking based on five datasets, where N refers to the number of trees, MSE to the Mean 

Squared Error, and SD to the Standard Deviation. The rows highlighted in boldface indicate 
the best performing model.  

In Table 4.1, we present the number of trees (N), the Mean Squared Error (MSE), and the 
Standard Deviation (SD) for the original RF-model, the model simplified by the SFS 
technique, and the model simplified by the SBS technique. The original RF-model was 
trained on 7 folds and simplified on 2 folds. All three techniques were then tested on 1-fold. 
The results presented in Table 4.1 were collected from the testing phase.  The best performing 
model on each dataset is highlighted in boldface. Moreover, Table 4.2 shows the number of 
trees (N), Mean Squared Error (MSE), and the Standard Deviation (SD) for the original RF-
model, the model simplified by the cluster based technique, and the model simplified by the 
ranking based technique. The original model was trained on 9 folds and tested on 1-fold. The 
results presented in Table 4.2 were collected from the testing phase. The best performing 
model on each dataset is highlighted in boldface.  
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Dataset SFS SBS Cluster based Ranking based 
 MSE Rank MSE Rank MSE Rank MSE Rank 

Boston Housing 25.291 4 23.473 3 23.204 2 22.182 1 
SPM 4.127 4 3.579 2 3.645 3 3.565 1 

Auto MPG 11.095 3 11.391 4 9.333 1 9.350 2 

SML2010 5.505 2 5.280 1 6.061 3 6.137 4 
Wiki4HE 1.560 2 1.502 1 1.595 3 1.600 4 

  R=15  R=11  R=12  R=12 

Table 4.3: The MSE values from table 4.1 and 4.2 are summarized in this table. The ranks of 
each technique based on the MSE value are shown here. The best performing technique is 

assigned the rank 1, the second best the rank 2, etc. 

Table 4.3 shows the rank for each technique. The technique with the best performance was 
assigned the rank 1, the second best the rank 2, and so on. The null hypotheses 𝐻0 defined in 
Section 3.2.2 was tested using Friedman test. Performing the hypotheses testing at 𝛼 = 0.05 
and with 3 degrees of freedom and following the Chi-squared distribution, the critical value 
𝑋0.05

2  was 7.81. Using Equation (3.3), the calculated value of 𝑋𝑟
2 was 1.08. Since 𝑋𝑟

2 < 𝑋0.05
2  

we failed to reject the null hypotheses 𝐻0. The rejection of the null hypothesis 𝐻0 means that 
there is no significant difference in predictive performance between the investigated 
techniques. 

4.2 Experiment 2  

Dataset 100 1000 2000 3000 RF 
Boston Housing 645 / 6 6635 / 6 13537 / 6 20386 / 6 87478 / 10 (8245) 

SPM 2543 / 24 21726 / 21 50910 / 25 76562 / 25 87568 / 26 (3332) 
Auto MPG 614 / 6 5968 / 5 12416 / 6 19712 / 6 159266 / 9 (17549) 
Wiki4HE 855 / 8 8234 / 8 15815 / 7 23195 / 7 235588 /10 (22877) 

Table 4.4: This table provides information about the number of conditions extracted for a 
different number of rules (100, 1000, 2000, 3000, and the entire RF-model). Each cell, except 

the last column, shows ‘the total number of conditions in all rules / the average number of 
conditions per rule’. Each cell in the last column, RF, shows the total number of conditions in 
all rules / the average number of conditions per rule and (the total number of extracted rules).   

The results obtained from the second experiment are shown in Table 4.4. Recall from Section 
3.2.2, Interpretability. The interpretability is measured according to Definition 1 and 
Definition 2. For each dataset, predefined numbers of rules (100, 1000, 2000, 3000) were 
extracted. Each cell shows the total number of conditions in all rules and the average number 
of conditions per rule. The last column, RF, shows information about the rules extracted from 
the original RF-model. Each cell in the last column shows the total number of conditions in 
all rules, the average number of conditions per rule and the total number of rules extracted. 
The lower the number of conditions in the rule set and the average number of conditions per 
rule is, the more interpretable a model is. A low average number of conditions per rule 
indicates that the rule is short and therefore, is easy to understand and interpret.  
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As stated earlier in Section 3.2.2 (Definition 3 and Definition 4), one important aspect of 
interpretability is to ensure the quality of the extracted rules. To achieve this objective, we 
had to consider the importance of the trade-off between accuracy and interpretability. Having 
this aspect in mind, the aim of the second part of experiment 2 was to investigate the 
accuracy-interpretability trade-off. The figures 4.1-4.4 show the performances of each rule set 
(100, 1000, 2000, and 3000) on different datasets, where the performance was measured in 
terms of coverage. By coverage, we mean the ability of a rule set to cover/predict unseen data. 
The figures 4.1-4.4 also show how the quality of the models decreases when the number of 
rules also is decreased. This behaviour does not follow the requirements stated in Definition 3 
and Definition 4.   
 
Figure 4.1 shows the performance of each rule set on the Boston Housing dataset. The 
performance was measured in terms of coverage. The size of the test set was 50 instances. 
The first rule set which consisted of 100 rules could only cover 25 % of the test set. The 
second rule set (1000) could only cover 84% of the test set while for the remaining rule sets 
(2000) and (3000), we managed to achieve a coverage level of 93% and 98% respective.  
 
In Figure 4.2, the size of the test set was 50 instances. The first rule set (100) managed to 
cover 62% of the test set. The second rule set (1000) achieved a coverage level of 88%. The 
generalization performance of the last two rule sets (2000) and (3000) was optimal. Both rule 
sets had 100% coverage level, which meant that they were able to predict all instances in the 
test set. The same reasoning applies for the other two figures (4.3 and 4.4).  
 
Chapter 4 has presented the results and the findings of this thesis. The outcome of the first 
experiment showed that there was no significant difference in predictive performance between 
the compared techniques. The second part of this chapter has presented the results obtained 
from the second experiment which focused on measuring the interpretability of RF-models.  
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Figure 4.1: The performance of each rule set on the Boston Housing dataset. The x-axis 
shows the size of each rule set while the y-axis presents the coverage of the rule set in 

percentage. The size of the test set is 50 instances. 

Figure 4.2: The performance of each rule set on the SPM dataset. The x-axis shows the size of 
each rule set while the y-axis presents the coverage of the rule set in percentage. The size of 

the test set is 39 instances.  
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Figure 4.3: The performance of each rule set on the Auto MPG dataset. The x-axis shows the 
size of each rule set while the y-axis presents the coverage of the rule set in percentage. The 

size of the test set is 39 instances.  

 
Figure 4.4: The performance of each rule set on the Wiki4HE dataset. The x-axis shows the 
size of each rule set while the y-axis presents the coverage of the rule set in percentage. The 

size of the test set is 91 instances. 
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5. DISCUSSION 

This chapter provides an extensive discussion of the results obtained in the previous chapter. 
In this chapter, we will also state our interpretations and opinions about the research findings. 
 
To achieve the objectives of this thesis, two experiments were conducted. The aim of the first 
experiment was to determine which technique (search based, cluster based, or ranking based) 
was the most appropriate to use when simplifying an RF-model. To answer this question, each 
of these techniques was evaluated on different datasets. Having evaluated each technique, the 
next step was to test the null hypotheses 𝐻0 defined in Section 3.3.2 by using Friedman test. 

The results showed that we failed to reject the null hypothesis, i.e. there was no significant 
difference in predictive performance between the three post-pruning techniques. This also 
meant that none of the compared techniques could be considered as the most appropriate 
when simplifying RF-models. From Table 4.1 and Table 4.2, it can be shown that the 
performance of each post-pruning technique varies from one data set to another and there is 
no technique that is superior on all five datasets. We can, therefore, conclude that the choice 
of the simplification technique is highly dependent on the application area and the amount of 
training data available. If larger data sets are available, the search based method can be used. 
Since it requires an extra validation dataset to perform the simplification. On the other hand, 
both the cluster based method and the ranking based method can be considered if the amount 
of training data available is limited. Since they reuse the training data to perform the 
simplification and require no extra validation dataset to work.   

Based on Table 4.1, we notice that SFS algorithm is the post-pruning technique that leads to 
the largest reduction in the number of trees compared to SBS, at the expense of model 
accuracy. We can also observe that by using SBS, we were able to preserve an acceptable 
accuracy level compared to the level achieved by the original RF-model. The problem with 
SBS is that it does not lead to a significant reduction in the complexity of RF-models. In other 
words, the number of trees before and after the simplification is almost the same. We, 
therefore, conclude that the search direction (Forward or Backward) significantly affect the 
performance of the search based technique. The last point to observe is the reason why SBS 
manages to obtain a better accuracy level than SFS. This is because SBS considers the overall 
accuracy of the RF-model when removing weak trees, i.e. SBS identifies a critical point 
during the tree removal process in which the performance of the sub-forest deteriorates very 
quickly, while SFS only considers the accuracy level of a single tree during the selection 
process.  
 
The results presented in Table 4.2 show the inability of the cluster based method and ranking 
based method to produce simplified models that can outperform the original RF-model. The 
original RF-model had a better performance on all five data sets, even though a larger number 
of clusters was used. There are two reasons that explain this behaviour. First, when using an 
unsupervised method, clustering or ranking, we lose the possibility to consider the overall 
performance of the model on unseen data, i.e. there is no stopping criterion that tells us when 
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to break the simplification process. Second, the greatest strength of the cluster based and 
ranking based techniques lies on the diversity perspective of a model, i.e. the ability to 
produce highly diverse trees. In this work, we have assumed that trees with approximate MSE 
are considered similar. This assumption does not seem to hold and other factors such as tree 
depth and number of leaf nodes should also be considered when measuring the similarity of 
trees.  
 
From Table 4.2, one can also observe that there is no relationship between the number of 
clusters and the performance of the simplified model (MSE-value). In all datasets, we were 
able to find the optimal number of clusters and achieve an acceptable accuracy level before 
the maximum number of clusters was reached. The same reasoning applies for the ranking-
based method.  
 
In experiment 1, we have shown that there is no post-pruning technique (search-based, 
cluster-based, or ranking-based) that is superior on all datasets and the choice of the most 
suitable technique is highly dependent on the application area and the amount of the training 
data available. We have also demonstrated that it is possible to reduce the size of the RF-
model while keeping the prediction accuracy at a comparable level to that of the original 
model. Experiment 1 has also shown that it is possible to construct a highly accurate RF-
model using a smaller number of trees. Finally, we have shown that there often exists a subset 
of trees from the forest that outperform the full forest model constructed with a classical RF 
algorithm. 
 
Potential source of errors in experiment 1 
 
It is of importance to discuss the choice of number of folds and the way the datasets are 
partitioned. As discussed in chapter 3 and more in detail in section 4.1, the algorithms are 
trained and validated using datasets with different sizes (folds). The reason for this 
partitioning is because of the nature of the algorithms in question. The search based 
algorithms (SFS and SBS) require additional data to perform the simplification, while the 
cluster based and ranking based algorithms do not. This partitioning of the datasets may 
impact the results of experiment 1. One potential impact is that the search based models (SFS 
and SBS) are trained with less amount of data (7 folds) which may result in a less good model 
unlike the cluster based and ranking based models that uses a larger amount of data (9 folds). 
Therefore, it would be of interest to compare the results in this thesis with the results obtained 
from training models on the same amount of data. 
 
The goal of the second experiment was to investigate the relationship between model 
accuracy, model interpretability and model size. To address this problem, the rule based 
technique was applied on four different datasets. The task of finding a measure to evaluate the 
interpretability of RF-models is considered as laborious and challenging by the research 
community due to its subjective nature. To overcome this issue, we defined the 
interpretability of RF-models in terms of rules. In order to measure the interpretability of a 
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rule based model extracted from an RF-model, we followed two definitions. Recall from 
Section 3.2.2, the interpretability can be evaluated according to Definition 1 and Definition 2. 
 
Based on Table 4.4, it can be observed that we managed to transform opaque RF-models into 
more transparent rule based models. For the different number of rules (100, 1000, 2000, and 
3000), it can be seen that the rules extracted from the original RF-model fulfilled the 
requirements stated in Definition 1 and Definition 2. In other words, in each rule based model 
(100, 1000, 2000, and 3000), the total number of conditions in all rules and the average 
number of conditions per rule were less than those in the original RF-model. According to 
Table 4.4, the rule based models with the size of 100 are the most transparent and simple 
models. The more rules we added, the more the model interpretability degraded and the more 
the model complexity increased. We can, therefore, conclude that there exists a relationship 
between the model interpretability and the model size. A model is considered interpretable if 
it consists of a smaller number of rules and conditions while the interpretability of the model 
deteriorates if more rules are added.  
 
The figures 4.1-4.4 show the relationship between model size and model accuracy. Based on 
the information presented in these figures, it can be shown that there exists a strong 
correlation between the model accuracy and model size. The models consisting of 100 rules 
perform worst while the models consisting of 3000 rules perform best. The number of missing 
instances decreases if more rules are used. Therefore, our conclusion is that there exists a 
correlation between the model accuracy, model size and model interpretability. If the model 
size is decreased, the model interpretability is improved while the model accuracy is 
degraded. On the other hand, if the interpretability of a model is to be increased, we have then 
to sacrifice accuracy. Experiment 2 showed that there existed a relationship between model 
size, model interpretability and model accuracy. We have shown, at least for the studied 
settings, that the model interpretability is proportional to model accuracy, i.e. a change in 
model interpretability is accompanied by a change in the model accuracy.  
 
This chapter has discussed the results and finding of this thesis. In the beginning of this 
chapter, we have analysed the outcomes of the first experiment and the conclusion drawn is 
that the choice of the post-pruning technique is highly depending on the application area and 
the availability of training data. This chapter is ended by drawing the conclusion that the 
model interpretability is proportional to the model accuracy.  
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6. CONCLUSION 

In this thesis, we have investigated the problem of simplifying machine learning models 
generated by the RF algorithm. The objective was to examine the possibility to preserve the 
predictive accuracy achieved by the original model after the simplification is performed. To 
accomplish this objective, we have evaluated a set of state-of-the-art post-pruning techniques 
for the simplification task. Three of these techniques (search based, cluster based, and ranking 
based) were evaluated against each other in order to find the most suitable technique. The 
fourth post-pruning technique named, rule based, was applied to examine the relationship 
between model accuracy, model interpretability and model size. The main contribution of this 
thesis can be summarized as follows:  
 
First, some of the studies take model accuracy as the only criterion while other studies define 
model interpretability as their main measure. In this thesis, we have taken into consideration 
both criterions when investigating RF-models.  
 
Second, to the best of our knowledge, most of the available post-pruning approaches are 
designed to handle classification models. As stated in Section 2.5, methods that are successful 
for classification may not be directly applicable to regression problems. In this thesis, we have 
modified all post-pruning techniques to be applied to regression problems.  
 
Third, this thesis is the first available work that provides an extensive comparison of different 
post-pruning techniques for the RF algorithm for regression problems. 
 
In this thesis, we have shown that it is possible to reduce the size of a complex RF-model 
while preserving, if not improving, the accuracy of the original model. By building a well-
tuned RF-model, it is possible to find a subset of trees that can produce results that are 
comparable to the results obtained from the original model.  
 
We have also shown that there is no significant difference in predictive performance between 
the models generated by the search based, cluster based, and ranking based techniques. The 
choice of the most suitable post-pruning technique depends on the application area and the 
amount of training data available. If larger data sets are available, the search based method 
can be used. Since it requires an extra validation dataset to perform the simplification. On the 
other hand, both the cluster based technique and the ranking based techniques can be 
considered if the amount of training data available is limited.  
 
Finally, this work has evaluated the concept of model interpretability. Using a rule-based 
post-pruning technique, we have shown that model interpretability is proportional to model 
accuracy, at least for the studied settings. That is, a positive change in one variable is often 
accompanied by a negative change in the second variable.  
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7. RECOMMENDATIONS AND FUTURE WORK 

The aim of this chapter is to summarize the areas and possibilities for further research and 
future work which have been highlighted through this work.  
 
The idea behind the search based technique proposed by Bernard, Heutte and Adam (2009) is 
not to discover the optimal subset of trees in an ensemble of trees, but rather to investigate the 
extent to which the performance of an RF-model can be enhanced by removing some 
particular trees from the ensemble. Thus, the optimality of the algorithm used to select the 
individual trees is not a priority here. An interesting aspect would, therefore, be to apply other 
selection methods than SFS and SBS, i.e. selection methods that are known to provide the 
optimal solution. Examples of such techniques are the Branch and Bound method (Somol, 
Pudil, & Kittler, 2004), and the genetic algorithms (Hao, Liu, & Sako, 2003). The search 
based post-pruning technique requires an additional dataset called evaluation dataset in order 
to perform the simplification. A valuable perspective would be to observe the changing in 
performance for different sizes of the evaluation dataset. Recall from Section 3.2.1, the 
evaluation metric used in this thesis is performance based. MSE is an example of a 
performance based evaluation metric. It would be interesting to investigate other evaluation 
metrics, like diversity based metrics originally proposed in (Ueda & Nakano, 1996). Finally, 
Coelho and Zuben (2006) discuss the possibility to first sort the trees with respect to its 
performance on the validation set before selecting the trees to be included in the simplified 
model.   
 
On the other hand, the cluster based technique suggested by (Fawagreh et al., 2015) suffers 
from two major disadvantages. First, K-means algorithm is prone to converge to local minima 
(Coelho & Zuben, 2006). The second disadvantage is the need of a previously defined number 
of clusters. To avoid these limitations, it would be of importance to examine the possibility to 
apply an algorithm capable of automatically defining the number of clusters and more 
powerful in the exploration of the search space. Using ARIA (Adaptive Radius Immune 
Algorithm), which is a clustering algorithm proposed by (Bezerra, Barra, Castro, & Zuben, 
2005), the limitations in the K-means algorithm can be alleviated.  
 
For both the cluster based technique and the ranking based technique, the similarity measure 
used is based on the MSE of each tree. Trees with approximate MSE are considered similar. 
Using other similarity measures, like the ones discussed by Dutta (2009), it would be 
interesting to compare the results of different similarity measures to determine the one that 
yields better results. Another promising research direction would be to use the Tree Edit 
Distance (TED) metric as a way to compute the similarity between a pair of trees (Bille, 
2005). Bille (2009) defines TED as, them minimal cost sequence of edit operations that 
converts tree 𝑇1 into tree 𝑇2. 
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The rule based model proposed by Mashayekhi and Gras (2015) can be extended in several 
different directions in future research. One possible direction is to improve the rule score 
Equation (3.2) based on other metrics such as the number of features in the extracted rule set 
or the average number of rule conditions that were evaluated in the rule set in order to predict 
an instance. Yet another research direction is to investigate other heuristic search methods 
such as simulated annealing or tabu search.  
 
We end this chapter by discussing a possible future research direction for the interpretability 
aspect of RF-models. It would be interesting to apply the approach examined in (Huysmans et 
al., 2011) to the interpretability measures used in this thesis. The idea behind this approach is 
to conduct an empirical study (end-user experiment) to evaluate and measure the 
interpretability of different representation formats. To measure how interpretable a 
representation is, three elements are considered accuracy, answer time and answer confidence.  
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