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Combining several classifiers on sequential chunks of training instances is a popular strategy for data stream mining with concept
drifts. This paper introduces human recalling and forgetting mechanisms into a data stream mining system and proposes a
Memorizing Based Data Stream Mining (MDSM) model. In this model, each component classifier is regarded as a piece of
knowledge that a human obtains through learning some materials and has a memory retention value reflecting its usefulness in
the history. The classifiers with high memory retention values are reserved in a “knowledge repository.” When a new data chunk
comes, most useful classifiers will be selected (recalled) from the repository and compose the current target ensemble. Based on
MDSM, we put forward a new algorithm, MAE (Memorizing Based Adaptive Ensemble), which uses Ebbinghaus forgetting curve
as the forgetting mechanism and adopts ensemble pruning as the recalling mechanism. Compared with four popular data stream
mining approaches on the datasets with different concept drifts, the experimental results show that MAE achieves high and stable
predicting accuracy, especially for the applications with recurring or complex concept drifts.The results also prove the effectiveness
of MDSMmodel.

1. Introduction

Classification is one of the main applications of machine
learning. Traditional classification methods are devoted to
static environment where the whole training data is available
to a learning system. However, recently new applications
require that the learning systems work in dynamic envi-
ronments, where data comes continuously with high speed
as data streams [1]. Examples include social media mining,
web log analysis, spam categorization, and network stream
monitor. These data streams are often characterized by huge
volumes of instances, rapid arrival rate, and drifting concept.
The learning system must adapt to recent data in order to
provide continuous high predicting performance. Compared
with static environment, data stream mining is subject to the
following constraints [2, 3]: (1) inspect an input instance at
most once; (2) use a limited amount of memory; (3) work in
a limited amount of time; (4) be ready to predict at any time.

Concept drifting is a hot issue of data stream mining,
which can be categorized into sudden, gradual, and recurring
drifts.These different concept drifts are oftenmixed with one
another in a real application. A good learning system should
adapt to different concept drifts, especially for the complex
drifts in real applications. In recent years, many approaches
have been proposed to handle data streams with concept
drifting, which include sliding window approaches [4, 5],
drift detecting techniques [6–8], and adaptive ensembles [2,
9–14].

Sliding window approaches use traditional batch algo-
rithms to produce stream classifiers through sliding window
techniques [4, 5]. The sliding window limits the number of
instances to the most recent ones, and a batch algorithm
is adopted to generate a classifier for the instances in each
window. In sliding window approaches, only the most recent
classifier will be used for prediction. The classifier built on a
small window will react quickly to changes but may lose on
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accuracy in stable periods.While the classifier built on a large
window will fail to adapt to rapidly changing concepts. To
deal with this problem, researchers proposed some heuristic
methods which can adjust the window size dynamically [5].

Drift detecting techniques use a drift detector to test
whether the class distribution remains constant or not over
time [6–8]. If a drift is detected and reached to a warning
level, the current classifier will be dropped and a new
classifier will be generated from the instances stored in a
separated “warning” window. Drift detecting approaches are
suitable for the applications with sudden drifts. While for the
gradually changing concepts, the approaches may not detect
the changes since the drifts cannot trigger the warning level.

Adaptive ensembles generate component classifiers
sequentially from fixed-size blocks of training instances
called data chunks. When a new data chunk arrives, existing
components are evaluated and a new classifier is generated.
To predict a new instance, the predicting results of all
reserved classifiers will be combined to give a final result.
Most adaptive ensembles, such as SEA [2], AWE [9], andACE
[10], only reserve a limited number of classifiers and use all
the reserved classifiers for the next prediction.The evaluation
value of each classifier contains no history importance of the
classifier since it is only related with the most recent data
chunk. The classifiers with the lowest evaluation value will
be removed from the reserved ensemble when the ensemble
is oversized, which makes these algorithms sensitive to
sudden concept drifts. Learn++.NSE [11] and Bagging++ [12]
are the other kind of chunk-based ensemble algorithms in
which no pruning is used to limit the number of component
classifiers. This makes them requiring much memory and
testing time. AUE [13, 14] uses incremental algorithms to
create component classifiers instead of static batch learners,
so it can well adapt to gradual drifts as well as sudden drifts.
While the capability of incremental learning limits the usable
algorithms for component classifier generation, the weight
of each classifier in AUE only gives the temporal importance
of the classifier as the other ensemble approaches.

This paper studies new techniques for the ensemble-
based data streammining, in which a batch learner is used to
generate component classifiers. Inspired by human recalling
and forgetting mechanism, we propose a new model, MDSM
(Memorizing based Data Stream Mining), which introduces
human memorizing characteristics into data steam mining.
In this model, we look upon each component classifier as a
piece of knowledge stored in human memory. Each compo-
nent classifier is associated with a value of memory retention,
which reflects the usefulness of the component classifier in
its history. MDSM provides a knowledge repository where
the classifiers whose memory retentions are high enough will
be reserved. For prediction, only the most useful classifiers
are selected (recalled) from the repository and work as an
ensemble, which makes the ensemble adapt to concept drifts
quickly. In MDSM model, a component classifier which has
low accuracy for current data trunk can still be reserved in
knowledge repository if its memory retention is high enough.
This prevents useful classifiers from being discarded when
sudden concept drifts occur and improves the stability of data
stream mining. Based on MDSM, a new algorithm, MAE

(Memorizing based Adaptive Ensemble), is put forward. The
algorithm uses Ebbinghaus forgetting curve as the forgetting
mechanism and ensemble pruning as the recalling mecha-
nism. Experiments results show that, compared with other
four popular approaches, MAE achieves better predicting
accuracy.

The remainder of this paper is organized as follows.
Section 2 presents related work. Section 3 proposes MDSM
model. Section 4 presents our algorithm, MAE, in detail.
Section 5 gives our experimental setup. Experimental results
and analysis are shown in Section 6. Finally, we draw
conclusions and discuss future works.

2. Related Work

Most adaptive ensembles for data streammining generate one
classifier for each data chunk by using a batch learner. The
system maintains a limit-sized ensemble, which is used for
prediction process and updated after each new classifier is
generated. SEA (Stream Ensemble Algorithm) [2] is the first
method for creating adaptive ensembles, which uses C4.5 to
generate component classifiers. When an ensemble reaches a
given size, the new classifier will replace the worst component
of the ensemble. SEA uses majority voting for ensemble
prediction. AWE (Accuracy Weighted Ensemble) [9] is also
among the most representative methods, in which each com-
ponent is associated with a weight, and the component with
the lowest weight is discarded when component replacement
is needed. AWE adopts weighted voting for ensemble pre-
diction, which improves the adaptability for concept drifts.
ACE (Adaptive Classifiers Ensemble) [10] introduces a drift
detector in its learning system, and new classifiers will be
generated when concept drifts are detected. To achieve high
accuracy, no pruning or replacement mechanism is provided
in ACE, which always makes the ensemble clumsy after
several periods of learning.

For convenient description, we abstract a formal descrip-
tion for above algorithms. Let 𝐷𝐵 be the current data chunk
of a data stream. When the data chunk𝐷𝐵 comes, a learning
algorithm will generate a new classifier 𝑐 from 𝐷𝐵. The
learned classifier 𝑐 is put into a classifier set 𝐸𝑆:

𝑐 = Learn (𝐷𝐵) ,

𝐸𝑆 = 𝐸𝑆 ∪ {𝑐} .

(1)

Then, all of the classifiers in 𝐸𝑆 are evaluated according to the
current data chunk𝐷𝐵:

W = Evaluate (𝐸𝑆,𝐷𝐵) (2)

W is a vector where each classifier 𝑐
𝑖
has a corresponding

value 𝑤
𝑖
in the vector. It is noticeable that the evaluation

vector is only related to the current 𝐸𝑆 and 𝐷𝐵. It has
no relation with former evaluate values (or the history
importance of the classifiers). The classifier with the lowest
evaluation value will be removed from 𝐸𝑆 when the size of
𝐸𝑆 is over a given size 𝑘. That is, the 𝐸𝑆 satisfies the following
condition:

|𝐸𝑆| ≤ 𝑘. (3)
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When a prediction task comes, 𝐸𝑆 is returned as an ensemble
for instance prediction. For an unknown instance 𝑋, its
predicting result is computed as follows:

𝑃 (𝑋) = Ensemble (𝐸𝑆,W, 𝑋) . (4)

For SEA, the W has no use for prediction since majority
voting is used to derive the final result. For the other adaptive
ensembles, each component inW is the voting weight of the
corresponding classifier.

These traditional ensemble approaches for data stream
mining have the following limitations: (1) unstable for the
tasks with complex random or sudden concept drifts: the
evaluation and replacement of component classifiers is on
the basis of the most recent data chunk, while the weakest
component for current data chunk may not mean it is useless
for the future. If the data chunk includes random drifts
(such as noises) and frequently happening sudden drifts,
removing the weakest component for current data chunk is
not a good idea, especially when the component has been
proved to be useful by many prior data chunks; (2) slowly
respond to concept drifts: some components in 𝐸𝑆may have
no contributions or even worse effects on current prediction
task, which will degrade the performance and efficiency of
the ensembles. In the context of concept drifts, using these
“bad” components for prediction may result in low accuracy
and slow response to concept drifts.

In most real data stream applications, concept drifts are
very complex and happen frequently, which mixed with
different type of drifts, such as sudden, gradual, recurring,
short-time, long-time drifts, and even noise drifts. To mine
data streams with complex concept drifts, algorithms with
high adaptability and stability are required.

3. MDSM: A New Data Stream Mining Model

To overcome the limitations of the existing ensemble
approaches for data stream mining, we put forward a new
learning model to mine chunk-based data streams.

3.1. Human Recalling and Forgetting Mechanisms. As we
know, recalling and forgettingmechanisms play an important
role in human learning. For a piece of knowledge, the more
it is recalled, the more it is apt to be used in future. Similarly,
once learned, the less it is used, the more possible it will be
forgotten.

Hermann Ebbinghaus is a German psychologist who
pioneered the experimental study of humanmemory. In 1885,
he conducted experiments on himself to understand how
long the human mind retains information over time [15].
The experimental results can be plotted on a graph what is
now known as “Ebbinghaus forgetting curve” (see Figure 1).
Ebbinghaus discovered that a human being is apt to rapidly
forget the knowledge he has just learned from somematerial,
but review of the material over time makes the knowledge
more stable in memory. Apparently, reviewing the material
will recall the corresponding knowledge at the same time.
This extrapolated the hypothesis of the exponential nature of
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Figure 1: Ebbinghaus forgetting curve.

human forgetting and the relationship between recalling and
forgetting mechanisms.

The forgetting curve shows some important characteris-
tics of human learning: (1) the memory retention of a piece
of knowledge is declined in time when there is no attempt
to recall it; (2) recalling a piece of knowledge will strengthen
the knowledge in thememory; (3) themore stable is a piece of
knowledge inmemory, the longer period of time that a person
is able to recall it.

3.2. MDSM Model. Inspired by the characteristics of human
recalling and forgetting, we proposed a new model, MDSM
(Memorizing based Data Stream Mining), for data stream
mining. The main innovation of MDSM model is that it
looks on data stream mining as human memorizing process,
which includes the following contributions: (1) knowledge:
MDSM looks upon a data chunk as an event or material
that can be learned by people, and each component classifier
generated from a data chunk as a piece of learned knowl-
edge; (2) memory retention and knowledge repository: each
classifier has a corresponding memory retention value; the
higher the memory retention value, the more important the
corresponding classifier is; the classifiers with high memory
retentionwill be kept in a “knowledge repository”; thatmeans
they arememorized by the system; the number of component
classifiers in the repository is limited by a specific “memory
capacity”; (3) recallingmechanism: when each newdata chunk
comes, the classifiers in the “knowledge repository” will be
tested for recalling; the recalled classifiers will be used for
next prediction tasks and their memory retention will be
increased; the rest classifiers will not participate in next
predictions, and their memory retention will be declined;
but they still have the chance to be recalled by the following
data chunks since they are in the knowledge repository;
(4) forgetting mechanism: when the number of classifiers in
the knowledge repository reaches the memory capacity of
the system, the classifier with the lowest memory retention
value will be discarded and removed from the repository; the
discarded classifiers are forgotten by the systemandwill never
be recalled any more.
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In MDSMmodel, when a new data chunk𝐷𝐵 comes, the
learning system generates a classifiers 𝑐 from 𝐷𝐵 and puts it
into the knowledge repository𝑀𝑆;

𝑐 = Learn (𝐷𝐵) ,

𝑀𝑆 = 𝑀𝑆 ∪ {𝑐} .

(5)

Then, the most useful classifiers in 𝑀𝑆 which get the best
predicting result for𝐷𝐵 are recalled:

𝐸𝑆 = Recall (𝑀𝑆,𝐷𝐵, 𝑘) . (6)

In (6), 𝑘 is the maximum number of classifiers that can be
recalled; that is,

|𝐸𝑆| ≤ 𝑘. (7)

According to the recalled results 𝐸𝑆, the memory reten-
tion of each classifier in the𝑀𝑆 is updated as follows:

W = Evaluate (𝑀𝑆,H) , (8)

whereW is amemory retention vectorwhere each classifier in
𝑀𝑆 has a correspondingmemory retention value. H contains
the history information for each corresponding classifier. H
is updated according to the current history information H
and the recalled result 𝐸𝑆; that is,

H = Update (𝐸𝑆,H) . (9)

Equations (8) and (9) tell us that the memory retention value
of each classifier is decided by its recalled results in its history.

After the evaluation process, the system checks whether
the number of classifiers in 𝑀𝑆 is oversized. If it is, the
classifier with the lowest memory retention will be discarded
(forgotten) in order to satisfy

|𝑀𝑆| ≤ 𝑚, (10)

where𝑚 is the “memory capacity.” It is obvious that 𝑘 ≤ 𝑚.
When a prediction task comes, 𝐸𝑆 is returned as current

target ensemble for instance prediction. For an unknown
instance𝑋, its predicted result 𝑃(𝑋) is computed as follows:

𝑃 (𝑋) = Ensemble (𝐸𝑆, 𝑋) . (11)

Figure 2 depicts the structure of a learning system based
on MDSM model. There are four main parts in the learning
system, where data collection and preprocessing, evaluation
and optimization, and prediction and application are the
same as other learning systems. We mainly describe the part
of Data StreamMining.

The part of MDSM based data streammining is responsi-
ble for learning classifiers from data chunks, and managing
the classifiers. There are three units in this part. The unit
of “Classifier generation” builds classifiers from data chunks
by using some kind of learning algorithm, such as decision
tree, neural network, and SVM. This unit corresponds to
the “learning knowledge” ability of a human being. The unit
of “Classifier management” corresponds to the “recalling
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Figure 2: Structure of a MDSM based learning system.

and forgetting mechanisms” of human beings. The forget-
ting mechanism is a classifier evaluation process, which is
responsible for updating memory retention of the reserved
classifiers, and forgetting the knowledge with the lowest
memory retention. The recalling mechanism is a classifier
selection process, which recalls knowledge through selecting
the most useful classifiers from the “knowledge repository”
for incoming data chunks. The “knowledge repository” is a
classifier set which keeps the classifiers with high memory
retention. That is, these classifiers are memorized by the
system. To predict new instances, only the current recalled
classifiers compose the target ensemble. So, just like human,
the MDSM model has the functions of learning knowledge,
recalling knowledge, and forgetting knowledge.

The memory retention value of each classifier indicates
the history importance of the classifier. It is not a temporal
importance of the classifier as traditional adaptive ensembles.
In MDSM model, the memory retention value of each
component classifiers is only used to decide whether the
classifier should be reserved (memorized) in the knowledge
repository or discarded (forgotten) from the repository.

Traditional adaptive ensembles, such as SEA, AWE, and
ACE, can be looked as special examples of MDSM model
where 𝐸𝑆 = 𝑀𝑆 and the memory retention values of
component classifiers only indicates the temporal importance
of the classifiers.

4. MAE Algorithm

Based onMDSMmodel, a new algorithm,MAE (Memorizing
Based Adaptive Ensemble), is proposed.The main character-
istics of MAE include the following. (1) It uses Ebbinghaus
Forgetting Curve as the forgetting mechanism to update
the memory retention values of component classifiers. (2) It
adopts ensemble pruning as the recallingmechanism to select
related classifiers for current data chunk. Ensemble pruning
selects part of classifiers for prediction instead of combining
all learned classifiers directly. It is an effective way to improve
the predicting performance in machine learning field [16–
18]. (3) When a prediction task is coming, majority voting is
adopted to combine the predicting results of all classifiers in
the target ensemble 𝐸𝑆.
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Input: 𝑆: data stream of instances
𝑚: memory capacity, the maximum number of component classifiers in the knowledge repository.
𝑘: the maximum number of classifiers that can be recalled

(1) Initialization:𝑀𝑆 ← Ø; 𝛼 ← 1; 𝑡 = 0;
(2) for all data chunks𝐷𝐵

𝑡
∈ 𝑆 do

(2.1) 𝑐 ← a new component classifier built on𝐷𝐵
𝑡
;

(2.2) Initialize parameters for classifier 𝑐:
𝑤
𝑐
← 1; 𝑅

𝑐
= 0; 𝜏

𝑐
= 𝑡; 𝑓

𝑐
= 𝛼;

(2.3) Add 𝑐 to the knowledge repository:
𝑀𝑆 ← 𝑀𝑆 ∪ {𝑐};

(2.4) ES = ensemble-pruning (𝑀𝑆,𝐷𝐵
𝑡
, 𝑘);

(2.5) for all classifiers 𝑐
𝑖
∈ 𝐸𝑆 do

(2.5.1) 𝜏
𝑐𝑖
= 𝑡;

(2.5.2) 𝑅
𝑐𝑖
= 𝑅
𝑐𝑖
+ 1;

(2.5.3) compute the forgetting factor of 𝑐
𝑖
based on (13);

(2.6) end for
(2.7) for all classifiers 𝑐

𝑗
∈ 𝑀𝑆 do

(2.7.1) update the memory retention value of 𝑐
𝑗
based on (12);

(2.8) end for
(2.9) if |𝑀𝑆| > 𝑚 then remove the classifier with the lowest memory retention value from𝑀𝑆;
(2.10) 𝑡 = 𝑡 + 1;

(3) end for

Algorithm 1: Memorizing based Adaptive Ensemble.

As traditional chunk-based approaches, MAE also
divides a data stream into equally sized blocks (data chunks).
A new classifier is generated for each new block, and the
evaluation of all classifiers is performed after processing
all instances from the block. The memory retention of a
classifier is decided by two factors: (1) the number of recalled
times for the classifier; (2) the time interval from the last
recall to current. In MAE algorithm, the memory retention
value of a classifier 𝑐 is calculated as follows:

𝑤
𝑐
= 𝑒
−𝑓
𝑐
⋅(𝑡−𝜏
𝑐
)
, (12)

where 𝑤
𝑐
denotes the memory retention of classifier 𝑐, 𝑓

𝑐
is

the forgetting factor of 𝑐, 𝜏
𝑐
denotes the last recalling time of

𝑐 (or the building time of 𝑐 if 𝑐 got no recall), and 𝑡 is the
current time. The forgetting factor is calculated as follows:

𝑓
𝑐
=
𝛼

𝑅
𝑐
+ 1
, (13)

where 𝑅
𝑐
is the number of recalled times for classifier 𝑐 in

its history and 𝛼 is the initial forgetting factor for a new
generated classifier.The forgetting factor of a classifier will be
reduced after each recall. That is, each recall will strengthen
the memory retention of the corresponding classifier and
make it harder to be forgotten. InMAE algorithm, the history
information for classifier 𝑐 includes 𝑓

𝑐
and 𝜏
𝑐
.

When a new data chunk comes, MAE generates a new
classifier and adds it to the knowledge repository. Then an
ensemble pruning process is carried out on all classifiers
in the repository, which uses the new data chunk as the
validation set. Ensemble pruning selects useful classifiers
on the basis of the validation set. In MAE, the classifiers
being selected are the knowledge recalled by the MDSM

system, and their history information, forgetting factors and
last recalling time, are updated. Then the memory retention
values of all classifiers in the knowledge repository are
computed.

If the size of the knowledge repository is larger than the
“memory capacity” 𝑚, the classifier with the lowest memory
retention value is removed from the repository. That means
it is forgotten by the system forever. Algorithm 1 shows the
pseudocode of MAE algorithm. We set the default value of 𝛼
(initial forgetting factor) be 1; while 𝑚 and 𝑘 are adjustable
parameters whose values can be set by users.

MAE applies the current recalled classifiers (namely, the
classifiers in 𝐸𝑆) on prediction tasks and uses simple majority
voting to combine the predicting results of all classifiers in𝐸𝑆.

5. Experimental Setup

We compared our MAE algorithm with four traditional data
stream algorithms, Win, SEA, AWE and ACE on 15 large
datasets. In our experiments, we uses synthetic datasets with
different type of concept drifts to test the adaptability of the
algorithm to specific drifts. Real datasets are used to test the
usability of the compared algorithms in real applications.

5.1. Datasets. All the tests are performed on 15 datasets. SEA,
Tree, Hyp, RBF, and LED are synthetic datasets and generated
through MOA framework [19]. All the other 10 datasets are
real datasets, where Elec dataset comes from [20] and the
other 9 datasets come fromUCImachine learning repository
[21]. Table 1 summarizes the characteristics of each dataset
used in our experiments.

Each synthetic dataset has a different type of concept drift.
For the real datasets, we donot knowwhat concrete drifts they
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Table 1: Data sets description.

Dataset Number of insts. Number of attrs. Number of cls. Noise Number of drifts Drift type Application area
SEA 1,000,000 3 4 10% 3 Sudden Artificial data
Tree 100,000 10 6 0% 15 Recurring Artificial data
Hyp 1,000,000 10 2 5% 1 Gradual Artificial data
RBF 1,000,000 20 4 0% 4 Gradual Artificial data
LED 1,000,000 24 10 10% 3 Gradual Artificial data
Adult 48,842 14 2 Unknown Census Income
Bank 41,188 20 2 Unknown Bank marketing
Conn 67,557 42 3 Unknown Connect-4
Cover 581,012 53 7 Unknown Covertype
Elec 45,312 7 2 Unknown Electricity market
EEG 14,980 14 2 Unknown EEG Eye State
page 5,473 10 5 Unknown Page blocks
Person 164,860 7 11 Unknown Person Activity
Poker 1,025,010 10 10 Unknown Poker game
Robot 5,456 24 4 Unknown Robot

contain and when the drifts occur. But in most cases, a real
stream dataset contains complex and time-related concept
drifts which are hardly described. One concept may appear
again after some period of time. Artificial datasets are useful
to test the adaptability of an algorithm to a specific concept
drift, while real datasets are more useful to test the usability
of the algorithms.

5.2. Methodology. In our experiments, each dataset is divided
into data chunks and input as a data stream. We use C4.5
decision tree to learn one classifier for each chunk [22]. To
make the comparison more meaningful, the chunk size was
set to the same value for all the tested algorithm.The previous
research shows that 500 is a good choice for the chunk size
[2, 9]. Our experiments results got the same conclusion that
500 is a good chunk size for all the tested algorithms, which
achieves good balance between drift adaption and predicting
accuracy. So we set chunk size to be 500 in our experiments.

Win is a simple slidingwindow algorithm. Its window size
is set to the chunk size 500. When a new data chunk comes,
it generates a decision tree for the data chunk and uses this
decision tree for prediction. The previous learned decision
tree is discarded when the new one is built.

SEA, AWE, ACE, and MAE are all adaptive ensemble
algorithms. We set the maximum number of classifiers in the
target ensemble (parameter 𝑘) to be the same value for all
compared ensemble algorithms.

For ACE, its original algorithm requires too much mem-
ory space. We remove the component classifiers with the
lowest weight to keep the maximum number of classifiers be
𝑘 instead of keeping all classifiers as the original algorithm
in reference [10]. This updating increases the computing
efficiency and predicting accuracy for ACE algorithm.

For MAE, it uses MDSQ as ensemble pruning algorithm
to select (recall) 𝑘 classifiers from knowledge repository for
each incoming data chunk [23]. The initial forgetting factor
was set to the default value 𝛼 = 1. For memory capacity 𝑚,
its value affects the work time of forgetting mechanism. Let

𝑁 be the number of accessed instances when the forgetting
process is started; we have

𝑁 = 𝑚 ⋅ |𝐷𝐵| . (14)

That means the forgetting mechanism works only for the
datasets which havemore than𝑁 instances. Considering that
the number of instances in most of real datasets are not very
large, we set𝑚 = 50 for all datasets in our experiment.

We evaluate the performance of the tested algorithms
from three aspects: predicting accuracy, training time, and
predicting time. In our experiments, all algorithms worked
as the test-then-train paradigm for each data chunk. That
is, when a new data chunk comes, it is used to test the
predicting performance of the ensembles at first and then
used to generate a new component classifier and update the
evaluation values of component classifiers. The results of
chunk predicting accuracy, chunk training time, and chunk
predicting time of each dataset are the average values of the
corresponding results among all data chunks.

Our previous work, LibEDM, is an open source library
for Ensemble Based Data Mining [24, 25]. We implemented
the library in C++ language for performance purpose. It
achieves much better performance than popular JAVA based
machine learning software, such as MOA [19] and WEKA
[26]. To reduce computing time, we choose LibEDM as
software platform and implement all the tested algorithms
in C++ language. All the implementations have already been
included in LibEDM library [25]. Our experiments were
run on a computer equipped with two 4-core 2.2 GHZ Intel
processors, 32GBRAM, and Linux operating system.

6. Results and Discussion

In our experiments, all the tested algorithms were compared
from three facets: predicting accuracy, training time, and
predicting time. Before doing that, we set a test to choose
a suitable value for the maximum size of target ensemble
(parameter 𝑘) at first.
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Table 2: Results of average predicting accuracy and variance on all data chunks [%].

Dataset Win SEA AWE ACE MAE
SEA 84.58 ± 2.30 87.68 ± 2.14 87.98 ± 2.14 87.14 ± 2.89 86.54 ± 2.28
Tree 62.37 ± 9.59 71.36 ± 15.41 79.65 ± 10.65 76.71 ± 10.81 81.70 ± 8.34
Hyp 76.02 ± 3.66 84.29 ± 2.33 83.85 ± 2.39 82.01 ± 3.28 83.86 ± 2.91
RBF 83.49 ± 5.68 93.02 ± 5.80 93.59 ± 4.34 91.30 ± 4.79 91.09 ± 4.42
LED 40.36 ± 22.17 49.75 ± 23.88 50.97 ± 22.80 50.00 ± 22.93 50.80 ± 22.72
Adult 92.81 ± 2.30 94.38 ± 1.64 94.46 ± 1.65 94.29 ± 1.66 94.56 ± 1.65
Bank 87.36 ± 14.73 88.73 ± 14.23 88.62 ± 14.75 88.96 ± 13.87 88.89 ± 13.99
Conn 64.99 ± 15.91 67.67 ± 15.53 67.43 ± 17.46 68.52 ± 15.99 71.33 ± 13.05
Cover 88.79 ± 9.30 82.31 ± 10.98 84.18 ± 8.91 66.97 ± 17.01 87.92 ± 9.05
EEG 59.62 ± 31.08 54.31 ± 26.85 59.03 ± 31.07 64.19 ± 34.66 62.05 ± 30.18
Elec 73.79 ± 10.33 76.68 ± 9.48 76.08 ± 9.83 75.26 ± 11.64 77.28 ± 8.79
Page 91.56 ± 5.57 93.78 ± 4.58 93.81 ± 4.66 91.73 ± 6.10 93.78 ± 4.58
Person 30.24 ± 23.93 27.81 ± 21.66 29.19 ± 22.96 25.55 ± 24.64 34.31 ± 22.40
Poker 75.04 ± 17.34 69.74 ± 23.01 75.14 ± 19.04 69.65 ± 16.36 81.30 ± 16.89
Robot 77.50 ± 15.16 83.04 ± 15.51 84.17 ± 16.16 75.60 ± 18.26 83.04 ± 15.51
Mean 72.54 ± 12.48 75.02 ± 12.82 76.61 ± 12.48 73.88 ± 13.54 77.97 ± 11.66
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Figure 3: Mean results of average chunk accuracies for different 𝑘.

6.1. Maximum Size of Target Ensemble. The maximum size
of target ensemble (parameter 𝑘) effects the performance of
adaptive ensembles greatly. To get a suitable 𝑘, we set 𝑘 to be
5, 10, 20, 30, and 50, respectively, and got the mean results
of the average chunk accuracies on all datasets for all tested
algorithms.

Figure 3 illustrates the mean accuracy results for different
𝑘. We can see that, among all tested algorithms, MAE got the
best results for all different 𝑘. For MAE and AWE, the best
size of the target ensemble is 𝑘 = 10, while for SEA and ACE,
𝑘 = 20 get the best mean results. Considering that lower
size will decrease predicting accuracy, and higher size will
increase much computing time, we set 𝑘 = 10 since it is a

good balance between computing efficiency and predicting
accuracy for all the algorithms.

6.2. Predicting Accuracy. Table 2 lists the average predicting
accuracy and variance on all data chunks for each datasetwith
𝑘 = 10. The last row lists the arithmetic mean of the results
over all datasets.The best result for each dataset is highlighted
using bold typeface.

From Table 2, we can see that MAE outperforms other
algorithms on 6 out of 15 datasets on the average accuracies,
including Tree, Adult, Conn, Elec, Person, and Poker. Where
Tree contains the recurring concept drifts, the other five
datasets are real applicationswith complex concept drifts.The
reason is that MAE has recalling and forgetting mechanisms.
The component classifiers with high predicting performance
in the history will get high memory retention, so they will
not be discarded from knowledge repository immediately
even if they get low accuracy for current data chunk. When
a former concept appears again, the reserved classifiers will
be recalled from the knowledge repository, which improves
the adaptability of the algorithm for recurring and complex-
random concept drifts. For example, Person is a typical
dataset that one concept (classes) has a time relation with
another concept, and the same concept appears again after
a period of time. MAE achieves much better results on this
kind of dataset than the other algorithms. MAE also achieves
the highest accuracy among themean results over all datasets,
and the mean variance result of MAE is the best one too.

AWE achieves the best accuracy results on 5 datasets,
which are SEA, RBF, LED, Page, and Robot, respectively. Its
mean result ranked the second. AWE uses weighted voting
as ensemble strategy during prediction. For the applications
with gradual or sudden concept drifts, this ensemble strategy
achieves good predicting accuracy.The reason is that, the new
generated component classifier will get the highest weight for
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Table 3: Hypothesis and values of Bergmann-Hommel test.

Number Versus 𝑧 𝑝 APV
0 Win versus MAE 3.9260 8.638𝑒 − 005 0.0008638
1 Win versus AWE 3.2332 0.001224 0.007346
2 ACE versus MAE 2.6558 0.007912 0.04747
3 SEA versus MAE 1.9630 0.04965 0.1986
4 Win versus SEA 1.9630 0.04965 0.1986
5 AWE versus ACE 1.9630 0.04965 0.1489
6 Win versus ACE 1.2702 0.204 0.408
7 SEA versus AWE 1.2702 0.204 0.408
8 AWE versus MAE 0.6928 0.4884 0.9768
9 SEA versus ACE 0.6928 0.4884 0.9768

MAE
AWE

SEA

ACE

WIN

5 1234

Figure 4: Graphical representation of Bergmann-Hommel test.

gradual or sudden concept drifts, whichmakes AWE adapt to
these drifts quickly. While the adaptability of AWE is a little
worse than MAE for recurring and complex concept drifts.

SEA outperforms the other algorithms on Hyp datasets,
and its mean accuracy result is the third one. SEA does
not consider the history importance of component classifiers
as MAE algorithm and does not set voting weights for
component classifiers as AWE, so its predicting accuracy is
worse than these two algorithms.

ACE uses a detector to test whether a concept drift exists
in the data stream. In fact, it is impossible that a drift detector
is suitable for different kinds of drifts. Our experimental
results show that ACE outperforms the other four algorithms
on Bank and EEG datasets, and the mean accuracy result of
ACE is only better than that of Win.

Win is a simple sliding window algorithm which only
uses the recently generated classifier to predict new instances.
In our experiment, it only outperforms the other algorithms
on Cover dataset. The mean accuracy result of Win is
significantly lower than the other algorithms. This showed
us that adaptive ensemble is a good strategy for data stream
mining.

Bergmann-Hommel test is an exhaustive statistical pro-
cedure for testing 𝑛 × 𝑛 comparisons [27, 28]. Table 3 lists the
result of Bergmann-Hommel test, where 𝑧 is the test statistics.
The 𝑧 value is used to find the corresponding probability
(𝑝 value) from the table of normal distribution, which is
then compared with an appropriate level of significance. The
significance level was set to 0.025 in our experiment.

Figure 4 shows the graphical representation of
Bergmann-Hommel test. We can see that the predicting
accuracy results of MAE are significantly better than SEA,
ACE, and Win, while the average results of MAE and AWE
are in the same group. Table 2 shows that AWE achieves
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Figure 5: Chunk accuracy results of Elec dataset.
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Figure 6: Chunk accuracy results of Conn dataset.

better accuracy than MAE on three artificial datasets and
two real datasets, while these two real datasets, robot and
page, have small number of instances, and the forgetting
mechanism of MAE did not work on them. For larger real
datasets, MAE achieves better results than AWE. This may
show that MAE is more suitable for the real applications with
large volume of continuous data.

Figures 5 and 6 illustrate the accuracy results on each data
chunk for Elec and Conn datasets, respectively. Since both of
them have relative small number of instances, the figures can
illustrate the accuracy results clearly. From these two figures,
we can see that our algorithm MAE achieves better results
than the other algorithms not only on accuracy but also on
stability. The range of its accuracy deviation is smaller than
the other four algorithms.

6.3. Training Time. In our experimental tests, all the com-
pared algorithms are implemented in C++ language and
achieve good computing efficiency. Table 4 reports the results
of average trunk training time in 10−3 seconds for these
algorithms. Each result is the average training time of all data
chunks for the corresponding dataset. The last line lists the
arithmetic mean results on all datasets for each algorithm.

From Table 4, we can see that the training time results
of Win are the lowest since it only learns a classifier for each
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Table 4: Results of average chunk training time [10−3 second].

Dataset Win SEA AWE ACE MAE
SEA 1.43 6.93 4.44 14.99 14.75
Tree 4.86 10.95 8.42 37.01 19.38
Hyp 6.39 12.24 9.67 42.88 20.70
RBF 16.50 22.23 19.71 77.93 30.80
LED 5.74 12.68 9.56 23.81 22.30
Adult 2.79 6.06 5.73 28.96 10.11
Bank 1.86 7.96 5.81 13.84 10.95
Conn 4.56 9.11 7.29 21.05 14.04
Cover 6.96 12.62 10.14 80.92 20.56
EEG 2.41 5.11 3.97 13.76 7.85
Elec 2.10 7.08 4.89 20.02 11.15
Page 3.02 7.15 4.78 12.09 4.73
Poker 2.19 7.90 5.40 48.55 16.38
Person 2.63 9.87 7.61 15.25 12.33
Robot 9.82 13.01 11.24 20.72 13.54
Mean 4.88 10.06 7.91 31.45 15.30

data chunk and no other special operation is required. AWE
consumes additional time to calculate the weight for each
classifier in the target ensemble, so it consumesmore training
time than Win. The evaluation process of SEA requires more
time than that of AWE, whose training time result is ranked
the third. The detector of ACE is very consumable which
makes its training process requiring a lot of time. In our
experiments, ACE is the slowest algorithm. MAEmust do an
ensemble pruning process, and update the memory retention
for each classifier in the knowledge repository. Its training
time results are higher than those of Win, SEA, and AWE,
but much less than those of ACE. For all of the datasets in our
experiment,MAE took about 10∼30milliseconds to finish the
training process for one data chunk, which is fast enough for
most of online applications.

6.4. Predicting Time. Table 5 lists the predicting time results
in 10−6 seconds for all compared algorithms. The result is the
average time for predicting one data chunk. The last line lists
the mean results on all datasets for each algorithm.

Table 5 shows thatWin got the lowest predicting time.The
reason is that it only uses one classifier to predict data chunks.
Followed by AWE, SEA, and MAE, these three algorithms
took almost the same predicting time. The predicting time
results of ACE are the highest among all algorithms. For all
algorithms, their chunk predicting time results are about one
thousandth of the corresponding training time results.

7. Conclusions

In this paper, we proposed a new model, MDSM, for data
stream mining, and put forward an algorithm, MAE, based
on thismodel.Themain contribution ofMDSMmodel is that
it introduces human recalling and forgetting mechanisms to
ensemble-based data stream mining systems. The novelty of
MAE algorithm is that it uses Ebbinghaus forgetting curve

Table 5: Results of average chunk testing time [10−6 second].

Dataset Win SEA AWE ACE MAE
SEA 0.30 2.00 2.50 4.50 2.00
Tree 0.50 3.50 3.50 21.50 3.55
Hyp 1.50 3.50 4.00 20.50 3.50
RBF 0.50 3.55 3.50 33.00 3.05
LED 0.50 4.00 4.00 5.00 3.50
Adult 0.50 2.20 3.50 4.50 3.50
Bank 1.50 17.20 19.50 153.00 23.00
Conn 0.45 14.76 23.10 33.40 22.10
Cover 0.30 0.50 0.40 1.76 0.40
EGG 1.30 3.20 4.50 5.00 4.50
Elec 22.50 41.90 33.00 92.70 33.00
Page 10.50 45.00 43.00 123.00 75.00
Person 0.30 11.50 11.70 16.50 12.30
Poker 2.50 4.70 3.10 9.10 3.30
Robot 0.30 35.30 32.50 136.00 62.50
Mean 2.90 12.85 12.79 43.96 17.01

and ensemble pruning technique to implement the forgetting
and recalling mechanisms of the MDSMmodel respectively.

The proposed MAE algorithm was compared with other
state-of-art algorithms, includingWin, SEA, AWE, and ACE.
The experimental results have shown that, MAE outperforms
the other algorithms on chunk predicting accuracy for data
streams with concept drifts, especially for the data streams
with recurring concept drifts and the real applications with
complex concept drifts. The predicting performance of MAE
is alsomore stable than other algorithms. In conclusion,MAE
is a good data stream mining algorithm with high predicting
accuracy and moderate training time. The experiments also
proved the effectiveness of our MDSMmodel.

There are a lot of things waiting us to do in the future.
Firstly, we will optimize the recalling and forgetting mech-
anisms in MAE algorithm to achieve better performance.
Secondly, we plan to implement more data stream mining
algorithms in our system and do a more sufficient perfor-
mance comparison.Thirdly, semisupervised learning is a hot
topic in many applications with big data [29–31]. Applying
MDSM model for semisupervised data stream mining is
another challenge.
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