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Abstract

This research compares (and combines) multiple ad-

vanced machine learning methods: the multi-layer

support vector machine (ML-SVM), extreme gradient

boosting (XGB), principal component analysis (PCA)

and ensemble learning methods (bagging and stack-

ing). These methods are compared on a large dataset

for classification. On this dataset, XGB combined

with an ensemble method achieved the highest accu-

racy. The eigenvectors obtained using PCA did not

contribute to any promising results for XGB. Combin-

ing the dataset with principal components also did not

contribute to promising results for XGB. Training the

ML-SVM is a time consuming computation, especially

on large datasets. The ML-SVM uses particle swarm

optimization (PSO) in order to optimize its algorithm.

In this research the complexity of the PSO on the ML-

SVM is reduced by decreasing the search space of the

PSO. These results are compared to the original results

of the ML-SVM and the overall accuracy of the less

parameter tuned ML-SVM was slightly less than the

original, but higher than a single SVM. Also XGB is

compared to these results: XGB performed worse than

the ML-SVM on smaller datasets.

1 Introduction

An implementation of a support vector machine
(Vapnik, 1998, 2013), one that does not use one
layer but several, is a new learning algorithm devel-
oped by (Wiering and Schomaker, 2013; Wiering,
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Schutten, Millea, Meijster, and Schomaker, 2013)
called the multi-layer SVM (ML-SVM). This step
seems only natural after the invention of the back-
propagation algorithm that allows the use of mul-
tiple layers in perceptrons (known as the MLP)
(Rumelhart, Hinton, and Williams, 1985). The
ML-SVM is capable of dealing with regression, clas-
sification and dimensionality reduction problems,
however, this research only focuses on classification
problems.

Another new and promising supervised learning
algorithm, extreme gradient boosting (XGB), is an
implementation of a gradient boosting framework
by (Friedman, 2001), but it is more efficient, scal-
able and portable (Chen and Guestrin, 2016). This
XGB algorithm contributed to several Kaggle com-
petition winning solutions, or almost winning a
Kaggle competition (Taieb and Hyndman, 2014).
These promising results show that XGB is an algo-
rithm worthy to measure the ML-SVM against.

In this research, the ML-SVM and XGB algo-
rithms are compared on how well they perform on
the classification of several smaller datasets from
the UCI repository (Asuncion and Newman, 2007)
and one large dataset from a Kaggle competition.
Not all small datasets are binary, they contain at
most 7 target classes. In the competition for the
large dataset, the machine learning algorithms have
to predict whether a customer of the Santander
Bank is satisfied or dissatisfied (binary classifica-
tion) using ±370 anonymized features. Therefore
one of the research questions of this research is:
How does the multi-layer support vector machine
perform compared with extreme gradient boosting?
The hypothesis is that XGB is not able to outper-
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form the results of the ML-SVM for the smaller
datasets, because of the complexity of the ML-
SVM. However, due to the simplicity of the XGB
algorithm, it is expected that it will outperform the
ML-SVM on the large dataset.

The ML-SVM has around 15 metaparameters
such as two learning rates for the different layers,
which have to be tuned for each individual dataset.
In (Wiering and Schomaker, 2013), the amount of
time spent on automatically tuning these parame-
ters on the largest UCI dataset is at most two days.
Tuning these metaparameters is done by particle
swarm optimization (PSO) (Kennedy, 2011). The
PSO method used by the ML-SVM is a compu-
tational demanding task when a lot of train data
is used, as discussed in (Wiering and Schomaker,
2013). For even larger datasets, it is not attractive
having to wait longer than two days before hav-
ing a final result. Hence, another objective of this
research is to reduce the complexity of the metapa-
rameter search, done by PSO, for the ML-SVM on
classification datasets: How to reduce the complex-
ity of the multi-layer support vector machine? The
hypothesis for this question is that the accuracy
will decrease as the ML-SVM uses a smaller meta-
parameter search. This follows from the fact that
the ML-SVM tries less combinations for the meta-
parameters it has and thus has a smaller chance of
finding the most optimal combination.

The general principles of the SVM, ML-SVM and
XGB algorithms will be explained below in order
to answer the research questions. Furthermore, the
machine learning techniques principal component
analysis (PCA), and the ensemble methods bag-
ging and stacking are explained too. These tech-
niques are applied to the XGB algorithm in order
to attempt to improve their accuracies in the clas-
sification of the large dataset.

2 SVM

In order to understand the ML-SVM, first its main
component will be explained: the support vector
machine. The support vector machine is a promis-
ing supervised learning algorithm for regression
and classification of datasets (Vapnik, 1998, 2013).
Those who are interested in the math should look
up the article of (Fletcher, 2009), it explains the
math behind classification of SVMs in full detail.

In this section it will be explained more generally.
Figure 1 shows the general idea of an SVM sep-
arating two classes (black and white dots) in two
dimensions. Suppose that in a dataset, which is

Figure 1: Two classes are separated by the mar-
gins and the hyperplane of a support vector ma-
chine, a two dimensional example. Image from
(Fletcher, 2009)

not necessary linearly separable, there are N train-
ing points, then each row (xi) has a total of D
attributes, or has D dimensions. Each xi belongs
to a class c: 1 or -1 (yci ∈ {−1, 1}). The variable ξi
allows misclassified points. In summary, the data
looks as follows:

{xi, yi} where i = 1 . . . N, yci ∈ {−1, 1}, xi ∈ <D

(2.1)
A hyperplane separating the two classes is de-
scribed by the following function (similar to figure
1):

~w · ~x− b = 0 (2.2)

Note that the sign in front of b is negative here (as
in figure 1). The separating hyperplane of the SVM
is located in such a way that the closest members
of each class are as far away as possible. The goal
of the SVM is to select ~w and b such that it satisfies
the following constraints:{

xi · ~w − b ≥ +1− ξi for yci = +1

xi · ~w − b ≤ −1 + ξi for yci = −1
(2.3)

ξi ≥ 0 ∀i (2.4)

These two formulae can be combined in one equa-
tion by:

yci (xi · ~w − b)− 1 + ξi ≥ 0 where ξi ≥ 0 ∀i (2.5)
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Figure 2: Architecture of a two-layer SVM. In this example, the hidden layer consists of three
SVMs Sa, image from (Wiering and Schomaker, 2013).

The support vectors (e.g. ~x · ~w − b = −1) of the
SVM are determined by the train data points that
lie closest to the hyperplane and are on the correct
side of the hyperplane. In figure 1 these are sur-
rounded by additional circles. Data points on the
incorrect side have a penalty that increases as the
data point lies further away from the hyperplane.

The length of a margin is equal to 1
||w|| . Maxi-

mizing the margin with respect to the constraints
of equation 2.5 results in finding min||~w||. However
minimizing ||w|| is equivalent to minimizing 1

2 ||~w||
2.

The variable C accounts for the penalties (ξi) and
the size of the margin. The following formula can
be constructed:

min
1

2
||~w||2 + C

N∑
i=1

ξi

s.t. yci (xi · ~w + b)− 1 + ξi ≥ 0 ∀i

(2.6)

From this formula the ~w, b and ξi can be found.
Lagrange multipliers are used to obtain a primal
and dual objective function, more details on the
math are in (Fletcher, 2009). Eventually, the tuto-
rial of (Fletcher, 2009) shows how (using Langrange
multipliers, differentiating and a quadratic problem
solver) the values for ~w, ξi and b can be obtained.

3 ML-SVM

Now that the general concept of the SVM is clear,
the ML-SVM can be explained. An SVM uses a
single layer to learn from the data, thus, combin-
ing several SVMs leads to the ML-SVM as figure
2 shows. In the paper of (Wiering and Schomaker,
2013) the following formula (f(~x|θ)a) is used for
computing the hidden layer representation for a
SVM Sa for input ~x:

f(~x|θ)a =

N∑
i=1

(α∗i (a)− αi(a))K1(xi, ~x) + ba (3.1)

The variable θ represents trainable parameters in
these SVMs and K(·, ·) is the kernel function. In
(Wiering and Schomaker, 2013) it is argued that
each result of a SVM relies heavily on their selected
kernel function K1 (and K2 for the ML-SVM). The
kernel function used in the ML-SVM is a radial ba-
sis function that enables the SVMs to classify non-
linear data. In equation 3.1, α∗i (a) and αi(a) are
the coefficients of the support vectors for Sa, they
can be adjusted to a local maximum by a gradient
ascent learning rule computed by the main SVM
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M . This rule is computed by:

αc
i ← αc

i +λ(1−
N∑
j=1

αc
j ·ycj ·yci ·K2(f(xi|θ), f(xj |θ)))

(3.2)
In this equation λ represents the learning rate for
αc
i . The support vector coefficients stay between 0

and C due to another metaparameter c1, this way
the bias constraint is respected. The ML-SVM uses
a technique similar to backpropagation that con-
structs new perturbed train sets for each hidden
layer SVM Sa. Each Sa then trains again using
the gradient ascent learning rule on these perturbed
train sets. Every SVM outputs to the main SVM
M which learns to map the output of the SVMs
(see equation 3.3).

gc(f(~x|θ)) =

N∑
i=1

yciα
c
iK2(f(xi|θ), f(~x|θ)) + bc

(3.3)
To enforce symmetry breaks, the different hidden-
layer SVMs are randomly initialized and then, in
the initialization phase, trained to output a partic-
ular target class. The ML-SVM has 27 metaparam-
eters (such as the hidden-layer size) to be tuned.
As discussed in the introduction, these metaparam-
eters are to be tuned by PSO. In (Wiering and
Schomaker, 2013) the PSO method tries around
1 ∗ 106 combinations of these metaparameters. An
effective implementation of PSO is used in order to
prevent PSO of trying less promising sets of meta-
parameters. Eventually, the most promising meta-
parameter set is used for training the ML-SVM
model.

4 XGB

As discussed earlier, XGB is an improved im-
plementation of the gradient boosting algorithm.
Therefore, the gradient boosting algorithm is ex-
plained in order to understand the extreme gradi-
ent boosting algorithm itself. The tutorial of the
author of XGB is used (Chen and Guestrin, 2016).

Classification and regression trees (CART) are
used instead of decision trees (only leaves have de-
cision values in CART). Figure 3 shows how a tree
could be composed. The models in this figure try
to predict whether each person likes video games

Figure 3: An example of two classification
and regression trees. Image from (Chen and
Guestrin, 2016)

or not. Each leaf in a tree has a value that repre-
sents the prediction of the target. E.g. the value
2.9 is obtained by summing over the prediction val-
ues of all tree leaves in which that person occurs.
Some parameters used in this algorithm are: K,
the number of trees, f a function that is in the set
of all possible CARTs. The main model that is to
be optimized by the algorithm look as follows:

Obj(Θ) = l(Θ) + Ω(Θ) (4.1)

l is a differentiable convex loss function that com-
putes the error between the predicted value and the
actual value (e.g. square loss). Ω is a function to
control the complexity of the model. Adjusting this
formula for gradient boosting then gives some more
parameters: T , the number of leaves in the tree and
w representing the leaf weights. The models for
gradient boosting and random forests (Liaw and
Wiener, 2002) do not differ from each other. The
distinction between those algorithms is made in the
training part. The parameters to be learned can-
not be learned using Euclidean space optimization
methods. An additive ensemble strategy, boosting
(Freund and Schapire, 1995), is used in order to
compute these parameters. Boosting adds one tree
at a time and compensates or improves for what it
has learned previously. Therefore, boosting is able
to focus on the bad parts of its own model. In one
iteration the algorithm tries to find a classification
tree that improves the current model of classifica-
tion trees the most. These details can be found in
(Chen and Guestrin, 2016). However, the general
principle for XGB should be clear. A notable fea-
ture of XGB is that it is able to deal with sparse
matrixes which makes it 64 times as fast.
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5 Principal Component Anal-
ysis and Ensemble Learning

In this section the basic principles of principal com-
ponent analysis and two ensemble learning methods
stacking and bagging (used in this research) will be
explained.

5.1 Principal Component Analysis

Prior to performing PCA (Pearson, 1901), the data
is transformed (or preprocessed) such that each fea-
ture is normalized (feature scaling). Normalization
is done by computing the minimal and maximal
values over each feature. For each feature each ele-
ment is subtracted by that feature’s minimal value
and divided by its maximal value minus its minimal
value:

x′ =
x−min(x)

max(x)−min(x)
(5.1)

This causes each feature to range from [0,1] and
scale proportionally. After normalization, PCA
computes the eigenvalues of the covariance matrix
and sorts the components on importance (highest
eigenvalue). Thus, the newly obtained matrix con-
sists maximally of n features where n is the amount
of features in the dataset. For reference figure 4
shows centered data of two PCA components (that
does not range from [0,1]). Normally, PCA is used
in order to reduce dimensionality and eliminate
noise of the dataset. In the case of this research
360 features are reduced to 100 and 200 compo-
nents. This research also increased the dataset by
adding the obtained PCA features (150, 200, 250
and 300) to the original dataset.

5.2 Ensemble Learning Methods:
Bagging and Stacking

Bagging (or Bootstrap AGGregating by (Breiman,
1996)) and stacking (Wolpert, 1992) are similar in
that both methods use predicted output files by
a classification algorithm. Multiple classification
methods, that differ in the algorithm used or just a
parameter value, generate different predicted out-
put files.

In bagging these output files are added to each
other and then the average is computed. Eventu-
ally, a threshold is used for deciding the final class.

Figure 4: An example of two principal compo-
nents in a principal component analysis. Image
generated in Python.

This final file is an average of all models provided to
the bag. For more classes all probabilities for each
class have to be taken into account (and summed
over). In general bagging reduces the variance and
prevents overfitting.

In the stacking ensemble learning method, the
output files generated by each model become new
features. Hence, each output file is a new feature.
The newly obtained files are used to train the model
on (for example XGB).

6 Experiments and Results

In this section the performances of the algorithms
ML-SVM and XGB in combination with other ma-
chine learning techniques are compared. After-
wards, the results of reducing the complexity of the
ML-SVM will be shown and discussed.

6.1 Experiments on Comparing the
ML-SVM and the XGB algo-
rithms on a Kaggle competition

The train and test datasets from the Kaggle compe-
tition contained information from ±75000 persons
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and there were ±370 features for each person (e.g.
age). This resulted in ±28 million elements in each
dataset. In order to reduce the amount of data,
some features were removed. The features removed
in both datasets were features that contained the
same value for each person in the train dataset, e.g.
a column that only has the value 0 in it. In the
same way for the datasets, duplicate columns were
removed, thus if column 1 was equal to column 2
in the train dataset, column 2 got removed in both
sets. This reduced the dataset size with ±17%.

For experiments that used PCA, a normalization
is done over the train matrix, then the train matrix
was sorted on the obtained eigenvalues (see the sec-
tion about PCA), afterwards the same transforma-
tion (normalization and sort) of the train dataset
is applied to the test data. In this research, fea-
tures obtained by PCA were used in order to train
and test on, or were used in combination with the
original train and test data (stack), however this
increased the amount of dimensions from 300 to
300 + {100, 150, 200, 250, 300}. For the stack-
ing ensemble method, XGB was used such that it
generated its own train dataset. This was done by
letting XGB train and test using the train dataset
for both. Eventually, all files obtained (containing
output probabilities) were combined in a new stack
training dataset. At last for the bagging ensemble
method, output files of multiple cross validations
for XGB were combined (and taken the mean of)
or the output files that have high scores were com-
bined. Each individual XGB run is based on 560
classification trees that have a maximum depth of
5. The results can be shown in table 1.

Table 1 shows a public and private score for the
13 highest scoring accuracies (based on the private
scores). The public and private score are used in
the competition to prevent overfitting models. The
public score of each model is based on half of the
test data, and after the competition has finished
the final private scores are calculated on the other
half of the data, these scores determined the win-
ners of the competition.

As can be seen from table 1, a bag of XGB runs
that used 50% of the training data and 20 cross val-
idations performed the best, using a lower amount
of train data resulted in lower accuracies. A single
run of a XGB using all train data also performed re-
ally well, this might be explained by the fact that
XGB itself already is a kind of bag itself (of 560

Table 1: Public and private scores on the San-
tander Customer Satisfaction dataset sorted on
private scores. CV denotes the amount of cross-
validations used.

Kind of submission Public Private
Bag 50% train, 20 CV 0.840959 0.827225
Normal XGB 0.840324 0.827165
Bag best 5 files 0.840595 0.827160
Bag 20% train 0.840736 0.827135
ML-SVM 0.838860 0.827112
ML-SVM(2) 0.839098 0.827083
XGB with 300 PCA 0.838957 0.826942
XGB with 250 PCA 0.839088 0.826527
XGB with 200 PCA 0.838901 0.826480
XGB with 150 PCA 0.839018 0.826020
Bag 10% train, 100 CV 0.841211 0.824441
Stack 20% train, 20 CV 0.838722 0.824135
Stack 50% train, 20 CV 0.837442 0.822212

classification trees). Another bag of the 5 best files
then performed the best, this bag of best files was
based on older obtained results with lower scores.
Ideally, a bag over the best files should also have
been computed on newer files with higher scores.
However, this was not possible because of the sub-
mission limit of Kaggle which was 5 submissions
per day. The ML-SVM did perform well, but ob-
taining results did take too long. In this experi-
ment, the ML-SVM was (slowly) trained on 5% of
the data. The results from the ML-SVM in table
1 distincts from ML-SVM(2), because another set
of metaparameters found by PSO were used. Ad-
justing the ratio train and test data, reducing or
increasing data using PCA, stacking (by definition
the ML-SVM is already a kind of bag of SVMs) or
applying some other machine learning techniques
that involve transforming the data are not tested
in this research, due to the time consuming com-
putations of the ML-SVM. At last, the scores of
combining the training data with PCA features did
perform worse than leaving these PCA features out,
however only using PCA features did perform even
worse (and therefore are excluded from table 1).

For reference: The winner of the Kaggle competi-
tion achieved an accuracy of 0.844838 and 0.829072
on the public and private scores respectively. On
overall the ML-SVM was not able to achieve high
enough scores, especially because it took to long
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for the ML-SVM, training only on 5% of the data,
to achieve the scores shown in table 1. XGB on
the other hand provided more promising results
and was able to provide these results within fair
amounts of time such that the amount of daily sub-
missions on Kaggle were utilized maximally. This
also suggests that reducing the complexity of the
ML-SVM might improve the results obtained by
the ML-SVM.

6.2 Experiments for Reducing Com-
plexity of the ML-SVM

In (Wiering and Schomaker, 2013), the ML-SVM
uses 1 ∗ 106 combinations of metaparameters in its
search for the optimal combination for that partic-
ular dataset. Reducing this amount of evaluations
to 1∗104 and setting around 15 metaparameters on
default values speeds up the metaparameter search
100 times. The decision for which metaparameters
to set on default is based on experience. In one ex-
periment the metaparameter that determines the
amount of hidden-layer SVMs used is returned to
being a variable metaparameter.

The results of this experiment can be found in
table 2. The second column shows the results ob-
tained by the original ML-SVM in (Wiering and
Schomaker, 2013). The third column (ML-SVM 1)
shows the results for the complexity reduced ML-
SVM for each dataset. The fourth column (ML-
SVM 2) also shows results for a complexity reduced
ML-SVM, but the layer size variable of the ML-
SVM is not set on a default value. For reference,
the accuracies of the ML-SVM on each UCI dataset
are also compared with XGB, these are found in the
last column of table 2. The results of XGB are ob-
tained using the default metaparameter values from
the Kaggle competition. Also a metaparameter
tune was conducted by parameter tuning 6 meta-
parameters in the XGB algorithm. The amount
of metaparameter combinations is 174+(7*nFea-
tures). The XGB algorithm is cross validated 100
times for each variable (10 times on different data
subsets and for each subset 10 iterations of the
XGB itself). Therefore, the total amount of meta-
parameter computations was ±17400. The optimal
metaparameters obtained then were 10000 times
cross validated. However, the results from param-
eter tuning XGB were worse on average than the
values used from the competition, therefore these

are used in this research.
Table 2 shows that reducing the search space for

PSO and setting metaparameters on default val-
ues results in a accuracy loss of 0.6% (on aver-
age). However the algorithm now is 100 times as
fast. The speed-up might be valuable when larger
datasets are used (e.g. in Kaggle competitions) or
deadlines are set. Excluding the layer-size variable
as a default value for the same amount of search
space evaluations led to an accuracy loss of 1.2%,
this also means that all parameter combinations
are more dependent on each other. Finding more
optimal combinations requires more fine-tuning of
parameters. The results suggest that the layer size
of the ML-SVM could be set on a default value.
The default value for the layer size used in this re-
search was 20. All ML-SVM methods on average
have higher accuracies that the XGB algorithm has.
This shows that the ML-SVM is able to outperform
the XGB algorithm and a single SVM which had
an average accuracy over the same datasets of 87.5
in (Wiering and Schomaker, 2013). The standard
errors for the less parameter optimized ML-SVMs
and XGB are larger than the original ML-SVM,
this is explained by the fact that the model trained
by the original ML-SVM has more cross validations
and therefore is more stable and reliable.

7 Discussion and Future Work

For deciding which algorithm (ML-SVM or XGB)
performs best, it can be concluded that it depends
on the size of the train dataset. On the smaller
datasets ML-SVM outperforms the XGB algorithm
and for a really large dataset XGB is outperforming
the ML-SVM, because the ML-SVM is too slow to
be trained on the whole dataset. In addition to the
accuracy of the trained model, its complexity does
matter too. In the Kaggle competition it took the
ML-SVM too long in order to provide all original
output files. The less parameter optimized ML-
SVM is faster but still too slow. The complexity of
the ML-SVM is of O(N2) for N train examples. A
suggestion for future work is to improve how exam-
ples are chosen to be trained in order to decrease
the complexity for the amount of training exam-
ples.

Furthermore, it seems that the ensemble method
bagging also improved the results the most in this
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Table 2: The means and their standard errors of the error rate on each dataset for the original,
optimized 1, optimized 2 ML-SVMs and XGB. There are 1000 random cross validations performed
on the original ML-SVM and 100 on the others.

Dataset ML-SVM(orig) ML-SVM 1 ML-SVM 2 XGB
Hepatitis 85.1±0.1 84.5±0.8 84.3±0.8 61.9±1.2
Breast Cancer W. 97.0±0.1 97.2±0.2 97.0±0.2 96.4±0.2
Ionosphere 95.5±0.1 94.8±0.4 95.6±0.4 93.7±0.4
Ecoli 87.3±0.2 86.0±0.6 85.2±0.6 85.9±0.6
Glass 74.0±0.3 72.3±0.9 70.0±1.0 79.0±0.5
Pima Indians 77.2±0.2 77.4±0.5 77.6±0.5 76.4±0.6
Votes 96.8±0.1 96.6±0.2 95.9±0.3 96.0±0.3
Iris 98.4±0.1 97.8±0.4 97.9±0.4 93.2±1.5
Average 88.9 88.3 87.9 85.3

research on the large dataset. The train test ratios
used are 10/90 20/80 and 50/50 in which increasing
the train size resulted in an accuracy increase, using
even more train data might also have led to higher
accuracies. PCA and stacking did perform worse
than a single XGB run. All XGB runs for the large
dataset in this research used the same metaparam-
eter values. In order to validate that stacking or
PCA methods on the XGB algorithm always per-
form worse (on average), the metaparameters could
be tuned like the ML-SVM algorithm does. How-
ever, this will increase the complexity of the XGB.

Reducing the search space for metaparameters of
the ML-SVM and setting these metaparameters on
default results in an average accuracy loss on all
small classification datasets used in this research.
Including an extra tunable parameter in the search
space may decrease the accuracy. In this case it
meant that putting the amount of SVMs used in the
layer size as a default value, improved the search for
other variable metaparameters. It might be inter-
esting to find out if there are more metaparameters
that can be set on default values such that an accu-
racy increase is obtained. However most metapa-
rameters such as the learning rates should not be
set on default.

Due to the speedup of the complexity reduced
ML-SVM it will be faster in finding results for clas-
sification datasets. When deadlines are to be met,
the original ML-SVM simply takes too long to find
its optimal metaparameters. The complexity re-
duced ML-SVM also has a complexity of O(N2).
A method to improve the complexity is to learn
on a small part of the dataset and focus on the

bad trained examples, similar to XGB. Therefore,
data pruning methods (Angelova, 2004) also can
be examined in future work in order to reduce the
complexity of the ML-SVM.
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