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Abstract

Recent years have shown a tremendous increase in the application of Artificial Intelligence to the
field of radiology, often through the extraction and analysis of large numbers of quantitative features
from medical images. These applications increase the demand for machine learning models to
extract information from these images. To provide these models, improve their performance and
reduce the time that experts have to spend on manually tuning them, the field of Automated
Machine Learning (AutoML) aims to automate the design process of machine learning models by
optimizing the selection of algorithms and their hyperparameters for each application.

This work applies an AutoML approach to medical image classification, using a Bayesian
optimization strategy to automatically optimize the selection of preprocessing and classification
algorithms and their hyperparameters. Its performance is compared with the performance of
a random search optimization strategy, evaluated on three datasets from three different clinical
applications.

The results show that the Bayesian optimization and the random search return models that
achieve similar performance on the unseen test sets. We show that a random search with relatively
few evaluations and a simple ensemble strategy is sufficient to achieve performance comparable
to a more sophisticated and more computationally demanding Bayesian optimization approach,
therefore validating the use of a random search optimization strategy in this medical image
classification setting.

All found models generalize poorly, with average F1-scores on the validation sets used for
optimizing the models being at least 20% lower than the average F1-scores on the unseen test
sets. Finally, we further emphasize the difficulty to generalize in this setting, by showing that the
differences between subsets of the evaluated datasets are large and that increasing the computation
time of the optimization does not benefit the test set performance of the final solution.
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1
Introduction

Recent years have shown a tremendous increase in the application of Artificial Intelligence (AI) to
radiological images. One of the approaches that has gained momentum within this field is radiomics
[55]: the extraction and subsequent analysis of quantitative features from medical images [39].
Radiomics enables the use of machine learning models to extract information from these images
that is not discernible by visual inspection [67]. The main potential of this approach follows from
the hypothesis that — through recognition and classification of relevant parts of the images [74] —
the constructed models are able to provide valuable diagnostic or predictive information [38], hence
facilitating better clinical decision making [26].

The added value of radiomics for clinical decision making increases, when we are able to
use machine learning models with better performance on the classification task. However, the
performance of many machine learning methods is very sensitive to a great number of design
choices. It is therefore essential to find the right set of these choices when designing a machine
learning model for a particular dataset. Unfortunately, doing so requires expert knowledge, is hard
to reproduce, is time consuming and often of a trial-and-error nature [22]. In order to overcome
these problems, the field of Automated Machine Learning (AutoML) aims to automate the design
process of machine learning models and make decisions in an objective, data-driven way [34].

The Biomedical Imaging Group Rotterdam, at the department of Radiology and Nuclear
Medicine in the Erasmus Medical Center, is using an AutoML approach for radiomics: the Workflow
for Optimal Radiomics Classification (WORC) [58, 61]. WORC is a platform that executes all steps
in the radiomics pipeline, from image data to an optimized classification model, automatically.
WORC has been used successfully to find machine learning models for a variety of medical image
classification problems [59, 60, 68, 69].

For the algorithm selection and hyperparameter optimization, WORC currently employs a
random search strategy. Recently, however, the field of AutoML has seen great improvements in
the performance of the machine learning models found for a wide range of problems [72, 73].
This development, combined with empirical evidence that guided search methods are able to
outperform random search in AutoML problems [5, 6, 21, 52, 66, 71], introduces the hypothesis
that WORC’s current optimization strategy can be improved.

The first part of this work has been a literature search to determine the most appropriate
optimization method to apply to AutoML in radiomics, with Bayesian optimization coming out
as the most promising. The goal of this thesis is to compare the performance of Bayesian
optimization with the performance of random search on algorithm selection and hyperparameter
optimization for medical image classification, evaluated on three datasets from three different
clinical applications. Furthermore, we aim to compare the potential of ensembles constructed from
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2 1. Introduction

the models returned by these optimization methods. Therefore, we specify the comparison that is
central to this work in the following research questions:

1) How do Bayesian optimization and random search compare in terms of performance, when
given the same computational resources?

2) What is the effect of different ensemble methods on the final performance of both Bayesian
optimization and random search?

3) How do Bayesian optimization and random search compare in terms of consistency in a) their
performance and b) the type of models they return?

The main contribution of this work is then twofold:

• From a clinical perspective, the optimization strategy put forward in this work has the
potential to improve the performance of the machine learning models that are found using
AutoML in radiomics on a large number of datasets, hence directly impacting the value these
models can have for clinical practice.

• From a computer science perspective, the main contribution is the application of a Bayesian
optimization strategy for AutoML in radiomics and gather empirical data on its performance
compared to a random search strategy, as the application of AutoML in radiomics has not
been extensively studied.

The remainder of this work is structured as follows. First, Chapter 2 reports on the literature search
that was done to determine the optimization strategy. Then, Chapter 3 specifies the methods
used in this research. Chapter 4 describes the design of the experiments, the results of which
are presented in Chapter 5 and discussed in Chapter 6. Finally, Chapter 7 summarizes the most
important conclusions and presents directions for future work.



2
Literature search: determining the

optimization strategy

This chapter describes the literature search into the AutoML problem and the ways that have been
put forward to solve it. First, it presents the general AutoML optimization problem that we are
faced with in Section 2.1. Then, Section 2.2 provides an overview of the optimization methods that
have been put forward in literature to solve this problem. Section 2.3 subsequently compares these
methods and argues that Bayesian optimization is the most appropriate framework to apply. Finally,
Section 2.4 gives some background on the concept of Bayesian optimization and its most important
elements.

2.1. The general AutoML problem
The core practice of AutoML is to formulate (parts of) the design process of a machine learning
model as a single hyperparameter optimization problem and solve that automatically. Every
machine learning system has hyperparameters, so the most basic task in AutoML is to automatically
find the set of hyperparameters that optimizes the performance of the chosen model. See Feurer
and Hutter [22], Hutter et al. [33] and Luo [43] for overviews of automated hyperparameter
optimization.

This problem can be extended to also include the choice of learning algorithm in the automatic
optimization. This variant is known as Combined Algorithm Selection and Hyperparameter
optimization (CASH) [66]. The choice of learning algorithm is usually modeled as an additional,
categorical hyperparameter. The complexity of the optimization task is now increased, as we have
to deal with conditional variables in the search space, since the choice of algorithm determines
which of the hyperparameters are active in a particular configuration.

Finally, the Full Model Selection (FMS) [16, 20] problem includes the preprocessing steps —
common in any machine learning application — in the search as well. Preprocessing steps for
example include feature selection, dimensionality reduction, feature scaling and resampling. Most
of the popular AutoML systems extend beyond the CASH problem and solve some version of the
FMS problem, but the type and number of additional steps included in the optimization procedure
differ between applications.

There are several benefits to applying machine learning in an automated way [22]:

• AutoML can respond to the increasing availability of large amounts of data and the increasing
demand for machine learning applications. By greatly reducing the expert knowledge
required for applying machine learning, these methods can become more widely accessible.
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4 2. Literature search: determining the optimization strategy

• AutoML can reduce the valuable time that current experts have to spend on manually tuning
models.

• AutoML has the potential to improve the final performance of these models, by more
effectively optimizing the selection of algorithms and hyperparameters for the application.

• AutoML can benefit the reproducibility of machine learning studies, by standardizing the
approach to designing the models.

2.2. Overview of optimization strategies
This section identifies a number of strategies that can be used to solve the problem of automatic
algorithm selection and hyperparameter optimization. We do not know the objective function we
are optimizing; we can only observe the output of the function when we evaluate a specific input
configuration. This type of optimization is known as blackbox optimization. There are a number of
more detailed reviews of the current AutoML practice available with regards to optimization [33, 34,
43, 72, 73].

The first and most basic automated optimization strategy that can replace manual search is grid
search. The procedure involves specifying a finite set of values for each variable and then evaluating
all possible combinations of these values.

Random search instead creates input configurations by sampling randomly from a predefined
distribution of values for each variable. This randomly sampled configuration is evaluated, after
which the procedure is repeated a fixed number of times to traverse the search space.

Grid search and random search are not influenced by the results of the function evaluations
during the optimization, as opposed to guided search methods. A branch of guided optimization
strategies that has been successfully applied to AutoML problems is that of population based
methods, which includes evolutionary algorithms. The most prominent examples are: particle
swarm optimization (PSO) [20], where solutions move around the search space influenced by the
local and global best solutions; and covariance matrix adaptation evolution strategy (CMA-ES) [29]
and genetic programming [3], where both methods follow the general principle of evolutionary
algorithms that revolves around the repeated application of variation and selection within the
population of solutions.

The most commonly applied blackbox optimization method for AutoML in recent years is
Sequential Model-Based Optimization (SMBO), specifically applying the Bayesian optimization
framework [2, 53, 72, 73]. It works by maintaining a probabilistic model of the objective function and
updating it with every function evaluation. The utility of evaluating new input configurations is then
calculated, prioritizing areas of the search space that show high performance and areas that have
not been explored yet. The input with maximum expected utility is evaluated and the procedure is
repeated.

2.3. Comparison and choice of strategy: Bayesian optimization
This section compares the optimization methods mentioned in Section 2.2 to find the most
appropriate one to be used for the AutoML optimization task in this work.

First of all, while easy to perform, grid search suffers from substantial problems. The required
number of evaluations grows exponentially with each added variable, making an informative search
of the space quickly computationally infeasible. Simultaneously, discretizing variables with a higher
resolution also substantially increases the number of required function evaluations. Finally, grid
search assumes that all parameters are of equal importance to the performance, which is often not
the case [27].

Next, random search has been used effectively for blackbox optimization and hyperparameter
optimization in particular [4]. Additionally, due to the independence of function evaluations,
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random search is well-suited for efficient, parallel computation. Despite these advantages,
especially within the AutoML literature, many guided search methods have been shown to
consistently outperform random search [5, 6, 21, 52, 66, 71]. Random search will be the baseline
strategy in this work.

Of the population based methods, PSO and CMA-ES suffer from problems when dealing with
non-continuous domains. While CMA-ES is very effective for continuous blackbox optimization, it
is not applicable to our search space of mixed-type variables [22, 28]. Similarly, PSO was originally
designed for continuous domains - and while attempts have been made to allow for discrete
variables [13] and even categorical ones [70] - PSO is rarely used for combined algorithm selection
and hyperparameter optimization [72].

While genetic algorithms are much more widely applied to AutoML [72], the conclusions on
their effectiveness within AutoML remain varied. Some research points at performance comparable
to Bayesian optimization [12, 63], while other research — perhaps most notably that on the
Tree-based Pipeline Optimization Tool (TPOT) [47], the most widely used application of genetic
programming within AutoML [72] — reports performance comparable to random search [47–49].

Bayesian optimization is the most popular method in AutoML [73], and is the optimization
strategy of choice for the prominent AutoML systems Auto-WEKA [66] and Auto-Sklearn [23]. It
currently achieves state-of-the-art performance within AutoML, with the winner of the AutoML
challenge 2018 using a sophisticated Bayesian optimization technique [24].

Therefore, compared to the other considered algorithms, we find the evidence of the
effectiveness of Bayesian optimization within AutoML to be most convincing, hence we choose to
pursue this direction in our goal to improve the optimization of AutoML for radiomics.

2.4. Background on Bayesian optimization
Sequential model-based optimization (SMBO) [31] is a general framework for optimizing blackbox
functions that formalizes the use of Bayesian optimization, hence both SMBO and Bayesian
optimization usually refer to the same strategy. Bayesian optimization has two key ingredients: a
probabilistic surrogate model and an acquisition function. The surrogate model is based on a prior
distribution that describes the unknown objective function, which is updated with each observation
made through function evaluations. The acquisition function provides some measurement of utility
for each input configuration, which determines the next point to query. The basic procedure is
shown in Algorithm 1. See Shahriari et al. [53] and Brochu et al. [10] for more details on the Bayesian
optimization framework.

2.4.1. Surrogate models
The surrogate model has two important requirements [72]. First, the model should be able to make
accurate predictions of what the function value will be, given a certain input configuration. Second,
the model should be able to maintain a measure of uncertainty over those predictions. Three such
models are most prominent in the AutoML literature [33]:

• Gaussian Process (GP)

• Tree-structured Parzen Estimator (TPE)

• Random forest

The great majority of literature on general Bayesian optimization uses GPs. In the AutoML literature,
however, TPEs and random forests have been used more frequently, mainly due to their ability to
handle conditional search spaces and their better applicability to high dimensional spaces.
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input:
1) objective function y = f (x) that we want to optimize
2) surrogate model S
3) acquisition function α(S, x)
———————————
let D =;
initialize S
for n=1,2,..., do

select new input xn+1 by optimizing acquisition function α:
xn+1 = argmaxx α(S, x)

query objective function to obtain output yn+1:
yn+1 = f (xn+1)

augment data with the new observation:
Dn+1 = { Dn ∪ { (xn+1, yn+1) } }

update surrogate model S with data D
end

Algorithm 1: Bayesian Optimization [53].

Gaussian Process. GP [51] is the traditional surrogate model for Bayesian optimization. Its main
advantages are that it is fully specified by only a mean and a covariance function, while being able to
express many different types of functions with closed-form computable predictions [22]. The choice
of the covariance function determines the quality of the GP and is critical for its performance [54].
However, the standard kernel choices for GPs, such as the squared exponential function [10], are not
suitable choices for the mixed-type configuration space in most AutoML problems. Distance-based
kernels are also not able to distinguish between active and inactive variables, raising confusion on
which of the variables are responsible for the model’s performance.

One solution to this problem is to construct a separate process for each group of jointly active
parameters [6]. More sophisticated kernels have been put forward by [65], [40] and [64], in order to
capture the conditional relations in the search space.

Tree-structured Parzen Estimator. Proposed as an alternative to the GP model for high
dimensional search spaces, the TPE algorithm does not model the posterior probability p(y |x) of the
objective function directly, but it constructs two different distributions p(x|y < y∗) and p(x|y ≥ y∗)
based on a certain threshold y∗ [6]. This effectively divides the observations in good observations
and bad observations. The ratio between the two probabilities immediately provides the function
that expresses the expected improvement of new observations, making this a relatively simple
approach. Using a tree of these estimators, conditional parameters can effectively be represented
hierarchically.

Random Forest. The random forest surrogate model enabled Auto-WEKA and Auto-Sklearn
through the Sequantial Model-based Algorithm Configuration (SMAC) method [31] to achieve good
performance on large AutoML problems. A random forest is a collection of decision or regression
trees [9] that combines their predictions on subsamples of the data. The random forest surrogate
model works by learning a predictive function (using regression trees) that maps candidate input
configurations to a performance value, with an uncertainty measure. Through evaluating different
inputs and observing their performance, the random forest model is updated. Random forests scale
well and can natively handle categorical and conditional search spaces [22, 33].
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Comparison. As Yao et al. [73] conclude, more work needs to be done before GPs can work as well
as tree-based models - like TPE and random forest - in conditional spaces. Additionally, tree-based
models are a better choice when there are many data points, because GPs become computationally
inefficient [64], or when the input space is high dimensional [19, 23, 32, 33]. In line with these
observations, the two most popular AutoML systems, Auto-WEKA and Auto-Sklearn (and their
variations), indeed use Bayesian optimization with tree-based models. While Thornton et al. [66]
have demonstrated that random forest models outperform TPE models, the latter are still widely
used in AutoML and remain a suitable choice [6, 19, 36].

2.4.2. Acquisition functions
The information that the surrogate model contains is used to determine the sequence of points
to evaluate during the optimization. The utility of evaluating a new point is modeled through
an acquisition function, which is optimized in each iteration to find the next point to evaluate.
Generally, the algorithm will try new inputs that are either close to inputs that resulted in high
performance, or that are in unexplored areas of the search space. To do this, the acquisition function
calculates the utility by combining the performance predictions and the uncertainty predictions
of the surrogate model. The function returns high utility values in those parts of the search
space where the performance predictions of the surrogate model are high (exploitation) and where
the uncertainty on those predictions is high (exploration). Common acquisition functions are
probability of improvement (PI), expected improvement (EI) and upper confidence bound (UCB). See
Shahriari et al. [53] and Brochu et al. [10] for an overview of these functions, including empirical
evidence of their performance.





3
Methods

The first part of this chapter, more specifically Section 3.1, describes WORC [58, 61], the AutoML
tool for radiomics that is used in this work. The second part of this chapter focuses on Bayesian
optimization for WORC. Section 3.2 first formalizes the problem that we aim to solve. Section 3.3
then describes the optimization methods that are compared in this work. Finally, Section 3.4 covers
the creation of ensembles of models after the optimization.

3.1. WORC: Workflow Optimal Radiomics Classification
The WORC tool has been used throughout this work for the automated classification of image data,
enabling us to compare the algorithms used for the optimization of the machine learning methods
and their hyperparameters. This section first provides a high-level overview of radiomics and
therefore — since WORC automates the typical steps in a radiomics study — also of the functionality
of WORC. We then limit our focus to the optimization part of WORC, defining the methods and
hyperparameters that are included and how they are optimized and evaluated.

3.1.1. The radiomics workflow

The goal of radiomics is to combine quantitative features with machine learning methods to find
relationships between medical images and clinical factors of interest [62]. WORC automates this
process, visualized in Figure 3.1, by accepting labeled image data and a segmentation as input and
returning an optimized machine learning model as output, that can potentially be used to predict
relevant clinical outcomes on new data. The following steps are part of the automated workflow:

1) Image preprocessing.

2) Segmentation preprocessing.

3) Feature extraction.

4) Feature preprocessing.

5) Data mining.

9
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Preprocessing
Feature

Extraction
Feature

Preprocessing Data Mining Final ModelSegmentation
Preprocessing

WORC

Image
Preprocessing
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Hyperparameters Hyperparameters

Optimizer

Imaging Data &
Segmentation

Figure 3.1: Radiomics workflow that is automated in WORC. The set of extracted features is fixed and is not included in
the optimization.

The first step in the workflow is image preprocessing. It prepares the imaging data for further
analysis, by using techniques such as discretization, normalization or resampling. The goal of these
operations is to reduce the unwanted variation in the data, caused by differences in the condition
in which the images were taken.

The second step in the workflow is segmentation preprocessing. The segmentation of the image
determines the region of interest (ROI) that is used throughout the process. In most cases, the ROI
indicates a specific part of the image where we want to extract the features, for example a tumor
within an organ. The segmentation itself is provided to WORC as input along with the image data;
in WORC there are methods available to process the segmentation further.

The third step is to extract the features from the ROI. These features form a quantitative
representation of the characteristics of that part of the image. We will not cover the details of feature
extraction methods here; see Starmans et al. [57] for details on the feature extraction methods
that WORC applies. WORC extracts a standard set of 572 features that is used as the input to the
optimization.

The fourth step, feature preprocessing, is the method used to go from the standard set of
extracted features, to the set of features that is finally used as input for the data mining step.
These methods may include feature imputation, feature scaling, feature selection, dimensionality
reduction and resampling.

The final step in the workflow is data mining. While the data mining step in a radiomics
workflow can include many techniques for data analysis, the scope of the data mining step in this
work is defined to only include machine learning methods for classification. Therefore, to be more
precise, we will refer to this step as the classification step.

The first three steps of the workflow are not part of the optimization; they are too
computationally expensive to repeatedly evaluate as part of an optimization procedure. Therefore,
the part of the workflow that is automatically optimized — and therefore also the part that is relevant
to this work — includes the feature preprocessing and the classification. From here, we will limit our
focus to these steps.

3.1.2. Search space
The feature preprocessing and classification steps include a number of different methods, each
with their associated hyperparameters. Their combined setting defines the search space of the
optimization, as the goal of the optimizer is to search for the best configuration of these methods.

Table 3.1 summarizes the methods that are included and their hyperparameters. This part of
the workflow consists of eight steps that are executed in order. The first seven steps are feature
processing methods; for each of these steps there is the option to execute one algorithm or none of
the algorithms. For the final classification step, always one algorithm is used.

The workflow starts with feature imputation, where there is the option to impute feature values
using one of five different algorithms. These algorithms calculate the value to impute based either
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Table 3.1: Overview of feature preprocessing and classification algorithms included in WORC. For each numbered step in
the workflow, zero or more algorithms are executed, except for the final classification step, where exactly one algorithm
is used. The total number of variables that are part of the optimization, which includes the variables for selection of the
methods, amounts to 55.

Method
Step in

workflow
Algorithm

Hyperparameters

Bool. Cat. Disc. Cont.

Feature imputation

1 mean
1 median
1 most frequent
1 constant
1 knn 1

Feature scaling 2 robust z-score

Feature selection
3 groupwise selection 25
4 variance selection
5 Relief 3 1

Dimensionality
reduction

6
Principal Component

Analysis
1 1

Feature selection 7
statistical

test
1 1

Classification

8
Support Vector

Machine
1 3 1

8 Random Forest 3
8 Logistic Regression 1 1

8
Linear Discriminant

Analysis
1 1

8
Quadratic Discriminant

Analysis
1

8
Gaussian Naive

Bayes

on a descriptive statistic, a constant, or based on the value of a number of nearest neighbors.
The next step is feature scaling, which is always applied, where the feature values are

standardized using the robust z-score. The robust z-score is a variation on the z-score, which works
by first removing the outliers (< 5th and > 95th percentile) and then scaling using the z-score, thus
reducing the influence of outliers on the scaling of the features.

Then follow three feature selection methods. First, groupwise selection, which simply activates
and deactivates groups of features. There is a binary parameter for every group, determining
whether those features are included. Second, variance selection, which removes all features that
have a variance below a set threshold. Third, there is the option to apply the statistical feature
selection method Relief [35].

The sixth step in the workflow is dimensionality reduction, using the Principal Component
Analysis (PCA) algorithm [1]. The goal of PCA is to reduce the number of dimensions, while
maximizing the variance of the data within the remaining dimensions.

The seventh and final step of the feature preprocessing is another feature selection method that
selects features using a statistical significance test with a specified method and threshold, testing for
predictive value of the feature with respect to the labels in the data. In WORC there is an additional
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resampling step performed here, but it is not considered in this work, as its use has undesired
implications for the size of the input at different points in the workflow.

Finally, in the classification step, one of six classifiers is used. The classifiers included are
Support Vector Machine [15], Random Forest [9], Logistic Regression [30], Linear Discriminant
Analysis [14], Quadratic Discriminant Analysis [25] and Gaussian Naive Bayes [41].

The search space contains a total of 55 variables. There are 8 variables to determine which
methods are used, one for each step in this part of the workflow. Then there are a combined total of
47 hyperparameters of various data types. Not all of these hyperparameters are active at the same
time; their activation depends on which algorithms are used. This complicates the optimization
task, as the size of the (relevant) input to the objective function is not constant.

3.1.3. Optimization and evaluation
WORC enables the optimization of the feature preprocessing and the classification to find the best
performing model. The optimization requires a performance metric to optimize for and a way to
validate it during optimization time. After the optimization terminates, we require a way to evaluate
it.

WORC optimizes for the weighted F1-score (or weighted F-measure) [50]. The F1-score balances
two performance metrics: precision and recall. Precision is defined as the fraction of correct
positive predictions over all positive predictions. Recall is defined as the fraction of correct positive
predictions over all positive samples. The F1-score is the harmonic mean of these two measures:

2 · precision · recall

precision+ recall
(3.1)

The weighted F1-score is then a combination of the F1-scores calculated on both classes separately,
adjusted for the weights of the classes based on their distribution in the dataset. In the remainder
of this work, when we report the F1-score, we do always refer to the weighted F1-score.

Since the performance of a specific machine learning model is sensitive to which data it was
trained and evaluated on, it is common practice to average the performance evaluation over a
number of different splits of the data through cross-validation. Figure 3.2 summarizes the cross-
validation setup used in WORC.
The performance that a specific model achieves during the optimization is computed using the
average F1-score over a 5-times random-split cross-validation. Each random-split cross-validation
uses 85% of the data for training and 15% of the data for validation.

When the optimization is completed and the model with the best found average F1-score over
the splits on the validation set is returned, we evaluate the performance of the final model on a
separate test set. To this end, we also split the initial dataset into a part used for training with 80%
of the data and a part used for testing with 20% of the data. This test set remains separate from the
optimization procedure and is only used for evaluation afterwards. This process of optimization
and subsequent evaluation is then repeated 20 times, to gain a more accurate estimate of what we
can achieve on unseen data and reduce our dependence on the specific split of the data.

Summarizing, this means that three different parts of the data are relevant within WORC; these
will be referred to as the training set, validation set and test set:

• The ’outer’ cross-validation splits the full dataset into a part used for training (80%) and a part
used as the test set (20%).

• The ’inner’ cross-validation splits the part of the data used for training into a training set
(85%), that candidate models are trained on;

• and a validation set (15%), that the candidate models are evaluated on.
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Full Dataset

Training: 80%

Test: 20%

Training: 85%

Validation: 15%

Model
Optimization

5x

Trained Model

100x

Evaluation

AUC=0.84

Confidence
Interval

AUC=(0.78, 0.89)

Figure 3.2: Cross-validation setup in WORC [68].

3.2. Problem specification
Before we describe the optimization methods used in this work, we define the optimization problem
that we consider. We formulate the general problem as follows:

• Data:

– Let D = {(x1, y1), ..., (xN , yN )} be the training data used in the optimization, where, for
each i = 1, ..., N , xi represents the feature values and yi the corresponding label.

– Let D be split into R random-split cross-validations {D1
train, ...,DR

train} and
{D1

valid, ...,DR
valid}

• Model parameters:

– Let P = {p1, ..., pn} be the set of steps in the workflow, where p1, ..., pn−1 are the feature
preprocessing steps and pn is the final classification step.

– Each step p j ∈ P has an associated hyperparameter setting γ j ∈ Γ j that includes the
algorithm selection for that step and its associated hyperparameters.

– Then c ∈ Γ is the full model configuration, where Γ= Γ1 × ...×Γn .

• Objective

– Let L (c, Dk
train, Dk

valid) be the loss of model configuration c on Dk
valid, when trained on

Dk
train.

– The goal is then to find the optimal model configuration ĉ :

ĉ ∈ argmin
c ∈ Γ

1

R

R∑
k=1

L (c, Dk
tr ai n , Dk

test ) (3.2)

We use the weighted F1-score as the loss function L , we choose R = 5 and the current workflow
contains n = 8 steps. The value of N depends on the size of the dataset.
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3.3. Optimization methods
We compare two different optimization methods in their ability to find optimal model
configurations for image classification. The first method, which is currently implemented in WORC
and serves as the baseline, is random search (RS). The second method, which is introduced in
this work, uses the Sequential Model-based Algorithm Configuration (SMAC) method [31, 42].
The SMAC algorithm was introduced in 2011 [31] as a sophisticated instantiation of the SMBO
framework using Bayesian optimization. This algorithm was chosen for its validated ability to
solve AutoML problems that include categorical and conditional parameters, through its use as the
optimization algorithm in the prominent AutoML systems Auto-WEKA [37, 66] and Auto-Sklearn
[23], the latter often considered the state-of-the-art for generally applicable AutoML systems [72].

3.3.1. Random search
The RS algorithm follows the following procedure:

1) Generate a fixed number of model configurations. For each model, the parameter values are
drawn from pre-specified distributions.

2) Fit and evaluate all models.

3) Rank the models and return (a subset of) them.

The RS implementation allows for parallel execution of the second step. Each parallel process then
computes the performance of a subset of the total number of generated configurations.

3.3.2. SMAC
The optimization method using the SMAC algorithm follows the following procedure:

1) Start a fixed number of independent SMAC instances.

2) For each instance:

a) Initialize the surrogate model with a set of random function evaluations.

b) Repeat until the evaluation limit is reached or the time budget has run out:

¦ Optimize the acquisition function to find the next model configuration to evaluate.

¦ Fit and evaluate the model.

¦ Store the result and update the surrogate model.

c) Return all evaluated models.

3) Combine the results of all instances, rank the models and output (a subset of) them.

Initialization SMAC’s surrogate model requires an initial set of points before the acquisition
function can be effectively optimized. Our algorithm uses a random initialization, to ensure
variation across the starting points of each of the independent SMAC instances.

Surrogate model. SMAC uses a random forest as the surrogate model of the objective function.
The random forest maps candidate parameter settings to predicted performance values, which are
used by the acquisition function. In SMAC, the random forest is constructed from B = 10 regression
trees, where each tree is built on N data points, sampled randomly with repetitions from the full
training set of size N . At each node in the regression tree, a random selection of dd ·pe of the d input
parameters is available to use as a splitting criterion. The standard setting for p is 5/6. The trees
are split until less than nmi n = 10 data points are left. These three hyperparameters of SMAC, B , p
and nmi n , were left at their default value [31]. The random forest’s final prediction for a new input
parameter setting is the empirical mean and variance of the individual trees’ predictions.
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Acquisition function. SMAC implements the common Expected Improvement (EI) function to
quantify the utility of evaluating a new input configuration. In order to find the next point to
query, this function needs to be optimized. SMAC computes the EI for all previously evaluated
input configurations and employs a multi-start local search from each of the ten inputs with highest
EI. Since computing the EI is not expensive, SMAC finds the EI for an additional 10000 randomly
sampled input configurations. Then, during optimization, both randomly sampled configurations
and those found by the acquisition function are evaluated and compared to the current best
solution.

Parallel computation To increase the number of SMBO iterations that can be executed per unit
of time and to compete with the highly parallel implementation of random search, the optimization
was designed to run in independent parallel instances. Combining a search history over different
instances of the algorithm resulted in too much computational overhead. Therefore, each instance
of SMAC does its own search and the best solutions over all instances are identified and stored
afterwards.

3.4. Ensemble methods
Both optimization strategies evaluate many different models during their search. Instead of only
using the single best model, we can create an ensemble of models and use that as our final predictive
model, with the potential to improve performance and robustness [17].

To have access to a set of good models after the optimization, we save a subset of the models
that are returned by the optimization algorithms. To limit storage requirements, we save the best
100 models. This set of 100 models then forms the input to a number of methods that combine
them into an ensemble.

All constructed ensembles work in the same way, by taking the average posterior probability of
the class predictions of all individual models in the ensemble as its final prediction. The difference
between the methods lies in the selection of models for the ensemble. Two ensemble methods are
currently used in WORC:

• Top 50. The default method, which selects the best 50 individual models.

• Top n. Similar to the default method, this method selects the first n of the individual best
models, choosing 1 ≤ n ≤ 100 that gives the highest performance on the validation set.

We introduce three new methods in WORC:

• Forward selection. Adds the model to the ensemble, out of the 100 available ones, that results
in the best performance on the validation set. It then repeats this process, with replacement,
until adding any of the models results in no more improvement.

• Caruana. Based on Caruana et al. [11]. Same as the forward selection method, but repeats the
process for a fixed number of 20 iterations.

• Bagging. Applies the Caruana method with bagging. In each of the 20 bags, only a random
selection of half of the models is available for the ensemble creation. The final ensemble
prediction is again the average over the individual ensembles’ posterior class probabilities
from each bag.





4
Experimental Design

This chapter describes the experiments designed to compare the performance of WORC when using
either the RS algorithm or the SMAC algorithm for its optimization. Section 4.1 specifies the goals
of the experiments, after which Section 4.2 defines the setup of the experiments in order to achieve
those goals. The algorithms have been compared on three different datasets; Section 4.3 provides
a brief overview of these. Finally, Section 4.4 contains details on the hardware used to run the
experiments.

4.1. Objective of the experiments
The experiments were designed to address the following three questions:

1) Performance versus runtime: How do RS and SMAC compare in terms of performance, when
given the same computational resources?

2) Ensemble methods: What is the effect of different ensemble methods on the final
performance of both RS and SMAC?

3) Solution consistency: How do RS and SMAC compare in terms of consistency in a) their
performance and b) the type of models they return?

By including the results on the validation set, as well as the independent test set and comparing
them, we aim to gain insight into the generalization error.

4.2. Experimental setup
This section covers the design of our experiments, each targeting one of the formulated questions.

4.2.1. Performance versus runtime experiment
The main experiment is to compare the performance between RS and SMAC, when given the same
computation time budget. The performance is defined in terms of the weighted F1-score. The
performances of the single best found solutions by RS and SMAC, optimized on the validation set,
are compared for a range of computation times on both the validation set and the test set. Since
the RS implementation does not support a computation time limit on the optimization, but only
accepts as input the number of configurations to randomly generate and evaluate, a range of 9
different evaluation limits were chosen first. These were both smaller and larger than the default
used for WORC in clinical studies (ranging from 1,000 to 150,000 evaluations; the default value is
25,000). The runtime values returned during these experiments were then given as computation
time budgets to the SMAC algorithm, resulting in equal computational resources for both methods.

17
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Runtime. The RS runtime is defined as the combined wallclock time used for fitting and
evaluating the models, calculated separately for and summed over each of the independent
processes that might run in parallel on different cores. Similarly, the SMAC runtime is the
wallclock time spent on fitting and evaluating the models, as well as on selecting new points
to query. This implementation ensures that scheduling overhead on the computer cluster used
for experimentation does not influence the runtime calculations. The implementation is not
independent of the cluster file write speeds, however; this effect is not taken into account during
the experiments.

Cross-validations. The experiments use a random-split 5-fold ’inner’ cross-validation to evaluate
model performance during optimization. These validation set scores are reported to see the pure
performance of the optimization strategy, since these are the values that the algorithms are actually
optimizing for. Then, the ’outer’ train-test cross-validation is repeated 20 times, to balance the
effect of randomness in the data split with the computational cost of the experiment. From previous
experience, we know that increasing the number of train-test cross-validations has a limited effect
on the confidence intervals of the final results, while having a great impact on overall runtime. For
both the scores on the validation set and on the test set, the final result is the average over all train-
test split scores of the best found models for each split. For all experiments and for both types of
cross-validation, exactly the same splits are used in each step by using a fixed random seed.

Statistical comparison. To compare the final average performance of both algorithms on the test
set, we use the corrected resampled t-test [8, 45] with significance level α = 0.05. This statistic
corrects for the lack of independence between the randomly sampled train-test splits. Additionally,
we use this corrected measure to construct the 95% confidence intervals around the mean values
over the train-test splits.

4.2.2. Ensemble methods experiment
To compare the different ensemble methods, the optimizations from the performance versus
runtime experiments are reused. The ensembles are then constructed from the best 100 stored
configurations for each algorithm run. The ensemble experiments show the effect of the different
ensemble construction procedures on the validation and test performance, for different runtimes
and for both SMAC and RS.

4.2.3. Solution consistency experiment
While the performance experiments are insightful to the relation between performance and runtime
and whether this differs between SMAC and RS, the sample size remains small. The goal of this
experiment is to repeat the same algorithm run many times, to discover whether the algorithms
find consistently good models and what these models generally look like. To this end, the default
setting of WORC (25,000 configurations) and its SMAC equivalent in terms of runtime are run 50
times on a fixed set of 10 train-test splits, with fixed 5-fold random-split cross-validation. Based
on these results, the variance in performance can be analyzed for each of these splits individually,
while also allowing a more in-depth look at the specific models that were found.

4.3. Datasets
The three Magnetic Resonance Imaging (MRI) datasets included in this work originate from
previous radiomics studies where WORC was used to find the predictive models. All datasets contain
heterogeneous data, as a result of the scans often originating from different medical institutes with
different scanning hardware or protocols. For more details on the data and background on the
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classification problems, see the papers that use the DM dataset [68], Lipo dataset [69] and BLT
dataset [59]. For a summary of the most basic characteristics of the three datasets, see Table 4.1.

Table 4.1: Summary of the three datasets.

DM Lipo BLT

Positive class patients 79 57 94

Negative class patients 142 58 94

Total patients 221 115 188

Classification

Desmoid-type
fibromatosis vs.

non-desmoid-type
fibromatosis

Lipomas vs.
well-differentiated

liposarcomas

Benign vs. malignant
liver tumors

Tumor Location Muscular tissue Soft tissue Liver

Image type T1-weighted MRI T1-weighted MRI T2-weighted MRI

4.3.1. ’DM’: Desmoid-type fibromatosis vs. non-desmoid-type fibromatosis
Desmoid-type fibromatosis (DTF) is a rare form of soft tissue tumor that can arise in muscle tissue.
In order to distinguish DTF from several malignant, non-DTF soft tissue tumors, an invasive tissue
biopsy is required. To improve this practice, this dataset has been used to study the possibility of
automatically distinguishing DTF from non-DTF [68].

With 221 patients (79 DTF, 142 non-DTF), this is the largest of the three datasets. It is, however,
heterogeneous, with the original data coming from 68 scanners [68]. Additionally, the tumors can
arise in different parts of the body, introducing more variety in the background of the images. As
opposed to the other datasets, the classes are not exactly balanced.

4.3.2. ’Lipo’: Lipomas vs. well-differentiated liposarcomas
This dataset contains MRI scans of benign lipomas and malignant, well-differentiated liposarcomas
(WDLPS). Again, a predictive model was developed to automatically predict the class [69].

This dataset is the smallest and contains 115 patients (58 benign, 57 malignant), all from
the Erasmus Medical Center, but with balanced classes. Again, the scans were produced with a
wide range of different imaging hardware and acquisition protocols, originating from 41 different
scanners [69]. The heterogeneity of this dataset is reinforced by the fact that lipomatous tumors are
not located in a specific part of the body.

4.3.3. ’BLT’: Benign liver tumors vs malignant liver tumors
This dataset contains MR images of patients with benign and malignant liver tumors. This dataset
has been used to distinguish both types of tumors in a non-invasive manner [59].

The dataset includes 188 patients (94 benign, 94 malignant), with the images originating from
42 different institutes [59], again introducing heterogeneity. The classes are balanced and the image
backgrounds are relatively consistent, due to all scans being located in the liver.

4.4. Hardware
To run the experiments we made use of two different computer clusters: The BIGR cluster, the
high-performance computing cluster of our research group, and the Cartesius cluster, a Dutch
supercomputer available for research purposes. Specifications of the systems are summarized in
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Table 4.2. Since both systems differ in specifications, runtime comparisons could not be made
between the two. Hence, all experiments that compare the performance between RS and SMAC
for fixed runtimes have been run on the BIGR cluster. The remaining experiments were run on the
Cartesius cluster, using the Broadwell nodes.

Table 4.2: Hardware specifications of both computer clusters.

BIGR Cartesius

Cores per node 48 32

RAM per node 256 GB 64 GB

Core limit 140 32

Processor
AMD Opteron 6172 Intel Xeon E5-2697A v4

2.1 GHz 2.6 GHz



5
Results

This chapter presents the results of the comparison between RS and SMAC, as well as the
performance of different ensemble methods applied after performing the model search. Following
the structure of the experiments outlined in Chapter 4, Section 5.1 covers the first experiment:
comparing the performance of RS and SMAC given a fixed runtime budget. Section 5.2 then
shows the effect on the performance when applying a selection of ensemble methods to the same
problems. Finally, Section 5.3 provides a more in-depth look at the consistency of SMAC’s output
compared to that of RS, both in terms of performance and in terms of the type of solutions found.

5.1. Performance versus runtime
This section covers the first experiment, comparing the performance of RS and SMAC when they are
given equal computation time budgets. The first part of this section focuses on the validation scores
of the single best solutions returned by the optimization algorithms and the second part focuses on
the test scores achieved by these solutions.

5.1.1. Validation set performance versus runtime
Figure 5.1 shows the comparison between RS and SMAC on the three datasets. First, the focus is
on the validation scores. For each of the three datasets, the algorithms were run with equal, fixed
limits on the allowed computation time. The reported value is the average F1-score over the 20
train-test splits, of the average 5 times random-split cross-validation score using the training set.
The errorbars for the results on the validation set indicate one standard deviation above and below
the mean values.

A similar pattern is apparent for each of the datasets. Given more computation time, the
performance of the single best found model on the validation set increases, the curve flattening
when the algorithms are given more time. The diminishing returns of more computation time are
slightly more apparent for RS compared to SMAC. In terms of absolute values, the average F1-scores
are highest for the Lipo dataset, with values ranging between 0.83 and 0.90, followed by the DM
dataset (0.79 - 0.87) and the BLT dataset (0.77 - 0.85).

RS performs somewhat better for low runtimes, with improvements of up to 2%. Starting from
250 computation hours, depending on the dataset, SMAC starts — on average — to outperform
RS, but the mean values lie within one standard deviation. At the largest runtime that was part
of this experiment, with RS running for 150,000 evaluations, the difference is more pronounced:
SMAC achieves a 2.6%, 3.5% and 2.9% increase in the average F1-score compared to RS, for the
three datasets respectively.

On average, given the same computational budget, SMAC performs around 40% of the number

21
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Figure 5.1: Average F1-score on the validation set (left, with standard deviation) and the test set (right, with 95%
confidence interval) over the 20 train-test splits of the single best solution for each of the three datasets, for varying
computation times. The positions of the points with equal computation times have been shifted slightly to improve
readability.

of function evaluations compared to RS. This means that SMAC spends the other 60% of the
available time on finding the next point to query.

5.1.2. Generalization: Test set performance versus runtime
Using the average value of the performance on the test set of the 20 train-test splits, we estimated
the performance on unseen data of the best models found during the optimization. The result, as
displayed in Figure 5.1, is clearly different from the performance on the validation set. No longer
does increasing the computation time lead to better average F1-scores. RS with 1,000 or 150,000
random evaluations now leads to similar average F1-scores on the test set. The 95% confidence
intervals, represented by the errorbars around the mean test scores, range from 0.15 to 0.20 in
average width (± 10 to 15% around the mean) and are large compared to the differences between
the methods. Longer computation time does not reduce the size of the confidence intervals.

Overall, RS and SMAC show comparable performance on the test set. None of the compared
runs resulted in a difference in performance statistically significant from zero; all corrected
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resampled t-tests returned a p-value greater than 0.05.
Finally, the ability of the found models to generalize is evaluated by comparing their

performance on the validation set with their performance on the test set. For all three datasets,
the average F1-scores on the test set are up to 20% lower than those found during training time
using random-split cross-validation. The generalization error increases for both algorithms when
given additional computation time. For the DM dataset, the average F1-scores on the test set are
0.09 to 0.17 lower than on the validation set, with an average test performance of 0.70. For the Lipo
dataset, this is 0.14 to 0.21 lower, with an average test performance of 0.69. Finally, the BLT dataset
sees a 0.11 to 0.19 decrease in performance with an average test score of 0.66.

5.2. Ensemble performance comparison
In this experiment, we apply each of the ensemble methods to the set of 100 best models that were
found by the two algorithms, again for increasing computation time budgets.

5.2.1. Performance on the validation set
Figure 5.2 shows the F1-score of the different ensemble methods evaluated on the validation set. To
ensure readability of the plots, the standard deviations around the mean values have been omitted.

The three datasets show similar results; the ranking of the ensemble methods is consistent
throughout the experiment. Two methods, namely bagging and top 50, create an ensemble that,
on average, performs worse than the single best solution on the validation set. In most scenarios,
the other methods do increase the performance of the final model by using their ensemble.

For RS, there is a consistent, seemingly fixed increase in the performance value when using
these methods, regardless of total computation time. Caruana provides the largest increase in
performance of around 6% compared to the best individual model.

For SMAC, the benefit of the ensemble decreases for longer computation times, with the final
performance of all methods appearing to converge to that of the single best solution. For shorter
computation times, the ensemble methods show a pattern similar to the results of RS.

5.2.2. Performance on the test set
Figure 5.3 presents the performances of the ensembles on the test set. The 95% confidence
intervals are omitted for readability; Table 5.1 instead contains the average width of the intervals
for the performance on the test set. These aggregated results lose information on the effect of
the computation time on the confidence interval. However, similar to the results shown in Figure
5.1, this effect is minimal, hence the average value is a sufficient indicator. While some of the
ensemble methods are able to reduce the average width of the confidence intervals, they are still
large compared to the individual differences between the methods, hence the intervals do overlap
for all data points.

First, we observe the effect of the ensemble methods on the performance. Compared to the
ranking of the methods on the validation set, the effectiveness of Bagging and top 50 on the test set
stands out; these were the methods with the lowest performance on the validation set.

For RS, Bagging and top 50 now provide the largest performance increase over the single best
solution, which has the lowest performance on the test set. For Bagging, this increase in the average
F1-score ranges from 0.03 to 0.05, which is up to 7% for the Lipo dataset. The other ensemble
methods achieve test scores somewhere in between. The computation time of the optimization
has little effect on the performance of the RS ensembles.

For SMAC, the differences between the ensemble methods are smaller compared to RS, resulting
in a smaller performance increase from the ensemble (rarely exceeding 0.02) compared to the
single best solution. In general, Bagging and top 50 again perform the best on the test set, but the
difference with Caruana, FS and top N is less pronounced compared to RS. Additionally, the average
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Figure 5.2: Average F1-score on the validation set over 20 train-test splits for RS (left) and SMAC (right) versus the
computation time of the optimization that resulted in the set of models available for the ensemble, for a selection of
different ensemble methods. The visualized computation time is therefore unrelated to the computation time of the
ensemble methods themselves.

Table 5.1: Average width of the 95% confidence interval around the mean F1-score over the 9 instances for each algorithm.

Top 1 Top 50 Top N FS Caruana Bagging

DM
RS 0.151 0.136 0.135 0.147 0.137 0.135

SMAC 0.157 0.147 0.153 0.149 0.150 0.148

Lipo
RS 0.209 0.175 0.187 0.182 0.187 0.168

SMAC 0.192 0.162 0.184 0.179 0.175 0.169

BLT
RS 0.181 0.142 0.158 0.180 0.173 0.154

SMAC 0.173 0.161 0.171 0.162 0.169 0.168
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Figure 5.3: Average F1-score on the test set over 20 train-test splits for RS (left) and SMAC (right) versus the computation
time of the optimization that resulted in the set of models available for the ensemble, for a selection of different ensemble
methods. The visualized computation time is therefore unrelated to the computation time of the ensemble methods
themselves.

F1-scores seem to be either equal or lower for increasing computation time of SMAC.

Second, we observe the effect of the ensemble methods on the width of the confidence intervals.
All of the tested methods manage to reduce the average width of the confidence intervals compared
to the single best solution. Again, Bagging and top 50 show the best results. In the most extreme
case, the top 50 ensemble using RS on the BLT dataset, this is a reduction in the average width
of 20%. Comparing RS to SMAC, we see that the RS ensembles reduce the average width of the
confidence intervals more on the DM and BLT datasets, while the SMAC ensembles achieve a larger
reduction on the Lipo dataset.

5.3. Consistency comparison
For the previous experiments, which explored the effect of increased runtime on the performance of
both algorithms, each performance value was only calculated once, using a 20 split cross-validation.
In this experiment, the results are displayed in Figure 5.4, we choose a single setup for RS and SMAC
and repeat it 50 times, to investigate how consistent the performance of these algorithms is when



26 5. Results

given the same problem multiple times. Unfortunately, due to some errors on the Cartesius cluster,
a handful of repetitions for both RS and SMAC failed (seemingly randomly). The impact on the
overall results of the experiment is, however, believed to be minimal; hence our decision to keep the
results as they are. For this experiment, we used the baseline version of RS, i.e. 25,000 iterations,
and SMAC with an equal runtime budget on 10 fixed train-test splits.
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Figure 5.4: Average F1-score (plus/minus one standard deviation) of the single best solution on the validation set over 50
instances of 10 train-test splits. The train-test splits were identical for each of the 50 runs.

5.3.1. Performance consistency
The first observation that can be made regarding the validation scores on the individual splits is the
consistent higher average of SMAC compared to RS. For all three datasets and each of the ten train-
test splits, SMAC is able to find models that on average perform better on the validation set than the
best models found by RS. This reinforces the earlier observation that SMAC achieves slightly higher
scores on the validation set compared to RS, when it was averaged over the 20 train-test splits.

The second observation is that within each split the variance in performance is small compared
to the variance between splits, which holds for both RS and SMAC. Naturally, this large variation
between random splits of the dataset results in larger confidence intervals for the overall average
performance estimate.

Finally, the standard deviation of SMAC is, on average, smaller than that of RS. In these
experiments SMAC managed to reduce the average standard deviation of the F1-scores per split
by 17%, 13% and 18% for the DM, Lipo and BLT datasets respectively.

5.3.2. Solution consistency
Using the repeated runs on the fixed splits, we now turn to a more qualitative analysis of the
returned models. We first assume that the choice of classifier in the best found model is, to some
extent, a distinguishing characteristic for that model. We then compare how many times each of the
classifiers has been found by RS and SMAC during the optimization, in the repeated runs for each
split separately.
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The results are varied. Figure 5.5 shows a selection of the 30 train-test splits that were part of
the experiment. This selection was made to visualize the most important observations from the
complete experiment. In general, similar observations can be made regarding each of the three
datasets. First of all, in terms of the data, it is again apparent that the variation between the splits
is substantial: not only in performance, as we saw previously, but also in the models that are found.
For some splits, like number 6 from the DM dataset, 10 from the Lipo dataset, and 4 from the
BLT dataset, there appears to be a single classifier that is most applicable for that split in the data.
However, this one classifier can differ radically per split; compare for example splits 9 and 10 from
the Lipo dataset. For other splits, two classifiers are suitable (see split 8 from BLT), or even more are
able to achieve a good result (see DM split 1, Lipo split 3 or BLT split 6).

The differences between the two algorithms are perhaps less obvious. In a majority of the total
cases, RS and SMAC seem to ’agree’ to a great extent on which classifiers are best to use for that
split. Only in very rare cases, such as in split 5 from the BLT dataset, we see a clearly pronounced
difference in the classifiers of best found models. For the remainder of the splits, the level of
agreement lies somewhere in between; DM split 8 would be a typical example of this.
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Figure 5.5: Counts of classifiers used in the best found models returned by the RS and SMAC algorithms during the
optimization (DM: NRS = 47, NSM AC = 46; Lipo: NRS = 50, NSM AC = 47; BLT: NRS = 46, NSM AC = 41).
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Discussion

This chapter summarizes and interprets the results presented in Chapter 5. First, the answers to
the three main research questions are explored in Section 6.1. Then, in Section 6.2, we mention the
most important limitations of this work.

6.1. The research questions
The goal of our experiments was to answer three main questions: (1) How do RS and SMAC compare
in terms of performance, (2) what is the effect of different ensemble methods on the performance
of the final model and (3) how do RS and SMAC compare in terms of solution consistency.

6.1.1. Research Question 1: RS and SMAC performance comparison
We evaluated the performance of both algorithms in terms of the average F1-score on the validation
set and on the test set. For the discussion of this research question, we first examine the results on
the validation set and then continue with the test set.

While having limited practical applicability, performance on the validation set is the best
indicator of the pure optimization performance of our strategy. The results show that RS finds
slightly better models for small computational budgets (up to roughly 250 hours, or around 10,000
RS evaluations). This is not unexpected, given that SMAC needs to train a random forest model
to predict the performance of input configurations, before it can make more informed decisions
about which configurations to evaluate. In these scenarios, SMAC basically acts like a slow random
search. RS, on the contrary, does not require any initialization and only has to perform the function
evaluations, resulting in slightly better performance. Once we reach larger computational budgets,
the results show that, averaged over the 20 train-test splits, SMAC consistently finds better models
than RS. We can conclude that the optimization strategy is working well; despite spending around
60% of the computation time on finding which points to query, in these experiments, SMAC
consistently managed to come closer to the optimum of the objective function than RS when given
enough time. It is important to note here that the function evaluations are relatively fast, compared
to the time it takes to optimize the acquisition function and find new input to evaluate. Therefore,
the relative advantage of Bayesian optimization over random search in this setting is likely not as
large as it would be for higher function evaluation costs.

Both algorithms find models that perform better on the validation set when given increasing
computation time budgets. We do observe that from around 25,000 RS evaluations, increasing the
runtime provides diminishing returns for both RS and SMAC and the performance of RS appears to
converge, while SMAC still maintains a slight upwards trend.

When evaluating the single best found models on the unseen test set, both RS and SMAC show
comparable performance, with very large 95% confidence intervals that on average range between
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0.15 and 0.20 in width around the average F1-score, while the difference between the mean score
of the two methods never exceeds 0.05. In these experiments, the dependence of the performance
on the computation time budget is no longer apparent. While running the algorithms for longer
leads to better results on the validation set, the F1-score on the test set does not improve, nor does it
deteriorate. However, even the RS instance with the lowest runtime in our experiment still evaluates
1,000 different models. Since each individual classifier has its own ways to optimize their fit to
the data, it is not unlikely that 1,000 evaluations — which is already much more extensive than
manual search — is enough to find models that generalize well, especially considering the tendency
to overfit when models become more specialized. In this case, all the found models generalize
poorly and show clear signs of overfitting, with average F1-scores on the test set being up to 20%
lower than on the validation set. The generalization error increases with the computation time.
Clearly, the random-split cross-validation is not able to estimate the performance on unseen data
accurately. Given the heterogeneity of the dataset, this is not surprising, since parts of the data can
have radically different characteristics. It remains challenging to conclude from these experiments
to what extent the poor generalization is caused by the way we optimize and to what extent by
the inconsistencies in the data. This discussion is continued in the context of the third research
question in Section 6.1.3.

6.1.2. Research Question 2: Ensemble performance comparison
As a theoretical starting point for answering this research question, we expect RS to benefit more
from the creation of an ensemble than SMAC, given the inherent diversity in the models that
RS returns. SMAC, on the other hand, given its local search functionality, explores promising
values of the search space repeatedly, leading to more similar models with less to gain from their
combination. We explore this expectation using the results on the validation set, which first of all
show that there is a constant benefit in terms of performance to applying the ensemble methods to
the set of models found by RS. For SMAC, this benefit decreases when the algorithm is run with a
larger computational budget. Only for the smaller runtime values we see comparable results; this
is in line with the earlier observation that for small computation times SMAC behaves more like a
random search. Therefore, in these scenarios, SMAC benefits greatly from the different ensemble
methods and achieves validation set performances comparable to RS. For larger computation times,
however, the set of models returned by SMAC becomes less suitable for ensemble creation, with the
performance of all methods converging to that of the individual best model. As a result, RS is able
to compensate for its worse individual best model through the creation of a strong ensemble and
achieve even higher average F1-scores than SMAC.

The best ensembles not only achieve higher validation scores, but also improve test scores. The
generalization error, however, remains very large, and the ensembles still overfit on the validation
set. To achieve good generalized performance, we want to add regularization to our models, which
Top 50 and Bagging are both able to do; hence we also observe the best F1-scores on the test set
from these methods. An additional advantage to creating ensembles of models is their ability to
reduce the average width of the confidence intervals around the mean; all of the evaluated ensemble
methods manage to achieve this, again with Top 50 and Bagging showing the best results. Top 50
likely generalizes well because it does not optimize its model selection on the validation set at all,
and Bagging because it only optimizes for a random selection of the models. Overall, despite minor
differences in the effect of the ensemble, the final performance on the test set remains comparable
between RS and SMAC.

6.1.3. Research Question 3: RS and SMAC solution consistency comparison
The results of comparing repeated runs on the same problem provide more evidence that SMAC
performs slightly better on the validation set compared to RS. Regardless of how the data were split
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in training and test set or from which dataset they originated, SMAC on average always found higher
F1-scores on the validation set than RS. Additionally, SMAC is more consistent in its performance,
with smaller variance between runs.

From the results it is apparent that, for each of the three datasets, the variance in performance
within each train-test split is much smaller than the variance in performance between the different
train-test splits. Depending on the data that are part of the training set and the random-split cross-
validation, the performance of the models varies. RS and SMAC are always relatively close; they
seem to agree on which splits are harder to classify than others, with SMAC being able to consistently
achieve slightly higher performance. This observation implies that using an average over a set of
very different test splits as the final test set performance will inevitably lead to large confidence
intervals around that average. The previously observed uncertainty in performance on the test set
is therefore at least partly the result of the variation between the different train-test splits and not
exclusively the result of the variation in the optimization performance.

This conclusion is again emphasized when we analyze the choice of classifier within the
returned models. We often find specific classifiers that work well for a specific train-test split, on
which RS and SMAC generally agree. Which classifier works best according to these optimization
algorithms can change entirely depending on the split. This makes it much more challenging to
generalize to the unseen test set, because the data the algorithms have access to do not necessarily
represent the dataset as a whole. This puts the validation performance of these algorithms
in perspective. Achieving optimal results on these individual splits in the data is perhaps not
instrumental to achieving good performance on unseen data. By optimizing extensively on the
validation set — preferring models that specialize in this specific data distribution — we are perhaps
not taking the right approach to achieve that goal. Indeed, the results indicate that we might be
overfitting on the validation set for all tested runtimes, even the lowest ones. This could explain the
apparent indifference of the performance on the test set to the choice of algorithm and the length
of computation time. The next logical conclusion, from a practical perspective, would then be to
simply apply RS for a relatively small number of iterations with a simple top 50 ensemble strategy
to these problems, since there is little to gain from a more complicated and more computationally
demanding Bayesian optimization approach. The results of this study therefore validate the choice
of RS as an optimization strategy for AutoML in radiomics.

6.2. Limitations
This section briefly mentions the limitations to this work that should be taken into account when
interpreting its conclusions.

First, the configuration of SMAC used in this work has not been optimized. The sensitivity
to changes in the values of the hyperparameters of SMAC itself has not been studied; the default
values from the original paper were used [31]. While there is no expectation that these changes
would alter any of the conclusions, different design decisions have the potential to further improve
performance. Most notably, this relates to the setup of the parallel computation and the details of
the initialization phase. A study regarding the optimization of SMAC’s hyperparameters using SMAC
itself was planned [31], but to our best knowledge, never conducted.

Next, the results were based on three similar datasets: all data used in this work were MR images
that originated from many different scanners. Since AutoML is applied to many different problems,
it is important to limit our conclusions on the performance of the evaluated optimization strategies
to the particular radiomics setting that these datasets represent.

Finally, due to the heavy computational demands of these experiments, we have been limited
in the ability to validate our results extensively. This limitation has mainly manifested itself in the
reduction of the number of train-test cross-validations from 100 to 20. For the same reason, we have
not extensively tested the effect of increasing the number of train-validation cross-validations from
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its default value of 5.
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Conclusion

The goal of this work was to compare the performance of two AutoML optimization strategies, the
RS algorithm and the Bayesian optimization algorithm SMAC, on three medical imaging datasets.

The results show that RS optimizes slightly better than SMAC when it is run up to 10,000
evaluations, with an increase in average F1-score on the validation set of 1 to 2%. However,
for longer computation times, SMAC consistently outperforms RS on the validation set, with
improvements ranging from 2.6 to 3.5%, depending on the dataset. When considering the individual
train-test splits when the algorithms are run repeatedly on the same data, SMAC finds higher
average F1-scores compared to RS on the validation set for every single split in all three datasets,
reinforcing our belief that SMAC is more effective in its ability to optimize for the F1-score on the
validation set. Additionally, SMAC is more consistent in its performance, reducing the average
standard deviation in the performance by 13 to 18% compared to RS.

RS and SMAC generally output the same classifiers when optimizing on the same data, but
the choice varies greatly depending on the specific train-test split. Moreover, the variance in
performance between different train-test splits is much larger than the variance in performance
within each split. A substantial part of the uncertainty around the performance of both algorithms
is therefore caused by variation in the data between the splits, rather than caused by variation in the
result of the optimization.

Next, the results show that the difference in average performance of RS and SMAC on the
unseen test set is minimal and statistically insignificant (for α = 0.05). The models found during
the optimization by both algorithms generalize poorly, with at least a 20% decrease in performance
for each of the datasets. For both RS and SMAC, increased computation time does not lead to better
solutions. The 95% confidence intervals around the average F1-scores over the 20 train-test splits
are very large (± 10 to 15% of the average F1-score), as a result of the variation in performance
between individual train-test splits.

Creating an ensemble from the set of best models that were found during the optimization
benefits the performance on both the validation set and the test set. On the validation set, the
ensemble methods that optimize the most, such as Caruana, achieve the highest performance with
improvements up to 6%. For RS, this improvement does not depend on the amount of computation
time spent on selecting the models. For SMAC, the improvement degrades with more computation
time, as the set of models becomes increasingly specialized. On the test set, ensemble methods
Bagging and Top 50 provide the largest increase in F1-score, ranging from 4 to 7% for RS compared
to the individual best model. With improvements of less than 2%, the effect is less pronounced for
SMAC. When comparing the performances on the test set of the best ensemble methods for both RS
and SMAC, the conclusion remains the same: RS and SMAC achieve comparable average F1-scores.
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To conclude, the results of this work show that SMAC and RS return models that achieve
similar performance on the unseen test sets. We have shown that a random search with relatively
few evaluations and a simple ensemble strategy is sufficient to achieve performance comparable
to a more sophisticated and more computationally demanding Bayesian optimization approach,
therefore validating the use of a random search optimization strategy in this medical image
classification setting. All found models generalize poorly to the unseen tests sets. The difficulty to
generalize in this setting is furthermore emphasized by the large differences between subsets of the
evaluated datasets and by the observation that increasing the computation time of the optimization
does not benefit the test set performance of the final solution.

Future work could further explore this generalization problem and the suggestion made in this
work that, in this setting, extensively optimizing for the F1-score on the validation set is perhaps
not the best way to find models that generalize. A different AutoML strategy for radiomics could
instead aim at finding a diverse set of models for an ensemble. This diversity could for example
be achieved through balancing performance on different subsets of patients — perhaps identified
through clustering algorithms — or through balancing performance on multiple metrics. A first
step towards the latter goal could be to explicitly separate precision and recall. One potential way to
achieve this is by moving to a multi-objective optimization framework [44]. The goal would then be
to not return the optimal solution for a single metric, as we have done in this work, but to return a
set of solutions on the Pareto front of the search space: these are solutions that cannot be improved
in one of the objectives, without decreasing at least one of the other objectives [46]. This set of
solutions on the Pareto front could then be promising input to an ensemble. Additionally, besides
diversity, it could be beneficial to focus on reducing the complexity of the returned models [56].
For example, Olson and Moore [47] reported that they found much less complex models using their
genetic programming algorithm TPOT, compared to random search. Future work could investigate
whether this can work for radiomics and if it can lead to better generalizing models.

Furthermore, there is the potential to expand the search space that was defined in this work.
While for this set of problems with this hyperparameter space RS and SMAC perform comparably,
this might change when more hyperparameters, methods or steps in the workflow are included in
the optimization. Furthermore, since this work exclusively focused on classical machine learning,
there is the potential to build upon this research and extend to neural networks.

Finally, instead of focusing on the performance benefits of AutoML for radiomics, future work
could look more closely into the potential it has for explainability and transparency of the returned
models. For example, using comprehensive surrogate models in the Bayesian optimization has the
potential to improve explainability of the results [7]. This can help to increase trust in AutoML
systems [18], which is essential for adoption in clinical practice.
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