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Abstract Learning from data streams is a challenging task which demands a learning
algorithm with several high quality features. In addition to space complexity and speed
requirements needed for processing the huge volume of data which arrives at high speed,
the learning algorithm must have a good balance between stability and plasticity. This paper
presents a new approach to induce incremental decision trees on streaming data. In this
approach, the internal nodes contain trainable split tests. In contrast with traditional decision
trees in which a single attribute is selected as the split test, each internal node of the pro-
posed approach contains a trainable function based on multiple attributes, which not only
provides the flexibility needed in the stream context, but also improves stability. Based on this
approach, we propose evolving fuzzy min–max decision tree (EFMMDT) learning algorithm
in which each internal node of the decision tree contains an evolving fuzzy min–max neural
network. EFMMDT splits the instance space non-linearly based on multiple attributes which
results in much smaller and shallower decision trees. The extensive experiments reveal that
the proposed algorithm achievesmuch better precision in comparisonwith the state-of-the-art
decision tree learning algorithms on the benchmark data streams, especially in the presence
of concept drift.

Keywords Pattern recognition ·Data stream classification · Decision tree · Min–max neural
network · Stability

1 Introduction

Mining from data streams is a challenging task that has received special attention in recent
years. ATM or credit card transactions, stock market exchanges, network traffic and sensor

B Zahra Mirzamomen
mirzamomen@iust.ac.ir

Mohammad Reza Kangavari
kangavari@iust.ac.ir

1 School of Computer Engineering, Iran University of Science and Technology, Tehran, Iran

123

http://crossmark.crossref.org/dialog/?doi=10.1007/s11063-016-9528-8&domain=pdf


342 Z. Mirzamomen, M. R. Kangavari

networks are sample sources that generate streams of data. Two important features make data
streams distinct from traditional static data. First, by data stream we refer to a huge volume
of data that continuously arrives at high speed. Second, data streams are subject to concept
drift, meaning that the context from which the data stream is generated changes over time.

These features make mining from data streams more difficult than mining from traditional
static data. The amount and speed of data makes it infeasible to store the whole data on
disk to run learning algorithms on them later. Also it prevents the learning algorithm from
passing through the data multiple times, which is what usually is being done in learning from
traditional static data. On the other hand, concept drift enforces revision of the output model
continuously to make it up to date regarding the new instances.

Decision tree based learning algorithms arewidely used in data stream classification [1,10,
14,16,17,27]. Decision tree learning algorithms are one of the best supervised algorithms for
pattern classification which can effectively and efficiently build high precision models from
labelled data. On the other hand, decision tree learning algorithms are unstable [3,20,31] and
are not naturally suited to continuous and numeric attributes [18]. Besides, as the nature of
traditional decision trees is to divide feature space into axis parallel rectangles, the output
model can be very complex for difficult classification problems.

The split test in the univariate decision trees is a single attribute which is selected based on
a heuristic split measure (e.g. information gain). This approach brings about instability and
is not flexible. As a matter of fact, in this approach the attributes compete for being selected
as the split test at the internal nodes and hence, when some attributes have close merit based
on the heuristic function, small changes in the training data may result in selecting a different
winner, which results in instability. On the other hand, such a split test is not trainable and
the only way for updating it (to be adapted to the drifting concepts) is to replace it with
a new one, which causes the decision tree to be re-structured. The common approach for
adapting such decision trees to drifting concepts is to continuously check the previously
selected split attributes to see whether they are still the best choice [1,16] and if this is not
the case, an alternate sub-tree would be created which would be replaced with the current
sub-tree whenever the alternative one becomes more accurate on new data.

To the best of our knowledge, neural network tree (NNTree) [30] has been the only
proposed algorithm for learning from data streams which has tried to address the plasticity-
stability dilemma by embedding a three layer multilayer perceptron (MLP) in the internal
nodes of the tree. However, it is obvious that NNTree does not have enough efficiency for
being used in mining from data streams, mainly becauseMLPs need to process each instance
several times, which is not feasible in learning from data streams.

In this paper, we have focused on learning in the stream context. As discussed above,
learning from data streams is more challenging in comparison with learning in the static
context.

Themain contribution of this paper inmining from data streams is as follows: Our research
for the first time proposes the novel approach of employing trainable split tests based on
multiple attributes at the internal nodes of the decision trees, in order to address the flexibility
needed in learning from the concept drifting data streams. Intuitively, if the split test be
trainable, it can be easily adjusted to the new concept via applying a forgetting mechanism
and training on new data. Moreover, if the split test be based on multiple attributes, the
competence issue would be alleviated too.

Based on the proposed approach, in this paper we have proposed EFMMDT as an incre-
mental decision tree learning algorithm for mining high speed data streams with drifting
concept, in which the internal nodes contain an evolving fuzzy min–max neural network.
The approach behind the proposed algorithm is to have trainable split tests based on several

123



Evolving Fuzzy Min–Max Neural Network Based Decision Trees... 343

attributes in the internal nodes of decision tree. The main motivation for having such split
tests in the decision trees is to provide stability along with the needed flexibility for mining
from data streams. However, as the suggested split test splits the feature space non-linearly,
the proposed method also improves the simplicity of modelling for difficult classification
problems.

As a matter of fact, in the proposed EFMMDT algorithm, an evolving fuzzy min–max
neural network model plays the role of the trainable function at the each internal node. For
this purpose, in this paper we have introduced CACL fuzzy min–max neural networks with
concept-drift handling mechanisms to be employed as the trainable split tests. However,
several other decision tree learning algorithms can be designed by considering alternative
trainable functions, such as the support vector machines, decision rules or other neural net-
work models.

In summary, the contributions of this paper are as follows:

1. Our research for the first time proposes the novel approach of using trainable split tests
based on multiple attributes to induce decision trees from concept-adapting data streams.

2. It presents EFMMDT as a novel hybrid decision tree learning algorithm based on the
proposed approach for stream data classification.

3. It presents CACL fuzzy min–max neural network algorithm, as a new algorithm based on
fuzzymin–max neural networks. This algorithm extends fuzzymin–max neural networks
with mechanisms for handling concept drift.

4. EFMMDT is an incremental algorithm which needs to process each training instance
only once.

5. EFMMDT handles concept change via training the embedded CACL fuzzy min–max
neural networks at the internal nodes of the decision tree.

6. It presents a heuristic criteria based on hoeffding-bound to select the contributing
attributes at the internal nodes.

The remaining of this paper is organized as follows. Section 2 briefly introduces the
background knowledge of the fuzzy min–max neural network classification algorithm. In
Sect. 3,we introduceour proposeddecision tree learning algorithm. InSect. 4, the experiments
and their results are explained. Section 5 summarizes the main contributions of this paper
and gives concluding remarks.

2 Background Knowledge: Fuzzy Min–Max Neural Networks

Simpson [24] has been thefirst onewhoproposed fuzzymin–maxneural networks (FMMNN)
for pattern classification. In FMMNN, each class is represented as aggregation of some
hyperboxes in n-dimensional pattern space. Each hyperbox represents a fuzzy set and is
defined by four components: Minimum Point, Maximum Point, Membership Function and
a Class Label. All instances contained within the region defined by a hyperbox have full
membership to it and the membership of the other patterns can be calculated using the
hyperbox’s membership function.

Formally, for an n-dimensional pattern space, j th hyperbox, Bj , is defined by the ordered
set: Bj = {

Vj ,Wj , b j (X)
}
, where Vj = (v j1, v j2, · · · , v jn) is the minimum point, Wj =

(w j1, w j2, · · · , w jn) is the maximum point, b j (X) (0 < b j (X) ≤ 1) is the membership
function and X = (x1, x2, · · · , xn) is an input pattern. The membership function b j (X)

assigns a membership value between 0 and 1 to any input pattern.
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In its original and general form, FMMNN ’s learning consists of creating hyperboxes
and expanding or contracting them in the pattern space, such that initially there are no
hyperboxes [9,24]. The FMMNN ’s training algorithm is incremental and processes each
training instance as received. Given a training instance, it tries to find the closest hyperbox
to that instance which has the same class label and is expandable (if necessary) to include
it. This expandability is defined by a heuristic, regarding the significant θ parameter which
imposes a bound on the maximum size of a hyperbox along each dimension. If found, the
founded hyperbox would be expanded to include the instance according to a heuristic. But
if it fails to find such a hyperbox, a new hyperbox would be created. Expanding a hyperbox
is done by altering its minimum point or its maximum point or both, which may cause it
to overlap with other hyperboxes. As the overlaps between hyperboxes of different classes
are undesirable (because they introduce ambiguity in class boundaries), they are found and
eliminated by a contraction process.

Fuzzy min–max neural networks are extended and studied further in the literature [9,29,
33,34,36–38,41]. Some of works have studied improving the membership functions of the
hyperboxes [9,29,39,40] and some have proposed solutions for extending these models to
support both nominal and continuous attributes [34]. Some others have worked on improving
the components of the original learning learning algorithm and its heuristics for expanding
a hyperbox, detecting the overlaps between hyperboxes of different classes and contracting
the hyperboxes to resolve such overlaps [33]. Meanwhile, as setting the θ parameter by the
user is a challenging task which has significant effect on the performance of the FMMNN,
[41] have proposed two adaptive resolution algorithms to automate it. Moreover, extracting
decision rules from the FMMNNs is also investigated in the literature [34,35,39].

It has been shown that the contraction process degrades the performance of the FMMNN
[29] and hence, several strategies are proposed to address this issue [4,29,40]. Some of
them use special nodes to manage the overlapping areas [21,29], rather than the contraction
process.Multi-level fuzzymin–max neural network (MLF) [4] is another proposed algorithm
which employs smaller hyperboxes in the overlapping area to handle the problem, instead of
contraction.

In our previous research, we have studied embedding fuzzy min–max neural networks in
the decision tree learning framework for the first time, which resulted in introducing FMMDT
[32] learning algorithm, which is a batch decision tree learner for the static context.

Fuzzy min–max neural network has several merits which makes it a suitable candidate for
learning from data streams. First, its learning algorithm is incremental and fast. Second, it
needs to process each instance only once. Third, it can incorporate new classes in the stream
upon detection without retraining. However, there are few works on extending them to work
in the stream data context. If we consider FMMNN as a granular neural network, there is
a recent related work in extending the granular neural networks to work in the stream data
context [42].

3 The Evolving FMM Decision Tree

In this section we introduce the proposed learning algorithm in great details. The idea of
EFMMDT learning algorithm is to use a trainable split function for splitting a node in a
decision tree rather than using a fixed single attribute. This provides the needed flexibility in
decision tree structure to become gradually adjusted (via training) to new concepts in the data
stream. Meanwhile, it eliminates the need for making huge abrupt changes in the decision
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Fig. 1 Overall architecture of EFMMDT

tree structure by continuously revising and changing previously selected attributes which are
no longer suitable according to the new training instances, which is the common approach
for adapting decision trees to drifting concepts [1,16].

In this paper, we have introduced an evolving fuzzymin–max neural network to be embed-
ded in the internal nodes of the proposed decision tree to split the node. We have named it
concept adapting contraction less (CACL) fuzzy min–max neural network. Detailed expla-
nation comes in Sect. 3.1.

Figure 1 shows the overall architecture of theEFMMDTmodels.As depicted, the proposed
learning algorithm creates a special decision tree-like structure such that:

– Each internal node of the decision tree contains a CACL fuzzy min–max neural network.
– The granularity of the CACL fuzzy min–max neural networks gets finer at each subse-

quent level of the tree to help resolving the overlaps.
– It has two types of leaf nodes: label-leaf nodes which have a pre-defined class label and

the single functional-leaf node, in which a naive bayes classifier determines the class
label of the instance that has reached to it.

The CACL plays three roles: First, it is used for splitting the node, such that its output
determines the branch that each instance should be sent through. Second, it provides the
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needed flexibility in the decision tree to adapt to concept drift, because it would be trained
on the training instances that passes through it. Third, it is used for incorporating fuzzy logic
in the decision tree.

Given a data stream ST = {(xi , yi |i = 1, . . . ,∞)}where xi is the i th training instance and
yi is the class label of it, such that xi =

{
x j
i ∈ �| j = 1, . . . , d

}
and yi =∈ {ck |k = 1, . . . , c},

we explain the proposed learning algorithm in the following sections. Meanwhile, it is worth
mentioning that it can learn only from continuous attributes, but extending the model to
support nominal attributes is also possible.

Algorithm 1 Concept Adapting Contraction Less FMM Learning Algorithm
1: Let hbs be the array of hyperboxes, initially empty;
2: Let stats be the array of statistics corresponding to each hyperbox, initially empty; These statistics are

kept updated according to the recent data;

3: function CACL_TrainOnInstance(xi , yi )
4: Calculate degree of membership of xi to each hyperbox in hbs;
5: Let hb be the closest expandable hyperbox to xi with the same label;
6: if hb is Null then
7: newhb = Create a new hyperbox according to xi
8: Add newhb to hbs;
9: Add a statistics element for newhb to stats;
10: else
11: Expand hb to include xi
12: Update statistics of hb in stats;
13: end if
14: end function

3.1 The Proposed CACL Fuzzy Min–Max Model to Split the Internal Nodes

Algorithm1presents the pseudo code of our proposed streaming concept adapting contraction
less (CACL) fuzzymin–max neural network to be embedded in internal nodes of the proposed
decision tree learning algorithm. As can be inferred from its name, this proposed algorithm
has two main properties:

– First, it does not include the contraction process and hence, it does not suffer from the
known problems of the contraction process.

– Second, it is able to adapt to concept drift in data.

In CACL, we have used the membership function proposed by Zhang et al. [29], in which the
noise, the geometric center of the hyperbox (v j i +w j i )/2) and the data core of the hyperbox
(the mean value of data belonging to the hyperbox) are considered as follows:

b j (X) = mini=1...n

(
min( f (xi − w j i + ε, c ji ), f (v j i + ε − xi , c ji )])

)
(1)

in which ε is a parameter representing noise, c ji is the difference between the data core of the
hyperbox and the geometric center of the corresponding hyperbox (c ji = (v j i + w j i )/2 −
dc ji ). The ramp threshold function f (r, c) is defined as:

f (r, c) =

⎧
⎪⎨

⎪⎩

e−r2×(1+c)×λ r > 0, c > 0

e−r2×(1−c)× 1
λ r > 0, c < 0

1 r < 0
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To split a node, a CACL is trained on the instances that has reached to the node and is
embedded in it. The branching factor of the new internal node would be k = c + 1, where c
is the number of classes in the data stream. The first c children are label-leaf nodes labelled
class1, class2, . . . , classc respectively. The c + 1th child is a functional-leaf node, such
that a naive bayes classifier determines the class label of the instances that would reach to it.
It is shown that decision trees which use functional leaves usually outperform decision trees
which use majority vote approach for determining the label of the leaves [12,19].

When an instances reaches to an internal node, the CACL embedded in it determines the
branch that the instance should be sent through. In CACL, no contraction process is done. So,
there may be some overlaps between the hyperboxes of different classes in an internal node,
which leads to ambiguity in classification. As a result, the CACL embedded in an internal
node can not confidently classify the instances located in such overlap areas. Such instances
would be sent through the last branch of the internal node to be handled in the next level
of the decision tree. The other instances which can be confidently classified by the CACL
would be sent to the corresponding label-leaf branch.

We have used a simple trick to efficiently detect the instances which are located in the
overlapping areas. To classify an input pattern, the original fuzzy min–max neural networks
calculate and output the degree to which the input pattern fits within each class. Then, the
class with the highest degree of membership would be assigned to it. As the membership
functions of the hyperboxes are designed so that they produce the full degree of membership
(e.g. one) only for the instances that are located within the hyperbox [9,29], in CACL we
have employed the following trick: when an instance has full degree of membership to more
than one classes, then it is absolutely located in an overlapping area. As stated before, such
instances would be sent to the last branch.

So, CACL has an extra boolean output, coverlap , which determines whether the input
pattern, x , is located in an overlapping area or not, i.e. we have:

coverlap =
{
1 if x is located in an overlapping area
0 otherwise

The original fuzzymin–max learning algorithm is able to learn incrementally from incom-
ing instances of data stream, which includes creation of hyperboxes and expansion of them
according to the incoming training instances. But this is not always enough for adapting to
concept drift. For being able to completely adapt to all kinds of concept drift, this model needs
a way for resizing the previously learnt hyperboxes or discarding them if they are no longer
consistent with the new concept. In our proposed model, hyperboxes would be reconsidered
via keeping specific statistics which reflects their activity on recent training instances.

To be more specific, CACL includes a statistics record for each hyperbox. A statis-
tics record would be updated whenever a training instance matches with its corresponding
hyperbox. The hyperboxes would be altered/removed according to the statistics periodically.
Afterwards, the statistics are cleared and re-set, which is a part of the forgetting mechanism
applied on the statistics to reflect the recent concept. The kept statistics on the window of
recent instances include:

– Hit rate: shows the number of times the hyperbox has matched with an instance.
– Minimumpoint: shows theminimumpoint calculatedover thematched training instances.
– Maximum point: shows the maximum point calculated over the matched training

instances.
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(a) (b)

(c) (d)

(e) (f)

Fig. 2 Changes in internal nodes of EFMMDT for adapting to concept drifting data streams. a Concept at
time t1. b Hyperboxes in the node at time t1. c Concept at time t2. d Hyperboxes in the node at time t2. e
Concept at time t3. f Hyperboxes in the node sometime after time t3

Where, the way of calculating the minimum and maximum points is the same as the way
of calculating theminimum andmaximum point of the hyerboxes in the FMM training phase.
As is shown in Algorithm 3, the update mechanism include:

– Inactive hyperboxes which have zero hit rate on the recent training instances are deleted.
– The minimum point of the active hyperboxes are altered in the following manner: for

each dimension, if the minimum value kept in the statistics (v j istats ) is bigger than the
minimum of the hyperbox (v j i ), then v j i would be replaced by the v j istats .

– The maximum point of the active hyperboxes are altered in the following manner: for
each dimension, if the maximum value kept in the statistics (w j istats ) is smaller than the
maximum of the hyperbox (w j i ), then w j i would be replaced by w j istats .

Therefore, the statistics-based update mechanism always shrinks the hyperboxes accord-
ing to the recent training instances.

Figure 2 illustrates how a CACL model adapts to concept drift for a two class problem.
Figure 2a and b show the concept at time t1 and the formed hyperboxes along the boundary of
the two classes respectively. During the three continuous timestamps, the concept drifts from
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b1 at time t1 to b2 at time t3. Figure 2c and d show that the first instances of the new concept
cause creation and expansion of new hyperboxes belonging to class 2 which overlap with
old hyperboxes which belong to class 1. When the concept becomes steady at time t3, some
of the old hyperboxes of the class 1 are totally located in the space for class 2 according to
the new concept. Those hyperboxes would be discarded by the statistical update mechanism,
because none of the new training instances would be matched with them. Meanwhile, for the
single hyperbox of class1 which is located on the boundary of the new concept, the maximum
point may slightly shift to the left to reflect the new concept.

In EFMMDT, the proposed CACL neural network algorithm is employed as the split test
in the internal nodes of the decision tree. As a result, the split test in the internal nodes
of the decision tree is not only trainable, but also it is efficient and flexible enough for
being adapted to concept drift in data. The other important result of employing CACL as
the split test is the ability of contributing as many attributes as we want in the split test.
The number of contributing attributes determine the dimensionality of the hyperboxes in the
model. Therefore, there is a trade-off between the number of contributing attributes and the
complexity of the model.

Algorithm 2 Evolving Fuzzy Min–Max Decision Tree learning from stream data
1: Let EFMMDT be the decision tree to be induced, initially containing a single functional-leaf node as the

root;
2: Let m be the number of classes in the stream data
3: while a new training instance ei = (xi , yi ) arrives do
4: Let Current Node = root ;
5: while Current Node is not leaf do
6: UpdateNode(Current Node, ei );
7: Current Node = GetNextNode(Current Node, ei );
8: end while

9: // Here, Current Node is a leaf
10: Set lea f = Current Node;
11: if lea f is a label-leaf then return
12: else
13: Add ei to the fixed-size sliding window of lea f
14: (forget the oldest instance if necessary);
15: if lea f satisfies the split conditions then
16: // Split the leaf node and convert it to an internal node
17: Let atts be the best attributes selected based on a split measure;

18: Let θ
′
be a suitable value for this level of the tree, according to a heuristic;

19: Create a new CACL with θ = θ
′
and set atts as its dimensions;

20: Let NewSpli t ter be the newly created CACL;
21: Train NewSpli t ter on the instances in the window of the lea f ;
22: Replace lea f by an internal node, embed NewSpli t ter in it;
23: Create m new label-leaf nodes with class labels 1 to m respectively;
24: Attach the label-leaf nodes to lea f as its children;
25: // The last child of internal nodes is dedicated for the overlaps
26: Create a functional-leaf node and attach it to lea f as its last child;
27: end if
28: end if
29: end while
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Algorithm 3 Training the split test at the internal nodes of EFMMDT
1: procedure UpdateNode(node n, instance e)
2: Let Spli t ter be the CACL neural network embedded in n;
3: if enough instances are seen after the last update then
4: Delete inactive hyperboxes from Spli t ter according to its statistics on recent data
5: Update the hyperboxes of the Spli t ter according to its statistics on recent data
6: Clear the statistics of the Spli t ter
7: SeenSinceLastUpdate = 0;
8: end if
9:
10: Spli t ter .CACL_TrainOnInstance(e) // (Algorithm 1)
11: SeenSinceLastUpdate++;
12: end procedure

Algorithm 4 Split decision at the internal nodes of the EFMMDT
1: function GetNextNode(node n, instance e) returns node;
2: Let Spli t ter be the CACL neural network embedded in n;
3:
4: // C is the class assigned to e by the Spli t ter
5: // coverlap is True when e is located in an overlapping area and is False otherwise
6: Classify e by the Spli t ter and get coverlap and C ;
7:
8: if coverlap is True then
9: return the last child of n;
10: else
11: return the C th child of n ;
12: end if
13: end function

Algorithm 5 Classifying an instance with EFMMDT
1: function Classify(instance e) returns class label;
2: Let EFMMDT be the induced decision tree;
3: Let Current Node be the root of EFMMDT ;
4: while Current Node is not leaf do
5: Current Node = GetNextNode(Current Node, e);
6: end while
7: if Current Node is a label-leaf node then
8: return Current Node.label;
9: else
10: return Current Node.NaiveBayes.Classi f y(e);
11: end if
12: end function

3.2 Growing the Decision Tree

Algorithm 2 presents the pseudo code of learning EFMMDT from streaming data. Decision
tree structure starts with creating the root node. The root node is initially the only functional-
leaf node of the model. There are two key questions that each decision tree based algorithm
has to answer: First, when should a leaf node be split and turned into an internal node?
Second, how should an internal node be split?

To address the former question (when should a leaf node be split) we have considered the
criteria used by [30], as follows:

|S| > nmin and nmissed > |S| × q (2)

123



Evolving Fuzzy Min–Max Neural Network Based Decision Trees... 351

in which |S| is the number of training instances that has reached to the leaf node, nmissed

is the number of instances which are classified incorrectly, nmin is split threshold and q
(0 ≤ q ≤ 1) is the splitting rate. i.e. a leaf node would be a candidate for splitting if the total
number of the instances (that has reached to it) is greater than a specified threshold (nmin)
and at least q of them be misclassified.

The latter question is already answered: to split a leaf node, a CACL FMM neural
network (described in Sect. 3.1) is trained and is embedded in the node. This converts
that node into an internal node (Lines 15–27 of Algorithm 2). At each node, we have
used the Hoeffding bound [16] for selecting the attributes which are suitable to con-
tribute in splitting the node, i.e. as the dimensions of hyperboxes of the CACL neural
network.

Hoeffding bound is the well known statistical criteria that is commonly used in decision
trees which learn from data streams [1,15,16] to decide when to split a node, i.e. Hoeffding
trees don’t make any split until a statistical significance appears to be in favour of the current
best attribute (based on a split measure, such as information gain) against the other ones.
However as choosing the best attribute is not the subject in EFMMDT (because the CACL
FMM can contribute any number of attributes) we have used this bound in a different way,
such that any attribute which its difference with the current best attribute is not significant
based on the hoeffding bound is considered to be a promising attribute and can be contributed
in the split. Contributing the attributes with statistically close merits for splitting the node
would bring about more stability.

We have used the criteria proposed in [32] to set the value of the parameter θ of the
CACLs in the internal nodes, such that θ is set to its maximum value (θ = 1) at the root of
the tree and it would be automatically decreased at the next levels to create finer granular
fuzzy min–max neural networks as the tree grows, which helps to resolve the overlaps. More
specific, the θ at the next level is set to the minimum length of the overlaps among the
hyperboxes of the current level over all dimensions. However, to avoid ineffective splits
in the cases where the newly computed θ is equal or very close to its value in the current
level, a parameter r (0 ≤ r ≤ 1) controls and ensures the minimum permissible decrease
of θ for the next level, such that: tetachild = minimum( min_overlap_rangeparent , r ∗
tetaparent );

It should be noticed that according to the above criteria, the amount of decrease of θ at the
next level of tree highly depends on the dataset. But the r parameter can be used to increase
the rate of decrease of θ as the decision tree grows. If the rate of decrease be high (e.g. when r
is close to 0), then the hyperboxes would rapidly become fine and tiny and hence, the overlaps
between them would be resolved rapidly. In such conditions, the decision tree would become
shallower, but the number of hyperboxes at the internal nodes may become large depending
on the dataset. On the other hand, if the rate of decrease of θ be low (e.g. when r is close to
1), depending on the dataset, deeper decision trees may be needed to resolve the overlaps. In
other words, r parameter can be used to control the depth of the decision tree and the number
of hyperboxes at the internal nodes.

3.3 Adapting to Concept Changes and Forgetting Mechanism

As is presented in Algorithm 2, whenever a new training instance arrives, it traverses the tree
from the root to a leaf and it affects all the nodes in its path at the same time. In each internal
node, the stored statistics is updated and the embedded CACL is trained on the passing
instance. As is explained in Sect. 3.1, the CACL’s hyperboxes are updated according to the
stored statistics periodically.
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It is worth mentioning that EFMMDT has the great ability of being adapted to new
emerging classes in the data stream. Whenever a new class emerges in the training instances,
new hyperboxes representing the new class would be gradually created in the CACL FMM
neural networks embedded in the internal nodes. This provides ameans for detecting instances
belonging to the new class in each internal node. EFMMDT just needs to add a branch (child)
to each internal node for sending new class’s instances to it.

3.4 An Illustrative Example

Figure 3 depicts a sample dataset and the model induced from it by EFMMDT, along with
the structure of the internal nodes. As it is shown, the induced EFMMDT has two internal
nodes (N1 and N2), four label-leaf nodes, one functional-leaf node and its depth is equal to
two.

Now we explain using the induced tree model for classifying three test instances e1, e2
and e3. These test instances are shown in red and displayed in Fig. 3a. Algorithm 5 presents
the pseudo code of classifying an instance using EFMMDT. As usual, the instance to be
classified traverses the tree from the root node to a leaf.

For classifying the instance e1, the decision node N1 sends e1 to its left most child (leaf
number (1)). That’s because e1 has full degree of membership to hyperbox B11 (because it
is located inside hyperbox B11) and partial membership to hyperbox B12, and hence it is
not located in an overlap region (coverlap = 0). Then, the label of the hyperbox B11 (class
1) determines the branch that e1 should be sent through. So, EFMMDT model classifies e1
as “class 1”.

The instance e2 has full degree of membership to both hyperboxes B11 and B12 at the
root node N1 and hence, it is inferred that it is located in an overlapping area. So, it would
be sent to the right most branch of N1. In N2, e2 has full degree of membership to B24 and
partial membership values (membership less than 1) to B22, B23 and B21 respectively sorted
in descending order. Then, it can be inferred that e2 is not in an overlap area and hence, the
class label of hyperbox B24 (class 2) causes sending e2 to the second branch. So, “class 2”
would be the label which would be assigned to e2.

And finally, the instance e3 traverses the tree from N1 node to N2 node just like e2. In N2,
e3 has full degree of membership to both hyperboxes B23 and B24, and hence is located in an
overlapping area. Then it would be sent to the right most branch of N2, which is a functional
leaf. Then the naive bayes classifier embedded in this leaf node assigns the label “class 1” to
it.

4 Experimental Evaluation

To verify performance of the proposed algorithm, we conducted several experiments. We
would like to answer following research questions:

– How does the EFMMDT perform compared to the rival stream classification algorithms
on benchmark synthetic streams?

– How does the EFMMDT perform compared to the rival stream classification algorithms
on large real streams?

The following subsections, provide information about the experimental setup andmethod-
ology, performance metrics, the used datasets and the results of the experiments.
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(a)

(b)

(c)

Fig. 3 An example EFMMDT induced from a small dataset. a An example dataset and the EFMMDT model
induced from it. e1, e2 and e3 indicate test instances to be classified with the induced model. b Illustration of
N1 structure. c Illustration of N2 structure
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4.1 Experimental Setup

All the experiments are conducted on a 1.7 GHz Core i5 machine with 8 GB ofmain memory.
The reported results in the tables are the average results over ten runs.

4.1.1 Evaluation Methodology

We have followed the Predictive Sequential (Prequential) approach [13], which is an inter-
leaved test-then-train method with fading mechanism for evaluating the algorithms on the
data streams. In the interleaved test-then-train method [11], an instance is first used to test the
performance of the model and then, is used as a training instance. In the prequential method,
a fading factor is added to reduce the influence of early errors. Following this approach, we
have used a sliding window over the prequential accuracy. In this methodology, the accuracy
is computed over a window of the most recent instances.

The significance of the observed differences in the performance metrics is tested with
Friedman test [7,8], which is designed for comparingmultiple classifiers onmultiple datasets
based on average ranks, as suggested by Demsar [5]. When the null hypothesis is rejected,
we use the posthoc Nemenyi test [5].

4.1.2 Performance Metrics

Wehavemeasured the performance of the rival algorithms regarding the prequential accuracy
and the kappa statistics metrics. As a metric, the Kappa statistics measure is less misleading
than the accuracy, because it takes into account random chance. We have also measured the
complexity of the models induced by the rival algorithms, including the size (total number
of nodes) and the depth of the trees. We have also reported the total learning time of each
algorithm on each data stream.

4.1.3 Algorithms and Parameter Settings

We have used the massive online analysis (MOA) [2] framework to conduct the experiments.
Our proposed algorithm is also implemented in java in the MOA framework. We have com-
pared our proposed model with successful data stream classification algorithms implemented
in MOA, including hoeffding adaptive tree (HAT) [1], hoeffding tree (HT) [6], incrementally
optimized VFDT (ioVFDT) [27] and hoeffding option tree (HOT) [23].

All algorithms have some parameters to be tuned, which sometimes have great effects
on the results. For HT, HAT, ioVFDT and HOT we have used MOA’s default parameter
values. For EFMMDT, we have used the following settings: γ = 4.0, q = 0.2, δ = 10−8,
nmin = w = 1000 and r = 0.5 . Also to have a fair comparison, as the EFMMDT employs
functional leaves, the same setting is done for all the rival algorithms.

For EFMMDT, some parameters are set to the values which are usually used in the litera-
ture. For example, the hoeffding bound and the fuzzy min–max neural network’s settings are
done according to [1,9,43] respectively. The other parameters are set arbitrarily with regard
to the experimental experiences. The q and nmin parameters which control the node split are
set such that a leaf node will not be split if total number of it’s instances is less than 1000,
or if its misclassification rate is less than 20 %. The w parameter determines the size of the
sliding window and controls the rate of concept-drift detection. As discussed in Sect. 3.2,
by setting r = 0.5 we ensure that θ at the next level of the tree would be decreased and it’s
value would be at most half of its value in the current level.
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Table 1 Overview of the datasets

Origin Dataset # Attributes # Classes # Instances

Synthetic data Hyperplane 5 2 1,000,000

Hyperplane-10 5 10 1,000,000

RBF 5 2 1,000,000

RBF-10 5 10 1,000,000

SEA 3 2 60,000

Waveform 21 3 1,000,000

Real world Elec 8 2 45,312

ForestCovtype 54 7 581,012

Letter 16 26 20,000

Pendigits 16 10 10,992

SatelliteImage 36 6 4435

Shuttle 9 7 58,000

4.2 Data Sets

We have used large real datasets along with artificially generated benchmark data streams for
the evaluation. Table 1 shows the datasets that are used in our experiments along with their
specifications.

4.2.1 Artificial Data

Using artificial data for evaluating data stream learning algorithms is the current trend in
the literature. By simulating a data stream artificially, we can produce data streams as large
as we want for the evaluation. In addition, this way we can control every aspect of data,
including presence or absence of concept drift, the type of concept drift and its degree.
We have employed the stream generators of MOA to simulate the following synthetic data
streams: Rotating Hyperplane [15,16,26,28], SEA concept [25], RBF and Waveform.

Rotating Hyperplane is a synthetic data stream which is originally used by [16] and is
commonly used by previous published research on data stream classification [15,16,26,28].
In the original case, it is a binary classification problem. The changing concept in this data
stream is generated based on a moving random hyperplane in a d-dimensional Euclidean
space (

∑d
i=1 wi xi = w0), such that the points above the hyperplane are labelled positive

and otherwise negative. We can change the orientation and position of the hyperplane in a
smooth manner by changing the relative size of the weights. We introduce change to this
dataset adding drift to each weight attribute wi = wi + dσ , where σ is the probability that
the direction of change is reversed and d is the change applied to every instance. A certain
percentage of instances is corruptedwith noise.Hyperplane dataset is generatedwith 1million
instances two classes and five attributes. Also, the Hyperplane-10 dataset is generated using
MOA’s data stream generator with the same properties but 10 classes. In the experiments on
stationary data, no change is applied, but for experiments on concept-drifting data, 3 of the
attributes are changing at speed 0.01 and σ = 0.1.

SEA data stream is also a popular synthetic data stream introduced by Street et al. [25]. It
is generated using three attributes. The concept is f1+ f2 ≤ θ , where f1 and f2 represent the
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first two attributes (the third attribute is irrelevant to the concept) and θ is a threshold value
between the two classes. For the experiments on stationary data, we have used θ = 9. For
experiments on non-stationary data, we applied abrupt concept drift on this dataset, such that
the points of the dataset are divided into 4 blocks with different concepts (different values
of θ ). We have used the commonly used threshold values 9, 8, 7 and 9.5. We have created
this data stream using ConceptDriftStream procedure of MOA for simulating concept drift.
The idea underlying this procedure is to mix two pure distributions in a probabilistic way,
smoothly varying the corresponding probability degrees. In the beginning, instances are taken
from the first pure stream with probability 1, and this probability is decreased in favour of
the second stream in the course of time. The smoothness of the probability is controlled by
w, which determines the length of process of switching from first stream to the second. we
have used w = 1 to produce abrupt concept change.

Random radial basis function data stream generator works based on generating a fixed
number of centroids randomly, such that each center has a class label, a weight and a single
SD. For generating a new instance, a center is randomly selected, such that the weight of
the center determines the probability of selecting it. The new instance would have the same
label as the randomly selected centroid. The attributes of the new instance are an offset of
the attribute values of the chosen centroid in a random direction, which its length is drawn
randomly from a Gaussian distribution with SD of the chosen centroid. The generated RBF
and RBF-10 data streams have 5 numerical attributes and 50 centroids with 2 and 10 classes
respectively. The number of instances is 1 million. For the experiments on stationary data,
no change is applied, but for experiments on concept-drifting data, the number of centroids
with drift is 50 and the speed of change in centroids is 0.001.

Waveform dataset includes instances of three classes of waveform. Each waveform is
generated by combining two or three base waves. It has 21 numerical attributes. For experi-
ments on stationary data, no change is applied, but for experiments on concept-drifting data,
drift is simulated in this data stream by switching the values of the attributes. The number of
attributes with drift is set to 10.

4.2.2 Real Data

There are a limited number of real datasets which are large enough for evaluating data stream
learners. In addition, being limited to use datasets with numerical attributes only, we have
used 6 real datasets from the UCIMachine Learning Repository [22] in our experiments. The
largest one has 829,201 instances. The second big one has 581,012 instances. The smallest
one has 4435 instances. UCI data sets are widely used in the published research in the field
of machine learning.

4.3 Results on Stationary Data Streams

In this section, we compare the rival algorithms on stationary data streams, i.e. the streams
with no concept drift. We have used the synthetic data streams for the experiments in this
section.

Table 2 presents the prequential classification accuracy of the algorithms on the synthetic
data sets with no concept drift. The average ranks results show that the proposed EFMMDT
algorithm achieves the best rank among the rival algorithms on these streams. Comparing
the average ranks on the synthetic data streams with Friedman test, we obtain χ2

F = 11.7
and FF = 4.756. The critical value of FF (4, 20) at the 0.05 critical level is 2.87. So, we
can reject the null hypothesis which means that there is significant difference among the
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Table 2 Prequential accuracy
rates (%) of the rival algorithms
on the stationary data streams

The best results are shown in
boldface

Data stream EFMMDT HAT HOT ioVFDT HT

Hyperplane 98.40 97.20 98.1 97.00 97.80

Hyperplane-10 98.40 97.20 98.1 96.6 97.80

RBF 91.80 84.20 83.60 84.70 82.69

RBF-10 85.70 73.10 72.60 60.8 71.60

SEA 96.70 99.20 99.20 95.40 99.00

Waveform 86.20 83.60 82.90 82.30 83.10

Average rank 1.5 2.75 2.75 4.5 3.5

Table 3 Kappa statistics results
of the rival algorithms on the
stationary data streams

The best results are shown in
boldface

Data stream EFMMDT HAT HOT ioVFDT HT

Hyperplane 96.79 94.38 96.19 93.99 95.59

Hyperplane-10 96.79 94.38 96.19 93.18 95.59

RBF 82.72 67.32 66.13 68.39 64.33

RBF-10 83.61 68.99 68.45 53.45 67.32

SEA 90.82 98.16 98.16 88.99 97.69

Waveform 79.30 75.39 74.20 73.44 74.64

Average rank 1.5 2.75 2.75 4.5 3.5

rival algorithms. The result of post-hoc Nemenyi test with critical distance CD = 2.49 at the
0.05 critical level is that EFMMDT is significantly better than ioVFDT. Table 3 presents the
Kappa statistics results these data streams. As the average ranks are exactly the same with
the previous experiment, it gets the same conclusions.

4.4 Results on Real Data Streams

Table 4 presents the prequential classification accuracy of the algorithms on the real data
streams. The results show that the proposed EFMMDT achieves the best average rank on
these streams too. Comparing the average ranks of prequential accuracy on the real datasets
with Friedman test, we obtain χ2

F = 11.86 and FF = 4.890 with critical value 2.87 at the
0.05 critical level and so, we reject the null hypothesis. The result of post-hoc Nemenyi test
with critical distance CD = 2.49 at the 0.05 critical level is that EFMMDT is significantly
better than HT regarding the prequential accuracy.

Table 5 presents the kappa statistics results on the real data streams. Comparing the average
ranks of kappa statistics on the real datasets with Friedman test, we obtain χ2

F = 11.36 and
FF = 4.499 with critical value 2.87 at the 0.05 critical level and so, we reject the null
hypothesis. The result of post-hoc Nemenyi test with critical distance CD = 2.49 at the 0.05
critical level is that EFMMDT is significantly better than HAT and HT regarding the kappa
statistics.

4.5 Results on Synthetic Concept-Drifting Streams

Table 6 presents the prequential accuracy results of the rival algorithms on the artificial data
streams with concept drift. The characteristics of the drift generated in the data is described
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Table 4 Prequential accuracy
rates (%) of the rival algorithms
on the real data streams

The best results are shown in
boldface

Data stream EFMMDT HAT HOT ioVFDT HT

Elec 89.50 79.30 80.10 83.60 81.50

ForestCovtype 95.80 97.50 94.90 69.10 82.60

Letter 66.70 60.10 60.20 70.10 60.20

Pendigits 93.7 87.70 87.40 91.70 87.60

SatelliteImage 85.93 78.50 83.0 85.90 79.20

Shuttle 99.80 98.50 98.80 99.80 97.20

Average rank 1.41 3.833 3.583 2.25 3.917

Table 5 Kappa statistics results
of the rival algorithms on the real
data streams

The best results are shown in
boldface

Data stream EFMMDT HAT HOT ioVFDT HT

Elec 77.81 57.98 59.81 67.10 62.50

ForestCovtype 83.06 89.46 80.52 22.66 44.75

Letter 65.34 58.50 58.61 68.88 58.61

Pendigits 92.81 86.32 85.99 90.77 86.21

SatelliteImage 74.22 58.50 71.87 70.99 61.07

Shuttle 99.48 96.02 96.84 99.47 92.62

Average rank 1.33 3.833 3.417 2.5 3.917

Table 6 Prequential accuracy
rates (%) of the rival algorithms
on the concept drifting data
streams

The best results are shown in
boldface

Data stream EFMMDT HAT HOT ioVFDT HT

Artificial

Hyperplane 99.1 97.40 90.30 79.70 90.0

Hyperplane-10 99.1 97.40 90.30 79.70 90.0

RBF 89.7 61.80 60.10 56.80 60.20

RBF-10 82.5 24.80 26.40 24.80 24.7

SEA 96.30 98.20 96.90 85.80 96.50

Waveform 85.61 83.70 83.30 84.50 83.50

Average rank 1.5 2.25 3.17 4.25 3.83

in Sect. 4.2.1. The results show that the proposed algorithm achieves the best average rank on
the concept drifting artificial data streams, which reveals the strong ability of the proposed
algorithm in adaptingwith concept drift. Comparing the average ranks on the concept-drifting
artificial data streams with Friedman test, we obtain χ2

F = 12.23 and FF = 5.2 with critical
value 2.87. Therefore the null hypothesis is rejected and we can infer that there is significant
difference among the rival algorithms. The result of post-hoc Nemenyi test with critical
distance CD = 2.49 at the 0.05 critical level is that EFMMDT is significantly better than
ioVFDT.

Figure 4 presents the prequential accuracy of the rival algorithms on the stationary and
concept drifting RBF stream. It can be seen that the prequential accuracy results of the
EFMMDTremains almost the same in thepresenceof concept drift,while the other algorithms
show a considerable fall in the accuracy in the presence of concept drift.
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Fig. 4 The prequential accuracy of the rival algorithms on the RBF stream in the presence and absence of
concept drift

Table 7 The depth of the trees
induced by the rival algorithms

The smallest depth is shown in
bold

Data stream EFMMDT HAT HOT ioVFDT HT

Synthetic stationary

Hyperplane 4 12 11 8 11

RBF 4 35 29 33 29

SEA 2 6 5 0 5

Waveform 2 13 11 33 11

Synthetic concept-drifting

Hyperplane 3 5 12 9 12

RBF 4 2 18 23 18

SEA 2 5 6 0 6

Waveform 2 13 12 6 12

Table 8 The size (total number
of nodes) of the trees induced by
the rival algorithms

The smallest size is shown in bold

Data stream EFMMDT HAT HOT ioVFDT HT

Synthetic stationary

Hyperplane 13 845 2016 95 587

RBF 13 1067 1476 6115 799

SEA 7 49 132 1 45

Waveform 9 423 1138 7121 321

Synthetic concept-drifting

Hyperplane 10 1429 2802 235 833

RBF 13 315 1072 7483 743

SEA 7 88 174 1 57

Waveform 9 472 1076 27 311

4.6 Model Complexity

We have used two criteria to assess the complexity of the decision trees induced by the rival
algorithms: the size of the tree (total number of nodes of the decision tree) and the depth of it.
The depth of the decision tree is important, because it determines the length of the path that an
instance traverses (in the worst case) to be classified/learned. Tables 7 and 8 show the depth
and the size of the models induced by the rival algorithms on the benchmark data streams,
respectively. To be more clear, the results on stationary streams are depicted graphically in
Fig. 5.
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(a)

(b)

Fig. 5 Comparing the complexity of the models induced by the rival algorithms on the benchmark data
streams (with no concept drift). a The vertical axis shows the total number of nodes in logarithmic scale. b
The vertical axis shows the depth of the tree

The results show that the proposed EFMMDT algorithm produces much smaller and shal-
lower decision trees in comparison with the rival algorithms on all the benchmark synthetic
data sterams. These results were expected, because EFMMDT creates non-linear decision
boundaries based on multiple attributes at each internal node, while the other algorithms can
only create axis-parallel decision boundaries based on one attribute. Therefore, EFMMDT
can model non-linear decision boundaries between the classes more compactly.

However, there is one exception. As the results show, ioVFDT algorithm has produced the
smallest decision tree on SEA data stream, which only has one node and hence, its depth is
zero. The reason is because of ioVFDT’s optimized node-splitting based on multiple criteria,
including the tree size, the error and the learning time. Intuitively, as splitting a node would
result in the increase in the size and the update time of the tree, ioVFDT only splits a node if
the resulted reduction in the error is worth. By default, ioVFDT employs functional leaf nodes
with embedded naive bayes classifiers. On SEA data stream, the naive bayes classifier would
result in 95.4% accuracy and hence, ioVFDT has decided to not split the node. Therefore,
the performance of ioVFDT on this dataset is equivalent to a naive bayes classifier, regarding
the accuracy and kappa statistics.

4.7 Model Learning Time

Table 9 presents the total learning time of the algorithms on the data streams. The results
show that HT achieves the lowest learning time on 8 datasets out of 12, which is expected

123



Evolving Fuzzy Min–Max Neural Network Based Decision Trees... 361

Table 9 Total learning times (in
seconds) of the rival algorithms

The best time is shown in bold
and the worst time is underlined

Data stream EFMMDT HAT HOT ioVFDT HT

Hyperplane 18.12 22.01 20.71 8.23 8.89

Hyperplane-10 21.02 23.07 24.56 8.28 10.41

RBF 43.57 29.31 15.98 11.96 10.52

RBF-10 61.60 41.31 27.50 18.58 15.7

SEA 1.08 1.39 1.44 0.76 1.04

Waveform 33.52 54.41 61.52 36.42 24.69

Elec 2.21 2.18 2.40 2.04 1.28

ForestCovtype 17.86 31.18 43.39 18.61 24.83

Letter 2.79 2.47 1.62 2.26 1.59

Pendigits 2.45 1.30 1.08 1.03 0.89

SatelliteImage 3.52 4.46 4.96 3.75 2.82

Shuttle 1.6 1.84 2.37 1.35 1.26

beforehand, because it is a simple hoeffding tree with no concept drift adapting mechanism.
The results show that EFMMDT has the highest learning time on 4 datasets out of 12 and
HOT presents the highest learning time on 6 datasets out of 12.

5 Conclusion and Future Work

In this paperwe proposed a new approach to induce decision trees from data streams. The new
approach is to employ trainable split tests in the internal nodes of the decision trees. Based
on this approach, we presented the EFMMDT learning algorithm, which is an incremental,
hybrid and one-pass algorithm for learning decision trees from data streams. We discussed
that employing trainable split tests in the internal nodes of the decision trees provides the
significant property of having a good balance between plasticity and stability. Moreover, we
presented the CACL fuzzy min–max neural network learning algorithm and we proposed to
employ it as the trainable split tests in the internal nodes of the EFMMDT.

We evaluated the proposed algorithm experimentally. Compared to the state-of-the-art
decision tree learning algorithms, the EFMMDT algorithm exhibited much better accuracy
and kappa statistics results on the benchmark data streams, especially in the presence of
concept drift. Moreover, the results confirmed the superiority of the EFMMDT algorithm in
creating smaller and shallower decision trees. Finally,we conclude that the proposed approach
for inducing decision trees for streaming data seems promising to be further studied. In the
future, we will extend this work by studying alternative trainable split tests to be employed
in the internal nodes.

References

1. BifetA,GavaldáR (2009)Adaptive learning fromevolvingdata streams, vol 5772.,Advances in intelligent
data analysis VIII, Lecture notes in computer scienceSpringer, Berlin, pp 249–260

2. Bifet A, Holmes G, Kirkby R, Pfahringer B (2010) Moa: massive online analysis. J Mach Learn Res
11:1601–1604

3. Breiman L (1996) Heuristics of instability and stabilization inmodel selection. Ann Stat 24(6):2350–2383

123



362 Z. Mirzamomen, M. R. Kangavari

4. Davtalab R, Dezfoulian MH, Mansoorizadeh M (2014) Multi-level fuzzy min-max neural network clas-
sifier. IEEE Trans Neural Netw Learn Syst 25(3):470–482

5. Demsar J (2006) Statistical comparisons of classifiers over multiple data sets. J Mach Learn Res 7:1–30
6. DomingosP,HultenG (2000)Mining high-speed data streams. In: Proceedings of the sixthACMSIGKDD

international conference on knowledge discovery and data mining, KDD, pp 71–80. doi:10.1145/347090.
347107

7. Friedman M (1937) The use of ranks to avoid the assumption of normality implicit in the analysis of
variance. J Am Stat Assoc 32(200):675–701

8. Friedman M (1940) A comparison of alternative tests of significance for the problem of m rankings. Ann
Math Stat 11(1):86–92

9. Gabrys B, Bargiela A (2000) General fuzzy min-max neural network for clustering and classification.
Trans Neural Netw 11(3):769–783

10. Gama J, Rocha R, Medas P (2003) Accurate decision trees for mining high-speed data streams. In:
Proceedings of the ninth ACM SIGKDD international conference on knowledge discovery and data
mining, KDD’03, New York, USA, pp 523–528

11. Gama J, Rodrigues P, Sebastião R (2009) Evaluating algorithms that learn from data streams. In: Pro-
ceedings of the 2009 ACM symposium on applied computing, SAC’09, pp 1496–1500

12. Gama J (2004) Functional trees. Mach Learn 55(3):219–250
13. Gama J, Sebastião R, Rodrigues P (2013) On evaluating stream learning algorithms. Mach Learn

90(3):317–346
14. Hashemi S, Yang Y, Mirzamomen Z, Kangavari M (2009) Adapted one-versus-all decision trees for data

stream classification. IEEE Trans Knowl Data Eng 21(5):624–637
15. Hashemi S, Yang Y (2009) Flexible decision tree for data stream classification in the presence of concept

change, noise and missing values. Data Mining Knowl Discov 19:95–131
16. Hulten G, Spencer L, Domingos P (2001) Mining time-changing data streams. In: Proceedings of the

2001 ACM SIGKDD international conference on knowledge discovery and data mining, pp 97–106
17. Ikonomovska E, Gama J, Dz̆eroski S (2011) Learning model trees from evolving data streams. Data

Mining Knowl Discov 23(1):128–168
18. Kirkby R (2007) Improving hoeffding trees. Dissertation, University of Waikato
19. Kohavi R (1996) Scaling up the accuracy of naive-bayes classifiers: a decision-tree hybrid. In: Proceedings

of the second international conference on knowledge discovery and data mining, AAAI Press, pp 202–207
20. Last M, Maimon O, Minkov E (2002) Improving stability of decision trees. Int J Pattern Recogn Artif

Intell 16(02):145–159
21. Nandedkar AV, Biswas PK (2007) A fuzzy min-max neural network classifier with compensatory neuron

architecture. IEEE Trans Neural Netw 18(1):42–54
22. Blake C, Keogh E, Merz C (1998) UCI repository of machine learning databases. http://archive.ics.uci.

edu/ml. Accessed 20 Sep 2014
23. Pfahringer B, Holmes G, Kirkby R (2007) New options for hoeffding trees. In: Orgun MA, Thornton J

(eds) AI 2007: advances in artificial intelligence, lecture notes in computer science, vol 4830, Springer,
Berlin, pp 90–99

24. Simpson PK (1992) Fuzzymin-max neural networks, i, classification. IEEE Trans Neural Netw 3(5):776–
786

25. StreetWN,KimY (2001)A streaming ensemble algorithm (sea) for large-scale classification. In: Proceed-
ings of the seventh ACM SIGKDD international conference on Knowledge discovery and data mining,
KDD’01, pp 377–382

26. Wang X, Fan W, Yu PS, Han J (2003) Mining concept-drifting data streams using ensemble classifiers.
In: Proceedings of the ninth ACM SIGKDD international conference on Knowledge discovery and data
mining, KDD’03, pp 226–235

27. Yang H, Fong S (2012) Incrementally optimized decision tree for noisy big data. In: Proceedings of the
1st international workshop on big data, streams and heterogeneous source mining: algorithms, systems,
programming models and applications, BigMine’12, pp 36–44

28. YangY,WuX,ZhuX. (2005)Combining proactive and reactive predictions for data streams. In:Grossman
R, Bayardo R, Bennett KP (eds), KDD, pp 710–715

29. Zhang H, Liu J, Ma D, Wang Z (2011) Data-core-based fuzzy min-max neural network for pattern
classification. IEEE Trans Neural Netw 22(12):2339–2352

30. Zhao Q (2005) Learning with data streams: an nntree based approach. In: Enokido T, Yan L, Xiao B, Kim
D, Dai Y, Yang L (eds) Embedded and ubiquitous computing EUC 2005 workshops, vol 3823., Lecture
notes in computer scienceSpringer, Berlin, pp 519–528

31. Zimmermann A (2008) Ensemble-trees: leveraging ensemble power inside decision trees. Discovery
science, vol 5255., Lecture notes in computer scienceSpringer, Berlin, pp 76–87

123

http://dx.doi.org/10.1145/347090.347107
http://dx.doi.org/10.1145/347090.347107
http://archive.ics.uci.edu/ml
http://archive.ics.uci.edu/ml


Evolving Fuzzy Min–Max Neural Network Based Decision Trees... 363

32. Mirzamomen Z, Kangavari M (2016) Fuzzy min-max neural network based decision trees. Intell Data
Anal 20(4)

33. Mohammed MF, Lim CP (2015) An enhanced fuzzy min-max neural network for pattern classification.
IEEE Trans Neural Netw Learn Syst 26(3):417–429

34. Shinde SV, Kulkarni UV (2016) Extracting classification rules from modified fuzzy min max neural
network for data with mixed attributes. Appl Soft Comput 40:364–378

35. Shinde SV, Kulkarni UV, Chaudhary AN (2015) Extracting the classification rules from general fuzzy
min-max neural network. Int J Comput Appl 121(23):1–7

36. Kulkarni SU, Shetty BS (2015) Data mining using modified GFMM neural network. Int J Comput Appl
116(15):18–22

37. Forghani Y, Yazdi HS (2015) Fuzzy min-max neural network for learning a classifier with symmetric
margin. Neural Process Lett 42(2):317–353

38. Seera M, Lim CP, Loo CK, Jain LC (2015) Data clustering using a modified fuzzy min-max neural
network, soft computing applications. In: Proceedings of the 6th international workshop soft computing
applications (SOFA 2014), Vol 1, Springer, pp 413–422

39. Quteishat A, Lim CP (2008) A modified fuzzy min-max neural network with rule extraction and its
application to fault detection and classification. Appl Soft Comput 8(2):985–995

40. Ma D, Liu J, Wang Z (2012) The pattern classification based on fuzzy min-max neural network with new
algorithm. In: Wang J, Yen GG, Polycarpou MM (eds) Proceedings of the 9th international symposium
on advances in neural networks, Springer, Berlin, pp 1–9

41. Rizzi A, Panella M, Massimo F, Mascioli F (2002) Adaptive resolution min-max classifiers. IEEE Trans
Neural Netw 13(2):402–414

42. Leite D, Costa P, Gomide F (2013) Evolving granular neural networks from fuzzy data streams. Neural
Netw 38:1–16

43. Pfahringer B, Holmes G, Kirkby R (2007) New options for hoeffding trees. In: Orgun MA, Thornton
J (eds) Proceedings of the 20th Australian joint conference on advances in artificial intelligence, AI07,
Springer, Berlin, pp 90–99

123


	Evolving Fuzzy Min--Max Neural Network Based Decision Trees for Data Stream Classification
	Abstract
	1 Introduction
	2 Background Knowledge: Fuzzy Min--Max Neural Networks
	3 The Evolving FMM Decision Tree
	3.1 The Proposed CACL Fuzzy Min--Max Model to Split the Internal Nodes
	3.2 Growing the Decision Tree
	3.3 Adapting to Concept Changes and Forgetting Mechanism
	3.4 An Illustrative Example

	4 Experimental Evaluation
	4.1 Experimental Setup
	4.1.1 Evaluation Methodology
	4.1.2 Performance Metrics
	4.1.3 Algorithms and Parameter Settings

	4.2 Data Sets
	4.2.1 Artificial Data
	4.2.2 Real Data

	4.3 Results on Stationary Data Streams
	4.4 Results on Real Data Streams
	4.5 Results on Synthetic Concept-Drifting Streams
	4.6 Model Complexity
	4.7 Model Learning Time

	5 Conclusion and Future Work
	References




