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Data stream mining is great significance in many real-world scenarios, especially in the big data area. However, conventional
machine learning algorithms are incapable to process because of its two characteristics (1) potential unlimited number of data
is generated in real-time way, it is impossible to store all the data (2) evolving over time, namely, concept drift, will influence
the performance of predictor trained on previous data. Concept drift detection method could detect and locate the concept
drift in data stream. However, existing methods only utilize the prediction result as indicator. In this article, we propose a
weighted concept drift indicator based on incremental ensemble learning to detect the concept. The indicator not only
considers the prediction result, but the change of prediction stability of predictor with occurs of concept drift. Also, an
incremental ensemble learning based on vote mechanism is especially used to get constantly updated value of indicator.
Based on the experiment result on both benchmark and real-world dataset, our method could effectively detect concept drift
and outperform other existing methods.

CCS CONCEPTS • Computing methodologies~Artificial intelligence•Information systems~Information
systems applications~Data mining~Data stream mining
Additional Keywords and Phrases: concept drift detection, data stream mining, incremental learning,
ensemble learning, prediction stability

1 INTRODUCTION
The data stream is now very widely distributed in many real-world scenarios, especially in big data era. Such
areas include IoT sensors network, social network and traffic information stream [1]. There are two common
characteristics in these areas. The first is unlimited amount of data in the stream and limited memory cannot
store all of them. Therefore, data stream mining must be operated online, process the newly input and discard
the old data. The second is dynamic evolving environment of data stream, it will bring the concept drift problem.
Concept drift means machine learning model trained on past data will be inaccurate, since the decision
boundaries of the model has been changed [2]. For example, a naïve bayes model applied on electricity price
to do future price prediction. When new renewable energies (concept drift) added to the grid, the accuracy of
the original prediction model will obviously reduce. Conventional machine learning algorithm always suffer from
concept drift.
There are two main strategies to deal with concept drift, active and passive [3]. The active strategy will
monitor the performance of model trained on data stream and report a concept drift while pre-defined threshold
is reached. On the other hand, passive strategy only self-update to adapt the concept drift rather than report it
actively.
In this article, we focus on active concept drift detection strategy, aim to detect the drift more accurate and
less delay. Similar to concept drift process, there are two kinds of concept drift in data stream, real and virtual[4].
Given a data stream of length n, denotes as 𝐷1,𝑛 = [𝑑1 , ⋯ , 𝑑𝑛 ], where 𝑑𝑛 = (𝑋𝑛 , 𝑦𝑛 ) represents a single data
sample in data stream 𝐷1,𝑛 . 𝑋𝑛 and 𝑦𝑛 are the feature and class label correspondingly. If there is no concept
drift in data stream, then its joint distribution 𝐽𝐷1,𝑛 (𝑋, 𝑦) will keep stable. However, when concept drift happens
in time 𝑡 + 1 , 𝐽𝐷1,𝑡 (𝑋, 𝑦) ≠ 𝐽𝐷𝑡,∞ (𝑋, 𝑦) , denotes as ∃𝑡, 𝑃𝑡 (𝑋, 𝑦) ≠ 𝑃𝑡+1 (𝑋, 𝑦) while 𝑃𝑡 represents the joint
distribution of (𝑋, 𝑦) at time t[5].
Based on bayes theory, 𝑃(𝑋, 𝑦) = 𝑃(𝑋) × 𝑃(𝑦|𝑋) , real concept drift refers to 𝑃𝑡 (𝑦|𝑋) ≠ 𝑃𝑡+1 (𝑦|𝑋) when
𝑃𝑡 (𝑋) = 𝑃𝑡+1 (𝑋), indicating the change of conditional probability [6]. Virtual concept drift is the opposite,
𝑃𝑡 (𝑋) ≠ 𝑃𝑡+1 (𝑋) when 𝑃𝑡 (𝑦|𝑋) = 𝑃𝑡+1 (𝑦|𝑋), which only indicates the change of marginal probability. We focus
on real concept drift.
In this paper, we propose an incremental weighted performance drift detection method (IWPDDM) by
monitoring proposed weighted and combined indicator. The principal idea is first to construct the indicator, which
chooses not only the accuracy as one of the indicators, but also considers the prediction stability. This is
because the latter contains attributes related to precision than accuracy. Statistics is used to define two
thresholds for concept drift detection and validation. Furthermore, an incremental vote-based ensemble
predictor is developed on data stream to make prediction and it is capable to self-update with each data input.
Finally, the update indicator will be triggered when concept drift occurs, and it resets the predictor.
The main contributions of this study are summarised as follows:
•
To the best of our knowledge, this paper is the first to introduce prediction stability to concept drift
•
•
•

Defining the weighted prediction stability and its calculation rule under vote-based ensemble learning
Developing statistics to configure the threshold of concept drift detection and validation
Developing an incremental vote-based ensemble learning strategy on data stream mining to deal with
concept drift detection
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2 LITERATURE REVIEW
This section mainly includes two aspects: the first is concept drift detection with different strategies, the other is
research works about prediction stability.
2.1 Concept drift
Drift detection refers to the methods for determining whether drifts has occurred. The changes in the
environment typically cause concept drift, making the previously fitted machine learning model prone to
inaccuracy. The performance of the model will be influenced before and after the concept drift.
There has been some works done for concept drift detection. In terms of the statistical methods used, these
works can be spited into three categories: (1) performance-based (2) data distribution-based and (3) hierarchical
structure [7].
The performance-based methods mainly detect the drift by monitoring the performance change of the
machine learning model. Drift is detected when these is a statistically significant rise or reduction. The Drift
Detection method (DDM) [8] is the most well-known work which tracking the overall error rate of the machine
learning model. The Early Drift Detection Method (EDDM)[9], which is slightly different from DDM, identifies drift
by measuring the distance between two successive prediction errors. It won't work in some circumstances until
there are 30 prediction mistakes, which is impractical because the drift happens quickly. Similar methods have
been used to drift detection using Hefting's inequality-based Drift Detection Method(HDDM) [10], which uses
Hoeffding's inequality to determine the crucial area of a drift. Furthermore, Adaptive WINdowing (ADWIN) [11],
a moving window-based approach, identifies drift by measuring the difference between two adaptive size
windows. By comparing the recorded values and their mean up to the current instant, Page-Hinkley(PH) [12]
finds the drift.
The dissimilarity of new data and previous data is measured with distance function in data distribution-based
method. The statistically significantly difference reflect the occurs of concept drift. Its advantage is to process
both labelled and unlabelled data. The Kolmogorov–Smirnov (KS) test is used to identify static drift in unlabelled
data [13]. Aside from the KS test, the clustering approach is also widely employed, with K-nearest neighbours
being used to create data clusters for density estimation[14]. Hierarchical structure methods are increasing
recent years. They normally have two layers or more, these layers with increasing stricter rules to identify the
concept drift. The Hierarchical Change-Detection Tests (HCDTs) [15] applies two layers structure to detect
concept drift. Hierarchical Linear Four Rates (HLFR) following similar structure to detect drift with more detection
indicators.
2.2 Prediction stability
Quality of the machine learning models is measured in terms of outcome-oriented predictive monitoring
techniques [16]. Such as precision, recall and Area Under the ROC Curve (AUC). However, [17] argues that
these are not sufficient to measure predictive performance. For example, the predictor is easy to suffer from
new seeing data, which will bring unacceptable consequences in areas with high accuracy requirements, such
as healthcare and public transport. Therefore, the stability of a classifier is very important when used to make
successive prediction. In this article, we use the distribution of number of votes on each class, the degree of
the distribution reflects the prediction stability.
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WEIGHTED PREDICTION CONFIDENCE

We propose an incremental weighted performance drift detection method (IWPDDM) to address the concept
drift problem in data stream. The proposed IWPDDM has three steps i.e., detection and validation.
3.1 Design of IWPDDM
The proposed IWPDDM has three steps, Incremental learning, Detection and Validation. The first incremental
learning step is executed in real time, incrementally to make prediction and update itself with new data sample
input. With the prediction result and confidence from first step, weighted incremental indicator is constructed
and updated. Then the detection step and validation step will be successively triggered when weighted
incremental indicator trigger corresponding thresholds. The IWPDDM will report the drift and reset the
incremental classifier.

Figure 1: Design of IWPDDM, include three steps, incremental vote-based ensemble learning, detection and validation
respectively. In step 1, weighted indicator will be updated and monitored. Once corresponding statistical thresholds are
reached, step 2 and 3 will be triggered successively. When validation step validate a concept drift, signal for predictor reset
will be sent, and drift will be reported synchronous.

3.2 Incremental vote-based ensemble learning step
The aim of incremental vote-based ensemble learning step is to dynamical train the model to make prediction
with upcoming data sample. The performance of incremental ensemble learning model will change when a
concept drift occurs. The prediction accuracy of the model is considered as first indicator, because of its general
representation of the model prediction performance. On the other hand, accuracy is inaccuracy since it can only
generate binary decision, true or false.
Motivated by [17], we define term called “prediction stability (PS)” of incremental learning algorithm for data
stream mining. Normally, a learning algorithm is considered unstable if small changes the training set can cause
significant changes in the predictor. In this paper, we use incremental voted-based ensemble learning algorithm
as the predictor. Therefore, change of PS can reflect the impact of concept drift on incremental learning model.
We consider the weighted sum (S1,t) of accuracy value and prediction stability as the indicator of the
performance over time period from 1to t, which shows in equation (1):
𝑆1,𝑡 = 𝑊1 × 𝐴𝐶1,𝑡 + 𝑊2 × 𝑃𝑆1,𝑡

(1)

Where AC1,t is average value of accuracy of incremental learning model from starting time point 1 to t. PS 1,t
is the average value in same way. W1 and W2 is the weight value for AC1,t and PS1,t respectively. To make our
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contribution more focus, strategy of weight value allocation always use average weight value. AC1,t is the rate
of number of correct prediction to time period from start to time point t. PS1,t is the average value of PS the from
staring time to t, shows in equation (2):
𝑃𝑆1,𝑖 =

∑𝑡𝑖=1 𝑃𝑆𝑖

(2)

𝑡

Where PSi represends the degree of the prediction stablitiy of the predictor at time point I, which is calculated
by equation (3):
𝑃𝑆 =

𝑁
∑𝑁−1
𝑖=1 ∑𝑗=𝑖+1|𝑁𝐶𝑖 ×𝐻𝑖 −𝑁𝐶𝑗 ×𝐻𝑗 |
𝑁
∑𝑁−1
𝑖=1 𝐻𝑖 + ∑𝑗=𝑖+1 𝐻𝑗

×𝑁

(3)

Where NCi represents the stability of the predictor on class i and Hi is corresponding weight value. As
mentioned before, the weight strategy always use average weight, so Hi = Hj = 1/N. N is the number of the
class in data stream, e.g. N equal to 2 in binary classification task. NCi is calculated by following equation (4):
𝑁𝐶𝑖 =

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟𝑠 𝑣𝑜𝑡𝑒 𝑓𝑜𝑟 𝑐𝑙𝑎𝑠𝑠 𝑘
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑙𝑙 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟𝑠

(4)

Since the predictor used in this paper is vote-based ensemble learning model, distribution of the vote number
on each class reflects prediction result. For example, in binary classification task, A1 = A2 = 0.5 represent the
worst PS, since it is almost the random classification PS value equal to 0 based on equation (3). Then the
highest PS value 1 will reach when A1 equal to 1or 0. Therefore, the value interval of PS is [0, 1], represents
the degree of prediction stability from highest to random.
Based on equations (1)-(4), our proposed indicator for drift detection is the weighed sum (S1,t) of
accuracy(AC1,t) and prediction stability (PS1,t). The generation of the S1,t is shown in Algorithm 1.

ALGORITHM 1: incremental vote-based ensemble predictor learning and generation of the S1,t
Input: data stream(Xi, yi), initial incremental vote-based ensemble predictor M
Output: S1,t
AC1,t = 0, PS1,t =0,
while data stream continues, do
M partial training with coming data
M update and make prediction
for prediction result on each class, do,
calculate overall ACt and PSt (based on equation 3 and 4) at time t
end
calculate AC1,t and PS1,t based on equation 2
calculate S1,t based on equation 1
end
In Algorithm 1, incremental vote-based ensemble learner is initialled and dynamic trained with upcoming
data, at the same time to make prediction on input data. Then the value of ACt and PSt is calculated on time
point t. In the end, indicator S1,t is calculated with the available of AC1,t and PS1,t..
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3.3 Detection and validation step
Change of the indicator S1,t reflects the performance change of predictor. If there is no concept drift occurs, it
will gradually increase until certain amount of data and then keep stable. However, accuracy and prediction
stability, two components in S1,t , will both drop when there is a concept drift.
To define the degree of threshold of concept drift detection. Three-sigma rules is used, 2(95%) and 3(99.7%)
standard deviations corresponding to detection threshold and validation threshold respectively. Therefore the
standard deviation of the indicator S1,t is sd(Si,t) = 𝑠𝑞𝑟𝑡(𝑆1,𝑡 × (1 − 𝑆1,𝑡 )).

ALGORITHM 2: detection and validation step
Input: indicator value S1,t
Output: drift point
drift flag = False
Smax = 0, sd(S)max = 0
while S1,t continues, do
calculate its standard deviation sd(S1,t)
if S1,t + sd(S1,t) > Smax + sd(S)max, do
Smax = S1,t
Sd(S)max = sd(S1,t)
end
If S1,t + sd(S1,t) > Smax + 2 × sd(S)max, do
drift_flag = Detection
end
If S1,t + sd(S1,t) > Smax + 3 × sd(S)max, do
drift_flag = Validation
end
return drift_flag
end
In Algorithm 2, the max value of the S1,t and its standard deviation will update incrementally. At the same
time, the drift_flag will be updated when corresponding threshold is reached. When the drift_flag is set to
Validation, it means concept drift is validated and predictor should be reset for retraining from scratch.
4 EXPERIMENT AND EVALUATION
This section compares the proposed IWPDDM with the six existing drift detection methods, over four benchmark
datasets and one real-world dataset. Section 4.1 describes the datasets and drift detection methods used in
experiment. Section 4.2 analyzes the experimental results and compares with other 6 detection methods.
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4.1 Datasets and drift detection methods
Four benchmark data streams widely used in drift detection literature are selected for experiment and
evaluation, namely SEA, SINE, AGRAWAL, and LED. They are available at public stream data mining
platform[18]. Descriptions of the datasets are in Table 1. Each data stream has 1000 time points, the concept
drift occurs at time point (CDT) 500. To compare the performance of drift detection method, we test the methods
on each dataset for 100 trials which are generated with different random seeds.
Table 1: description of the datasets
Dataset

No. of attributes

No. of classes

SEA

3

2

SINE

2

2

AGRAWAL

9

2

STAGGER

3

2

The real-world dataset used in this paper is Posture dataset, which is collected at 0.1s intervals(u), from
sensors on ankle, belt and chest. Its class label is made by a human observer. The patterns of each data stream
of posture dataset are clearly different, before and after 500 u. So, the concept drift point in Posture is time point
500.
Six drift detection methods are accessible in skmultiflow [18]. We use the parameters recommended by
skmultiflow for each drift detection method. The detailed parameters are shown in Table 2.
Table 2: methods parameters
Algorithms

Parameters

IWPDDM

𝛼 = 2, 𝛽 = 3

DDM

𝛼 = 0.05, 𝛽 = 0.01

Adwin

𝛿 = 0.05
𝛼 = 0.9, 𝛽 = 0.95

EDDM

𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 30, 𝛿 = 0.005

PH
HDDM_A

𝛼 = 0.005, 𝛽 = 0.001

HDDM_W

𝛼 = 0.05, 𝛽 = 0.01, 𝜆 = 0.05

4.2 Experiment result and evaluation
We use Ei to represent an independent experiment, which will run 100 times on both benchmark datasets and
real-world dataset. Concept drift point will be reported if drift detection successfully detects the drift. To compare
the performance of IWPDDM with other 6 drift detection methods, we use drift detection accuracy and delay.
The drift detection accuracy measures how the drift detection method works with concept drift. To compare
it with other 6 drift detection methods, in terms of the ratio of the number of drifts detected data stream to the
total 100 trails. The higher the accuracy, the better the performance.
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Table 3: drift detection accuracy (the unit is %), our proposed IWPDDM method reach highest
average value over all the drift methods
Methods

IWPDDM

DDM

ADWIN

EDDM

PH

HDDM_A

HDDM_W

SEA
SINE
AGRAWAL
STAGGER

89
99
95
94

75
93
50
86

13
51
14
84

96
100
96
80

5
55
37
76

18
71
47
86

71
96
94
91

POSTURE
Average

96
94.6

94
79.6

94
51.2

94
93.2

82
51

95
63.4

91
88.6

From the result of drift detection accuracy (Table 3), our proposed IWPDDM has the highest value among all
the methods.
On the other hand, we also compare the performance of drift detection methods based on drift detection
delay. drift detection delay refers to the distance between detected drift point and CDT. The smaller value of
delay indicates the better drift detection performance.
Then the figure 1 describe the result of the drift detection delay. From the boxplot, it is clear that our proposed
IWPDDM has the lowest value of drift detection delay among all the methods.

Figure 1: Drift detection delay result, x-axis represents the methods used for comparison and y-axis is the drift
detection delay. From the boxplot, our proposed IWPDDM method has the lowest delay among all the drift
detection methods
Based on the obtained result of drift detection accuracy and delay, it is evidenced that our proposed IWPDDM
has led to the best performance of drift detection among other methods by highest average drift detection
accuracy, 1.4% improvement compare to second method EDDM, and IWPDDM also have lowest drift detection
delay, which is much smaller than others.
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5 CONCLUSION
This paper presents an incremental weighted performance drift detection method (IWPDDM) for data stream
mining. It addresses the concept drift issue by monitoring the performance of predictor incrementally trained on
data stream. The prediction accuracy and stability are both used to construct the weighted indicator for the
concept drift. The weighted indicator will then also update with incremental learning model. Once the indicator
reaches a pre-defined statistical threshold, the concept drift will be reported immediately. The comparative
studies have shown that the proposed IWPDDM performs best among the other six established detection
methods, with better detection accuracy and delay. For future work, redesigning the weight of the indicator and
prediction stability would be an interesting direction. Another valuable further work may to consider the
scenarios with more classes in data stream.
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