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1 INTRODUCTION

Recently, due to technological advances, Machine Learning (ML) is becoming more
pervasive in real-world applications. ML algorithms are being employed for several tasks,
e.g., detecting spam and malware [3], driving autonomous vehicles [4], detecting diseases
[5], identifying objects in images [6], performing image segmentation [7], sentiment analysis
[8], language to language translation [9], and artistic style transfer for images [10], to name
a few.

Traditional ML algorithms work by modelling knowledge from static datasets. In
other words, data from a problem of interest is collected during some period of time
and then used by an algorithm to induce a model. Nowadays, massive amounts of data
are available, but traditional ML algorithms are not capable of taking advantage of this
and so, a new field of study emerged, called Data Stream Mining [11, 12]. It consists of
algorithms capable of dealing with very large volumes of data, which usually comes in the
form of continuous streams [1, 13].

Unlike learning from static data, learning from data streams assumes that new
data can arrive at any time, which can make the current model outdated. Additionally,
Concept Drifts (CD), which are related to the change of data distribution in the problem
space over time, are also possible in this scenario. Therefore, learning from data streams
requires continuous model updates. An additional challenge posed by learning from these
streams is the demand to perform accurate predictions at any time [1, 11]. This means
that algorithms need reasonable performance even with a low number of instances, i.e.,
algorithms with fast convergence are desired. Also, model updating must be fast so it
does not become a bottleneck for solutions and the memory available can be very lim-
ited, depending on where this model is updated (for example, in an Internet of Things
(IoT) device). A good algorithm is capable of efficiently dealing with processing time and
memory space [14, 11, 1].

Many learning algorithms have been proposed to cope with some of these aspects.
Among them, the Very Fast Decision Tree (VFDT) [14] is one of the most well-known al-
gorithms for data stream classification, being capable of constructing a decision tree (DT)
in an online fashion by taking advantage of a statistical property called Hoeffding Bound
(HB). By doing so, the VFDT obtains a predictive performance similar to conventional
DTs created by traditional algorithms applied to static datasets [14]. Although the VFDT
is memory-friendly when compared to ML algorithms for batch data, learning from data
streams can lead to unnecessary tree growth, increasing memory usage, compromising its
application on memory-scarce scenarios and even making it perform poorly.
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In the last years, modifications to the VFDT algorithm have been proposed to im-
prove it [15, 16, 17, 18]. However, this came at the cost of a substantial increase in mem-
ory usage without any substantial predictive performance increase. Moreover, according
to Krawczyk et al. [1], data stream researchers are shifting their focus to ensemble-based
solutions, which are algorithms with a better predictive performance by nature. Ensemble
solutions combine multiple ML algorithms (usually named base learners in this situation)
in a specific fashion to create a model with higher predictive performance. The predic-
tive performance of these solutions depends on the strength (predictive performance) of
the base learners and the statistical correlation between them. An optimal ensemble has
base learners with high predictive performance and low statistical correlation. However, in
practice, increasing the predictive performance of each base learner will result in a higher
statistical correlation. In this sense, ensembles with only weak learners, i.e., base learners
with relatively low predictive performance, will have very similar predictive performance
as ensembles with strong base learners, as long as the correlation between weak learners
is low [19]. Nonetheless, ensembles are very costly, since the memory and time costs of
each learner are stacked, which hinders the use of ensembles.

Here, a new modification of the VFDT algorithm called Strict VFDT (SVFDT) is
proposed to reduce the VFDT’s memory costs without compromising predictive perfor-
mance. It works by allowing growth only in branches of the tree that will likely lead to
a high increase in predictive performance. To do so, we introduced four constraints that
block splits in the following situations:

1. Leaves in which the classification problem is already easy.

2. Splits which do not contribute to solving the problem.

3. Leaves where only a small amount of instances are present.

Furthermore, a second version is also proposed, introducing skip mechanisms which ignore
the proposed constraints when the classification problem is too hard or splitting will solve
it. Both versions were extensively evaluated in 26 datasets considering predictive perfor-
mance, memory costs and training time. Results show that both SVFDTs significantly
reduce memory costs while only decreasing predictive performance by a small margin.
Likewise, they are also faster than the VFDT in multiple scenarios.

1.1 Hypothesis

Creating shallower DTs result in a significant boost in their generalisation capa-
bilities [20, 21, 22]. To do so, split nodes from the DTs are turned into leaves in a process
called pruning. In batch scenarios, it is possible to evaluate the impact of pruning and



16

undo it if the resulting DT performs poorly. However, in data streams, undoing pruned
nodes is not possible due to time limitations and the fact that instances are not stored.
Nonetheless, our hypothesis is the following:

“It is possible to create a much shallower DT, reducing its memory costs while
keeping predictive performance, in a data stream environment, without undoing pruned
nodes”

1.2 Objectives and Contributions

This work proposes a modification to the Very Fast Decision Tree called Strict
Very Fast Decision Tree to significantly reduce memory costs while maintaining predictive
performance. Additionally, the SVFDT is also faster than the VFDT in many cases.

The main contributions of this work can be summarised as:

1. Proposes the SVFDT which uses significantly less memory in comparison to the
VFDT, reaching similar predictive performance. Two versions were designed, one
focusing on using the least possible amount of memory and another with skip mech-
anisms to yield better predictive performance.

2. Experimental evaluation of the SVFDTs against the VFDT in 26 benchmark datasets.

3. Evaluation of the impact of each individual heuristic and their possible combinations
to guide the creation of new heuristics.

1.3 Outline

The remainder of this work is divided in the following manner: Chapter 2 presents
a theoretical foundation about traditional ML, concepts regarding data streams and ML
on them, and the VFDT algorithm. Chapter 3 presents, as related work, algorithms that
modified the VFDT to improve it. In Chapter 4, the SVFDT algorithm is presented.
Materials and methods are discussed in Chapter 5. The results are presented in Chapter
6. Chapter 7 presents the conclusions.
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2 THEORETICAL FOUNDATION

This study coverts ML algorithms applied to data streams, often called Data
Stream Mining. In this way, it is important to first define ML to then move on to the
definition of data streams. Two ML algorithms are also presented, the DT and Naive
Bayes (NB), since they are broadly used and modified in the Data Stream Mining field.

2.1 Machine Learning

Machine Learning is a subarea of Artificial Intelligence (AI) which comprises to the
capacity to improve performance in a task using past experience [23, 24]. Furthermore, ML
can also be defined as the process of inducing a hypothesis or approximating a function
from previous experiences [23]. Mitchel [24] gives the following, more formal, definition:

“A computer program is said to learn from experience 𝐸 with respect to
some class of tasks 𝑇 and performance measure 𝑃 , if its performance at tasks
in 𝑇 , as measured by 𝑃 , improves with experience 𝐸.”

Traditional ML tasks are divided into two main categories: supervised (predictive)
or unsupervised (descriptive). Supervised tasks are divided primarily into classification
and regression tasks. Flach [22] defines a classification task as creating a classifier 𝑐 that
is a mapping 𝑐 : 𝑋 → 𝑌 , which better approximates the real mapping 𝑐 : 𝑋 → 𝑌 . 𝑋 is
the instance space. 𝑌 = {𝑦1, 𝑦2, 𝑦3, ..., 𝑦𝑚} is a finite set of class labels. And each instance
(example) is presented in the form of (x, 𝑐(x)), where x = [𝑥1, 𝑥2, 𝑥3, ..., 𝑥𝑓 ] ∈ 𝑋, 𝑓 being
the number of features, and 𝑐(x) ∈ 𝑌 . Learning a classifier consists of trying to create
the function 𝑐 which best matches 𝑐 on not just the training set, but ideally on the whole
instance space 𝑋. A regression task consists of creating a regressor 𝑟 which is a mapping
𝑟 : 𝑋 → R. In this case, 𝑟 maps the instance space 𝑋 to the real space and instances are
presented in the format of (x, 𝑟(x)), 𝑟(x) ∈ 𝑅.

Unsupervised tasks are mostly clustering (grouping) tasks. Given the available
data 𝐷 ⊆ 𝑋, a clustering model is a mapping 𝑞 : 𝐷 → 𝐶, where 𝐶 = {𝑐1, 𝑐2, 𝑐3, ..., 𝑐𝑝}
is simply the cluster of a given instance [22]. Instances are grouped into clusters given a
similarity measure, i.e., the Euclidean distance.

To better illustrate the differences between the three tasks, consider the following
scenario, described in [23]. Assume that there is a dataset containing information about
patients in a hospital. In this dataset, the information about each patient are character-
istics (features) which describe their main aspects. These features can be the age, height
and weight of a patient, as well as, the results according to some given clinical test. There
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are two types of features: quantitative (numeric) and qualitative (nominal). Quantitative
features refer to continuous features which can assume an infinite number of values, e.g.,
results from measures, such as weight and height of a patient. Differently, qualitative fea-
tures assume discrete values, e.g., binary (for example, if a patient has a given condition)
or nominal values (for example, in which month the patient felt sick). Now, consider that
we would like to predict one of these features. For example, using the age, height, weight
and some clinical test results from a patient, we would like to predict if that patient will
test positive for some disease (without actually performing the laboratory test). In this
case, we have a classification task, since prediction goal (target) is a discrete value:
if the patient will test positive for a disease. On the other hand, if we tried to predict
a continuous variable, the problem would become a regression task, for example, the
concentration of red blood cells. In descriptive tasks, the goal is to explore and better
describe data and no target variables exist. Using the same previous example, we may
want to group patients based on their similarities into clusters, e.g., patients with similar
weights and heights that tested positive to some disease.

Since this work focuses solely on classification tasks, algorithms will be described
focusing only on it. Nonetheless, the techniques presented here can also be applied to
other ML tasks, although outside the scope of this work.

2.1.1 Decision Tree Induction Algorithms

DT algorithms are frequently used for supervised learning. Multiple implementa-
tions have been proposed throughout the years, e.g., Classification and Regression Tree
(CART) [25], Iterative Dichotomiser 3 (ID3) [26] and C4.5 [27]. As defined by Gama et
al. [23] and Mitchel [24], decision tree algorithms, apart from some particularities, employ
a divide and conquer approach to recursively build a decision scheme in the format of a
tree. A complex problem is recursively divided into smaller and easier problems. Then,
the solution for these smaller problems are combined to solve the original problem. Con-
sidering that instances are scattered in a hyperspace (formed by the 𝑚 features), a DT
divides this space into subspaces. This is also called the learning process.

To better visualise the learning process employed by DT, consider the binary
problem represented in Figure 1. At first, a DT will try to simplify this problem by
separating it into two problems (since these algorithms usually perform binary splits).
To do so, it will divide the hyperplane. One possible division is represented in Figure 2,
where the DT algorithm found out that it was best to separate instances with feature
𝑓1 ≤ 20 from instances with feature 𝑓1 > 20 (represented by the line in orange). At
this point, for the true branch, the problem is already simple enough, since only instances
from class 1 are presented. Nonetheless, the problem on the other branch is still not simple
enough, and so, the divide and conquer procedure will continue for that leaf. This leaf is
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divided in instances with feature 𝑓1 ≤ 40 and instances with feature 𝑓1 > 40, resulting in a
division in the hyperspace and the DT represented in Figure 3. At that point, the training
process terminates. To perform predictions, simply sort (allocate) the new instances to
their respective nodes and attribute them to the majority class of instances in that leaf.
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Figure 1 – Example of a binary classification problem.
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Figure 2 – Example of a first level split of a decision tree in a binary classification problem.

In this example, finding the best split points was a trivial task, but in reality, this
is not. To do this, algorithms usually employ heuristic metrics to measure the “goodness
of a split” [24, 28, 21, 23, 22]. Different metrics were proposed in the literature, with the
majority of them agreeing on fundamental points. Splits which maintain a similar class
proportion among all resulting subsets have no utility, while splits that result in subsets
which contain only instances of one class have maximum utility [23].

2.1.2 Heuristic Metrics

The two most commonly used metrics [21, 23, 22] are the Information Gain (IG)
and Gini Impurity (GI). To compute the IG of a given feature, a metric called entropy
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Figure 3 – Example of a first level split of a decision tree in a binary classification problem.

(H) needs to be computed first. Intuitively, in this scenario, H measures how difficult it
is to be right when randomly guessing the class of instances present at that leaf. If all
classes have a similar number of instances, this probability would be the lowest, yielding
a higher H value. On the other hand, when classes distribution is highly imbalanced, H
would be closer to 0. Given a leaf 𝑙, the H of that leaf is computed as:

𝐻(𝑙) = −
𝐶∑︁

𝑖=1
𝑃𝑙(𝑖) log2 𝑃𝑙(𝑖), (2.1)

where 𝐶 is all classes of a problem and 𝑃𝑙(𝑖) referes to the probability of that given class
according to the instances observed at 𝑙.

After that, assume that a split feature 𝑓 is being tested with a branch factor of
two, where the first branch will contain all instances with a 𝑓 value lower than or equal to
a split point 𝑝 and the other will contain the remainder instances (with a 𝑓 value greater
than 𝑝). Note that the split factor of branches for nominal features is usually equal to
the number of possible values (one branch for each value) with no numeric split point.
By defining the first branch as 𝑙𝑙𝑒 and the second as 𝑙𝑔𝑡, 𝐻(𝑙𝑙𝑒) and 𝐻(𝑙𝑔𝑡) are computed.
Then, let ̃︁𝐻(𝑙, 𝑓, 𝑝) be the weighted average of 𝐻(𝑙𝑙𝑒) and 𝐻(𝑙𝑔𝑡). Note that the weights of
𝐻(𝑙𝑙𝑒) and 𝐻(𝑙𝑔𝑡) are equal to the number of instances in 𝑙𝑙𝑒 and 𝑙𝑔𝑡 respectively. Finally,
the IG of a split in the feature 𝑓 at split point 𝑝 on that leaf 𝑙 is computed as:

𝐼𝐺(𝑙, 𝑓, 𝑝) = 𝐻(𝑙)− ̃︁𝐻(𝑙, 𝑓, 𝑝). (2.2)

If the branch factor is larger than two, the H values of each branch are computed inde-
pendently in the same manner and their weighted average is computed in ̃︁𝐻(𝑙, 𝑓, 𝑝). The
IG equation presented would remain the same.

On the other hand, the GI of a leaf 𝑙 is given by the following equation:

𝐺𝐼(𝑙) = 1−
𝐶∑︁

𝑖=1
𝑃𝑙(𝑖)2, (2.3)
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where 𝑃𝑙(𝑖) holds the same meaning as in the equation for H (Equation 2.1). Then,
assuming the same feature 𝑓 , split point 𝑝, and resulting branches 𝑙𝑙𝑒 and 𝑙𝑔𝑡, compute
𝐺𝐼(𝑙𝑙𝑒) and 𝐺𝐼(𝑙𝑔𝑡) and compute their weighted average as ̃︂𝐺𝐼(𝑙, 𝑓, 𝑝). Then, the goodness
of a split according to GI is computed as:

𝐺𝐼(𝑙, 𝑓, 𝑝) = 1−̃︂𝐺𝐼(𝑙, 𝑓, 𝑝), (2.4)

Note that to find the best split point for numeric features, DTs usually test for all
possible split points and select the one that yields the largest IG or GI. By applying any
of those metrics, a DT algorithm selects the best features and their respective split points.
Additionally, it also naturally performs feature selection since only the best features are
used, according to a heuristic measure.

2.1.3 Pruning Techniques

Pruning techniques can also be applied to increase the generalisation capabilities
of DTs. As defined in [20], it is a strategy to simplify a DT, improving its performance
by removing error-prone components and further facilitating the analysis of the resulting
model. Note that pruning should never eliminate predictive parts of a classifier, requir-
ing a mechanism to determine where it should be performed. Pruning methods can be
divided into pre-pruning and post-pruning. Pre-pruning consists of “pruning” in advance
by suppressing the growth of a branch if it would not increase the predictive performance
of the tree. Literally, no pruning occurs, since unnecessary nodes will never exist. On the
other hand, post-pruning methods consist of taking a fully grown tree and cutting off
superfluous branches that do not improve or even jeopardise predictive performance.

These techniques also help to combat overfitting. Overfitting occurs when a model
is adjusted to the noise in the training dataset and is not capable of generalisation [21, 22].
In other words, the predictive performance in the training dataset is high but low in the
testing dataset. When a model is too complex, a small dataset may lead to overfitting
[21, 29]. However, this can be observed by monitoring the performance in the testing
dataset [21, 22]. Pruning is used in DTs to avoid creating too complex models.

To illustrate one of the many possible scenarios where pruning is desired, consider
the example presented in Figure 4. Possibly, the instance from class 2 next to the instances
from class 1 is either an outlier or noise in the dataset. In this sense, letting the divide
and conquer procedure execute until only one class of instances are present at the leaves
would result in overfitting the data. Note that other ML algorithms may also suffer from
overfitting and deal with it in different ways.
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Figure 4 – Example of a unnecessary splits on a binary classification problem.

2.1.4 Naive Bayes

The Naive Bayes (NB) is a ML algorithm based on the Bayes’s theorem that works
by making the naive assumption that all features are independent, given the value of a
class label.

It computes the frequency of occurrences of each feature for each class, and then
combines all these frequencies with the frequency of the classes themselves, resulting in
a set of probabilities [30, 11, 31]. The NB will classify an instance with the class value 𝑐
which maximises the a posterior conditional probability given by:

𝑃 (𝑐|x) ∝ 𝑃 (𝑐)
𝑓∏︁

𝑖=0
𝑃 (𝑥𝑖|𝑐), (2.5)

where x is an instance, 𝑓 is the total number of features in that instance, 𝑃 (𝑐) is the
probability of class 𝑐 and 𝑃 (𝑥𝑖|𝑐) is the probability of occurrence of the value present
in the 𝑖-th feature of x considering the class 𝑐. Note that numerical values are usually
discretised.

2.2 Data Stream Mining

Data Stream Mining is a subarea of ML focused on creating and applying tech-
niques from the broad area of ML to data streams. To better comprehend it, we need to
first define data streams.

2.2.1 Data Streams

In traditional ML, data is usually collected and stored during an amount of time
and then used to extract and generate knowledge. However, recently, data is being gener-
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ated with high frequency and volume. These are the main characteristics of a data stream,
i.e., data streams are composed by data generated continuously and indefinitely [1, 11].

As discussed in Krawcyzk et al. [1] and Gama et al. [11], data streams are po-
tentially unbounded, meaning that they can be infinite, and instances are related in a
time-ordered way. Additionally, the arrival time between instances is also variable.

The main characteristics of a data stream can be summarised as follows:

1. The size of the stream is huge and potentially infinite.

2. Instances are time ordered.

3. Instances arrive continuously, at high speed, and with different time intervals be-
tween each of them.

4. The streams are susceptible to change.

5. Labelling is very costly.

A data stream 𝑆 is defined as 𝑆 = {𝑍1, 𝑍2, 𝑍3, ..., 𝑍𝑛, ..., 𝑍∞}. When considering a
supervised scenario with one target variable, 𝑍 = (x, 𝑦), with x = [𝑥1, 𝑥2, 𝑥3, ..., 𝑥𝑓 ], where
𝑓 is the number of features, and 𝑦 as the target variable. If more than one target was
present, then 𝑦 would be a target vector. On the other hand, in unsupervised scenarios,
𝑍 = x.

Due to the amount of data, storing them all is not possible. Additionally, usually,
it is only possible to process each instance once. Even though algorithms like neural
networks and NB are incremental by nature, this is rarely sufficient to deal with data
streams, since the first needs many iterations to yield good predictive performance and
the latter usually has low predictive performance. All data stream characteristics pose a
need for specially tailored algorithms, that are capable of dealing with memory and time
constraints while also being incremental with only one scan over each instance [1, 11].

Additionally to the limitations presented, the phenomena called concept drift (CD)
may be present in data streams. CDs are usually defined with a probabilistic view. As
defined in [1, 32], first consider that each instance arrives at a time 𝑡 and is generated by
a joint probability distribution 𝑃 𝑡(𝑋, 𝑦), where x corresponds to the feature vector and 𝑦
to the class label. If the same joint probability distribution generates all instances in the
stream, then the concepts in data are stable, i.e., data is stationary. However, assume two
distinct instances, arriving at times 𝑡 and 𝑡 + 𝑧, generated by 𝑃 𝑡(x, 𝑦) and 𝑃 𝑡+𝑧(x, 𝑦). If
𝑃 𝑡(x, 𝑦) ̸= 𝑃 𝑡+𝑧(x, 𝑦), then a CD occurred. Particularly, when a CD occurs, either one or
both of the following change:

1. Prior probabilities of classes 𝑃 (𝑦);
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2. Class conditional probabilities 𝑃 (x|𝑦).

Nonetheless, a change in 𝑃 (𝑦) or 𝑃 (x|𝑦) is not a guarantee of change in 𝑃 (𝑦|x), defined
as 𝑃 (𝑦|x) = 𝑃 (𝑦) 𝑃 (x|𝑦)

𝑃 (x) .

There are two main types of drifts: virtual or real drifts. Real drifts are defined
as changes in 𝑃 (𝑦|x), whereas a virtual drift occurs when changes happen in 𝑃 (𝑦) or
𝑃 (x|𝑦) without affecting 𝑃 (𝑦|x). CD is the data stream learning counterpart of dataset
shift from batch learning [33]. Further, different types of CD exist, with the most common
types [34, 35, 33, 1] presented in Figure 5.

1. Incremental drifts consist of a sequence of small and not severe changes, where
instances slowly change their values over time.

2. Gradual drifts occur when a new concept begins to slowly take over the existing
concept. Assume that 𝐶1 and 𝐶2 are the old and new concepts and that their
probability of occurrence is 𝑃 (𝐶1) and 𝑃 (𝐶2). Then, prior to this drift, 𝑃 (𝐶1) = 1
and 𝑃 (𝐶2) = 0. During the drift, 𝑃 (𝐶1) would slowly decrease, while 𝑃 (𝐶2) would
increase, reaching 1.

3. Sudden drifts occur when at some instance 𝑡 𝑃 (𝐶1) turns into 0 and 𝑃 (𝐶2) into 1.

4. Reoccurring drifts may happen in some domains in which concepts reappear after
some time. Notice that this reoccurrence can be cyclic, meaning that two or more
concepts reappear in a specific order, or not.

It is important to notice that a stream may present multiple CD types, separately
or at the same time. Lastly, real CD usually concerns changes in all instances, but these
changes may occur in a particular subspace of the hyperspace.

gradual

incremental

sudden

reoccurring

Figure 5 – Types of Concept Drifts. Image from [1].

Further, a data stream may still present noise and blips (which corresponds to rare
events, or even outliers) [34, 1]. In this sense, an ideal data stream algorithm needs to be
able to deal with all the aforementioned restrictions.
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Like in traditional ML, many works that propose new algorithms deal with fully
labelled data streams, meaning that the ground truth for each instance is available imme-
diately or after a small time to the algorithm. However, for data streams, some researchers
also consider three different scenarios [1]. In the first, labels come with a delay, meaning
that the algorithm will only receive the ground truth for an instance after some time,
e.g., after receiving 𝑞 instances. One real-world example of this would be a financial fraud
detection, where fraudulent transactions are informed with a long delay. In the second
scenario, only portions of the stream are labelled. Lastly, a data stream can have only its
initial instances labelled or even be fully unlabelled. The three last cases can be seen as
an example of high labelling costs. In this work, following the approach taken by different
authors [14, 36, 37, 38, 39, 40], only fully supervised scenarios were considered.

2.2.2 Very Fast Decision Tree

The Very Fast Decision Tree, proposed by Domingos and Hulten [14], is a tree-
based algorithm for data streams designed around the principles of the Hoeffding Bound
(HB) [41] theorem. The HB theorem, as applied in [42, 14], states the following. Suppose a
continuous variable 𝑣, whose values are bounded by the interval [𝑣𝑚𝑖𝑛, 𝑣𝑚𝑎𝑥], with a range
of values 𝑅 = 𝑣𝑚𝑎𝑥 − 𝑣𝑚𝑖𝑛. Additionally, presume that this variable was independently
observed 𝑛 times and the computed mean, according to these observations, is 𝑣. Thus,
the HB theorem states that this variable has an expected mean 𝑣𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 (when 𝑛 → ∞)
bounded by the interval [𝑣 − 𝜖, 𝑣 + 𝜖] with statistical probability 1− 𝛿, where

𝜖 =
√︃
𝑅2 𝑙𝑛(1

𝛿
)

2𝑛 . (2.6)

When training, the VFDT applies the HB to evaluate if a given leaf should be split.
To do so, the VFDT first ranks the importance of all features considering the instances
that had fallen into that leaf. To measure the importance of each feature 𝑓 , consider a
hypothetical function 𝐺(.). In practice, two different functions are used as 𝐺(.), the IG
and the GI. Lastly, note that the HB function uses the range of values 𝑅. For the IG,
𝑅 = log2 𝐶, with C being the number of classes in that classification problem and for GI
𝑅 = 1.0. Although, as stated by [43], applying the HB to metrics, such as IG or GI, is
mathematically incorrect due to factors like their non-linearity, this has occurred in many
previous works and, in practice, works well as a heuristic procedure. The authors also
presented a mathematically correct bound to be used for the GI that can substitute the
right part of Equation 2.6. Here, the HB is used as a heuristic procedure. Nonetheless,
future adaptations can be made to employ the newly proposed bound.

The VFDT computes {𝐺(𝑓),∀𝑓 ; 𝑓 ∈ 𝐹}, where 𝐹 corresponds to all features in the
problem, and sorts these values from highest to lowest. Then, consider that the features
with highest and second highest values of 𝐺(.) are x𝑏 and x𝑠𝑏 and let Δ𝐺 = 𝐺(x𝑏)−𝐺(x𝑠𝑏).
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Using the HB, the lowest possible value of Δ𝐺 would be Δ𝐺− 𝜖. If Δ𝐺 > 𝜖, where 𝜖 was
computed at that given evaluation moment, then 𝑋b would hold as the best feature if
𝑛→∞ , with probability 1− 𝛿. This affirmation is easier to visualise if we give values for
𝐺(x𝑏), 𝐺(x𝑠𝑏) and 𝜖. Suppose 𝐺(x𝑏) = 1.0, 𝐺(x𝑠𝑏) = 0.8, Δ𝐺 = 0.2, and 𝜖 = 0.2. Then,
Δ𝐺 would be at least 0 and the best feature would remain the best (since this difference
is equal or greater than 0).

It is interesting to observe the decay behaviour of the HB function. Supposing that
𝑅 = log2 2 and 𝛿 = 10−4, and 𝑛 is varied, the resulting behaviour of the HB is presented
in Figure 6. As it is possible to observe, the HB value quickly decreases with few instances
seen. For example, the value almost halves from 100 to 300 instances and, in this sense,
receiving a few more hundred instances can lead to satisfying the HB. Likewise, it has a
behaviour similar to an exponential decay function, where the differences become smaller
the bigger the 𝑛 values.
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Figure 6 – Behaviour of the HB function with 𝑅 = log2 2 and 𝛿 = 10−4.

To compute IG or GI, the VFDT needs to keep track of the relation x → 𝑦 per
leaf. To handle nominal features, a simple counting of the number of occurrences of each
value given a class is sufficient. Considering a nominal feature with three possible values in
a problem with two classes, then the VFDT could have three vectors (one for each value)
with two positions (one for each class). For each new instances falling into a leaf, the
corresponding value vector in the position of that instance’s class would be incremented.
However, this is not possible for numeric features.

For numeric features, a naive method would be to store all instances seen and
compute the probabilities using them, but that would impact in a memory cost of the
same size of the stream, which is unfeasible. In this sense, many methods were proposed,
such as discretising numeric features, using an exhaustive binary tree [44] or a Gaussian
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numeric estimator, derived from [45]. For the first method, simply create a histogram with
𝑏 bins where each bin corresponds to a range of possible values. For example, consider
that the possible values for a feature are in the interval [0, 10] and 10 bins are created.
Then, all values from 0 to 1 would fall into the first bin, values from 1 to 2 in the second
and so on. Each bin would have a class distribution vector associated with it, which is
used to compute the IG or GI values. When evaluating a split in that feature, simply
use as possible split points the values which divide bins and count the resulting class
distributions. However, this method does not work well in practice and requires prior
knowledge of the range of possible values.

The second method, the exhaustive binary tree, consists of adding each possible
numeric value 𝑣 to a binary search tree and storing the total number of instances of each
given class for values smaller than 𝑣 and larger than 𝑣. Suppose a binary classification
problem and that the value 3.1 is added to the binary tree. Then, at the number 3.1 node,
two vectors with two positions would be created. In one vector, the number of occurrences
of class 1 or 2 for values smaller or equal to 3.1 would be stored and, in the other, the
same would happen for values larger than 3.1. When evaluating splitting at that feature,
simply go through the binary tree and compute the IG or GI according to each node. This
method was mainly proposed to avoid sorting all possible numeric values to discover the
resulting class distributions of each possible split point. In the worst case, memory costs
stay the same as storing all instance seen.

The third method, the Gaussian numeric estimator, outperforms the other methods
while maintaining low memory and time costs, being used as the default estimator in
recent works [2]. The Gaussian numeric estimator first assumes that the values of the
numeric features follow a normal distribution [2]. Then, it fits 𝐶 normal distributions
for each feature, with 𝐶 being the number of classes in that problem. These normal
distributions are created in an incremental way by updating the mean and standard
deviation values of the features. To do so without introducing precision loss the following
function is used to compute the mean [46, 47, 48]:

𝑋𝑛 = 𝑋𝑛−1 + 1
𝑛

(𝑥𝑛 −𝑋 𝑖−𝑛), (2.7)

where 𝑛 is the number of value seen and 𝑥𝑛 n-th value. The standard deviation is updated
according to [46, 47, 48]:

𝑆𝑛 = 𝑆𝑛−1 + (𝑥𝑛 −𝑋𝑛−1) * (𝑥𝑛 −𝑋𝑛) (2.8)

𝜎2
𝑛(𝑋) = 𝑆𝑛

𝑛− 1 (2.9)

𝜎𝑛(𝑋) =
√︁
𝜎2

𝑛(𝑋), (2.10)
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where 𝑆𝑛 is an intermediate variable and 𝜎2(𝑋)𝑛 is the variance of the sample. The
Gaussian estimator then uses these normal distributions to compute the IG or GI of a
given feature. This process is represented in Figure 7. At top of the image, there are two
normal distributions (one for each class in this binary problem). Under the distributions,
there are ten possible split points and the respective resulting class distributions if that
leaf split at that point. On the bottom of the image, there are the IG values for all tested
split points and, in this example, the chosen split point would be E, since it presents the
higher IG.

Figure 7 – Example of a Gaussian numeric estimator for a feature in a binary problem.
Image adapted from [2].

Using the techniques presented before, the VFDT is able to learn from a single
instance at a time with limited computational memory and time resources. Additionally,
under realistic assumptions, it has the same asymptotic performance as a DT produced
by a standard batch algorithm [11]. It is also worth highlighting that the VFDT, unlike
batch DTs, is capable of performing predictions at any time.

To avoid unnecessarily checking the split condition, this procedure is only executed
if the leaf has an impure class distribution, i.e., there is more than one class of instances
that felt on that leaf. Likewise, with the same goal, this checking is performed in intervals
of 𝑛 instances that felt into that leaf [14]. This is referred by many authors as Grace Period
(𝐺𝑃 ). Lastly, a tiebreak value 𝜏 was introduced to support tree growth when Δ𝐺 is very
low. The VFDT checks if Δ𝐺 < 𝜖 < 𝜏 holds true and, if so, ignores the HB condition [14].
It is worth highlighting that a high value of 𝜏 may lead to tree size explosion and even
completely ignoring the HB condition, e.g., when learning from a stream with two classes,
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using IG, 𝑛 = 200 and 𝛿 = 10−7, if 𝑡 ≥ 0.201 the HB condition will never be checked.

Instead of using a traditional most common (MC) approach, i.e., the majority
class, prediction at the leaves, Gama et al. [44] introduced the idea of functional leaves to
increase the predictive performance of the VFDT. These leaves use a NB or an Adaptive
NB (ANB) algorithm to further increase predictive performance [44]. This means that,
when a new instance is sorted to a leaf, one of the three strategies can be used (MC,
NB or ANB). If these nodes use a MC prediction, which is usually employed in batch DT
algorithms, then the class that appeared more times will be the prediction of that leaf. On
the other hand, a leaf can use a NB prediction to compute the class probabilities of those
instances. Lastly, when using a ANB prediction, the leaf will switch between performing
a MC or a NB prediction, choosing the most accurate prediction at that given time in the
leaf making the prediction.

To present a more general view of the algorithm, a diagram of the VFDT algorithm
is provided in Figure 8. It abstracts the initialisation steps and feature selection of the
algorithm and focuses more on how the tree building procedure works. First, instances
flow from a data stream into the algorithm. Then, the next instance from the stream is
selected, sorted to a leaf and used to update that leaf’s statistics. After that, the algorithm
checks if a split attempt should be made. If it should, the HB value is computed and the
𝐺(.) values of the features are ranked. The leaf is split if possible, according to the HB or
𝜏 . This process is repeated until the stream ends or indefinitely.

The full pseudocode for training the VFDT is provided in Algorithms 1, 2, and 3.
In Algorithm 1, the main function is presented. First, the tree is initialised with just the
root. The root contains additional statistics used to perform the 𝐺𝑃 interval check and a
set of features which are not candidates for a split at that given leaf. Then, each instance
of the stream is sorted into its respective leaf (in the beginning all instances will fall into
the root). This is done by travelling through the tree according to the split nodes. This
instance is then added to that leaf and, if the class distribution is impure and there have
been 𝐺𝑃 instances since that leaf last tried to split, the HB is computed and all features
are ranked according to their 𝐺(.) values. If that leaf validates the conditions according
to the function CanSplitVFDT, it turns into a split node using the feature with the
highest 𝐺(.) value and its children nodes are initialised. Otherwise, the FeatureSelection
function is executed. The CanSplitVFDT function is detailed in Algorithm 2. It works
by checking the HB and the 𝐺(.) values of the features according to the manner described
before. Lastly, in Algorithm 3, the feature selection procedure is defined. This is done
in the same way described in [14] and the idea behind it is to remove all features that
validated the HB when compared with the highest 𝐺(.) value. Recall that the HB is used
in the VFDT to check if the difference between the highest and second highest 𝐺(.) values
differ enough. In this sense, when applied to the remaining features, it is possible to see
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Figure 8 – Diagram of the VFDT.

if they will not become the best feature even if the VFDT observes more instances.

2.2.3 Hyperparamaters

Lastly, a more detailed discussion about the hyperparameters and their effects is
provided.

1. 𝐺𝑃 : when increasing it, the algorithm will perform less split tests, which will result
in smaller trees, using less memory and performing fewer computations, decreasing
time costs. On the other hand, smaller 𝐺𝑃 values will make the tree adapt faster to
the data stream. This results in higher predictive performance, at the cost of time,
since it performs more computations, and memory, given the fact that the resulting
tree will likely be larger.

2. 𝜏 : when increasing it, at each split attempt, the tree will need to see fewer instances
to split (in the extreme case, when using very large values of 𝜏 , a split will occur
whenever an attempt to split happens). This may increase predictive performance,
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but if we consider the extreme case and its interaction with a very low 𝐺𝑃 , the
produced tree can even overfit the data stream and perform poorly. Additionally,
memory and time costs are greatly increased. On the other hand, very low 𝜏 values
may hold tree growth, resulting in a small, low predictive performance tree.

3. 𝛿: it is used for the HB computation. When 𝛿 values are larger, 𝜖 will be smaller,
having the same resulting effect as increasing 𝜏 , whereas a small 𝛿 results in larger
𝜖 values and produces the same effect as decreasing 𝜏 .

4. 𝐺(.): the heuristic measure used to decide the best feature. Both IG and GI can be
used, yielding very similar results.

5. Drop poor features: an option whether or not to ignore poor features using the HB.
This is used by default to minimise computational resources. Varying it may result
in a slightly better predictive performance since a different feature may be chosen.
Nonetheless, the trade-off is not favourable.
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Algorithm 1 The VFDT training algorithm.
Input:

𝑆: the stream of instances
𝐺𝑃 : the grace period
𝛿: the error probability
𝜏 : the tiebreak value

Output:
VFDT : a trained Very Fast Decision Tree

1: procedure VFDT(𝑆,𝐺𝑃, 𝛿, 𝜏)
2: Let VFDT ← 𝑙𝑟𝑜𝑜𝑡 ◁ The root
3: Let 𝑛𝑙𝑟𝑜𝑜𝑡 ← 0 ◁ Number of elements seen at 𝑙root
4: Let 𝐿𝐶𝑙𝑟𝑜𝑜𝑡 ← 0 ◁ Number of elements on last split check at 𝑙𝑟𝑜𝑜𝑡

5: Let 𝐹𝑙𝑟𝑜𝑜𝑡 ← ∅ ◁ Set of features removed from comparison
6: for ((𝑋, 𝑦) in 𝑆) do ◁ X is the feature vector of an instance of class y in 𝑆
7: Sort (𝑋, 𝑦) to its leaf 𝑙
8: Let 𝑛𝑙 ← 𝑛𝑙 + 1
9: Update feature estimators and class distribution at 𝑙 according to (𝑋, 𝑦)

10: if (class distribution at 𝑙 is impure ∧ 𝑛𝑙 − 𝐿𝐶𝑙 > 𝐺𝑃 ) then
11: Compute 𝜖 and 𝐺(.) of features in 𝑙 ̸∈ 𝐹𝑙

12: Let 𝑟𝑎𝑛𝑘 ← Sorted 𝐺(.) computed
13: if (CanSplitVFDT(𝑟𝑎𝑛𝑘, 𝜖, 𝜏)) then
14: Replace leaf 𝑙 with a split node
15: for each branch of the split do
16: Let 𝑙𝑛𝑒𝑤 ← new leaf
17: Initiate all the feature estimators on 𝑙𝑛𝑒𝑤

18: Let class distribution on 𝑙𝑛𝑒𝑤 ← post-split distribution of 𝑙𝑛𝑒𝑤

19: Let 𝑛𝑙𝑛𝑒𝑤 ← sum of class distribution on 𝑙𝑛𝑒𝑤

20: Let 𝐿𝐶𝑙𝑛𝑒𝑤 ← 𝑛𝑙𝑛𝑒𝑤

21: Let 𝐹𝑙𝑛𝑒𝑤 ← ∅
22: end for
23: else
24: Let 𝐿𝐶𝑙 ← 𝑛𝑙

25: FeatureSelection(𝑟𝑎𝑛𝑘, 𝜖, 𝐹𝑙)
26: end if
27: end if
28: end for
29: return SVFDT
30: end procedure
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Algorithm 2 The split check algorithm for VFDT.
Input:

𝑟𝑎𝑛𝑘: rank of 𝐺(.) per feature
𝜖: the Hoeffding’s Bound value
𝜏 : tiebreak value

Output:
Boolean value

1: procedure CanSplitVFDT(𝑟𝑎𝑛𝑘, 𝜖, 𝜏)
2: Let 𝐺𝑏𝑒𝑠𝑡 and 𝐺𝑠𝑒𝑐𝑜𝑛𝑑_𝑏𝑒𝑠𝑡 ← the highest and second highest 𝐺(.) values
3: if (𝐺𝑏𝑒𝑠𝑡 −𝐺𝑠𝑒𝑐𝑜𝑛𝑑_𝑏𝑒𝑠𝑡 > 𝜖 ∨ 𝜖 < 𝜏) then
4: return True
5: end if
6: return False
7: end procedure

Algorithm 3 The feature selection algorithm.
Input:

𝑟𝑎𝑛𝑘: rank of 𝐺(.) per attribute
𝜖: the Hoeffding’s Bound value
𝐹 : features removed from comparison

Output:
Nothing

1: procedure FeatureSelection(𝑟𝑎𝑛𝑘, 𝜖, 𝐹 )
2: Let 𝐺best be the highest 𝐺(.) value
3: for feature in 𝑟𝑎𝑛𝑘 do
4: Let 𝐺feature be the 𝐺(.) of the current feature
5: if (𝐺best −𝐺feature > 𝜖) then
6: Add the current and the rest of features to 𝐹
7: Break
8: end if
9: end for

10: end procedure
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3 RELATED WORK

Several works proposed modifications to the VFDT algorithm. Here, they are
divided into two groups: those which directly change the original VFDT algorithm and
those that use the fundamental ideas of the VFDT to propose new algorithms.

3.1 Direct modifications to the VFDT algorithm

The Genuine Tie Detection (VFDT-GTD) [15] uses a simple mechanism to auto-
matically choose 𝜏 during training. The authors assume that in a genuine tie situation the
difference between the best candidate features is much smaller than the difference between
the second best and worst candidate features. In this sense, assuming the same notation
previously used for the VFDT algorithm, the VFDT-GTD replaces the normal tie break-
ing procedure by checking if 𝛼 (𝐺(𝑋𝑏)−𝐺(𝑋𝑠𝑏)) < 𝐺(𝑋𝑠𝑏)−𝐺(𝑋𝑤) holds true, with 𝑋𝑤

being the feature with the lowest value of 𝐺(.) and 𝛼 a hyperparameter to control the
number of times smaller this difference needs to be. Despite the VFDT simplification by
removing the 𝜏 hyperparameter, an 𝛼 hyperparameter was added. Furthermore, predic-
tive performance decreased in all datasets used in the experiments. In the same work, the
authors also proposed another method which increases waiting time for ties to be broken.
For simplicity, when referred here, this method will be referenced as VFDT-IWT. It takes
a different approach to reduce the number of ties that occur when they are being broken
too often. It works by requiring more instances to break a tie at each subsequent time a
tie is broken. To understand it, recall Figure 6. Supposing that we chose a 𝜏 = 0.0716,
at 900 instances 𝜖 < 𝜏 would hold true and a split would be performed. The method
proposed to add more 𝑝 instances for a tiebreak to happen in a child of this split node.
In this way, even if 𝜖 < 𝜏 holds true at 900 instances in one of the children of this node,
this child would have to wait more 𝑝 instances for a split to happen. If only tiebreaks are
performed, these 𝑝 values are stacked along the children of these split nodes. However,
when a split without tiebreak happens, the additional instances 𝑝 is reset to the initial
value (0 in this example). Unlike the VFDT-GTD, this presented a somewhat similar pre-
dictive performance as the original VFDT. For both algorithms, memory and time costs
were not explored.

Yang et al. [16] proposed the Moderated-VFDT (MVFDT) to deal mainly with
noisy scenarios. They observed that the fluctuation of HB values intensifies with nosier
streams. The authors argue that if they can manage to reduce this fluctuation they would
be able to increase predictive performance. For this, they implemented a different splitting
process by substituting the 𝜏 hyperparameter with a dynamic 𝜏 . The mechanism is very
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simple and works by storing the mean HB values of each leaf. A split is only performed
if either Δ𝐺 > 𝜖 (normal verification for the HB) or Δ𝐺 ≥ 𝜖𝑙, where 𝜖𝑙 is the mean HB
value of a leaf 𝑙, holds true. They also presented two pruning mechanisms, one stricter
and one looser. They compared their four versions against the VFDT, using a 𝜏 value that
ignores the HB in most cases, in five datasets. There was only an increase in accuracy
for one dataset, and although the authors argue that there was a decrease in memory
consumption, this is directly linked to using a very high 𝜏 value in the VFDT during their
experiments that effectively ignores the HB.

Yang et al. [17] proposed the Optimised-VFDT (OVFDT), where the goal was to
increase accuracy while avoiding tree size explosion, substituting 𝜏 by a dynamic threshold
value according to statistics about the HB and the leaf’s current accuracy. By doing
so, they also removed a hyperparameter. To compute this dynamic threshold value, the
OVFDT stores the mean value of all 𝜖 computed (𝜖𝑙) and the number of truly and falsely
predicted (𝑇𝑙 and 𝐹𝑙) instances per leaf 𝑙. Then, at a split attempt, if the HB does not
hold true, but either:

1. Δ𝐺 < 𝜖𝑚𝑎𝑥 and the accuracy of that leaf decreased since the last check or

2. Δ𝐺 ≥ 𝜖𝑚𝑖𝑛 and 𝑇𝑙 − 𝐹𝑙 < 0

holds true, where 𝜖𝑚𝑖𝑛 and 𝜖𝑚𝑎𝑥 is the lowest and highest mean values of 𝜖 across all leaves,
that leaf is split. OVFDT was compared with three algorithms: VFDT (with multiple 𝜏
values); Genuine Tie Detection; and Hoeffding Option Tree (HOT) [37]. When compared
with VFDT with 𝜏 = 0.05 (VFDT-0.05), OVFDT obtained a small accuracy improvement
(3%) at the cost of creating a tree, on average, 2.4 times larger. Additionally, it must be
highlighted that none of the compared algorithms focuses on reducing tree size.

The Enhanced VFDT (EVFDT), proposed by [49], implements a dynamic tiebreak
based on previous statistics from the HB and an additional pruning mechanism. For the
dynamic tiebreak 𝑇 , it stores a list of sorted 𝜖 values. Then, at each split attempt, it
computes the mean difference between 𝜖 values in this list given by:

𝑇 =
∑︀𝑚−1

𝑖=1 𝜖𝑖+1 − 𝜖𝑖

𝑚
, (3.1)

where 𝑚 is the number of 𝜖 values in the list. After that, considering that the position of
this new 𝜖 value in the list is 𝑛, the EVFDT computes 𝑣 using the following equation:

𝑣 = 𝜖𝑛+1 − 𝜖𝑛−1

2 . (3.2)

If 𝑣 ≥ 𝑇 than this new 𝜖 value is added to the list. 𝑇 is used in the same manner as 𝜏 in the
VFDT. The pruning mechanism works by removing leaves where less than a percentage of
the last 𝐺𝑃 instances fall in them. Although the algorithm presented interesting results
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regarding accuracy, tree size remained the same as the VFDT. Furthermore, no benchmark
datasets were employed and only one self-generated dataset was used.

Losing et al. [50] presented a modification of the VFDT to predict the number of
instances needed by a given leaf to satisfy the HB or a tiebreak, reducing computational
costs. Then, they only performed a split attempt when that number of instances arrived at
a given leaf. By doing so, they achieved speedups of 2.64 and 1.42 times on two GP values
(50 and 200) while having relatively the same predictive performance. However, memory
costs were not evaluated, but were likely the same as the VFDT, as the modifications
only reduce the number of split attempts performed and not the real number of splits.

3.2 New algorithms based on the VFDT

The Concept-adapting VFDT (CVFDT) algorithm [51], keeps secondary trees in
memory and constantly assess them to check if they have a higher predictive performance
than the original tree. Likewise, the CVFDT also uses a sliding window to discard old
instances. Their experiments revolved around a single synthetic dataset with CD and a
variable the number of features. Although the error rate decreased by around 20%, time
costs increase by 5.7 times. In this single dataset, the memory used by the CVFDT is
lower than the VFDT, but in the absence of CDs and in other datasets, the additional
memory costs to store secondary trees makes CVFDT less efficient than VFDT-0.05, as
shown in [17]. Lastly, in CD scenarios, CVFDT predictive performance is much lower than
those of ensemble-based solutions [1].

The Hoeffding Option Tree (HOT) [37] introduces the concept of option nodes
instead of normal split nodes. An option node is essentially a split node which tests for
multiple conditions at the same time. When a new instance arrives at an option node, it
travels along all children nodes where the conditions are true. During training, at each
option node that an instance travels through, if that option node can still support more
options (given a hyperparameter 𝑚𝑎𝑥𝑂𝑝𝑡𝑖𝑜𝑛𝑠), the 𝐺(.) value of all features used for the
splits are recomputed. Likewise, the 𝐺(.) values of all unused features are also computed.
If 𝐺(𝑏) − 𝐺(𝑏𝑢𝑠𝑒𝑑) > 𝜖, where 𝐺(𝑏) and 𝐺(𝑏𝑢𝑠𝑒𝑑) are the 𝐺(.) values of the best unused
and the best used feature, a new split option is added to that node. If the number of
existing splits is greater than 𝑚𝑎𝑥𝑂𝑝𝑡𝑖𝑜𝑛𝑠, the estimation statistics in that split node
can be cleaned. When reaching a leaf, the split occurs in the same way as in the VFDT.
The HOT performs a prediction by averaging the prediction probabilities given by all
leaves that the instance felt into. This algorithm presented predictive performance higher
than the VFDT (around 1.2%), at the cost of significant memory increase (consumed
3.5 times more memory on average). Additionally, cleaning statistics in split nodes takes
longer than in the VFDT, and a poorly parameterised HOT can even hold statistics
indefinitely. This also impacts on the HOT being 2 times slower than the VFDT. It is
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also possible to categorise this algorithm as an ensemble since it practically uses multiple
trees to perform each prediction. However, considering only predictive performance, other
ensemble solutions outperform this algorithm [1].

These previous modifications to VFDT mostly aimed at providing better predictive
performance at the cost of increasing memory and/or processing time. The SVFDT is
focused on greatly reducing memory costs of the VFDT while maintaining a competitive
predictive performance. Table 2 presents a summary of the related work.
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4 STRICT VERY FAST DECISION TREE

This chapter describes the proposed algorithm, the Strict Very Fast Decision Tree.
The SVFDT modifies the VFDT by controlling tree growth without degrading predictive
performance. Note that the strategy proposed here is a pre-pruning mechanism. Two
versions of the algorithm, SVFDT-I and SVFDT-II, are proposed, both of which are
guided by the following assumptions:

1. A leaf node should split only if there is a minimum uncertainty of class assumption
associated with the instances, according to previous and current statistics. Consider
a heuristic metric which measures class assumption uncertainty 𝑚 (e.g., H or GI),
then splits will occur on leaves which have a high 𝑚 value (high is set according to
the 𝑚 values observed throughout growth).

2. All leaf nodes should observe a similar number of instances to be turned into split
nodes. Leaves which are not receiving many instances will likely not contribute too
much to increase predictive performance.

3. The feature used for splitting should have a minimum relevance according to previ-
ous statistics. In some cases, 𝑚 will be high and many elements will be falling into
a leaf, nonetheless, a split should not occur if the uncertainty in class assumption
is not significantly reduced. Note that significant is considered according to other
observed reductions in class assumption uncertainty occasioned by splits.

In more details, for the first assumption, consider that, at a given leaf, there are
50 instances of class 0 and 50 of class 1. Here, uncertainty is the highest. For DT, class
uncertainty is usually given by H or GI. The SVFDTs will hold back splits in leaves which
have less uncertainty than what has been observed in other parts of the hyperplane. Note
that this assumption does not stop growth in leaves which have higher uncertainty than
what has been observed. The second assumption holds back growth in leaves which only
a small amount of instances are falling into. By focusing on splitting leaves with more
instances, the SVFDT can better use memory resources to increase its predictive perfor-
mance. Additionally, it also makes the tree grow more evenly. This occurs since leaves
wait for a similar number of instances before splitting. By using these two assumptions,
the SVFDT holds growth where it is not needed (class uncertainty is low or only a small
amount of instances fall into that leaf), but sometimes leaves may need to split but all
available possible splits points will not be likely to help in increasing predictive perfor-
mance. For these cases, the last assumption holds back growth in regions where class
uncertainty would not decrease. To do so, the SVFDTs, using measures such as IG or GI,
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only allow splits where this gain is at least as high as gains observed in other parts of the
tree throughout training.

These assumptions are employed using a 𝜙 function defined as:

𝜙(𝑥,𝑋) =

⎧⎨⎩True, if 𝑥 ≥ 𝑋 − 𝜎(𝑋)

False, otherwise
(4.1)

Where 𝑋 is a set of observed values, 𝑋 is their mean, 𝜎(𝑋) is their standard deviation,
and 𝑥 is a new observation.

A leaf can satisfy the VFDT split conditions (according to the HB or 𝜏 value)
and, when this happens, statistics corresponding to these occurrences are marked with
an underscored satisfiedVFDT. These statistics are the ones used by the 𝜙 functions. At
each leaf 𝑙, the following constraints are employed every time there is a split attempt to
enforce assumptions 1, 2 and 3:

1. 𝜙(𝐼𝑚𝑝𝑙, {𝐼𝑚𝑝𝑙0 , 𝐼𝑚𝑝𝑙1 , ..., 𝐼𝑚𝑝𝑙𝐿}), where the former parameter is the current im-
purity (H or GI) of 𝑙 and the latter is a set of all impurities of all current leaves 𝐿
in the tree, including 𝑙 (Assumption 1);

2. 𝜙(𝐼𝑚𝑝𝑙, {𝐼𝑚𝑝𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇0 , 𝐼𝑚𝑝𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇1 , ..., 𝐼𝑚𝑝𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇𝑆
}), where the lat-

ter parameter corresponds to the impurities computed at all 𝑆 times a leaf satisfied
the VFDT split conditions (Assumption 1).

3. 𝜙(𝐺𝑙, {𝐺𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇0 , 𝐺𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇1 , ..., 𝐺𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇𝑆
}), where𝐺𝑙 is the𝐺(.) value

of the best split feature at 𝑙 and the latter parameter is a set of the 𝐺(.) values com-
puted all 𝑆 times a leaf satisfied the VFDT split conditions (Assumption 3).

4. 𝑛l ≥ {𝑛𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇0 , 𝑛𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇1 , ..., 𝑛𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇𝑆
}, where the former parame-

ter corresponds to the number of elements seen at 𝑙 and the latter to the average
number of elements observed at all 𝑆 times a leaf satisfied the VFDT split conditions
(Assumption 2).

The 𝜙 function was not employed in the last constraint since it is always possible to
satisfy it by waiting for more instances to be assigned to that leaf. On the contrary, the
other constraints are not so easily satisfied in the same way, which may cause deadlocks
that even learning a large number of instances would not resolve. For example, consider a
scenario where the impurity of leaves are very high at the beginning of training but then
greatly decrease. The average value for this impurity would be very high and would block
many split attempts until this average decreases greatly, which would take many instances.
Adding the standard deviation term allows the function to address this scenario.
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Additionally to the 𝜙 function, SVFDT-II has a skipping mechanism to speed-up
growing by ignoring all previously presented constraints using the following function:

𝜛(𝑥,𝑋) =

⎧⎨⎩True, if 𝑥 ≥ 𝑋 + 𝜎(𝑋)

False, otherwise
(4.2)

At a split attempt, if either

1. 𝜛(𝐼𝑚𝑝𝑙, {𝐼𝑚𝑝𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇0 , 𝐼𝑚𝑝𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇1 , ..., 𝐼𝑚𝑝𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇𝑆
}) (skip mechanism

1) or

2. 𝜛(𝐺𝑙, {𝐺𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇0 , 𝐺𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇1 , ..., 𝐺𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇𝑆
}) (skip mechanism 2)

holds true, then all the other constraints are ignored. In this way, the SVFDT-II ignores
all constraints to hold back growth when class uncertainty or the reduction in class un-
certainty occasioned by a split is too high.

Note that both 𝜙 and 𝜛 functions rely on the mean and standard deviation values
of each metric, which are computed using Equations 2.7, 2.8, 2.9 and 2.10 in Section 2.

Figure 9 uses a flow chart to illustrate how the VFDT was modified to create the
SVFDT-I and SVFDT-II (parts highlighted in blue indicate modifications). When a split
can be made, according to the VFDT, the SVFDT computes the necessary values for
the 𝜙 and 𝜛 functions. After that, it updates all statistics using the values previously
computed. If the SVFDT-II is being used, it checks if one of the 𝜛 functions hold true
and split if one does. Otherwise, it checks if all 𝜙 functions hold true, in a last effort to
split this leaf.

Algorithm 4 shows the pseudocode for training the SVFDT (both versions are
contained). The majority of the algorithm remained unchanged from the traditional VFDT
algorithm. 𝐼𝑚𝑝statistics, 𝐺statistics, 𝑛statistics and 𝐿𝐻 correspond to the additional statistics
that are used to validate 𝜙(.) and 𝜛(.) operations. Algorithm 5 implements the function
that checks whether a given leaf should be split. In addition to the VFDT split check,
variables 𝜚, 𝜉, 𝜅 and 𝜓 were added to denote constraints 1, 2, 3, and 4, respectively. It
is worth reiterating that all statistics are updated when the VFDT split conditions are
satisfied. The procedure of feature selection, invoked in line 29 of Algorithm 4, remained
the same as in Algorithm 3.

4.1 Memory and Time Complexities

The memory costs added to the VFDT to compute the constraints 2, 3 and 4 are
𝑂(1). Complementary, the memory cost of Constraint 1 is 𝑂(𝐿𝑚𝑎𝑥), with 𝐿𝑚𝑎𝑥 being the
maximum number of leaves observed during the tree induction.
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Regarding time complexity, the first constraint has a cost of 𝑂(𝐿𝑚𝑎𝑥), while the
others have 𝑂(1) complexity. These costs corresponds to a single operation and so, the
time complexity added to the whole induction process are 𝑂(𝑡𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇 * 𝐿𝑚𝑎𝑥) and
𝑂(𝑡𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇 ) , respectively, where 𝑡𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇 is the number of times a leaf sat-
isfied the VFDT split conditions. For SVFDT-II, there is an additional time cost of
𝑂(𝑡𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑𝑉 𝐹 𝐷𝑇 ) for each mechanism. Although there are these additional time costs,
due to the fact that tree size is significantly reduced, the SVFDTs train faster or as fast
as the VFDT.
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Figure 9 – Diagram of the SVFDT. Image created by the author.
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Algorithm 4 The SVFDT algorithm.
Input:

𝑆: the stream of instances
𝐺𝑃 : the grace period
𝛿: the error probability
𝜏 : the tiebreak value

Output:
SVFDT : a trained Strict Very Fast Decision Tree

1: procedure SVFDT(𝑆,𝐺𝑃, 𝛿, 𝜏)
2: Let SVFDT ← 𝑙𝑟𝑜𝑜𝑡 ◁ The root
3: Initiate 𝐻𝑠𝑡𝑎𝑡𝑠, 𝐺𝑠𝑡𝑎𝑡𝑠 and 𝑛𝑠𝑡𝑎𝑡𝑠 for 𝜙 and 𝜛 equations
4: Let 𝐿𝐻 be the hash of leaves
5: Let 𝑛𝑙𝑟𝑜𝑜𝑡 ← 0 ◁ Number of elements seen at 𝑙root
6: Let 𝐿𝐶𝑙𝑟𝑜𝑜𝑡 ← 0 ◁ Number of elements on last split check at 𝑙𝑟𝑜𝑜𝑡

7: Let 𝐹𝑙𝑟𝑜𝑜𝑡 ← ∅ ◁ Set of features removed from comparison
8: for ((𝑋, 𝑦) in 𝑆) do ◁ X is the feature vector of an instance of class y in 𝑆
9: Sort (𝑋, 𝑦) to its leaf 𝑙

10: Let 𝑛𝑙 ← 𝑛𝑙 + 1
11: Update feature estimators and class distribution at 𝑙 according to (𝑋, 𝑦)
12: if (class distribution at 𝑙 is impure ∧ 𝑛𝑙 − 𝐿𝐶𝑙 > 𝐺𝑃 ) then
13: Compute 𝜖 and 𝐺(.) of features in 𝑙 ̸∈ 𝐹𝑙

14: Let 𝑟𝑎𝑛𝑘 ← Sorted 𝐺(.) values
15: if (CanSplitSVFDT(𝑟𝑎𝑛𝑘, 𝜖, 𝜏, 𝑙, 𝐿𝐻,𝐻𝑠𝑡𝑎𝑡𝑠, 𝐺𝑠𝑡𝑎𝑡𝑠, 𝑛𝑠𝑡𝑎𝑡𝑠)) then
16: Remove leaf 𝑙 from 𝐿𝐻
17: Replace leaf 𝑙 with a split node
18: for each branch of the split do
19: Let 𝑙𝑛𝑒𝑤 ← new leaf
20: Initiate all the feature estimators on 𝑙𝑛𝑒𝑤

21: Let class distribution on 𝑙𝑛𝑒𝑤 ← post-split distribution of 𝑙𝑛𝑒𝑤

22: Let 𝑛𝑙𝑛𝑒𝑤 ← sum of class distribution on 𝑙𝑛𝑒𝑤

23: Let 𝐿𝐶𝑙𝑛𝑒𝑤 ← 𝑛𝑙𝑛𝑒𝑤

24: Let 𝐹𝑙𝑛𝑒𝑤 ← ∅
25: Add leaf 𝑙𝑛𝑒𝑤 to 𝐿𝐻
26: end for
27: else
28: Let 𝐿𝐶𝑙 ← 𝑛𝑙

29: DropFeatures(𝑟𝑎𝑛𝑘, 𝜖, 𝐹𝑙)
30: end if
31: end if
32: end for
33: return SVFDT
34: end procedure
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Algorithm 5 The split check algorithm for SVFDT.
Input:

𝑟𝑎𝑛𝑘: rank of 𝐺(.) per feature
𝜖: the Hoeffding’s Bound value
𝜏 : tiebreak value
𝑙: the current leaf node
𝐿𝐻: the hash of leaves
𝐼𝑚𝑝𝑠𝑡𝑎𝑡𝑠: statistics about impurity values
𝐺𝑠𝑡𝑎𝑡𝑠: statistics about G(.) values
𝑛𝑠𝑡𝑎𝑡𝑠: statistics about the number of elements seen values

Output:
Boolean value

1: procedure CanSplitSVFDT(𝑟𝑎𝑛𝑘, 𝜖, 𝜏, 𝑙, 𝐿𝐻, 𝐼𝑚𝑝𝑠𝑡𝑎𝑡𝑠, 𝐺𝑠𝑡𝑎𝑡𝑠, 𝑛𝑠𝑡𝑎𝑡𝑠)
2: Let 𝐺𝑏𝑒𝑠𝑡 and 𝐺𝑠𝑒𝑐𝑜𝑛𝑑_𝑏𝑒𝑠𝑡 ← the highest and second highest 𝐺(.) values
3: if (𝐺𝑏𝑒𝑠𝑡 −𝐺𝑠𝑒𝑐𝑜𝑛𝑑_𝑏𝑒𝑠𝑡 > 𝜖 ∨ 𝜖 < 𝜏) then
4: Compute 𝐼𝑚𝑝𝐿𝐻 and 𝜎(𝐼𝑚𝑝𝐿𝐻) using 𝐿𝐻
5: Compute 𝐼𝑚𝑝 and 𝜎(𝐼𝑚𝑝) using 𝐼𝑚𝑝𝑠𝑡𝑎𝑡𝑠

6: Compute 𝐺 and 𝜎(𝐺) using 𝐺𝑠𝑡𝑎𝑡𝑠

7: Compute 𝑛 using 𝑛𝑠𝑡𝑎𝑡𝑠

8: Let 𝐼𝑚𝑝𝑙 and 𝑛𝑙 ← impurity and number of elements seen at 𝑙
9: Update 𝐼𝑚𝑝𝑠𝑡𝑎𝑡𝑠, 𝐺𝑠𝑡𝑎𝑡𝑠 and 𝑛𝑠𝑡𝑎𝑡𝑠 with 𝐼𝑚𝑝𝑙, 𝐺𝑏𝑒𝑠𝑡 and 𝑛𝑙, respectively

10: Let 𝑠𝑣𝑓𝑑𝑡_𝑖𝑖_𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠← 𝐼𝑚𝑝𝑙 ≥ 𝐼𝑚𝑝+ 𝜎(𝐼𝑚𝑝) ∧𝐺𝑏𝑒𝑠𝑡 ≥ 𝐺+ 𝜎(𝐺)
11: if (𝑠𝑣𝑓𝑑𝑡_𝑖𝑖_𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠) then ◁ SVFDT-II version only
12: return True
13: end if
14: Let 𝜚← 𝐼𝑚𝑝𝑙 ≥ 𝐼𝑚𝑝𝐿𝐻 − 𝜎(𝐼𝑚𝑝𝐿𝐻) ◁ Constraint 1
15: Let 𝜉 ← 𝐼𝑚𝑝𝑙 ≥ 𝐼𝑚𝑝− 𝜎(𝐼𝑚𝑝) ◁ Constraint 2
16: Let 𝜅← 𝐺𝑏𝑒𝑠𝑡 ≥ 𝐺− 𝜎(𝐺) ◁ Constraint 3
17: Let 𝜓 ← 𝑛𝑙 ≥ 𝑛 ◁ Constraint 4
18: Let 𝑠𝑣𝑓𝑑𝑡_𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠← 𝜚 ∧ 𝜉 ∧ 𝜅 ∧ 𝜓
19: if (𝑠𝑣𝑓𝑑𝑡_𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠) then
20: return True
21: end if
22: end if
23: return False
24: end procedure



45

5 MATERIALS AND METHODS

This chapter presents the datasets used in the experiments, the metrics employed
to evaluate the different aspects of the algorithms, and details about the experimental
setup.

5.1 Datasets

A total of 26 public datasets were selected to compare the performance of both
versions of the SVFDT (SVFDT-I and SVFDT-II) and the VFDT:

∙ Agrawal dataset [52, 13]: generates data according to classification functions using
six numeric (salary, commission, age, hvalue, hyears, loan) and three categorical
(elevel, car, zipcode) features. This dataset was generated using the default settings
in the MOA framework [53] (function 1 and perturbation fraction of 0.05) with a
total of 1,000,000 instances.

∙ Airline dataset (airline) [53]: this dataset contains 539,383 instances with 7 fea-
tures, where each instance corresponds to a flight from one airport to another. The
instances in this dataset have 2 class values, which describes if that flight was delayed
or not, given the information of the scheduled departure.

∙ Forest Cover Type dataset (covType) [53, 40]: represents forest cover types for
30 x 30 meters cells of forest. Each class corresponds to a different cover type. This
data set contains 581,012 instances, 54 features (10 numeric and 44 binary), and 7
imbalanced class labels, where each class corresponds to a different cover type.

∙ CTU datasets (ctu_1, ctu_2, .. ctu_13) [54]: contains 13 different network
scenarios that vary in quantity and type of botnet. Each scenario contains legiti-
mate, background and malicious traffic in the form of labelled bidirectional network
flows. The first two differ in the sense that the former is traffic between confirmed
uninfected machines and trustful sources, i.e., a Google’s server, while the latter is
traffic that was not confirmed as legitimate nor botnet. Here we considered only two
classes: background or botnet.

∙ Electricity Pricing dataset (elec) [53]: this dataset was collected from the Aus-
tralian New South Wales Electricity Market where electricity prices are not fixed.
The prices are affected by the demand and supply of the market and updated every
five minutes. The dataset contains 45,312 instances, 7 features (6 numeric and 1
categorical), and 2 class labels, which identify the changes on the price (2 possible
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classes: up or down) relative to a moving average of the last 24 hours. Additionally,
this dataset exhibits temporal dependencies among instances.

∙ Led datasets with 10% and 20% noise composed of 1,000,000 instances (led_10
and led_20) [55]: for each instance in these datasets, there are 7 boolean features,
representing the segments of one digit in a 8-bit display, and 17 useless random
features. The datasets have 10 classes (one for each digit from 0 to 9).

∙ Poker-hand dataset (poker) [53]: consists of 892,200 instances with 10 features
each. Each instance of this dataset is an example of a player’s hand and has five
cards drawn from a standard deck of 52. Each card is described by two attributes,
its suit and rank. In this way, this dataset has 5 numeric features and 5 categorical
features. The target class describes the ten possible poker games.

∙ Random RBF datasets: 1 million instances with 10 features; 500 thousand in-
stances with 10 features; and 250 thousand instances with 50 features (rbf_1kk,
rbf_500k, and rbf_250k(50)) [55, 40]. These datasets are generated using the ra-
dial basis function (RBF) generator. The generator creates 𝑛 centroids (here 𝑛 = 50)
at random positions and associates them with a standard deviation value, a weight
and a class label. To create each instance, a centroid is selected at random, where
those with higher weights have a higher probability of being selected and its values
are set according to a random direction chosen to offset the centroid. The extent of
the displacement is drawn from a Gaussian distribution according to the standard
deviation associated with the given centroid.

∙ SEA dataset (sea) [56]: this dataset has 60,000 instances, 3 features and 3 classes.
All features are numeric between 0 and 10, with only the first two being relevant.
There are four concepts, with 15,000 instances each. During each concept the thresh-
old 𝜃 for relevant_feature1+relevant_feature2 > 𝜃 then class = 0 changes. Thresh-
old values are 8, 9, 7, and 9.5 and the dataset has about 10% of noise.

∙ Usenet dataset (usenet) [57]: simulation of news filtering with a CD related to
the change of interest of a user over time. Each instance has 659 binary features
describing the presence or absence of a respective word in the piece of text. The two
classes indicate if a virtual user has an interest in this kind of news or not. The CD
occurs by making this virtual user lose interest in some types of news and gain in
others. The dataset contains 5,931 instances.

A summary of the datasets is presented in Table 2.
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Dataset # instances # features # classes % majority
classnumeric binary categorical

agrawal 1,000,000 6 0 3 2 0.672
airlines 539,383 3 0 4 2 0.555
covType 581,012 10 44 0 7 0.488
ctu_1 2,824,636

9 0 2 2

0.985
ctu_2 1,808,122 0.988
ctu_3 4,710,638 0.994
ctu_4 1,121,076 0.997
ctu_5 129,832 0.993
ctu_6 558,919 0.991
ctu_7 114,077 0.999
ctu_8 2,954,230 0.998
ctu_9 2,753,884 0.911
ctu_10 1,309,791 0.919
ctu_11 107,251 0.924
ctu_12 325,471 0.993
ctu_13 1,925,149 0.979
elec 45,312 6 0 1 2 0.575
hyper 250,000 10 0 0 2 0.500
led_10 1,000,000 0 24 0 10 0.100led_20
poker 829,200 5 0 5 10 0.501
rbf_500k 500,000 10 0 0 2 0.536rbf_1kk 1,000,000
rbf_250k(50) 250,000 50
sea 60,000 3 0 0 2 0.627
usenet 5930 0 658 0 2 0.504

Table 2 – Summary of the datasets used in the experiment.

5.2 Evaluation Metrics

When evaluating traditional ML algorithms, strategies, such as hold-out or leave
one out are employed [21, 22]. For data stream algorithms, the same strategies cannot
be applied. For these algorithms, one possible strategy is called prequential evaluation
[11, 14, 1], where the error of a model is computed from the sequence of examples. For
each instance in the stream, the algorithm being evaluated makes a prediction based on
the features of that instance. After this, that prediction is stored and used to compute
the desired performance metrics. When all statistics are updated, the true label of that
instance is presented to the algorithm, which is then updated using this new instance.
To better understand it, Figure 10 depicts the prequential evaluation method in three
different time points.

We considered predictive performance, memory and time costs to measure the
performance of the proposed algorithm against the VFDT. To evaluate predictive perfor-
mance, we used accuracy. Likewise, in data stream tasks, 𝜅𝑚 (Kappa M) [58] was proposed
to deal with unbalanced datasets, measuring how a classifier compares with a classifier
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Figure 10 – Prequential evaluation.

that always predicts the majority class. Kappa M is computed as follows:

𝜅𝑚 = accuracy− 𝑝𝑚𝑎𝑗

1− 𝑝𝑚𝑎𝑗

, (5.1)

where 𝑝𝑚𝑎𝑗 is the percentage of the majority class, in other words, the accuracy of a ma-
jority class classifier. Memory efficiency was measured using the amount of RAM (in MB)
used by each algorithm. In Python, the sys standard library offers the method getsizeof
which computes the memory costs of an object and the references to its attributes. Here,
we summed this cost with the costs returned by all attributes of this object. Furthermore,
note that for complex default types (e.g. lists and dictionaries) getsizeof does not account
for the costs of its elements even in situations where they are primitive types, such as in-
tegers or floats. To handle this, getsizeof is also called for each element in the list. When
computing the cost of a tree, we recursively employ this strategy sum all the costs of
all complex objects. Note that this is highly dependent on implementation details, such
as programming language and paradigm. Nonetheless, considering that implementations
were done following the same design patterns and in the same programming language,
it is an accurate measure to compare memory costs of multiple techniques. Additionally,
the number of splits performed is also considered. Time costs were measured considering
the training time (in seconds) of each algorithm.

5.3 Experimental Setup

Since memory and time costs are highly dependent of implementation details,
all modules and algorithms were implemented in Python 3.71 [59] and optimised with
Cython2, a super set of the Python language, which allows code to be written in Python
and automatically converted to standard C. After that, C extensions are compiled and
easily used by any Python code. Some implementation details were based on MOA’s3

implementation [53]. Experiments were performed on a Intel R○ Xeon Gold 6128 CPU at
1 https://www.python.org/
2 http://cython.org/
3 https://moa.cms.waikato.ac.nz/
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3.40 GHz in the Intel R○ AI DevCloud4 and on an Intel R○ i7-6700 CPU at 3.40GHz. To
avoid problematic time measures, all algorithms were executed sequentially and on the
same machine. Only the experiments in the Subsections 6.4 and 6.5 were executed on the
i7-6700. The source code is publicly available5.

The algorithms’ hyperparameters are presented in Table 3. 𝐺𝑃 and 𝜏 were varied
to evaluate the behaviour of the SVFDTs when subjected to them. The experiments were
repeated 10 times to reduce the variance of time costs. The other performance metrics
are deterministic and so, executing multiple experiments yield the same performance.

Table 3 – Hyperparameters explored in the experiments

Hyperparamater Values
𝐺𝑃 (100, 200, 400, 800, 1000)
𝜏 (0.01, 0.05, 0.10, 0.15, 0.20)
𝛿 1𝑒− 5

Leaf Predictor ANB
Split Criterion (IG or GI)

4 https://software.intel.com/ai-academy/tools/devcloud
5 https://github.com/vturrisi/pystream
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6 RESULTS

The results obtained from the experiments are presented in this section. First,
results considering different hyperparameter values while using H and IG or GI are pre-
sented. Then, the statistical difference of the algorithms is assessed. After that, an in-depth
analysis of the worst and best cases, given the hyperparameters, is considered. Then, we
address the concern of whether or not the SVFDTs can produce trees smaller than the
smallest VFDT. Lastly, the impacts of each heuristic and their possible combinations are
explored.

6.1 Analysis of the influence of the hyperparameters

In Table 4, the mean performance metrics when considering all datasets for each
possible combination of algorithm, 𝐺𝑃 and 𝜏 using H and IG are presented. First, it is
possible to observe that accuracy (along with Kappa M) increases as 𝜏 increases. This is
due to the fact that setting high values for 𝜏 result in larger trees (see memory consumption
and number of splits), which will yield better predictive performance. Another interesting
point is that as the trees increase, training time decreases. To better understand this,
consider a 𝐺𝑃 = 100 and a stream of 1000 instances. If no splits are made, there would
be ten split attempts (compute the 𝐺(.) values for all features, sort these values and
try to split). On the other hand, supposing that at 100 instances a split is made, the
remaining 900 instances will fall into different leaves. This can result, for example, in 590
instances falling into one leaf, and the remaining 310 into the other. In this case, five split
attempts would be made in the first leaf, and three on the second. Ten splits attempts
were performed in the first scenario, while, on the second, only nine were performed.
Larger trees will likely result in fewer split attempts in general, decreasing computations.
When considering 𝐺𝑃 , larger values yield lower predictive performance due to smaller
trees being produced. Nonetheless, training time decreases, since fewer split attempts are
made, resulting in fewer computations. It is possible to see that the SVFDT-II yields better
predictive performance than the SVFDT-I at the cost of more memory. Likewise, the
VFDT yield better predictive performance than both at the cost of much more memory.
The trade-off between predictive performance and memory consumption is not favourable
for the VFDT when considering accuracy. In the best case for predictive performance
for the VFDT when compared with the SVFDT-I, the difference in accuracy was only
0.96% (𝜏 = 0.15 and 𝐺𝑃 = 800 and 𝜏 = 0.20 and 𝐺𝑃 = 1000) at the cost of trees
larger by 81% and 80%. When compared with the SVFDT-II, the best difference in
predictive performance achieved was 0.54% (𝜏 = 0.20 and 𝐺𝑃 = 1000) at the cost of
trees larger by 62%. When considering Kappa M, the VFDT outperforms the SVFDT-I



51

by a large margin (around 0.10) in all hyperparameter setups. This is due to the fact the
CTUs datasets are highly imbalanced (an analysis of the performances for each dataset
is presented later), and the SVFDT-I seems to not handle this very well. However, when
considering the SVFDT-II, the skip mechanisms introduced seem to greatly alleviate this
problem, yielding Kappa M values very similar to the VFDT, with differences around
0.01. This indicates that the SVFDT-II is a better alternative than the SVFDT-I in
highly imbalanced datasets. A similar situation occurs for time costs. For the SVFDT-I in
comparison with the VFDT, the worst case scenario (where the SVFDT-I is slower than
the VFDT) occurs for 𝜏 = 0.01 and 𝐺𝑃 = 100, where the SVFDT-I is 2.69% (7 seconds)
slower on average. The SVFDT-II is at most 2.74% (or 6 seconds) slower than the VFDT
for 𝜏 = 0.15 and 𝐺𝑃 = 100. In many cases, both SVFDTs were faster than the VFDT.

Table 5 is analogous to Table 4, but presents the results for the algorithms using
GI. Like in the previous table, it is possible to observe that accuracy (along with Kappa
M) increases when 𝜏 increases due to the same factors. Training time also decreases
as the tree gets larger. When considering 𝐺𝑃 , larger values result in lower predictive
performance, since smaller trees are produced. When comparing Table 4 and Table 5,
it is possible to see that using GI as impurity and gain metrics results in larger trees
for larger 𝜏 values. For 𝜏 = 0.01, the algorithms using GI are slightly more lightweight.
Likewise, for the same 𝜏 value, when using GI, the algorithms yield better predictive
performance. Note that this is related to better splits since tree size is smaller. As 𝜏
gets larger, the trees produced when using GI consume almost double the memory of the
trees produced when using H and IG. This also results in better predictive performance
and smaller training times. One interesting point is that the largest tree created by the
SVFDT-I when using H and IG was 4.648 MB whereas the largest tree created when
using GI was 3.325 MB. In the first case, the SVFDT-I produced trees of 15% the size of
the trees produced by the VFDT and, in the second case, the trees produced were only
6% of the original trees. This indicates that even though trees produced using GI are
larger, the SVFDT-I sufficiently holds tree growth. This makes it a very good alternative
when considering predictive performance and memory and time costs. Although memory
reductions for the SVFDT-II are less perceptible for smaller 𝜏 values, they become much
more clear for larger values. When the VFDT produces smaller trees, the majority of
splits made by it are considered important, whereas larger trees are likely to have many
unnecessary splits. The maximum difference in performance for the VFDT in comparison
with the SVFDT-I occurs for 𝜏 = 0.15 and 𝐺𝑃 = 200, where the former had 1.41% more
accuracy than the latter. Nonetheless, the VFDT had to produce trees almost 14 times
larger to achieve this predictive performance. The VFDT only outperformed the SVFDT-
II for a maximum of 0.51% in accuracy (for 𝜏 = 0.15 and 𝐺𝑃 = 800 and 𝜏 = 0.20 and
𝐺𝑃 = 1000). When considering Kappa M, the VFDT also outperforms the SVFDT-I by a
large margin (around 0.10) in all hyperparameter setups. Nonetheless, the SVFDT-II also
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Table 4 – Performance metrics of all algorithms for entropy and IG.
𝜏 𝐺𝑃 Algorithm Accuracy Kappa M Memory (MB) Splits Time (s) Rel. Accuracy Rel. Memory Rel. Time

0.01

100
VFDT 0.8797 0.6077 1.203 38.35 ± 44.78 252.61 ± 427.91 - - -

SVFDT-I 0.8736 0.4731 0.513 11.58 ± 14.98 259.42 ± 446.68 0.9931 0.4263 1.0269
SVFDT-II 0.8795 0.6060 1.050 34 ± 39.31 249.3 ± 429.81 0.9997 0.8735 0.9869

200
VFDT 0.8783 0.5937 1.028 31.54 ± 33.84 245.73 ± 425.9 - - -

SVFDT-I 0.8708 0.4665 0.445 9.65 ± 12.03 239.84 ± 430.5 0.9915 0.4334 0.9760
SVFDT-II 0.8777 0.5891 0.924 28.27 ± 32.02 245.97 ± 429.26 0.9994 0.8991 1.0010

400
VFDT 0.8778 0.5956 0.833 24.81 ± 27.26 240.65 ± 432.75 - - -

SVFDT-I 0.8723 0.4667 0.365 8.81 ± 10.13 238.27 ± 441.18 0.9937 0.4381 0.9901
SVFDT-II 0.8783 0.5874 0.787 21.92 ± 22.56 240.01 ± 439.2 1.0005 0.9443 0.9973

800
VFDT 0.8766 0.5817 0.711 20.77 ± 23.47 229.09 ± 424.75 - - -

SVFDT-I 0.8717 0.4439 0.367 7.73 ± 9.49 227.01 ± 434.71 0.9944 0.5166 0.9909
SVFDT-II 0.8775 0.5766 0.654 17.46 ± 17.66 230.35 ± 428.28 1.0010 0.9202 1.0055

1000
VFDT 0.8783 0.5805 0.715 20.08 ± 22.15 230.95 ± 433.81 - - -

SVFDT-I 0.8714 0.4522 0.276 6.19 ± 5.64 229.63 ± 440.89 0.9922 0.3856 0.9943
SVFDT-II 0.8782 0.5758 0.642 18.08 ± 21.11 230.91 ± 434.09 0.9999 0.8979 0.9999

0.05

100
VFDT 0.8893 0.6644 4.151 115.69 ± 127.26 222.38 ± 362.4 - - -

SVFDT-I 0.8839 0.5497 1.963 31.69 ± 44.54 226.84 ± 383.12 0.9940 0.4729 1.0201
SVFDT-II 0.8886 0.6538 3.259 77.38 ± 70.98 226.52 ± 373.28 0.9992 0.7851 1.0186

200
VFDT 0.8894 0.6587 4.024 107.62 ± 122.97 217.83 ± 372.92 - - -

SVFDT-I 0.8825 0.5435 1.489 25.35 ± 33.2 219.83 ± 389.55 0.9923 0.3700 1.0092
SVFDT-II 0.8868 0.6437 2.791 63.31 ± 56.46 219.1 ± 369.58 0.9971 0.6936 1.0058

400
VFDT 0.8883 0.6476 3.698 97.69 ± 117.83 213.74 ± 367.92 - - -

SVFDT-I 0.8820 0.5394 1.380 22.08 ± 27.13 215.6 ± 387.6 0.9928 0.3731 1.0087
SVFDT-II 0.8867 0.6330 2.495 53.12 ± 50.39 218.34 ± 380 0.9982 0.6745 1.0215

800
VFDT 0.8872 0.6373 3.451 92.27 ± 111.61 211.66 ± 371.76 - - -

SVFDT-I 0.8813 0.5110 1.205 19.85 ± 22.37 214.29 ± 390.49 0.9933 0.3492 1.0124
SVFDT-II 0.8862 0.6313 2.013 43.27 ± 39.11 212.75 ± 377.51 0.9989 0.5833 1.0051

1000
VFDT 0.8893 0.6363 3.275 87.42 ± 101.73 214.86 ± 379.72 - - -

SVFDT-I 0.8827 0.5200 0.878 17.31 ± 16.98 215.89 ± 389.8 0.9927 0.2680 1.0048
SVFDT-II 0.8866 0.6290 1.799 38.54 ± 34.27 212.06 ± 374.06 0.9970 0.5492 0.9870

0.10

100
VFDT 0.8930 0.7032 12.160 298.62 ± 383.44 219.81 ± 373.82 - - -

SVFDT-I 0.8876 0.5277 2.987 52.42 ± 65.76 218.98 ± 369.19 0.9940 0.2457 0.9962
SVFDT-II 0.8917 0.6959 7.554 159.54 ± 171.24 218.75 ± 362.9 0.9985 0.6212 0.9952

200
VFDT 0.8916 0.6859 11.586 284.62 ± 379.06 221.87 ± 382.95 - - -

SVFDT-I 0.8866 0.5535 2.529 44.88 ± 55.01 220.95 ± 390.47 0.9944 0.2183 0.9959
SVFDT-II 0.8910 0.6728 5.780 124.08 ± 122.36 220.34 ± 382.34 0.9993 0.4989 0.9931

400
VFDT 0.8926 0.6807 9.534 238.23 ± 305.61 214.5 ± 376.78 - - -

SVFDT-I 0.8863 0.5506 1.602 32.54 ± 35.56 209.79 ± 379.33 0.9929 0.1680 0.9781
SVFDT-II 0.8911 0.6607 4.358 94.19 ± 94.69 212.31 ± 370.62 0.9983 0.4571 0.9898

800
VFDT 0.8929 0.6676 6.412 166.38 ± 192.68 208.3 ± 373.01 - - -

SVFDT-I 0.8860 0.5319 1.275 25.38 ± 29.08 209.43 ± 385.31 0.9922 0.1989 1.0054
SVFDT-II 0.8899 0.6503 3.067 64.12 ± 61.67 201.77 ± 355.43 0.9965 0.4782 0.9686

1000
VFDT 0.8940 0.6598 5.543 142.46 ± 159.96 211 ± 371.85 - - -

SVFDT-I 0.8868 0.5388 1.249 24.96 ± 28.25 209.14 ± 376.35 0.9919 0.2253 0.9912
SVFDT-II 0.8902 0.6339 2.367 51.27 ± 47.11 214.54 ± 385.54 0.9958 0.4271 1.0168

0.15

100
VFDT 0.8973 0.7107 22.167 511.85 ± 691.87 219.06 ± 367.93 - - -

SVFDT-I 0.8931 0.5706 4.663 74.85 ± 108.23 219.6 ± 373.74 0.9953 0.2103 1.0025
SVFDT-II 0.8973 0.6992 11.561 236.65 ± 271.84 225.05 ± 371.02 1.0000 0.5215 1.0274

200
VFDT 0.8969 0.7191 18.332 440.04 ± 582.43 212.93 ± 367.23 - - -

SVFDT-I 0.8925 0.5164 2.575 48.12 ± 68.87 206.68 ± 366.89 0.9950 0.1405 0.9707
SVFDT-II 0.8966 0.7061 8.572 182.46 ± 193.29 210.19 ± 352.96 0.9997 0.4676 0.9871

400
VFDT 0.8956 0.6930 12.139 300.88 ± 356.99 215.37 ± 373.05 - - -

SVFDT-I 0.8883 0.5356 2.302 39.62 ± 56.17 207.86 ± 374.02 0.9918 0.1897 0.9651
SVFDT-II 0.8931 0.6717 4.752 104.81 ± 103.71 215.04 ± 377.64 0.9972 0.3915 0.9984

800
VFDT 0.8952 0.6719 7.278 188.96 ± 200.94 210.02 ± 362.9 - - -

SVFDT-I 0.8866 0.5330 1.366 27.73 ± 33.75 209.08 ± 370.98 0.9904 0.1877 0.9955
SVFDT-II 0.8911 0.6526 3.356 71.85 ± 71.47 206.57 ± 353.17 0.9954 0.4611 0.9836

1000
VFDT 0.8936 0.6588 6.360 163.5 ± 171.25 211.15 ± 368.2 - - -

SVFDT-I 0.8857 0.5363 1.483 30.08 ± 39.54 211.82 ± 378.7 0.9912 0.2332 1.0032
SVFDT-II 0.8899 0.6330 2.638 58.77 ± 57.76 205.21 ± 358.6 0.9959 0.4148 0.9719

0.20

100 VFDT 0.8957 0.7235 31.428 713.12 ± 976.69 221.22 ± 375.49 - - -
SVFDT-I 0.8957 0.5769 4.648 81.46 ± 126.82 223.08 ± 373.67 1.0000 0.1479 1.0084
SVFDT-II 0.8950 0.7028 12.354 276.12 ± 302.65 225.14 ± 374.66 0.9992 0.3931 1.0177

200
VFDT 0.8964 0.7195 21.682 525.65 ± 653.14 221.98 ± 388.93 - - -

SVFDT-I 0.8925 0.5154 3.322 64.92 ± 97.96 216.58 ± 387.82 0.9957 0.1532 0.9757
SVFDT-II 0.8959 0.7053 9.286 205.85 ± 208.05 225.76 ± 394.65 0.9995 0.4283 1.0171

400
VFDT 0.8960 0.6936 13.392 334.27 ± 371.49 214.89 ± 365.92 - - -

SVFDT-I 0.8887 0.5363 2.632 45.73 ± 72.54 208.22 ± 368.15 0.9918 0.1965 0.9690
SVFDT-II 0.8929 0.6711 5.190 114.58 ± 119.06 218.03 ± 382.49 0.9965 0.3875 1.0146

800
VFDT 0.8957 0.6728 8.376 217.92 ± 231.18 210.9 ± 368.53 - - -

SVFDT-I 0.8888 0.5372 1.689 34 ± 53.02 202.92 ± 360.59 0.9923 0.2016 0.9622
SVFDT-II 0.8927 0.6558 3.652 78.12 ± 81.57 207.68 ± 366.23 0.9967 0.4360 0.9847

1000
VFDT 0.8951 0.6616 7.323 189.15 ± 202.23 212.49 ± 374.25 - - -

SVFDT-I 0.8865 0.5379 1.493 30.58 ± 41.09 212.15 ± 383.02 0.9904 0.2039 0.9984
SVFDT-II 0.8897 0.6325 2.781 61.88 ± 62.51 211.6 ± 378.22 0.9940 0.3798 0.9958
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greatly alleviate this problem, yielding Kappa M values very similar to the VFDT, with
differences around 0.02. Likewise, this came at the cost of producing trees 40% larger.
The SVFDT-I was only 16.2% slower (31 seconds) for 𝜏 = 0.05 and 𝐺𝑃 = 100 while the
SVFDT-II was at most 14.5% slower (27 seconds) for 𝜏 = 0.20 and 𝐺𝑃 = 100.

Figure 11 shows the boxplots for accuracy, Kappa M, memory consumption and
time costs of the three algorithms. The boxplots were constructed using the mean metrics,
computed across all datasets, of all possible hyperparameters setup, separately for H and
IG and GI. First, considering H and IG, and focusing on accuracy, it is possible to see that
the boxes present similar variance and median values. Although the SVFDTs performed
worse, their median values are at most 0.01 less than the ones obtained by the VFDT.
A similar pattern occurs for Kappa M. However, the difference in values is much more
expressive for the SVFDT-I, with a median value of around 0.54, whereas the VFDT
had a median value of around 0.66. Nonetheless, the SVFDT-II presents Kappa M values
very similar to the VFDT. On the other hand, when evaluating memory consumption,
the VFDT presented high variance (from around 1 MB to 23 MB) and a median value
of around 7 MB. The SVFDT-I’s box, inferior and superior limits, and its outlier are less
than the median value of the VFDT. The SVFDT-II presented higher variance than the
SVFDT-I but had a median value of around 3 MB. Likewise, its box and superior limit
are less than the VFDT’s box. Lastly, considering training time, both SVFDTs had higher
values than the VFDT. Nonetheless, their differences are minimal in the median.

The accuracy boxes of the algorithms presented less variance and a higher median
value when using GI than when using H and IG. Furthermore, the VFDT outperforms
both SVFTDs by a very small margin. However, when for Kappa M, this margin is much
larger for the SVFDT-I (around 0.15a similar pattern occurs. However, the difference
in values is much more expressive for the SVFDT-I, with a median value of around
0.57, whereas the VFDT had a median value of around 0.68. Nonetheless, the SVFDT-
II presents Kappa M values very similar to the VFDT as when using H and IG. When
considering memory consumption, the VFDT presented a median value of around 8 MB
whereas the SVFDT-I had a median value of around 1 MB and the SVFDT-II of around
5 MB. The variance for the SVFDT-I is almost non-existing when compared to the other
algorithms. The SVFDT-II had higher variance but its box and superior limit are almost
fitted inside the VFDT’s box. Lastly, the VFDT is faster than both SVFDTs. Although
the variance in the SVFDT-II is higher than the VFDT, their median values are very
similar. The SVFDT-I presented a median value very superior to the VFDT, but this can
be explained due to the fact that the SVFDT-I greatly reduced memory costs, which were
possible due to many additional computations.

Figure 12 presents heatmaps for the performance metrics for each algorithm using
H and IG while varying the 𝐺𝑃 value in the x-axis and the 𝜏 value in the y-axis. For
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Table 5 – Performance metrics of all algorithms for GI.
𝜏 𝐺𝑃 Algorithm Accuracy Kappa M Memory (MB) Splits Time (s) Rel. Accuracy Rel. Memory Rel. Time

0.01

100
VFDT 0.8814 0.5875 1.050 30.31 ± 39.41 232.15 ± 334.39 - - -

SVFDT-I 0.8737 0.5048 0.426 10.88 ± 14.82 238.5 ± 352.2 0.9912 0.4058 1.0274
SVFDT-II 0.8808 0.5846 1.026 27.62 ± 38.14 238.47 ± 345.67 0.9993 0.9777 1.0272

200
VFDT 0.8806 0.5875 0.900 26.42 ± 30.85 209.05 ± 320.1 - - -

SVFDT-I 0.8734 0.5043 0.378 9.23 ± 12.1 221.85 ± 347.28 0.9919 0.4193 1.0612
SVFDT-II 0.8791 0.5837 0.842 23.73 ± 29.04 201.12 ± 316.22 0.9983 0.9350 0.9620

400
VFDT 0.8808 0.5850 0.852 24.12 ± 27.14 205.87 ± 325.11 - - -

SVFDT-I 0.8745 0.5124 0.385 9.15 ± 9.82 204.74 ± 331.68 0.9929 0.4520 0.9945
SVFDT-II 0.8786 0.5821 0.706 19.15 ± 20.2 210.34 ± 328.49 0.9974 0.8292 1.0217

800
VFDT 0.8798 0.5888 0.757 21.19 ± 23.11 197.75 ± 325.13 - - -

SVFDT-I 0.8702 0.4756 0.323 7.50 ± 7.36 200.69 ± 336.09 0.9892 0.4261 1.0149
SVFDT-II 0.8770 0.5837 0.644 17.85 ± 17.75 197.62 ± 321.32 0.9968 0.8506 0.9994

1000
VFDT 0.8785 0.5800 0.706 19.88 ± 20.21 195.15 ± 319.5 - - -

SVFDT-I 0.8736 0.4754 0.359 8.15 ± 8.48 196.11 ± 329.4 0.9944 0.5086 1.0049
SVFDT-II 0.8773 0.5756 0.561 15.65 ± 14.42 197.03 ± 326.14 0.9987 0.7943 1.0096

0.05

100 VFDT 0.8973 0.6801 6.251 172.85 ± 194.65 194.66 ± 288.15 - - -
SVFDT-I 0.8883 0.5756 1.547 30.27 ± 34.89 226.2 ± 321.96 0.9900 0.2474 1.1620
SVFDT-II 0.8952 0.6750 5.179 137.92 ± 157.88 198.39 ± 293.8 0.9977 0.8286 1.0191

200
VFDT 0.8970 0.6798 6.058 166.27 ± 187.9 190.3 ± 298.24 - - -

SVFDT-I 0.8862 0.5626 1.809 28.85 ± 39.93 202.14 ± 319.72 0.9880 0.2986 1.0622
SVFDT-II 0.8957 0.6707 4.876 129.12 ± 146.56 195.37 ± 304.04 0.9986 0.8050 1.0266

400
VFDT 0.8968 0.6736 5.727 158.27 ± 179.18 183.31 ± 289.84 - - -

SVFDT-I 0.8872 0.5705 1.394 22.00 ± 30.65 187.62 ± 309.2 0.9893 0.2434 1.0235
SVFDT-II 0.8948 0.6685 4.282 108.08 ± 129.4 185.53 ± 293.62 0.9978 0.7477 1.0121

800
VFDT 0.8953 0.6667 5.210 142.92 ± 160.64 183.89 ± 293.67 - - -

SVFDT-I 0.8845 0.5440 0.961 17.42 ± 19.9 186.57 ± 310.57 0.9879 0.1845 1.0146
SVFDT-II 0.8930 0.6581 3.756 97.35 ± 117.05 183.76 ± 297.33 0.9974 0.7208 0.9993

1000
VFDT 0.8962 0.6696 4.785 129.46 ± 143.39 182.58 ± 291.18 - - -

SVFDT-I 0.8837 0.5213 1.118 20 ± 25.86 187.5 ± 306.95 0.9861 0.2336 1.0270
SVFDT-II 0.8926 0.6516 3.138 74.38 ± 92.72 183 ± 296.8 0.9960 0.6560 1.0023

0.10

100
VFDT 0.9028 0.7292 19.643 489.92 ± 609.17 184.55 ± 288.9 - - -

SVFDT-I 0.8892 0.5586 2.061 34.19 ± 48.76 212.3 ± 315.85 0.9850 0.1049 1.1503
SVFDT-II 0.8999 0.7172 16.197 381.08 ± 498.96 191.66 ± 294.9 0.9968 0.8246 1.0385

200
VFDT 0.9019 0.7064 18.701 481.27 ± 594.91 183.67 ± 286.91 - - -

SVFDT-I 0.8885 0.5676 1.844 33.12 ± 48.62 204.01 ± 313.64 0.9852 0.0986 1.1108
SVFDT-II 0.9013 0.6854 13.810 315.46 ± 420.83 186.15 ± 290.14 0.9994 0.7384 1.0135

400
VFDT 0.9013 0.7044 16.070 419.35 ± 543.9 183.89 ± 292.25 - - -

SVFDT-I 0.8896 0.5793 1.588 30.23 ± 35.71 185.35 ± 305.01 0.9870 0.0988 1.0079
SVFDT-II 0.8968 0.6785 10.194 254.38 ± 345.7 185.51 ± 295.33 0.9949 0.6343 1.0088

800
VFDT 0.8981 0.6937 9.841 262.12 ± 313.23 179.01 ± 285.65 - - -

SVFDT-I 0.8872 0.5615 1.310 24.46 ± 29.6 184.02 ± 305.43 0.9879 0.1331 1.0280
SVFDT-II 0.8930 0.6705 5.884 148.27 ± 195.73 183.62 ± 294.35 0.9943 0.5979 1.0258

1000
VFDT 0.8980 0.6868 7.979 213.08 ± 244.38 177.54 ± 286.65 - - -

SVFDT-I 0.8858 0.5372 1.171 21.92 ± 27.67 181.37 ± 304.16 0.9865 0.1468 1.0215
SVFDT-II 0.8936 0.6572 4.825 119.85 ± 155.05 180.32 ± 292.41 0.9951 0.6047 1.0156

0.15

100
VFDT 0.9003 0.7371 36.633 916.31 ± 1173.8 188.83 ± 286.71 - - -

SVFDT-I 0.8922 0.5978 2.854 46.15 ± 73.42 211.7 ± 315.08 0.9910 0.0779 1.1211
SVFDT-II 0.8980 0.7143 26.865 640.08 ± 895.37 201.54 ± 305.89 0.9975 0.7334 1.0673

200
VFDT 0.9028 0.7372 31.551 804.92 ± 1081.94 185.22 ± 286.99 - - -

SVFDT-I 0.8887 0.5456 2.260 33.42 ± 53.13 197.97 ± 308.18 0.9844 0.0716 1.0688
SVFDT-II 0.9005 0.7188 20.227 489.12 ± 706.26 192.85 ± 300.75 0.9974 0.6411 1.0412

400
VFDT 0.9020 0.7159 18.607 478.23 ± 596.18 177.86 ± 284.8 - - -

SVFDT-I 0.8882 0.5626 1.685 30.15 ± 38.15 186.07 ± 308.1 0.9848 0.0906 1.0461
SVFDT-II 0.9005 0.6977 11.719 290.27 ± 397.09 181.08 ± 289.75 0.9984 0.6298 1.0181

800
VFDT 0.8981 0.6937 9.841 262.12 ± 313.23 175.82 ± 286.71 - - -

SVFDT-I 0.8872 0.5615 1.310 24.46 ± 29.6 182.8 ± 308.02 0.9879 0.1331 1.0397
SVFDT-II 0.8930 0.6705 5.884 148.27 ± 195.73 178.34 ± 293.2 0.9943 0.5979 1.0143

1000
VFDT 0.8980 0.6868 7.979 213.08 ± 244.38 177.88 ± 284.64 - - -

SVFDT-I 0.8858 0.5372 1.171 21.92 ± 27.67 181.64 ± 302.02 0.9865 0.1468 1.0211
SVFDT-II 0.8936 0.6572 4.825 119.85 ± 155.05 180.36 ± 290.91 0.9951 0.6047 1.0139

0.20

100 VFDT 0.9016 0.7414 54.251 1351.81 ± 1964.98 189.60 ± 290.49 - - -
SVFDT-I 0.8901 0.5959 3.325 50.46 ± 84.31 206.9 ± 312.9 0.9873 0.0613 1.0913
SVFDT-II 0.9016 0.7261 33.490 758.69 ± 1290.81 217.16 ± 344.33 1.0000 0.6173 1.1454

200
VFDT 0.9031 0.7417 35.035 884.85 ± 1149.03 177.84 ± 282.01 - - -

SVFDT-I 0.8908 0.5488 2.293 40.46 ± 56.72 190.05 ± 309.67 0.9864 0.0654 1.0686
SVFDT-II 0.9017 0.7217 20.765 498.88 ± 721.14 185.91 ± 292.04 0.9984 0.5927 1.0454

400
VFDT 0.9020 0.7159 18.607 478.23 ± 596.18 187.41 ± 286.55 - - -

SVFDT-I 0.8882 0.5626 1.685 30.15 ± 38.15 194.59 ± 309.78 0.9848 0.0906 1.0383
SVFDT-II 0.9005 0.6977 11.719 290.27 ± 397.09 191.71 ± 294.09 0.9984 0.6298 1.0230

800
VFDT 0.8981 0.6937 9.841 262.12 ± 313.23 184.2 ± 295.37 - - -

SVFDT-I 0.8872 0.5615 1.310 24.46 ± 29.6 190.69 ± 316.35 0.9879 0.1331 1.0352
SVFDT-II 0.8930 0.6705 5.884 148.27 ± 195.73 185.96 ± 302.91 0.9943 0.5979 1.0096

1000
VFDT 0.8980 0.6868 7.979 213.08 ± 244.38 183.16 ± 292.92 - - -

SVFDT-I 0.8858 0.5372 1.171 21.92 ± 27.67 186.22 ± 310.27 0.9865 0.1468 1.0167
SVFDT-II 0.8936 0.6572 4.825 119.85 ± 155.05 184.3 ± 296.77 0.9951 0.6047 1.0062
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Figure 11 – Boxplots of the performance metrics of the VFDT, SVFDT-I and SVFDT-II.
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memory and time, each value is computed by dividing the smallest value obtained across
all algorithms by the value obtained by a given algorithm, 𝐺𝑃 and 𝜏 setting. So, the
higher the obtained value the smaller it will be after this scaling process. To compute
the values for accuracy, each value is divided by the highest value obtained across all
algorithms and hyperparameter settings. In this sense, the values presented in the heatmap
represent the percentage of the best obtained accuracy. The best accuracy values are
concentrated for high 𝜏 values and low 𝐺𝑃 values. This is due to the fact that resulting
trees are larger in those scenarios. The VFDT obtained the best accuracies, but both
SVFDT-I for 𝜏 ∈ (0.15, 0.20) and 𝐺𝑃 ∈ (100, 200) and SVFDT-II for 𝜏 ∈ (0.15, 0.20) and
𝐺𝑃 ∈ (100, 200, 400, 800) also obtained values close to the best obtained accuracy. For
Kappa M, the SVFDT-II also obtained very competitive performance for large values of
𝜏 and small values of 𝐺𝑃 . However, the SVFDT-I values significantly lower due to the
highly imbalanced CTU datasets. When considering memory, high values of 𝐺𝑃 and low
values of 𝜏 will result in smaller trees. For all possible 𝐺𝑃 values, when using 𝜏 = 0.01
the SVFDT-I outperforms the other two algorithms in all scenarios. Lastly, considering
time efficiency, high 𝐺𝑃 and 𝜏 values result in faster algorithms. The SVFDT-II is the
fastest (𝜏 = 0.10 and 𝐺𝑃 = 800) followed by the SVFDT-I (𝜏 = 0.20 and 𝐺𝑃 = 800).

In the same way as Figure 12, Figure 13 presents heatmaps for each algorithm
using GI The best accuracy values are concentrated around 𝜏 ∈ (0.10, 0.15, 0.20) and
𝐺𝑃 ∈ (100, 200, 400), with the VFDT and SVFDT-II presenting the best values. Kappa
M values follow a similar pattern but are significantly lower for the SVFDT-I due to
the CTU datasets. Considering memory efficiency, for all 𝐺𝑃 values, the SVFDT-I with
𝜏 = 0.01 outperforms the other algorithms in all cases. However, the best case here is
for 𝜏 = 0.01 and 𝐺𝑃 = 800, instead of 𝐺𝑃 = 1000. Lastly, a similar pattern for 𝜏 and
𝐺𝑃 considering time efficiency is present here. However, the VFDT outperforms both
SVFDTs by a small margin.

The heatmaps in Figures 12 and 13 were overlaid to give each metric the same
importance. This process is done by taking the mean of the heatmaps element-wise. These
global heatmaps are presented in Figure 14. First, considering H and IG, it is possible
to see that for 𝐺𝑃 ∈ (400, 800, 1000), the SVFDT-I using 𝜏 = 0.01 presents the best
result among the three algorithms. The SVFDT-II, for 𝜏 = 0.01 and 𝐺𝑃 ∈ (800, 1000),
also outperforms the VFDT by a small margin. Considering GI, a similar pattern repeats.
The only difference is that the optimal 𝜏 and 𝐺𝑃 values are 𝜏 = 0.01 and 𝐺𝑃 = 800
instead of 𝜏 = 0.01 and 𝐺𝑃 = 1000 and that the SVFDT-I also outperforms the VFDT
when using 𝐺𝑃 = 200 and 𝜏 = 0.01. Likewise, the SVFDT-II outperforms the VFDT for
𝜏 = 0.01 and 𝐺𝑃 ∈ (800, 1000).
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(a) Scaled accuracy according to 𝐺𝑃 and 𝜏
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(a) Scaled Kappa M according to 𝐺𝑃 and 𝜏
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(b) Scaled memory efficiency according to 𝐺𝑃 and 𝜏
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(c) Scaled time efficiency according to 𝐺𝑃 and 𝜏
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Figure 12 – Heatmaps of each algorithm for each possible 𝐺𝑃 and 𝜏 configuration using
entropy and IG. Rows correspond to different metrics. Red colours represent
better performance (higher accuracy or lower memory or time consumption),
while blue colours the opposite.
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(a) Scaled accuracy according to 𝐺𝑃 and 𝜏
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(a) Scaled Kappa M according to 𝐺𝑃 and 𝜏
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(b) Scaled memory efficiency according to 𝐺𝑃 and 𝜏
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(c) Scaled time efficiency according to 𝐺𝑃 and 𝜏
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Figure 13 – Heatmaps of each algorithm for each possible 𝐺𝑃 and 𝜏 configuration using
GI. Rows correspond to different metrics. Red colours represent better per-
formance (higher accuracy or lower memory or time consumption), while blue
colours the opposite.
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(a) Entropy and IG
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(b) GI
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Figure 14 – Heatmaps of the performance of each algorithm when considering accuracy,
memory and time efficiency for each possible 𝐺𝑃 and 𝜏 . Red colours represent
better performance, while blue colours the opposite.

6.2 Friedman’s statistical test and post-hoc Nemenyi analysis

The algorithms were statistically compared considering different 𝜏 and 𝐺𝑃 val-
ues using the Friedman’s statistical test [60] and the post-hoc Nemenyi analysis [61]. A
Critical Difference diagram is used to illustrate the results from these tests. As reported
in [62], this test is used to compare multiple ML algorithms evaluated across multiple
datasets. A Critical Difference diagram was constructed for each metric (accuracy, mem-
ory consumption and time costs) for the algorithms using H and IG. Likewise, diagrams
were also constructed for the algorithms using GI, resulting in six diagrams. Note that
the performance values obtained per dataset for each hyperparameter setting were used
to employ the statistical tests. Recall that there are 25 different hyperparameter setups
and 26 datasets, resulting in 650 performance values for each algorithm.

In Figures 15, 16, 17 and 18, the Critical Difference diagrams for accuracy, Kappa
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M, memory consumption and time costs are presented for the algorithms using H and
IG. First, considering accuracy and Kappa M, all algorithms are statistically different.
The VFDT is the best, followed by the SVFDT-II and the SVFDT-I. In this sense, the
VFDT outperforms both SVFTDs, which was expected. Nonetheless, these diagrams only
measure if an algorithm is statistically better than other algorithms without considering
the real difference values. Although there exists a statistical difference, it is minimal, as
noted in Table 4, the boxplots in Figure 11 and the heatmaps in Figure 12. On the other
hand, when considering memory consumption, the SVFDT-I is the best, followed by the
SVFDT-II and the VFDT. Additionally, the differences are more substantial. Lastly, when
considering time costs, the SVFDT-I is also significantly better, with the SVFDT-II and
VFDT being statistically equivalent.
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Figure 15 – Accuracy Nemenyi for algorithms using entropy and IG (𝛼 = 0.05).
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Figure 16 – Kappa M Nemenyi for algorithms using entropy and IG (𝛼 = 0.05).
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Figure 17 – Memory consumption Nemenyi for algorithms using entropy and IG (𝛼 =
0.05).
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Figure 18 – Time costs Nemenyi for algorithms using entropy and IG (𝛼 = 0.05).

The Critical Difference diagrams in Figures 19, 20, 21, 22 are analogous to the ones
previously presented, but were constructed for the algorithms using GI. For accuracy,
Kappa M and memory, the same pattern repeats, with the VFDT having the highest
accuracy and highest memory consumption, the SVFDT-I having the worst accuracy
but using the least memory, and the SVFDT-II being in the middle. However, when
considering time costs, all algorithms are statistically different, with the VFDT being the
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fastest, followed by the SVFDT-I. This is due to the fact that when using GI memory
was further reduced then when using H and IG.

Critical Difference = 0.13

1 2 3
VFDT SVFDT-I

SVFDT-II

Figure 19 – Accuracy Nemenyi for algorithms using GI (𝛼 = 0.05).

Critical Difference = 0.13

1 2 3
VFDT SVFDT-I

SVFDT-II

Figure 20 – Kappa M Nemenyi for algorithms using GI (𝛼 = 0.05).

Critical Difference = 0.13

1 2 3
SVFDT-I VFDT

SVFDT-II

Figure 21 – Memory consumption Nemenyi for algorithms using GI (𝛼 = 0.05).

Critical Difference = 0.13

1 2 3
VFDT SVFDT-II

SVFDT-I

Figure 22 – Time costs Nemenyi for algorithms using GI (𝛼 = 0.05).

6.3 Best and worst results according to hyperparameters

From now on, an analysis of the performance of the algorithms by fixing 𝐺𝑃 and
𝜏 is considered. Further, the discussion is carried out for H and IG or GI separately.

First, consider the worst case for the SVFDT-I, where memory reduction was
minimal. To determine this case, the highest mean relative memory value was selected,
i.e., the hyperparameter setup which made the SVFDTs the least effective. Considering H
and IG, the worst case was for 𝜏 = 0.01 and 𝐺𝑃 = 800. Figure 23 presents a comparison
between the algorithms considering each individual dataset. The values presented are
computed by dividing each performance metric by the largest value obtained in each
dataset. In this sense, larger values are better when considering accuracy and Kappa M,
and lower values are better when considering memory and time. Recall that, for accuracy,
values closer to 1 represent better performance, whereas, for the other two metrics, lower
values are more desirable. First, it is possible to see that the three algorithms achieved
very similar accuracy values for all datasets. However, the SVFDT-I suffers from highly
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imbalanced problems, such as the CTU datasets, obtaining significantly lower Kappa M
scores for the ctu_1, ctu_2, ctu_4, ctu_6, ctu_8, ctu_9, ctu_12 and ctu_13 datasets.
Nonetheless, the SVFDT-II is able to handle this, being a better alternative than the
SVFDT-I for imbalanced datasets. When considering memory consumption, the SVFDT-
I consumed more memory than the VFDT in the covType, ctu_10 and ctu_11 datasets.
By holding tree growth, different splits were made for the covType and ctu_10 datasets,
which resulted in a larger tree with higher accuracy. For the ctu_11 dataset, only 2 splits
are performed by all algorithms. However, it is possible to observe that memory was
reduced in other datasets. Considering the SVFDT-II, due to different splits, memory
increased for the covType, ctu_1 and ctu_5 datasets. Although in some datasets memory
consumption was not reduced, the SVFDT-II was able to reduce consumption for 16 out
of the 26 datasets. Considering training time, the algorithms performed very closely, with
the SVFDT-I being slightly faster in the majority of datasets.
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Figure 23 – Performance metrics of all algorithms by dataset for 𝜏 = 0.01, 𝐺𝑃 = 800, H
and IG (worst case). The metrics are scaled by dividing by the largest value
for each dataset. Larger values are better for accuracy and Kappa M, and
lower values are better for memory and time.

Table 9 presents the performance metrics for the algorithms for each dataset with
this hyperparameter setup. Accuracy values obtained by the SVFDTs are very close to
the ones of the VFDT. The minimal relative accuracy was 0.9515 for the SVFDT-I and
0.9951 for the SVFDT-II for the rbf_1kk and led_10 datasets respectively. In only 4
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(ctu_9, ctu_13, rbf_500k and rbf_1kk) out of the 26 datasets, the relative accuracy of the
SVFDT-I was less than 0.99. However, in 5 datasets (airlines, covType, ctu_11, elec, hyper)
the SVFDT-I obtained better accuracy than the VFDT. Likewise, the SVFDT-II also ob-
tained better accuracy in 6 datasets (airlines, covType, ctu_5, ctu_6, elec, rbf_250k(50)).
However, for Kappa M, the SVFDT-I obtained significantly lower performance for all
CTU datasets, except for the ctu_3, ctu_5, ctu_7, ctu_10 and ctu_11. It is interest-
ing to highly that on ctu_3 the SVFDT-I obtained a higher Kappa M even though this
dataset is also highly imbalanced. This suggests that creating constraints based on pre-
dictive performance may enhance the SVFDT-I performance without the need to use the
SVFDT-II skip mechanisms. Nonetheless, these mechanisms seem to be sufficient to han-
dle this problem, since the SVFDT-II had similar Kappa M values in comparison to the
VFDT even on the CTU datasets. When considering memory consumption, the SVFDT-I
consumed more memory than the VFDT in 6 datasets (covType, ctu_7, ctu_10, ctu_11,
hyper, usenet). For the ctu_7, ctu_11, hyper, usenet datasets, the extra memory costs are
related to the fact that the resulting tree size was not minimised and so, the additional
statistics stored by the SVFDT impacted memory consumption. However, for the covType
and ctu_10 datasets, memory increased due to the fact that splits in nominal features
were made. By holding tree growth, nominal features surpassed the IG of other numeric
features and were used to split, which result in non-binary splits. Lastly, considering time
costs, the SVFDTs are faster than the VFDT in most cases. In the worst case, the relative
times were 1.031 for SVFDT-I (led_10 ) and 1.21 for the SVFDT-II (airlines). However,
for the best cases, they were 0.597 and 0.884 in the ctu_13 dataset for the SVFDT-I and
II.

Considering H and IG, memory was best reduced for 𝜏 = 0.20 and 𝐺𝑃 = 100.
Figure 26 presents the comparison between algorithms considering this hyperparameter
configuration. Although the accuracy values are very similar, Kappa M values are also
significantly lower for the same CTU datasets for the worst case. Memory consumption
greatly decreased for all datasets, with the SVFDT-I achieving at least around 30% of
reduction and the SVFDT-II around 15%. Furthermore, in some datasets, the SVFDT-I
presented a reduction of more than 98% in memory consumption. Considering training
time, there is no clear faster algorithm, with the SVFDT-I and the VFDT changing
between the fastest and slowest algorithm depending on the dataset.

Table 10 presents the performance metrics for the algorithms with this hyperpa-
rameter setting. First, considering accuracy, the minimal relative accuracy was 0.9515
for the SVFDT-I and 0.9951 for the SVFDT-II for the rbf_1kk and led_10 datasets.
This comprehends to 2.4% and 1.31% less accuracy, respectively, which was obtained by
saving 22.66 MB (99.17% of memory) and 1.717 MB (53.39% of memory). In average,
the relative accuracy obtained by the SVFDTs was 0.9977 and 0.9999 for the SVFDT-I
and II. In 6 datasets (agrawal, airlines, hyper, poker, sea and usenet) the SVFDT-I out-
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Figure 24 – Performance metrics of all algorithms by dataset for 𝜏 = 0.20, 𝐺𝑃 = 100, H
and IG (best case). The metrics are scaled by dividing by the largest value
for each dataset. Larger values are better for accuracy and Kappa M, and
lower values are better for memory and time.

performed the VFDT. Kappa M values are significantly lower for the SVFDT-I in the
CTU datasets but the SVFDT-II presents a very similar performance to the VFDT in
the same datasets. Likewise, the SVFDT-II had better accuracy in 6 datasets (agrawal,
airlines, hyper, rbf_250k(50), sea and usenet). The relative mean memory consumption
of the SVFDT-I was 0.149, whereas, for the SVFDT-II, it was 0.4708. In the worst cases,
the relative memory consumption of the SVFDTs was 0.624 and 0.807 for the SVFDT-I
and II both in the poker dataset. However, in the best cases, the SVFDT-I had a relative
memory consumption of 0.003 and the SVFDT-II of 0.246 for the agrawal and ctu_11
datasets. Considering a scenario where all trees produced would be stored in memory,
820 MB would be needed for the VFDT, 120 MB for the SVFDT-I and 320 MB for the
SVFDT-II. If an ensemble of 10 trees were used without any strategy reset the trees,
memory costs would rise to 8 GB, 1.17 GB and 3.12 GB. Considering time costs, the
SVFDT-I, apart from the airlines and rbf_250k(50) datasets, which had a relative time
of 2.54 and 2.56, had the worst relative time of 1.17 (ctu_12 ). For the SVFDT-II, exclud-
ing the airlines dataset, which resulted in a relative time of 1.67, had in its worst case,
a relative time of 1.34 for the rbf_1kk dataset. However, the mean relative times for the
SVFDT-I and II were 0.99 and 1.02.



65

Now, considering when the algorithms were using GI, the worst case was for 𝜏 =
0.01 and 𝐺𝑃 = 100. Figure 25 presents the comparison between algorithms considering
this hyperparameter configuration. Accuracy values of the algorithms for all datasets are
very similar. It is interesting to observe that using GI makes the SVFDT-I have much
more similar Kappa M in the CTU datasets, having only performed very badly in 3 cases
(ctu_8, ctu_12 and ctu_13 ). Note, however, that although the Kappa M obtained in
the ctu_12 dataset is four times worst, the VFDT obtained a 0.0005 score whereas the
SVFDT-I had a -0.0018 score, both performing very poorly. Differently from the worst
case when using H and IG, the SVFDT-I was able to greatly reduce memory costs in
18 datasets. The SVFDT-II reduced memory in 13 datasets by a small margin. Training
times are very similar, with the three algorithms performing very similar considering all
datasets.
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Figure 25 – Performance metrics of all algorithms by dataset for 𝜏 = 0.01, 𝐺𝑃 = 100 and
GI (worst case). The metrics are scaled by dividing by the largest value for
each dataset. Larger values are better for accuracy and Kappa M, and lower
values are better for memory and time.

Table 11, in Appendix B, presents the numerical values of the performance metrics
Accuracy values of the VFDT and the SVFDTs are very similar for all datasets. In the
worst case, the relative accuracy of the SVFDT-I was 0.936 for the poker dataset. However,
this came at the cost of only spending around a third of memory. For the SVFDT-II, the
worst case was 0.971, for the same dataset. In none of the cases did the SVFDTs outper-
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form the VFDT, but they had a mean relative accuracy of 0.998 and 0.999. Considering
Kappa M, the VFDT outperforms the SVFDT-I by at most 0.20 in the ctu_9 if ignoring
the ctu_8 and ctu_13 datasets since both correspond to outlier behaviours of poor per-
formance of the SVFDT-I. For the SVFDT-II, the VFDT achieved at most 0.07 and 0.02
higher Kappa M values for the ctu_9 and ctu_1 datasets, respectively. Furthermore, the
SVFDT-II outperforms the VFDT considering Kappa M in 5 datasets (covType, ctu_2,
ctu_3, ctu_4 and ctu_13 ). The SVFDT-I consumed more memory than the VFDT for
ctu_5, ctu_7, ctu_11, elec and usetnet dataset due to the additional statistics stored
by it. In the hyper dataset, by holding tree growth, the SVFDT-I produced different
splits, resulting in a larger tree. Related to storing additional statistics, the SVFDT-II
used more memory in the agrawal, ctu_4, ctu_5, ctu_6, ctu_7, ctu_11, ctu_12, hyper,
sea and usenet datasets. However, due to different splits, resulting trees were larger for
airlines, covType and ctu_8 datasets. The mean relative memory consumption was 0.52
for the SVFDT-I and 0.98 for the SVFDT-II. Considering time costs, the relative time
of the SVFDT-I was, in the worst case, 1.20 and, in the best case, 0.62, for the ctu_1
and rbf_250k(50) datasets, respectively. For the SVFDT-II, the worst relative time was
1.22 for the airlines dataset and the best was 0.88 for the ctu_2 dataset. In average, the
relative times were 1.002 and 0.998 for the SVFDT-I and II.

For 𝜏 = 0.20 and 𝐺𝑃 = 200 the SVFTDs presented the highest memory reduction.
Figure 26 presents the comparison between algorithms for this hyperparameter configu-
ration. A similar pattern in the accuracy values is also observed, with algorithms having
similar accuracy values. However, unlike the worst case for GI, Kappa M performance de-
creased more significantly for all CTU datasets with the exception of ctu_3, ctu_10 and
ctu_11. For only the ctu_12 dataset the SVFDT-II performed poorly considering Kappa
M. Considering memory, the SVFDT-I greatly reduced consumption in all datasets by at
least 50%. The SVFDT-II only presented the same memory consumption for the ctu_7
dataset, reducing it by at least 15% in all the other datasets. Lastly, considering training
time, the VFDT is the fastest in 13 out of 26 datasets, but with the SVFDT-I being faster
in 5 datasets.

Table 12, in Appendix B, presents the numerical values of the performance metrics.
Considering accuracy, the SVFDT-I had in the worst cases a relative accuracy of only
0.87 and 0.88 for the covType and poker datasets. However, for the other datasets, it was
higher than 0.96, with the SVFDT-I outperforming the VFDT in 6 datasets (agrawal,
airlines, hyper, led_10, led_20 and usenet). In average, the SVFDT-I had a relative
accuracy of 0.997. For the SVFDT-II, the worst case was 0.96 for the poker dataset. Its
mean relative accuracy was 0.999. Additionally, it outperforms the VFDT in 8 datasets
(agrawal, airlines, hyper, led_10, led_20, rbf_500k, rbf_1kk and usenet). For the CTU
datasets, Kappa M performance is significantly lower for the SVFDT-I, but, as in the other
hyperparameter configurations, the SVFDT-II is able to keep competitive performance
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Figure 26 – Performance metrics of all algorithms by dataset for 𝜏 = 0.20, 𝐺𝑃 = 200 and
GI (best case). The metrics are scaled by dividing by the largest value for
each dataset. Larger values are better for accuracy and Kappa M, and lower
values are better for memory and time.

in these datasets. When considering memory consumption, the mean relative values of
the SVFDT-I and II were 0.079 and 0.583 respectively. In the worst case, the SVFDT-I
consumed only 46% of the memory used by the VFDT (ctu_10 ). Due to producing a
tree of the same size, in ctu_7, the SVFDT-II consumed more memory than the VFDT.
Excluding this case, the SVFDT-II produces trees of 86% of the size of the VFDT (ctu_5 )
or at most 77% of the size of the VFDT (hyper and sea datasets). If all trees were stored
in memory, the VFDT would use 909 MB, whereas only 59 MB and 538 MB would be
used by the SVFDT-I and II. Using an ensemble of 10 SVFDT-I trees would consume less
memory than a single VFDT. Considering time costs, the SVFDTs were slower than the
VFDT. Nonetheless, apart for the airlines dataset, the difference is very small, with the
SVFDTs being faster than the VFDT in some cases. Lastly, the mean relative time costs
were 1.03 for both SVFDTs.
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6.4 Can the SVFDTs produce trees smaller than the smallest
VFDT?

One question that may arise is if the SVFDTs are capable of reducing the memory
size of the smallest possible VFDT (using 𝜏 = 0). Although this is not used in real
problems since it may stop growth, it is still worth seeing what is the impact of the
SVFDTs in this situation.

Figures 27 and 28 presents the scaled performance metrics for the algorithms
using H and IG, and GI, respectively. Considering H and IG, accuracy values for all
algorithms across datasets is very similar. However, for Kappa M, the SVFDT-I performs
very poorly in the ctu_1, ctu_2, ctu_5, ctu_13 datasets. From the memory perspective,
the SVFDT-I reduced memory in 17 datasets while the SVFDT-II reduced for 12 datasets.
Finally, the SVFDT-I presents a slight time advantage in 12 datasets (when compared
with the VFDT). The SVFDT-II is faster than the VFDT in 15 datasets. When using
GI, accuracy values are also very close and the Kappa M performance seems to be less
impacted since only in the ctu_13 dataset the SVFDT-I performed significantly worse.
However, this is due to the fact that fewer splits are made in general when using GI and
𝜏 = 0. When considering memory consumption, many deadlocks occurred, which made
the trees perform no splits in 12 datasets (see Table 14). Nonetheless, the SVFDT-I was
able to reduce memory consumption in 9 datasets. The SVFDT-II reduced memory in 7
datasets. Considering training time, the SVFDT-I is the fastest in 16 datasets (presenting
an increase in speed of at least 15% in 6 datasets). The SVFDT-II is slightly faster than
the VFDT in 15 datasets.

Tables 13 and 14, in Appendix C, present the performance of the algorithms using
the same hyperparameter configuration. When using H and IG, the SVFDT-I had the
lowest relative accuracy of 0.9737 for the rbf_1kk dataset and the highest of 1.0001 for
the ctu_10 dataset and 1 for the ctu_4, ctu_7, ctu_8, ctu_11, hyper, led_10, led_20,
rbf_250k(50), sea and usenet. Additionally, the mean relative accuracy obtained was
0.9949. On the other hand, for the SVFDT-II, the mean relative accuracy was 0.9994. Its
lowest relative accuracy was 0.9844 for the covType dataset, with its highest value being
1.0042 for the airlines dataset. The Kappa M performance obtained by the SVFDT-I
is also significantly impacted in the CTU datasets. From the memory perspective, due
to deadlock situations introduced by not performing tiebreaks, no splits occurred in 7
datasets. However, the SVFDT-I was able to reduce memory consumption in 17 datasets.
In only in the airlines dataset the SVFDT-I performed more splits, likely due to the fact
that when holding tree growth, a different split was performed, which made subsequent
split attempts validate the constraints more often. The SVFDT-II presented a similar pat-
tern, reducing memory in 12 datasets. The mean relative memory consumption obtained
by the SVFDT-I and II were 0.6258 and 0.9309 respectively (considering the 7 datasets
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Figure 27 – Performance metrics of all algorithms by dataset for 𝜏 = 0, 𝐺𝑃 = 100, H and
IG. The metrics are scaled by dividing by the largest value for each dataset.
Larger values are better for accuracy and Kappa M, and lower values are
better for memory and time.

with deadlock situations). Lastly, the SVFDT-I and II are faster than the VFDT in 20 and
17 datasets, having mean relative time values of 1.0154 (due to the airlines dataset) and
0.9649. Considering GI, it is possible to see that the three algorithms present very similar
accuracy values, with the SVFDT-I having the lowest relative accuracy of 0.9413 for the
poker dataset and the highest of 1.0001 for the rbf_500 dataset. The mean relative accu-
racy obtained by the SVFDT-I was 0.9955. The lowest relative accuracy obtained by the
SVFDT-II was 0.9727 also for the poker dataset, achieving 2.5% higher relative accuracy
in the covType data. Although the SVFDT-I was not so outperformed from the Kappa M
perspective in the CTU datasets, this is due to the fact that in 7 datasets, 0 or at most
1 split was made. In 12 datasets, due to the deadlock, the number of splits were 0 for all
trees. Likewise, for 2 datasets, only one split occurred. In this way, memory could not be
reduced. For the agrawal and airlines datasets, the SVFDT-I performed additional splits,
probably due to the tree selecting a different split attribute when the split conditions were
met. The SVFDT-II performed more splits only in the poker dataset. Despite all these
situations, the SVFDT-I reduced memory consumption in 8 datasets and the SVFDT-II
reduced in 5 datasets. Lastly, considering time costs, the SVFDT-II ranked as the fastest
in 21 datasets. The SVFDT-II was also faster than the VFDT for 17 datasets.
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Figure 28 – Performance metrics of all algorithms by dataset for 𝜏 = 0, 𝐺𝑃 = 100 and
GI. The metrics are scaled by dividing by the largest value for each dataset.
Larger values are better for accuracy and Kappa M, and lower values are
better for memory and time.

By analysing these results, it is possible to see that the SVFDTs can reduce memory
consumption further than tuning the hyperparameter values of the VFDT. Likewise, it
also presents the same patterns of maintaining accuracy and training time.

6.5 Exploring the impact of each heuristic

Another question that may arise is: “which is the impact of each heuristic and
their possible combinations?”. To address this, the SVFDTs were evaluated on all the 26
datasets with all the possible combinations of constraints and skip mechanisms (presented
in Table 6).

Recall that:

∙ Constraint 1: minimum impurity according to current leaves.

∙ Constraint 2: minimum impurity according to the whole tree creation process.

∙ Constraint 3: minimum relevance of split feature.
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Table 6 – Possible combinations for the constraints and skip mechanisms for the SVFDTs.

Algorithm Name Constraint 1? Constraint 2? Constraint 3? Constraint 4? Skip mech. 1? Skip mech. 2?

SVFDT-I

A X
B X
C X
D X
E X X
F X X
G X X
H X X
I X X
J X X
K X X X
L X X X
M X X X
N X X X

SVFDT-II O X X X X X
P X X X X X

∙ Constraint 4: minimum amount of instances.

∙ Skip mechanism 1: high impurity according to the whole tree creation process.

∙ Skip mechanism 2: high relevance of split feature.

Their performance metrics are presented in Tables 7 and 8.

First, it is possible to see that independently from the impurity and gain metrics
used, using any constraint produces a tree smaller than the VFDT. Also, note that accu-
racy and time values are very similar and present a similar pattern as discussed in other
experiments.

When using H and IG, and considering a single constraint (cases A-D), Constraint
4 seems to be the most impactful, followed by Constraints 1, 2 and 3. It is interesting
to see that the constraints based on impurity impacted tree growth more than the ones
based on reducing this impurity, although they are correlated. When using combinations
of 2 constraints (cases E-J), all cases produced smaller trees than when using a single
constraint. However, the combination of Constraints 2 and 3 (case H) resulted in a tree
that is almost the same size as using Constraint 2 alone. An interesting phenomenon oc-
curred when combining three constraints (cases K-N). When not using Constraint 4 (case
K), tree sizes were greater than when using any pair combination of the constraints. The
interaction between allowing only splits with minimum impurity according to current and
past statistics and minimum relevance is not favourable from the memory perspective.
Nonetheless, the combination of all constraints (SVFDT-I) results in the smallest trees.
This indicates that all four constraints contribute to reducing memory consumption (al-
though some are more important than others) and using all of them provides the best
results. Using only one skip mechanism (cases O and P) also proved to be less efficient
than combining the two (SVFDT-II), although they seem to have a very similar impact
when used individually.
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Considering GI, the rank of the impacts of using only one constraint is the same
as when using H and IG and combining two constraints also produce smaller trees than
when using a single constraint. However, the gains observed by combining two constraints
are higher for all cases. Furthermore, case E (Constraints 1 and 2) performed worse than
case H (Constraints 2 and 3). When using three constraints, case K is also the worst, and,
although it is better than using a single constraint, combining two constraints resulted in
lower memory consumption (cases G, I and J). Nonetheless, the combination of all four
constraints also yields the best results (SVFDT-I). Employing a single skip mechanism
(cases O and P) is also more ineffective than using both together, which indicates that
they activate in different scenarios. Likewise, their individual impact is also very similar.

Table 7 – Performance metrics for different combinations of constraints and skip mecha-
nisms using for 𝜏 = 0.05, 𝐺𝑃 = 1000, entropy and IG.

Name Accuracy Kappa M Memory (MB) Splits Time (s)
VFDT 0.8892 0.6571 3.267 ± 6.018 86.92 ± 101.75 60.95 ± 61.71

A 0.8886 0.6570 2.759 ± 5.863 60.92 ± 53.98 61.36 ± 61.66
B 0.8885 0.6572 2.882 ± 5.236 69.73 ± 65.58 62.23 ± 62.38
C 0.8897 0.6598 3.215 ± 5.981 83.69 ± 101.34 61.62 ± 61.22
D 0.8868 0.5992 2.214 ± 4.632 56.88 ± 77.63 60.88 ± 61.29
E 0.8880 0.6581 2.568 ± 5.199 56.69 ± 49.11 61.42 ± 62.39
F 0.8890 0.6599 2.757 ± 5.831 59.35 ± 54.48 61.35 ± 62.81
G 0.8846 0.5608 1.602 ± 4.472 27.92 ± 36.64 60.76 ± 65.48
H 0.8882 0.6569 2.833 ± 5.261 68.46 ± 66.03 61.42 ± 62.25
I 0.8847 0.5922 1.297 ± 2.413 25.96 ± 23.70 61.40 ± 61.97
J 0.8861 0.5945 1.934 ± 3.875 49.04 ± 72.48 62.83 ± 63.57
K 0.8876 0.6577 2.611 ± 5.246 57.46 ± 50.32 62.57 ± 62.48
L 0.8840 0.5602 1.019 ± 2.330 19.15 ± 20.36 61.64 ± 64.85
M 0.8832 0.5516 1.396 ± 3.701 23.19 ± 29.75 61.83 ± 64.07
N 0.8840 0.5901 1.107 ± 1.895 23.00 ± 20.47 64.01 ± 65.38
O 0.8856 0.6504 1.575 ± 2.959 31.77 ± 27.24 60.61 ± 62.14
P 0.8870 0.6467 1.409 ± 2.211 32.69 ± 26.44 60.15 ± 60.36

SVFDT-I 0.8832 0.5515 0.857 ± 1.772 17.00 ± 16.41 61.01 ± 62.84
SVFDT-II 0.8874 0.6542 1.783 ± 3.291 38.31 ± 34.16 61.12 ± 62.05
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Table 8 – Performance metrics for different combinations of constraints and skip mecha-
nisms using for 𝜏 = 0.05, 𝐺𝑃 = 1000 and GI.

Name Accuracy Kappa M Memory (MB) Splits Time (s)
VFDT 0.8962 0.6696 4.796 ± 7.080 129.46 ± 143.39 59.53 ± 58.70

A 0.8950 0.6769 3.876 ± 6.715 88.65 ± 99.39 60.82 ± 58.96
B 0.8930 0.6647 4.066 ± 6.049 105.96 ± 107.17 60.88 ± 59.46
C 0.8938 0.6391 4.256 ± 6.360 112.88 ± 123.11 62.12 ± 60.97
D 0.8944 0.6269 3.486 ± 5.424 91.23 ± 115.43 61.16 ± 60.38
E 0.8923 0.6722 3.546 ± 5.948 83.62 ± 85.04 62.04 ± 62.00
F 0.8918 0.6074 3.120 ± 5.954 66.62 ± 83.56 61.48 ± 61.73
G 0.8912 0.5817 2.178 ± 4.881 38.88 ± 63.54 60.02 ± 60.77
H 0.8899 0.6254 3.301 ± 5.129 82.77 ± 81.88 63.92 ± 63.92
I 0.8864 0.6119 1.857 ± 2.946 39.77 ± 40.68 61.96 ± 61.09
J 0.8905 0.6026 2.335 ± 3.677 58.58 ± 68.76 62.20 ± 59.25
K 0.8888 0.5964 2.707 ± 5.110 58.31 ± 65.13 63.19 ± 63.98
L 0.8853 0.5639 1.497 ± 2.930 27.19 ± 35.90 61.73 ± 63.82
M 0.8872 0.5394 1.465 ± 3.292 24.27 ± 32.76 61.32 ± 60.54
N 0.8853 0.5894 1.421 ± 2.166 29.54 ± 29.09 62.30 ± 59.65
O 0.8881 0.6483 2.094 ± 3.387 46.27 ± 44.25 61.61 ± 60.21
P 0.8884 0.5441 2.318 ± 4.329 50.58 ± 66.62 60.42 ± 60.67

SVFDT-I 0.8840 0.5218 1.121 ± 2.126 20.46 ± 25.61 59.89 ± 60.11
SVFDT-II 0.8925 0.6571 3.201 ± 5.204 75.69 ± 90.10 59.45 ± 58.60
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7 CONCLUSION

This work presented two versions of a modification of the VFDT called SVFDT.
The VFDT is a DT specifically build to data streams which is capable of learning in-
crementally using less computation resources and yielding high predictive performance.
In general, the tree should not grow in parts where there are low class uncertainty, or if
that split would not yield a significant reduction in this class uncertainty or only a small
number of instances were seen. Additionally, skip mechanisms were also created, resulting
in the SVFDT-II, which allows growth when class uncertainty is too high or will greatly
reduce if a split is performed. The SVFDT modifies it by adding constraints to hold
tree growth when it is not needed. While the SVFDT-II does not compromise predictive
performance, the SVFDT-I seems to perform poorly on highly imbalanced datasets. In
other scenarios, the SVFDT-I performs very similarly to the VFDT. In this sense, when
considering a not highly imbalanced problem, using the SVFDT-I is the best alternative,
whereas, in imbalanced problems, the SVFDT-II is a better solution.

The proposed algorithms were tested in 26 different benchmark datasets while
varying hyperparameters and using different heuristic metrics. First, the algorithms were
compared using the mean performance values obtained over multiple datasets for each
hyperparameter setup. It was possible to see that the SVFDTs yield very similar predic-
tive performance, being faster in many cases and greatly reducing memory consumption.
Additionally, it also presented time gains in some scenarios. By creating boxplots of these
metrics, the variation of accuracy, memory consumption and time costs were assessed. A
heatmap of each performance metric was constructed considering 𝐺𝑃 and 𝜏 values, in
which it is possible to see the better performing settings and their patterns. Likewise, by
stacking all heatmaps together and giving each performance metric the same importance,
optimal points emerged. In some scenarios, predictive performance or memory costs can
have different weights. Although we did not explore this in this work, it is possible to
address this scenario by creating a global heatmap using a weighted mean. Then, by us-
ing the Friedman test and post-hoc Nemenyi analysis, the statistical difference in each
performance metric was tested. After that, The worst and best hyperparameter setups
for the SVFDTs were considered and analysed more in-depth. In both cases, the SVFDTs
reduce the memory used by the VFDT across datasets, and, in the best case, memory
consumption was heavily reduced. Furthermore, the question of whether or not it could
be possible to tune a VFDT to produce smaller trees than the SVFDTs was addressed.
Despite deadlock situations, where no splits are made due to badly selected hyperparam-
eter values, the latter was able to reduce memory by a large margin. Lastly, an in-depth
analysis of the impact of the constraints and skip mechanisms proposed was performed.
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It was possible to assert that each constraint and skip mechanism have their own impact
on tree size, with the combination of all constraints (SVFDT-I) and all skip mechanisms
(SVFDT-II) yielding the best results.

As future work, we will propose new constraints using predictive performance to
better handle imbalanced datasets.
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APPENDIX A – WORST AND BEST POSSIBLE
SCENARIOS FOR THE SVFDTS
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Table 9 – Performance metrics of all algorithms by dataset for 𝜏 = 0.01, 𝐺𝑃 = 800,
entropy and IG (worst case).

Dataset Algorithm Accuracy Kappa M Memory (MB) Splits Time (s) Rel. Accuracy Rel. Memory Rel. Time

agrawal
VFDT 0.9487 0.8437 0.278 15 68.60 ± 0.15 - - -

SVFDT-I 0.9484 0.8427 0.175 9 66.81 ± 0.15 0.9997 0.6296 0.9740
SVFDT-II 0.9484 0.8427 0.175 9 66.94 ± 0.08 0.9997 0.6296 0.9758

airlines
VFDT 0.6528 0.2205 1.939 14 96.33 ± 0.30 - - -

SVFDT-I 0.6534 0.2218 1.679 12 88.11 ± 0.30 1.0009 0.8659 0.9147
SVFDT-II 0.6535 0.2222 1.940 14 116.62 ± 0.40 1.0011 1.0007 1.2106

covType
VFDT 0.6774 0.3704 2.092 29 1141.53 ± 9.28 - - -

SVFDT-I 0.6951 0.4050 2.720 38 1111.49 ± 6.63 1.0262 1.3003 0.9737
SVFDT-II 0.7104 0.4349 3.556 50 1139.50 ± 7.80 1.0488 1.6999 0.9982

ctu_1
VFDT 0.9975 0.8296 0.739 35 180.56 ± 0.26 - - -

SVFDT-I 0.9892 0.2550 0.095 4 143.39 ± 0.19 0.9916 0.1288 0.7941
SVFDT-II 0.9975 0.8265 0.829 29 177.26 ± 0.40 1.0000 1.1219 0.9817

ctu_2
VFDT 0.9944 0.5148 0.872 27 113.73 ± 0.58 - - -

SVFDT-I 0.9886 0.0188 0.076 3 114.42 ± 5.62 0.9942 0.0875 1.0060
SVFDT-II 0.9935 0.4411 0.646 19 113.69 ± 0.65 0.9991 0.7408 0.9996

ctu_3
VFDT 0.9991 0.8432 0.863 31 297.63 ± 1.39 - - -

SVFDT-I 0.9992 0.8512 0.574 15 300.29 ± 13.47 1.0000 0.6650 1.0089
SVFDT-II 0.9991 0.8421 0.792 27 303.69 ± 17.23 1.0000 0.9174 1.0204

ctu_4
VFDT 0.9986 0.4015 0.422 7 69.97 ± 3.96 - - -

SVFDT-I 0.9983 0.2492 0.370 4 67.94 ± 2.83 0.9996 0.8753 0.9710
SVFDT-II 0.9986 0.4015 0.424 7 69.31 ± 4.08 1.0000 1.0031 0.9906

ctu_5
VFDT 0.9958 0.3929 0.094 4 8.01 ± 0.43 - - -

SVFDT-I 0.9957 0.3807 0.076 3 7.85 ± 0.34 0.9999 0.8152 0.9804
SVFDT-II 0.9961 0.4317 0.110 5 8.00 ± 0.44 1.0003 1.1815 0.9991

ctu_6
VFDT 0.9990 0.8775 0.443 8 32.87 ± 1.52 - - -

SVFDT-I 0.9945 0.3315 0.094 4 33.33 ± 1.92 0.9955 0.2114 1.0139
SVFDT-II 0.9990 0.8838 0.427 7 33.60 ± 1.91 1.0001 0.9621 1.0221

ctu_7
VFDT 0.9994 -0.0476 0.037 1 6.41 ± 0.36 - - -

SVFDT-I 0.9994 -0.0476 0.038 1 6.33 ± 0.26 1.0000 1.0359 0.9872
SVFDT-II 0.9994 -0.0476 0.038 1 6.42 ± 0.35 1.0000 1.0359 1.0020

ctu_8
VFDT 0.9997 0.8670 0.940 20 183.00 ± 1.10 - - -

SVFDT-I 0.9985 0.2815 0.219 11 171.69 ± 0.91 0.9988 0.2331 0.9382
SVFDT-II 0.9997 0.8436 0.643 19 183.00 ± 1.33 1.0000 0.6844 1.0000

ctu_9
VFDT 0.9838 0.8171 1.794 61 134.39 ± 7.44 - - -

SVFDT-I 0.9567 0.5112 0.076 3 121.88 ± 5.19 0.9724 0.0426 0.9069
SVFDT-II 0.9833 0.8114 1.250 36 132.39 ± 9.24 0.9995 0.6970 0.9851

ctu_10
VFDT 0.9977 0.9722 0.164 8 92.76 ± 0.68 - - -

SVFDT-I 0.9925 0.9071 0.408 6 94.09 ± 0.44 0.9947 2.4946 1.0143
SVFDT-II 0.9977 0.9721 0.147 7 91.51 ± 0.67 1.0000 0.8975 0.9864

ctu_11
VFDT 0.9918 0.8923 0.055 2 6.70 ± 0.38 - - -

SVFDT-I 0.9919 0.8940 0.056 2 6.76 ± 0.49 1.0001 1.0242 1.0084
SVFDT-II 0.9918 0.8923 0.056 2 6.63 ± 0.28 1.0000 1.0241 0.9891

ctu_12
VFDT 0.9941 0.1208 0.164 8 20.22 ± 0.35 - - -

SVFDT-I 0.9935 0.0240 0.058 2 17.30 ± 0.50 0.9994 0.3519 0.8557
SVFDT-II 0.9942 0.1232 0.114 5 19.71 ± 0.10 1.0000 0.6942 0.9749

ctu_13
VFDT 0.9923 0.6304 3.133 105 141.49 ± 0.57 - - -

SVFDT-I 0.9792 -0.0003 0.058 2 84.44 ± 4.79 0.9868 0.0184 0.5968
SVFDT-II 0.9896 0.4994 1.634 71 125.20 ± 7.16 0.9973 0.5215 0.8848

elec
VFDT 0.7897 0.5047 0.329 11 1.91 ± 0.01 - - -

SVFDT-I 0.7906 0.5068 0.211 9 1.81 ± 0.01 1.0011 0.6429 0.9481
SVFDT-II 0.7944 0.5156 0.319 10 2.00 ± 0.01 1.0058 0.9698 1.0501

hyper
VFDT 0.9120 0.8240 0.054 3 9.05 ± 0.03 - - -

SVFDT-I 0.9123 0.8245 0.055 3 9.03 ± 0.04 1.0003 1.0245 0.9975
SVFDT-II 0.9120 0.8240 0.055 3 9.08 ± 0.04 1.0000 1.0244 1.0028

led_10
VFDT 0.7281 0.6978 0.335 10 1461.11 ± 2.28 - - -

SVFDT-I 0.7243 0.6936 0.123 3 1507.33 ± 1.89 0.9948 0.3679 1.0316
SVFDT-II 0.7246 0.6938 0.306 9 1465.43 ± 1.72 0.9951 0.9132 1.0030

led_20
VFDT 0.4977 0.4416 0.244 7 1451.54 ± 6.07 - - -

SVFDT-I 0.4964 0.4402 0.123 3 1501.45 ± 3.51 0.9974 0.5054 1.0344
SVFDT-II 0.4953 0.4390 0.154 4 1478.41 ± 9.45 0.9952 0.6305 1.0185

poker
VFDT 0.6655 0.3296 1.134 44 299.07 ± 2.94 - - -

SVFDT-I 0.6626 0.3237 0.942 36 306.93 ± 2.39 0.9956 0.8308 1.0263
SVFDT-II 0.6633 0.3252 0.990 38 302.90 ± 2.22 0.9967 0.8734 1.0128

rbf_500k
VFDT 0.7952 0.5578 0.375 27 19.91 ± 1.74 - - -

SVFDT-I 0.7686 0.5002 0.138 9 19.12 ± 1.38 0.9665 0.3680 0.9603
SVFDT-II 0.7942 0.5555 0.323 23 19.02 ± 1.36 0.9987 0.8611 0.9554

rbf_1kk
VFDT 0.8405 0.6560 0.657 48 34.12 ± 0.11 - - -

SVFDT-I 0.7997 0.5682 0.179 12 36.13 ± 0.15 0.9515 0.2724 1.0591
SVFDT-II 0.8372 0.6489 0.565 41 34.13 ± 0.14 0.9961 0.8597 1.0004

rbf_250k(50)
VFDT 0.9591 0.9173 0.671 12 27.79 ± 0.85 - - -

SVFDT-I 0.9551 0.9093 0.363 6 26.66 ± 0.70 0.9959 0.5406 0.9594
SVFDT-II 0.9609 0.9211 0.863 16 27.11 ± 0.59 1.0020 1.2853 0.9755

sea
VFDT 0.8450 0.5845 0.027 3 1.41 ± 0.14 - - -

SVFDT-I 0.8448 0.5840 0.015 1 1.38 ± 0.11 0.9998 0.5560 0.9771
SVFDT-II 0.8448 0.5840 0.022 2 1.41 ± 0.15 0.9998 0.8025 0.9976

usenet
VFDT 0.5363 0.0645 0.622 0 56.16 ± 0.31 - - -

SVFDT-I 0.5363 0.0645 0.623 0 56.25 ± 0.26 1.0000 1.0021 1.0014
SVFDT-II 0.5363 0.0645 0.623 0 56.10 ± 0.45 1.0000 1.0021 0.9989
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Table 10 – Performance metrics of all algorithms by dataset for 𝜏 = 0.20, 𝐺𝑃 = 100,
entropy and IG (best case).

Dataset Algorithm Accuracy Kappa M Memory (MB) Splits Time (s) Rel. Accuracy Rel. Memory Rel. Time

agrawal
VFDT 0.9448 0.8317 44.408 1261 86.47 ± 5.17 - - -

SVFDT-I 0.9453 0.8331 0.125 6 82.18 ± 4.17 1.0005 0.0028 0.9504
SVFDT-II 0.9453 0.8332 22.778 356 85.52 ± 3.87 1.0005 0.5129 0.9891

airlines
VFDT 0.6421 0.1965 445.654 3456 62.25 ± 3.55 - - -

SVFDT-I 0.6541 0.2234 53.971 417 158.27 ± 12.44 1.0187 0.1211 2.5426
SVFDT-II 0.6425 0.1975 133.043 1029 104.14 ± 6.32 1.0007 0.2985 1.6730

covType
VFDT 0.7955 0.6008 43.960 631 1153.90 ± 12.27 - - -

SVFDT-I 0.7896 0.5895 30.755 441 1155.10 ± 14.87 0.9927 0.6996 1.0010
SVFDT-II 0.7896 0.5893 38.332 550 1167.40 ± 12.65 0.9926 0.8720 1.0117

ctu_1
VFDT 0.9988 0.9202 9.044 442 212.61 ± 2.61 - - -

SVFDT-I 0.9948 0.6414 0.095 4 190.80 ± 2.48 0.9960 0.0105 0.8974
SVFDT-II 0.9988 0.9156 2.808 103 216.75 ± 2.18 0.9999 0.3105 1.0195

ctu_2
VFDT 0.9974 0.7771 9.508 409 138.26 ± 0.54 - - -

SVFDT-I 0.9885 0.0090 0.076 3 113.61 ± 1.16 0.9911 0.0080 0.8217
SVFDT-II 0.9970 0.7370 5.259 171 135.10 ± 1.10 0.9995 0.5531 0.9771

ctu_3
VFDT 0.9999 0.9836 3.762 162 347.14 ± 2.07 - - -

SVFDT-I 0.9998 0.9636 1.677 56 356.62 ± 5.66 0.9999 0.4459 1.0273
SVFDT-II 0.9998 0.9723 2.180 99 357.64 ± 2.08 0.9999 0.5796 1.0302

ctu_4
VFDT 0.9997 0.8868 2.243 87 77.02 ± 4.54 - - -

SVFDT-I 0.9991 0.6186 0.717 23 84.25 ± 0.69 0.9994 0.3198 1.0939
SVFDT-II 0.9997 0.8907 1.128 41 83.23 ± 1.46 1.0000 0.5031 1.0807

ctu_5
VFDT 0.9981 0.7314 0.708 18 8.65 ± 0.43 - - -

SVFDT-I 0.9955 0.3540 0.076 3 9.04 ± 0.46 0.9974 0.1077 1.0458
SVFDT-II 0.9980 0.7103 0.256 13 8.90 ± 0.50 0.9999 0.3612 1.0292

ctu_6
VFDT 0.9993 0.9207 2.736 99 41.47 ± 1.49 - - -

SVFDT-I 0.9990 0.8832 1.213 35 38.05 ± 1.53 0.9997 0.4434 0.9175
SVFDT-II 0.9990 0.8847 1.503 51 39.16 ± 2.42 0.9997 0.5493 0.9441

ctu_7
VFDT 0.9996 0.3333 0.109 5 7.52 ± 0.41 - - -

SVFDT-I 0.9994 -0.0318 0.074 3 7.49 ± 0.34 0.9998 0.6792 0.9955
SVFDT-II 0.9995 0.0952 0.092 4 7.52 ± 0.41 0.9999 0.8462 1.0002

ctu_8
VFDT 0.9998 0.9239 4.493 164 215.62 ± 8.95 - - -

SVFDT-I 0.9998 0.8804 1.442 63 198.79 ± 8.29 0.9999 0.3210 0.9220
SVFDT-II 0.9998 0.9246 1.893 84 201.21 ± 11.48 1.0000 0.4215 0.9332

ctu_9
VFDT 0.9940 0.9318 22.855 854 145.97 ± 7.69 - - -

SVFDT-I 0.9700 0.6610 0.189 9 141.00 ± 7.54 0.9759 0.0083 0.9660
SVFDT-II 0.9923 0.9130 12.814 437 146.79 ± 6.07 0.9983 0.5607 1.0056

ctu_10
VFDT 0.9997 0.9967 2.270 58 87.72 ± 4.49 - - -

SVFDT-I 0.9990 0.9878 0.626 18 87.75 ± 4.67 0.9993 0.2759 1.0004
SVFDT-II 0.9997 0.9965 1.016 35 87.10 ± 3.34 1.0000 0.4476 0.9930

ctu_11
VFDT 0.9994 0.9925 0.671 16 7.24 ± 0.43 - - -

SVFDT-I 0.9965 0.9537 0.408 6 7.11 ± 0.31 0.9970 0.6084 0.9810
SVFDT-II 0.9984 0.9793 0.165 8 7.21 ± 0.31 0.9990 0.2459 0.9952

ctu_12
VFDT 0.9972 0.5756 2.469 104 22.26 ± 1.32 - - -

SVFDT-I 0.9933 -0.0037 0.058 2 26.06 ± 1.34 0.9961 0.0233 1.1707
SVFDT-II 0.9965 0.4792 0.962 52 23.77 ± 1.40 0.9994 0.3895 1.0679

ctu_13
VFDT 0.9977 0.8887 18.490 608 135.61 ± 6.30 - - -

SVFDT-I 0.9792 -0.0002 0.058 2 98.63 ± 4.87 0.9815 0.0031 0.7273
SVFDT-II 0.9970 0.8533 11.044 242 140.86 ± 8.40 0.9993 0.5973 1.0387

elec
VFDT 0.8195 0.5749 3.216 271 3.04 ± 0.24 - - -

SVFDT-I 0.8052 0.5411 1.090 87 3.01 ± 0.18 0.9825 0.3390 0.9886
SVFDT-II 0.8064 0.5439 1.499 123 3.11 ± 0.24 0.9839 0.4660 1.0210

hyper
VFDT 0.8476 0.6951 20.425 1550 24.59 ± 0.69 - - -

SVFDT-I 0.8903 0.7806 1.102 81 25.86 ± 0.08 1.0504 0.0540 1.0519
SVFDT-II 0.8632 0.7263 5.754 436 27.39 ± 2.31 1.0184 0.2817 1.1142

led_10
VFDT 0.7355 0.7059 18.287 609 1323.01 ± 15.51 - - -

SVFDT-I 0.7336 0.7038 1.707 55 1283.69 ± 22.00 0.9975 0.0934 0.9703
SVFDT-II 0.7352 0.7057 8.697 289 1326.79 ± 16.33 0.9997 0.4756 1.0029

led_20
VFDT 0.5087 0.4538 19.421 647 1143.01 ± 14.43 - - -

SVFDT-I 0.5077 0.4527 3.452 114 1180.24 ± 6.73 0.9980 0.1777 1.0326
SVFDT-II 0.5086 0.4538 10.403 346 1130.95 ± 4.93 0.9999 0.5356 0.9895

poker
VFDT 0.8188 0.6368 17.719 626 316.51 ± 3.31 - - -

SVFDT-I 0.8645 0.7284 11.060 374 314.27 ± 3.06 1.0558 0.6242 0.9929
SVFDT-II 0.8065 0.6122 14.299 521 313.57 ± 2.73 0.9850 0.8070 0.9907

rbf_500k
VFDT 0.9163 0.8193 27.115 2055 39.17 ± 2.34 - - -

SVFDT-I 0.9018 0.7879 1.262 93 36.00 ± 0.13 0.9841 0.0465 0.9191
SVFDT-II 0.9098 0.8053 8.486 643 51.30 ± 0.17 0.9929 0.3130 1.3096

rbf_1kk
VFDT 0.9241 0.8364 48.444 3670 71.66 ± 4.59 - - -

SVFDT-I 0.9084 0.8026 1.289 95 60.32 ± 4.98 0.9830 0.0266 0.8417
SVFDT-II 0.9169 0.8209 15.293 1138 96.20 ± 8.15 0.9922 0.3157 1.3424

rbf_250k(50)
VFDT 0.9922 0.9842 16.286 328 35.31 ± 1.14 - - -

SVFDT-I 0.9894 0.9786 1.500 28 90.73 ± 0.13 0.9972 0.0921 2.5696
SVFDT-II 0.9928 0.9855 11.734 235 39.51 ± 0.09 1.0006 0.7205 1.1191

sea
VFDT 0.8465 0.5884 2.430 363 2.30 ± 0.20 - - -

SVFDT-I 0.8513 0.6014 0.616 91 2.41 ± 0.17 1.0057 0.2533 1.0477
SVFDT-II 0.8518 0.6029 1.077 160 2.50 ± 0.22 1.0064 0.4433 1.0837

usenet
VFDT 0.5169 0.0253 30.416 48 43.51 ± 0.33 - - -

SVFDT-I 0.5342 0.0604 6.209 9 48.85 ± 0.55 1.0336 0.2041 1.1229
SVFDT-II 0.5268 0.0454 8.692 13 50.12 ± 0.64 1.0192 0.2858 1.1521
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Table 11 – Performance metrics of the algorithms by dataset for 𝜏 = 0.01, 𝐺𝑃 = 100 and
GI (worst case).

Dataset Algorithm Accuracy Kappa M Memory (MB) Splits Time (s) Rel. Accuracy Rel. Memory Rel. Time

agrawal
VFDT 0.9356 0.8038 0.713 7 83.59 ± 0.41 - - -

SVFDT-I 0.9347 0.8010 0.404 6 91.57 ± 0.48 0.9990 0.5673 1.0956
SVFDT-II 0.9356 0.8038 0.714 7 83.77 ± 0.47 1.0000 1.0019 1.0022

airlines
VFDT 0.6464 0.2061 1.427 10 685.32 ± 3.14 - - -

SVFDT-I 0.6256 0.1595 0.396 2 802.34 ± 74.89 0.9679 0.2774 1.1708
SVFDT-II 0.6455 0.2042 1.948 14 835.82 ± 1.94 0.9987 1.3647 1.2196

covType
VFDT 0.7256 0.4645 8.698 124 1094.42 ± 6.47 - - -

SVFDT-I 0.7142 0.4422 4.107 58 1130.04 ± 9.27 0.9842 0.4722 1.0325
SVFDT-II 0.7439 0.5002 9.742 139 1092.03 ± 6.94 1.0252 1.1200 0.9978

ctu_1
VFDT 0.9976 0.8325 0.666 31 226.52 ± 5.15 - - -

SVFDT-I 0.9951 0.6595 0.133 6 272.38 ± 13.33 0.9975 0.1989 1.2024
SVFDT-II 0.9972 0.8099 0.613 28 211.96 ± 16.51 0.9997 0.9202 0.9357

ctu_2
VFDT 0.9942 0.4977 0.473 25 137.75 ± 3.87 - - -

SVFDT-I 0.9927 0.3722 0.095 4 107.24 ± 8.43 0.9985 0.2013 0.7785
SVFDT-II 0.9947 0.5424 0.311 16 121.31 ± 8.37 1.0005 0.6576 0.8807

ctu_3
VFDT 0.9999 0.9852 0.936 35 321.14 ± 15.76 - - -

SVFDT-I 0.9999 0.9863 0.683 21 326.37 ± 21.54 1.0000 0.7298 1.0163
SVFDT-II 0.9999 0.9858 0.901 33 363.72 ± 10.04 1.0000 0.9626 1.1326

ctu_4
VFDT 0.9986 0.3895 0.110 5 85.19 ± 6.12 - - -

SVFDT-I 0.9986 0.3922 0.093 4 79.71 ± 5.52 1.0000 0.8463 0.9356
SVFDT-II 0.9986 0.3899 0.111 5 87.02 ± 5.45 1.0000 1.0120 1.0214

ctu_5
VFDT 0.9952 0.3052 0.055 2 13.30 ± 0.98 - - -

SVFDT-I 0.9952 0.3041 0.056 2 13.30 ± 1.01 1.0000 1.0241 0.9995
SVFDT-II 0.9952 0.3052 0.056 2 13.07 ± 0.76 1.0000 1.0240 0.9822

ctu_6
VFDT 0.9993 0.9095 0.426 7 49.99 ± 3.22 - - -

SVFDT-I 0.9992 0.9030 0.111 5 51.02 ± 2.66 0.9999 0.2599 1.0207
SVFDT-II 0.9992 0.9093 0.427 7 44.74 ± 2.48 1.0000 1.0031 0.8949

ctu_7
VFDT 0.9994 -0.0159 0.037 1 8.95 ± 0.65 - - -

SVFDT-I 0.9994 -0.0159 0.038 1 8.95 ± 0.65 1.0000 1.0358 0.9997
SVFDT-II 0.9994 -0.0159 0.038 1 8.79 ± 0.48 1.0000 1.0358 0.9816

ctu_8
VFDT 0.9997 0.8474 0.364 19 245.28 ± 1.91 - - -

SVFDT-I 0.9980 0.0344 0.148 7 260.03 ± 2.10 0.9983 0.4055 1.0602
SVFDT-II 0.9997 0.8469 0.664 20 255.49 ± 1.30 1.0000 1.8238 1.0416

ctu_9
VFDT 0.9849 0.8291 2.115 83 161.63 ± 0.69 - - -

SVFDT-I 0.9672 0.6303 0.076 3 167.61 ± 1.75 0.9821 0.0361 1.0370
SVFDT-II 0.9787 0.7594 1.382 54 158.71 ± 1.30 0.9937 0.6535 0.9819

ctu_10
VFDT 0.9970 0.9628 0.164 8 97.23 ± 1.65 - - -

SVFDT-I 0.9961 0.9519 0.110 5 98.41 ± 0.35 0.9991 0.6748 1.0121
SVFDT-II 0.9964 0.9558 0.147 7 96.87 ± 0.40 0.9994 0.8975 0.9963

ctu_11
VFDT 0.9921 0.8966 0.055 2 7.52 ± 0.50 - - -

SVFDT-I 0.9908 0.8796 0.056 2 7.49 ± 0.48 0.9987 1.0241 0.9951
SVFDT-II 0.9921 0.8966 0.056 2 7.43 ± 0.38 1.0000 1.0240 0.9880

ctu_12
VFDT 0.9933 0.0005 0.128 6 32.49 ± 0.22 - - -

SVFDT-I 0.9933 -0.0018 0.056 2 34.11 ± 0.13 1.0000 0.4406 1.0500
SVFDT-II 0.9933 0.0005 0.129 6 33.60 ± 0.13 1.0000 1.0103 1.0343

ctu_13
VFDT 0.9913 0.5793 2.113 83 170.31 ± 2.10 - - -

SVFDT-I 0.9814 0.1070 0.075 3 119.49 ± 0.95 0.9901 0.0357 0.7016
SVFDT-II 0.9913 0.5810 1.071 57 162.19 ± 1.78 1.0000 0.5066 0.9523

elec
VFDT 0.7746 0.4691 0.196 12 3.12 ± 0.01 - - -

SVFDT-I 0.7733 0.4661 0.201 12 3.07 ± 0.01 0.9983 1.0292 0.9835
SVFDT-II 0.7719 0.4626 0.178 10 3.01 ± 0.01 0.9964 0.9117 0.9641

hyper
VFDT 0.9132 0.8264 0.054 3 20.69 ± 0.11 - - -

SVFDT-I 0.9065 0.8131 0.082 5 19.13 ± 1.08 0.9927 1.5225 0.9247
SVFDT-II 0.9123 0.8245 0.055 3 19.57 ± 1.08 0.9989 1.0245 0.9461

led_10
VFDT 0.7259 0.6953 1.151 38 1021.06 ± 7.03 - - -

SVFDT-I 0.7216 0.6905 0.709 23 1055.21 ± 7.76 0.9942 0.6164 1.0334
SVFDT-II 0.7254 0.6947 1.093 36 1031.48 ± 1.16 0.9993 0.9500 1.0102

led_20
VFDT 0.4888 0.4317 1.037 33 1035.03 ± 5.36 - - -

SVFDT-I 0.4775 0.4192 0.459 14 1058.55 ± 7.90 0.9768 0.4428 1.0227
SVFDT-II 0.4884 0.4312 0.977 31 1036.63 ± 8.13 0.9991 0.9426 1.0016

poker
VFDT 0.7635 0.5259 3.850 153 287.23 ± 6.66 - - -

SVFDT-I 0.7149 0.4286 1.391 54 288.18 ± 7.26 0.9364 0.3612 1.0033
SVFDT-II 0.7417 0.4823 3.709 149 290.89 ± 7.89 0.9715 0.9633 1.0127

rbf_500k
VFDT 0.8033 0.5753 0.430 31 46.40 ± 4.50 - - -

SVFDT-I 0.7726 0.5090 0.163 11 44.88 ± 2.91 0.9618 0.3780 0.9672
SVFDT-II 0.8033 0.5752 0.377 27 48.53 ± 0.35 0.9999 0.8763 1.0458

rbf_1kk
VFDT 0.8444 0.6646 0.724 53 90.07 ± 8.36 - - -

SVFDT-I 0.8146 0.6003 0.323 23 71.08 ± 6.07 0.9647 0.4467 0.7891
SVFDT-II 0.8431 0.6618 0.659 48 79.67 ± 6.89 0.9985 0.9095 0.8845

rbf_250k(50)
VFDT 0.9566 0.9123 0.723 13 54.89 ± 2.82 - - -

SVFDT-I 0.9570 0.9131 0.466 8 34.06 ± 1.84 1.0004 0.6451 0.6206
SVFDT-II 0.9565 0.9122 0.673 12 57.08 ± 3.86 1.0000 0.9305 1.0399

sea
VFDT 0.8455 0.5859 0.034 4 2.23 ± 0.22 - - -

SVFDT-I 0.8450 0.5847 0.022 2 2.22 ± 0.25 0.9994 0.6424 0.9956
SVFDT-II 0.8455 0.5859 0.035 4 2.24 ± 0.24 1.0000 1.0390 1.0047

usenet
VFDT 0.5514 0.0951 0.622 0 54.58 ± 0.69 - - -

SVFDT-I 0.5514 0.0951 0.623 0 54.67 ± 0.66 1.0000 1.0021 1.0016
SVFDT-II 0.5514 0.0951 0.623 0 54.53 ± 0.50 1.0000 1.0021 0.9992
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Table 12 – Performance metrics of all algorithms by dataset for 𝜏 = 0.20, 𝐺𝑃 = 200 and
GI (best case).

Dataset Algorithm Accuracy Kappa M Memory (MB) Splits Time (s) Rel. Accuracy Rel. Memory Rel. Time

agrawal
VFDT 0.9437 0.8283 43.392 1167 77.00 ± 4.00 - - -

SVFDT-I 0.9473 0.8392 3.443 80 81.25 ± 4.63 1.0038 0.0793 1.0551
SVFDT-II 0.9448 0.8316 30.994 646 92.77 ± 1.87 1.0012 0.7143 1.2048

airlines
VFDT 0.6496 0.2133 275.043 2132 69.38 ± 1.19 - - -

SVFDT-I 0.6533 0.2217 24.792 191 126.28 ± 11.82 1.0057 0.0901 1.8199
SVFDT-II 0.6507 0.2159 166.004 1285 87.76 ± 0.67 1.0018 0.6036 1.2648

covType
VFDT 0.8482 0.7037 142.503 2108 955.20 ± 7.78 - - -

SVFDT-I 0.7452 0.5028 12.737 182 1030.77 ± 6.38 0.8786 0.0894 1.0791
SVFDT-II 0.8254 0.6592 92.607 1331 958.46 ± 2.87 0.9731 0.6499 1.0034

ctu_1
VFDT 0.9989 0.9220 7.580 362 185.72 ± 0.99 - - -

SVFDT-I 0.9951 0.6595 0.133 6 190.20 ± 0.97 0.9962 0.0175 1.0241
SVFDT-II 0.9986 0.9063 2.090 85 186.92 ± 1.22 0.9998 0.2757 1.0064

ctu_2
VFDT 0.9975 0.7866 7.383 308 118 ± 0.79 - - -

SVFDT-I 0.9927 0.3666 0.095 4 101.73 ± 6.27 0.9951 0.0129 0.8621
SVFDT-II 0.9969 0.7325 2.347 97 119.16 ± 5.50 0.9994 0.3179 1.0099

ctu_3
VFDT 0.9999 0.9826 4.004 160 311.25 ± 14.35 - - -

SVFDT-I 0.9999 0.9854 1.210 46 311.46 ± 0.42 1.0000 0.3021 1.0007
SVFDT-II 0.9999 0.9787 1.458 44 326.79 ± 0.40 1.0000 0.3641 1.0499

ctu_4
VFDT 0.9998 0.9209 1.742 75 72.63 ± 3.37 - - -

SVFDT-I 0.9990 0.5671 0.391 5 75.70 ± 0.61 0.9992 0.2245 1.0423
SVFDT-II 0.9997 0.8744 0.979 33 72.23 ± 0.48 0.9999 0.5620 0.9946

ctu_5
VFDT 0.9984 0.7736 0.254 13 8.44 ± 0.52 - - -

SVFDT-I 0.9960 0.4251 0.076 3 8.38 ± 0.37 0.9976 0.3000 0.9924
SVFDT-II 0.9982 0.7358 0.220 11 8.84 ± 0.56 0.9997 0.8628 1.0473

ctu_6
VFDT 0.9996 0.9471 2.306 80 36.19 ± 0.53 - - -

SVFDT-I 0.9942 0.3056 0.074 3 38.49 ± 0.27 0.9947 0.0323 1.0637
SVFDT-II 0.9995 0.9363 0.879 32 36.96 ± 0.25 0.9999 0.3813 1.0215

ctu_7
VFDT 0.9997 0.3968 0.389 5 7.38 ± 0.44 - - -

SVFDT-I 0.9994 -0.0476 0.056 2 7.28 ± 0.35 0.9998 0.1442 0.9871
SVFDT-II 0.9997 0.3968 0.390 5 7.37 ± 0.44 1.0000 1.0034 0.9996

ctu_8
VFDT 0.9999 0.9427 3.477 132 190.75 ± 1.26 - - -

SVFDT-I 0.9991 0.5606 0.383 20 203.47 ± 1.36 0.9992 0.1103 1.0667
SVFDT-II 0.9998 0.8934 1.075 43 208.21 ± 12.52 0.9999 0.3090 1.0915

ctu_9
VFDT 0.9935 0.9268 14.255 583 134.36 ± 0.41 - - -

SVFDT-I 0.9780 0.7519 0.189 9 139.21 ± 1.22 0.9844 0.0132 1.0361
SVFDT-II 0.9911 0.8992 7.417 219 142.21 ± 4.70 0.9975 0.5203 1.0585

ctu_10
VFDT 0.9998 0.9971 1.198 45 82.64 ± 3.87 - - -

SVFDT-I 0.9984 0.9807 0.554 14 82.16 ± 0.58 0.9987 0.4625 0.9943
SVFDT-II 0.9994 0.9930 0.853 26 81.49 ± 0.53 0.9997 0.7122 0.9861

ctu_11
VFDT 0.9996 0.9944 0.561 10 6.78 ± 0.44 - - -

SVFDT-I 0.9933 0.9118 0.074 3 7 ± 0.39 0.9937 0.1321 1.0322
SVFDT-II 0.9988 0.9844 0.354 3 7.09 ± 0.42 0.9992 0.6306 1.0456

ctu_12
VFDT 0.9964 0.4599 2.617 97 21.23 ± 0.03 - - -

SVFDT-I 0.9933 -0.0069 0.058 2 15.92 ± 0.04 0.9969 0.0221 0.7497
SVFDT-II 0.9954 0.3123 0.944 51 21.70 ± 0.05 0.9990 0.3607 1.0220

ctu_13
VFDT 0.9978 0.8963 14.338 415 128.09 ± 0.76 - - -

SVFDT-I 0.9792 -0.0002 0.058 2 89.94 ± 0.65 0.9813 0.0040 0.7021
SVFDT-II 0.9968 0.8471 5.054 165 129.36 ± 0.74 0.9990 0.3525 1.0099

elec
VFDT 0.8132 0.5599 2.212 152 2.33 ± 0.20 - - -

SVFDT-I 0.7926 0.5115 0.534 29 2.36 ± 0.15 0.9747 0.2413 1.0107
SVFDT-II 0.8031 0.5363 1.565 103 2.40 ± 0.16 0.9877 0.7078 1.0306

hyper
VFDT 0.8583 0.7165 12.499 946 14.38 ± 0.08 - - -

SVFDT-I 0.8950 0.7899 0.538 39 15.71 ± 0.03 1.0427 0.0431 1.0925
SVFDT-II 0.8632 0.7264 9.683 734 14.96 ± 0.07 1.0057 0.7747 1.0400

led_10
VFDT 0.7314 0.7014 115.169 3779 879.66 ± 1.77 - - -

SVFDT-I 0.7338 0.7041 1.342 43 977.25 ± 1.44 1.0033 0.0117 1.1109
SVFDT-II 0.7330 0.7032 79.692 2616 917 ± 4.51 1.0022 0.6920 1.0424

led_20
VFDT 0.5053 0.4500 110.075 3616 900.61 ± 2.22 - - -

SVFDT-I 0.5083 0.4534 2.075 67 991.84 ± 2.75 1.0061 0.0188 1.1013
SVFDT-II 0.5074 0.4524 72.245 2371 961.45 ± 5.20 1.0043 0.6563 1.0676

poker
VFDT 0.9530 0.9058 59.027 1878 254.24 ± 1.13 - - -

SVFDT-I 0.8408 0.6810 4.745 176 280.22 ± 2.74 0.8823 0.0804 1.1022
SVFDT-II 0.9190 0.8375 20.331 741 267.49 ± 2.65 0.9642 0.3444 1.0521

rbf_500k
VFDT 0.9110 0.8078 20.734 1574 29.22 ± 0.10 - - -

SVFDT-I 0.8780 0.7364 0.548 39 25.70 ± 0.06 0.9637 0.0264 0.8795
SVFDT-II 0.9150 0.8165 10.257 778 29.09 ± 0.10 1.0044 0.4947 0.9954

rbf_1kk
VFDT 0.9203 0.8282 36.719 2787 58.78 ± 0.14 - - -

SVFDT-I 0.8821 0.7458 0.548 39 48.58 ± 0.11 0.9585 0.0149 0.8266
SVFDT-II 0.9226 0.8332 14.884 1128 59.94 ± 0.21 1.0026 0.4054 1.0198

rbf_250k(50)
VFDT 0.9907 0.9813 16.385 330 32.33 ± 0.12 - - -

SVFDT-I 0.9758 0.9512 0.363 6 37.86 ± 0.19 0.9849 0.0222 1.1712
SVFDT-II 0.9892 0.9783 12.035 242 40.91 ± 0.12 0.9985 0.7345 1.2653

sea
VFDT 0.8491 0.5956 1.536 228 1.62 ± 0.05 - - -

SVFDT-I 0.8473 0.5907 0.249 36 1.65 ± 0.01 0.9979 0.1621 1.0154
SVFDT-II 0.8477 0.5918 1.183 176 1.65 ± 0.01 0.9983 0.7707 1.0158

usenet
VFDT 0.5272 0.0461 15.518 24 45.62 ± 0.44 - - -

SVFDT-I 0.5444 0.0808 4.347 6 50.83 ± 0.45 1.0326 0.2801 1.1140
SVFDT-II 0.5501 0.0924 4.347 6 51.52 ± 0.42 1.0435 0.2801 1.1291
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APPENDIX B – CAN THE SVFDTS PRODUCE TREES
SMALLER THAN THE SMALLEST VFDT?
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Table 13 – Performance metrics of all algorithms by dataset for 𝜏 = 0, 𝐺𝑃 = 100, entropy
and IG.

Dataset Algorithm Accuracy Kappa M Memory (MB) Splits Time (s) Rel. Accuracy Rel. Memory Rel. Time

agrawal
VFDT 0.9329 0.7953 2.327 50 47.51 ± 6.39 - - -

SVFDT-I 0.9290 0.7836 0.376 4 46.33 ± 0.61 0.9958 0.1615 0.8023
SVFDT-II 0.9332 0.7962 2.002 52 50.68 ± 0.22 1.0003 0.8600 0.8455

airlines
VFDT 0.6373 0.1857 0.778 5 213.36 ± 6.37 - - -

SVFDT-I 0.6291 0.1673 1.708 12 593.92 ± 6.12 0.9871 2.1941 2.8598
SVFDT-II 0.6400 0.1918 1.039 7 158.82 ± 1.63 1.0042 1.3352 0.7555

covType
VFDT 0.7296 0.4723 5.924 84 215.47 ± 1.77 - - -

SVFDT-I 0.7173 0.4483 3.353 47 216.15 ± 4.50 0.9831 0.5661 0.9964
SVFDT-II 0.7182 0.4501 5.026 71 217.06 ± 8.79 0.9844 0.8486 1.0433

ctu_1
VFDT 0.9979 0.8550 1.191 34 130.30 ± 17.28 - - -

SVFDT-I 0.9930 0.5186 0.077 3 111.02 ± 0.37 0.9951 0.0644 0.7496
SVFDT-II 0.9977 0.8438 0.950 36 129.10 ± 0.59 0.9998 0.7970 0.8652

ctu_2
VFDT 0.9955 0.6091 1.157 47 80.27 ± 0.39 - - -

SVFDT-I 0.9918 0.2955 0.077 3 70.79 ± 0.29 0.9963 0.0663 0.8778
SVFDT-II 0.9958 0.6339 0.822 44 80.18 ± 0.39 1.0003 0.7102 0.9969

ctu_3
VFDT 0.9997 0.9491 0.402 21 375.75 ± 1.00 - - -

SVFDT-I 0.9996 0.9247 0.095 4 374.80 ± 1.53 0.9999 0.2372 0.9974
SVFDT-II 0.9997 0.9405 0.330 17 378.40 ± 28.66 1.0000 0.8220 1.1306

ctu_4
VFDT 0.9978 0.0512 0.372 4 64.50 ± 7.19 - - -

SVFDT-I 0.9978 0.0535 0.058 2 64.27 ± 9.09 1.0000 0.1555 0.9680
SVFDT-II 0.9978 0.0512 0.373 4 64.20 ± 0.43 1.0000 1.0035 0.8136

ctu_5
VFDT 0.9976 0.6526 0.167 8 6.898 ± 0.19 - - -

SVFDT-I 0.9951 0.2986 0.058 2 6.70 ± 0.14 0.9975 0.3464 0.9745
SVFDT-II 0.9974 0.6282 0.113 5 6.69 ± 0.10 0.9998 0.6745 0.9714

ctu_6
VFDT 0.9990 0.8819 0.390 5 41.19 ± 0.66 - - -

SVFDT-I 0.9989 0.8683 0.093 4 41.38 ± 0.59 0.9999 0.2382 1.0059
SVFDT-II 0.9990 0.8814 0.373 4 41.95 ± 5.50 1.0000 0.9567 1.1339

ctu_7
VFDT 0.9994 -0.0159 0.018 0 8.37 ± 1.05 - - -

SVFDT-I 0.9994 -0.0159 0.020 0 8.40 ± 0.14 1.0000 1.0707 0.9331
SVFDT-II 0.9994 -0.0159 0.020 0 8.33 ± 0.16 1.0000 1.0707 0.9375

ctu_8
VFDT 0.9985 0.2877 0.147 7 171.52 ± 2.11 - - -

SVFDT-I 0.9985 0.2876 0.058 2 171.41 ± 2.19 1.0000 0.3950 0.9955
SVFDT-II 0.9985 0.2904 0.077 3 171.81 ± 3.49 1.0000 0.5226 0.9976

ctu_9
VFDT 0.9869 0.8526 3.695 151 117.76 ± 1.57 - - -

SVFDT-I 0.9681 0.6400 0.058 2 116.02 ± 1.57 0.9810 0.0157 0.9842
SVFDT-II 0.9883 0.8679 2.821 136 118.32 ± 1.64 1.0014 0.7635 0.9911

ctu_10
VFDT 0.9966 0.9585 0.092 4 101.74 ± 13.75 - - -

SVFDT-I 0.9967 0.9595 0.075 3 101.58 ± 5.36 1.0001 0.8141 0.9025
SVFDT-II 0.9965 0.9575 0.093 4 100.34 ± 0.38 0.9999 1.0144 0.8668

ctu_11
VFDT 0.9887 0.8515 0.037 1 6.22 ± 0.09 - - -

SVFDT-I 0.9887 0.8515 0.039 1 6.14 ± 0.27 1.0000 1.0352 1.0828
SVFDT-II 0.9887 0.8515 0.039 1 6.15 ± 0.62 1.0000 1.0352 1.1386

ctu_12
VFDT 0.9945 0.1697 0.432 7 22.00 ± 0.96 - - -

SVFDT-I 0.9942 0.1287 0.075 3 22.13 ± 2.64 0.9997 0.1746 0.9786
SVFDT-II 0.9944 0.1568 0.442 8 17.44 ± 1.50 0.9999 1.0233 0.6932

ctu_13
VFDT 0.9952 0.7689 3.403 139 94.76 ± 2.39 - - -

SVFDT-I 0.9793 0.0027 0.058 2 66.48 ± 1.68 0.9840 0.0170 0.7010
SVFDT-II 0.996 0.8061 3.459 142 94.26 ± 2.04 1.0008 1.0165 0.9862

elec
VFDT 0.7936 0.5138 0.599 39 2.48 ± 0.27 - - -

SVFDT-I 0.7895 0.5042 0.429 23 2.35 ± 0.05 0.9948 0.7158 0.9157
SVFDT-II 0.7909 0.5075 0.558 31 2.43 ± 0.06 0.9966 0.9312 0.9174

hyper
VFDT 0.9385 0.8770 0.014 0 17.33 ± 1.92 - - -

SVFDT-I 0.9385 0.8770 0.015 0 17.73 ± 1.48 1.0000 1.0955 1.0849
SVFDT-II 0.9385 0.8770 0.015 0 17.12 ± 1.87 1.0000 1.0955 1.0843

led_10
VFDT 0.7381 0.7089 0.031 0 241.49 ± 1.72 - - -

SVFDT-I 0.7381 0.7089 0.032 0 242.48 ± 5.97 1.0000 1.0425 1.0096
SVFDT-II 0.7381 0.7089 0.032 0 242.00 ± 15.01 1.0000 1.0425 1.0861

led_20
VFDT 0.5108 0.4561 0.031 0 242.47 ± 12.52 - - -

SVFDT-I 0.5108 0.4561 0.032 0 241.71 ± 30.57 1.0000 1.0425 1.0570
SVFDT-II 0.5108 0.4561 0.032 0 243.47 ± 5.09 1.0000 1.0425 1.0023

poker
VFDT 0.6935 0.3857 2.278 90 116.43 ± 9.49 - - -

SVFDT-I 0.6850 0.3686 1.734 64 112.76 ± 10.73 0.9877 0.7610 0.9952
SVFDT-II 0.6913 0.3812 1.839 72 112.43 ± 8.24 0.9968 0.8071 1.0082

rbf_500k
VFDT 0.7224 0.4014 0.176 6 31.28 ± 6.83 - - -

SVFDT-I 0.7034 0.3604 0.068 2 31.25 ± 4.42 0.9928 0.4603 0.8682
SVFDT-II 0.7221 0.4008 0.177 3 30.78 ± 6.94 0.9997 0.6076 0.9816

rbf_1kk
VFDT 0.6960 0.3435 0.093 12 66.42 ± 4.11 - - -

SVFDT-I 0.6910 0.3328 0.043 4 60.98 ± 0.78 0.9737 0.3863 0.8010
SVFDT-II 0.6958 0.3430 0.056 12 65.74 ± 0.44 0.9996 1.0075 0.8244

rbf_250k(50)
VFDT 0.9090 0.8162 0.052 0 36.21 ± 3.71 - - -

SVFDT-I 0.9090 0.8162 0.053 0 36.41 ± 0.39 1.0000 1.0251 0.9374
SVFDT-II 0.9090 0.8162 0.053 0 36.05 ± 0.17 1.0000 1.0251 0.9387

sea
VFDT 0.8448 0.5840 0.007 0 2.05 ± 0.26 - - -

SVFDT-I 0.8448 0.5840 0.008 0 2.12 ± 0.21 1.0000 1.1885 0.9783
SVFDT-II 0.8448 0.5840 0.008 0 2.07 ± 0.24 1.0000 1.1885 1.1520

usenet
VFDT 0.5514 0.0951 0.622 0 8.61 ± 1.11 - - -

SVFDT-I 0.5514 0.0951 0.623 0 8.71 ± 0.36 1.0000 1.0021 0.9455
SVFDT-II 0.5514 0.0951 0.623 0 8.77 ± 0.41 1.0000 1.0021 0.9260
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Table 14 – Performance metrics of all algorithms by dataset for 𝜏 = 0, 𝐺𝑃 = 100 and GI.
Dataset Algorithm Accuracy Kappa M Memory (MB) Splits Time (s) Rel. Accuracy Rel. Memory Rel. Time

agrawal
VFDT 0.9357 0.8038 0.3690 4 66.87 ± 1.52 - - -

SVFDT-I 0.9347 0.801 0.4050 6 56.08 ± 0.63 0.9989 1.0978 0.8386
SVFDT-II 0.9357 0.8038 0.3703 4 66.47 ± 0.58 1.0000 1.0036 0.9941

airlines
VFDT 0.6266 0.1617 0.5262 3 479.04 ± 6.94 - - -

SVFDT-I 0.6256 0.1594 0.6591 4 536.15 ± 13.82 0.9984 1.2526 1.1192
SVFDT-II 0.6266 0.1617 0.5275 3 498.47 ± 18.78 1.0000 1.0025 1.0406

covType
VFDT 0.7231 0.4597 8.7786 125 217.26 ± 14.11 - - -

SVFDT-I 0.7073 0.4287 4.6692 66 227.92 ± 11.05 0.9781 0.5319 1.0491
SVFDT-II 0.7413 0.4951 8.0840 115 241.98 ± 17.36 1.0252 0.9209 1.1138

ctu_1
VFDT 0.9935 0.5527 0.4631 9 206.87 ± 14.20 - - -

SVFDT-I 0.9909 0.3753 0.3733 4 190.74 ± 14.01 0.9974 0.8061 0.9220
SVFDT-II 0.9927 0.4987 0.4827 10 199.78 ± 18.57 0.9992 1.0422 0.9657

ctu_2
VFDT 0.9956 0.6206 0.4513 8 132.18 ± 8.19 - - -

SVFDT-I 0.9951 0.5753 0.3907 5 84.36 ± 2.52 0.9995 0.8655 0.6382
SVFDT-II 0.9956 0.618 0.3972 5 135.56 ± 14.75 1.0000 0.8801 1.0255

ctu_3
VFDT 0.9963 0.3474 0.4085 6 366.89 ± 25.08 - - -

SVFDT-I 0.9963 0.3477 0.0564 2 355.70 ± 17.60 1.0000 0.1380 0.9695
SVFDT-II 0.9963 0.3476 0.3734 4 367.61 ± 17.47 1.0000 0.9140 1.0020

ctu_4
VFDT 0.9977 -0.0004 0.0185 0 97.12 ± 7.69 - - -

SVFDT-I 0.9977 -0.0004 0.0198 0 90.67 ± 8.62 1.0000 1.0707 0.9335
SVFDT-II 0.9977 -0.0004 0.0198 0 92.27 ± 4.69 1.0000 1.0707 0.9500

ctu_5
VFDT 0.9931 -0.0011 0.0185 0 9.85 ± 0.53 - - -

SVFDT-I 0.9931 -0.0011 0.0198 0 9.60 ± 0.43 1.0000 1.0707 0.9740
SVFDT-II 0.9931 -0.0011 0.0198 0 10.56 ± 1.17 1.0000 1.0707 1.0714

ctu_6
VFDT 0.9984 0.8110 0.0373 1 47.06 ± 4.56 - - -

SVFDT-I 0.9984 0.8110 0.0386 1 46.08 ± 4.00 1.0000 1.0353 0.9792
SVFDT-II 0.9984 0.8110 0.0386 1 46.19 ± 2.93 1.0000 1.0353 0.9815

ctu_7
VFDT 0.9994 -0.0159 0.0185 0 8.07 ± 0.73 - - -

SVFDT-I 0.9994 -0.0159 0.0198 0 8.00 ± 0.25 1.0000 1.0707 0.9909
SVFDT-II 0.9994 -0.0159 0.0198 0 9.68 ± 1.09 1.0000 1.0707 1.1992

ctu_8
VFDT 0.9979 -0.0002 0.0190 0 229.00 ± 29.05 - - -

SVFDT-I 0.9979 -0.0002 0.0203 0 210.02 ± 15.49 1.0000 1.0688 0.9171
SVFDT-II 0.9979 -0.0002 0.0203 0 200.74 ± 5.13 1.0000 1.0688 0.8766

ctu_9
VFDT 0.9847 0.8276 0.9720 37 120.44 ± 1.72 - - -

SVFDT-I 0.9695 0.6559 0.0767 3 115.93 ± 2.56 0.9846 0.0789 0.9625
SVFDT-II 0.9755 0.7241 0.3844 20 119.38 ± 4.22 0.9907 0.3955 0.9912

ctu_10
VFDT 0.9937 0.9226 0.0733 3 98.02 ± 2.59 - - -

SVFDT-I 0.9915 0.8949 0.0564 2 97.05 ± 3.70 0.9978 0.7693 0.9902
SVFDT-II 0.9935 0.9203 0.0746 3 91.278 ± 0.80 0.9998 1.0180 0.9312

ctu_11
VFDT 0.9886 0.8506 0.0373 1 6.33 ± 0.16 - - -

SVFDT-I 0.9886 0.8506 0.0387 1 6.62 ± 0.33 1.0000 1.0353 1.0454
SVFDT-II 0.9886 0.8506 0.0387 1 7.27 ± 0.56 1.0000 1.0353 1.1492

ctu_12
VFDT 0.9933 -0.0005 0.0185 0 27.41 ± 3.05 - - -

SVFDT-I 0.9933 -0.0005 0.0198 0 24.66 ± 1.73 1.0000 1.0707 0.8993
SVFDT-II 0.9933 -0.0005 0.0198 0 24.82 ± 1.97 1.0000 1.0707 0.9052

ctu_13
VFDT 0.9893 0.4846 0.6024 31 134.44 ± 12.93 - - -

SVFDT-I 0.9795 0.0138 0.0580 2 64.38 ± 1.00 0.9901 0.0962 0.4789
SVFDT-II 0.9885 0.4468 0.4902 25 124.28 ± 1.10 0.9992 0.8137 0.9244

elec
VFDT 0.7746 0.4691 0.1968 12 2.40 ± 0.14 - - -

SVFDT-I 0.7733 0.4661 0.2025 12 2.54 ± 0.17 0.9983 1.0290 1.0572
SVFDT-II 0.7719 0.4626 0.1794 12 2.51 ± 0.13 0.9965 0.9113 1.0420

hyper
VFDT 0.9385 0.8770 0.0137 0 19.61 ± 3.13 - - -

SVFDT-I 0.9385 0.8770 0.0150 0 17.01 ± 1.18 1.0000 1.0955 0.8674
SVFDT-II 0.9385 0.8770 0.0150 0 18.64 ± 0.75 1.0000 1.0955 0.9505

led_10
VFDT 0.7381 0.7089 0.0307 0 265.20 ± 9.51 - - -

SVFDT-I 0.7381 0.7089 0.0320 0 244.24 ± 23.42 1.0000 1.0425 0.9210
SVFDT-II 0.7381 0.7089 0.0320 0 233.28 ± 4.20 1.0000 1.0425 0.8796

led_20
VFDT 0.5108 0.4561 0.0307 0 242.35 ± 19.22 - - -

SVFDT-I 0.5108 0.4561 0.0320 0 232.79 ± 6.46 1.0000 1.0425 0.9605
SVFDT-II 0.5108 0.4561 0.0320 0 234.74 ± 6.05 1.0000 1.0425 0.9686

poker
VFDT 0.7595 0.518 3.3301 133 109.87 ± 9.34 - - -

SVFDT-I 0.7149 0.4285 1.3467 52 98.03 ± 0.91 0.9413 0.4044 0.8922
SVFDT-II 0.7388 0.4764 3.5514 142 103.44 ± 2.18 0.9727 1.0665 0.9414

rbf_500k
VFDT 0.6916 0.3352 0.0678 0 60.38 ± 4.42 - - -

SVFDT-I 0.6917 0.3354 0.0428 0 59.03 ± 3.12 1.0001 0.6314 0.9775
SVFDT-II 0.6916 0.3351 0.0555 0 58.86 ± 2.88 1.0000 0.8191 0.9748

rbf_1kk
VFDT 0.6885 0.3273 0.0137 4 36.50 ± 3.58 - - -

SVFDT-I 0.6885 0.3273 0.0150 2 28.98 ± 1.09 1.0000 1.0955 0.7938
SVFDT-II 0.6885 0.3273 0.0150 3 30.45 ± 1.79 1.0000 1.0955 0.8342

rbf_250k(50)
VFDT 0.9090 0.8162 0.0519 0 35.31 ± 1.80 - - -

SVFDT-I 0.9090 0.8162 0.0532 0 36.90 ± 2.34 1.0000 1.0251 1.0452
SVFDT-II 0.9090 0.8162 0.0532 0 40.26 ± 5.66 1.0000 1.0251 1.1402

sea
VFDT 0.8448 0.584 0.0069 0 2.60 ± 0.42 - - -

SVFDT-I 0.8448 0.584 0.0082 0 1.93 ± 0.07 1.0000 1.1886 0.7421
SVFDT-II 0.8448 0.584 0.0082 0 2.03 ± 0.16 1.0000 1.1886 0.7791

usenet
VFDT 0.5514 0.0951 0.6221 0 8.58 ± 0.32 - - -

SVFDT-I 0.5514 0.0951 0.6234 0 8.18 ± 0.19 1.0000 1.0021 0.9539
SVFDT-II 0.5514 0.0951 0.6234 0 8.15 ± 0.33 1.0000 1.0021 0.9502
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