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Stream Mining is a growing research area in which most of the proposed algorithms are based on 
single source prediction solutions. In real time processing like health monitoring, stream data is 
obtained from a large number of devices, each one sending its own set of data at its own arrival 
rate. Hence, different stream mining techniques proposed for general problems are not fully 
suitable for this kind of business requirements, which we further show through this investigation. 
In this thesis, a Multi-Stream integration is proposed to address this issue adapting several mining 
methods to multiple arrival rates fashion. Additionally, context-aware ensemble algorithm 
extension is proposed in order to deal with an important aspect to address in Real Time 
Monitoring: recurring and sudden drift.  
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1. Introduction 
 

One of the most promising fields of research and one of the most problematic contexts around the 

globe is Health, specially development of Health Information Systems [1]. Real time and 

operational decision applications have become relevant over the last years to support decision 

making process. i.e. predictive diagnosis in sensor health [1]. 

Over the last decade, real time decision making has taken relevance in organizations across the 

world [2]. Production and large scale services companies have large volumes of real time data, 

examples like oil; food production; health monitoring and renewable energy are in the target of 

research. 

The purpose of this Thesis is to find a better way to analyze and to process information coming 

from a wide variety of real time monitoring devices that bring different kind of information, at 

different update frequency, in order to improve critical classification and prediction processes 

based on more sources of information. The problem to solve would be addressed by stream 

mining, a relative novel concept in which the idea is to learn in real time instead of batch data 

mining techniques. The resulting solution is a new stream mining algorithm reaching with multiple 

streams; different arrival rates and concept drift management.  

The investigation is explained in several chapters. The first one shows the problem in terms of 

business requirements, and we present the research outline, objectives and methodology. In 

chapter 2 a State of The Art in the field of Stream Mining will be presented. Further we will show 

the proposed algorithm to accomplish the problem (Chapter 3). Evaluation of results will be 

showed in Chapter 4 and final propositions and future work concludes the document in Chapter 5. 

1.1.  General Objective 

Integrate different heterogeneous sources of information in order to produce with the best 

accuracy and the less time possible, classification and prediction outcomes to support critical 

situations like happens on Health Monitoring, Electric Monitoring, etc. The mining techniques and 

integrations proposed in this document will deal with drift conditions. 

1.1.  Specific Objectives 

1. To provide a new data mining technique in real time (Stream Mining) to address drift and 

manage different arrival rates in data streams. This algorithm also must be able to handle 

the integration of heterogeneous data sources in both batch and real time. 

2. To create an ensemble algorithm in order to boost the accuracy and manage flexibility 

when dealing with drift cases. This new meta-classifier must deal with the problem of 

recurrence. In order to solve this, it must be defined a way to compare different 

predictions models included in the ensemble. 
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3. To determine if the proposed solution reduces time under different drift conditions and 

improves accuracy or at least is trust enough for those kinds of problems. 

4. To confirm the feasibility to process different sources of information under different 

arrival rates in Stream Mining. 

5. To compare accuracy and time of the proposed context-aware algorithm against the 

existing Stream Mining techniques under different drift scenarios. 

1.2.  Problem 

In this section the problem to solve is exposed with a specific case of study: Health Monitoring. 

However, the implemented solution was tested on different scenarios. From the business case 

requirements, the technical problems to solve are derived. 

1.2.1. Case of Study and business requirements to solve 

Every day, more and more patients are suffering from chronic illnesses like cancer and diabetes 

requiring continuous attention and supervision. Of necessity, much of that attention takes place 

outside of hospitals and clinics [1]. Increasing of personal data (24x7 physiological traces) and 

growing of predictive information systems is a reality. 

Nowadays, sensor data is an important field of research for computer scientists because of their 

nature to deal with complex and big data, and one of the most promising areas of research in this 

direction is sensor data for body and health monitoring. 

There are various big researches addressing this challenge. McGregor et al. [3] are developed an 

important advance in the way that technology could support emerging prediction for health 

systems. Her team has been investigated during the last three years on a new framework for data 

streams provided by sensor data in order to undertake possible risks for a patient. The whole 

framework can predict future patient complications until 6 Hrs. and in some cases until 24. In 

chapter 3 the framework theme will be developed at detail and more investigations will be 

explained. These addressed problems are involved with intensive medicine, because all of those 

frameworks aim to predict complications of critical patients. 

Intensive Medicine 

Intensive Care Units (ICU’s) are the “medical caves” which patients from different specialties like 

surgery, oncology and so on live through when they are in a life threatening condition [4]. The 

common denominators of those clinical Units are: 

- Critical patients. 

- Many sensors connected in a patient. 

- Different specialties involved. 

- Stress. 
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Intensive Medicine is the medical specialty applied on ICU’s. Other types of emergencies 

addressing by ICU’s when the hospital doesn’t have the proper specialty like heart attacks, 0-level 

urgencies. A typical ICU’s patient is showed in Figure 1: 

 

Figure 1: Typical ICU’s patient [4]. The patient is connected from a variety of electronic devices 

that send its own data at its own arrival rate. 

A dozen of sensors are putted into the patient in order to monitor vital signs helping to maintain 

and detecting further complications. Because of that reason, monitor devices and sensors are used 

by intensive professionals. 

Monitoring devices 

The idea of monitoring is to use sophisticated machines supporting the clinician decisions based 

on different equipment bearing different patient signals. 
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Figure 2: Different sensor monitoring equipment [4]: Electro-cardiograms, Hulten Monitor device, 

Dialysis Machine and others. 

One of the main aspects concerned by clinicians is that a lot of equipment is involved in rooms and 

clinicians could be confused with them [4]. There are many types and kinds of monitoring devices 

that can be useful for patient treatment and can be included in other extensive books and medical 

areas, but it is out of the scope of this document1.  

Business requirements 

There are numerous advances in technology allowing simultaneous display of multiple parameters 

on bedside screens [5].  But here, monitoring from invasive devices could be harmful. First, the 

monitoring device may cause a variety of complications like infections and injuries, and 

inappropriate interventions may be undertaken based on misleading data or misinterpretation of 

accurate data resulting in patient harm [5]. In the other hand, good patient care involves 

integration of data from a range of sources: Health records; examination; monitoring; and 

investigations [5]. In addition, the measure and diagnosis over a single parameter is potentially 

harmful. In contrast, a multitude of complex numeric data derived from calculated indexes could 

be an important input in a treatment, but very often overwhelm the clinician [5].  

Here, the problem to solve is to predict as soon as possible future patient complications with the 

best accuracy possible. 

Another requirement in this kind of problems is the sensor arrival rates. Because of the use of 

different kinds of sensors build by different vendors, arrival rates are different. Recently advances 

like XML compression over CMS allows to get an XML-based data, in which indifferent number of 

Data Streams can be processed at different arrival rates [6]. This is a hub system which arrive 

different sensor signals working in a SOA perspective. Data can be extracted via serial port in three 

different types. The first type is numeric, one reading every 1024 ms; the second is wave that is 

four data values every 32ms resulting in 128 values/1024ms; and the third is fast wave, 16 

values/ms resulting in 512 values/1024ms. Fast wave are useful in electrocardiograms sensors. 

The last important aspect to note is drift requirement. Sensors are evolving through time and in 

the case of intensive medicine, it would be recurring examples after some period of time. Another 

case of drift requirement is gradual drift. 

1.2.2. Technical Problem 

In order to tackle these business requirements, Stream Mining approach is proposed. It is possible 

to predict possible patient complications against different sources of information on drift data 

with real time learning techniques.  

                                                           
1
 See 

http://www.accessmedicine.com.biblioteca.uniandes.edu.co:8080/search/searchAM.aspx?searchSource=all
&searchStr=monitor for more information about monitor devices and techniques. 

http://www.accessmedicine.com.biblioteca.uniandes.edu.co:8080/search/searchAM.aspx?searchSource=all&searchStr=monitor
http://www.accessmedicine.com.biblioteca.uniandes.edu.co:8080/search/searchAM.aspx?searchSource=all&searchStr=monitor
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This thesis focuses on supervised learning algorithms for streams which adapts to changes in 

distribution over time in a context-aware fashion. The context aware technique is also combined 

with manipulation of different input streams with different arrival rates, handling the 

synchronization problem.  

Multiple streams operations are applied on existing learning techniques as well as the proposed 

context aware algorithm, in order to predict with more accuracy and better time under drift 

conditions. In this order, the technical problem to address is exposed in the following research 

questions: 

Problem Statement and research questions 

How to combine, coordinate, join, summarize and compute a group of different kind of stream 

sources, in order to predict results under drift concept improving accuracy on such models? 

We crumble the problem statement into the following research questions (RQ’s): 

Research Question 1 (RQ1): How can a set of data streams be operated in order to use them as 

inputs for a stream learning algorithm? 

Research Question 2 (RQ2): How a context learning algorithm must be developed? How can we 

define similarity between context in order to reduce the selection model and learning time?  

Research question 3 (RQ3): Must a context algorithm reduce the time expended in the algorithm’s 

in order to use it on business cases where the source is coming from streams? 

1.3.  Scope 

The Thesis focuses on stream supervised learning techniques, where the main issue to solve is the 

Multi source adaptation under drift requirement conditions. 

This research will show as a result the following components: 

- Make a bridge contribution to stream mining community adapting multi stream 

integration to stream mining. 

- Extend a context aware algorithm performing better accuracy and time under drift 

requirements. 

1.4.  Research Methodology 

We address each of the presented RQ’s with a theoretical and empirical research methodology. 

First, a collection of related literature to each RQ was found and reviewed. Afterwards, we 

formulate the problem concepts theoretically and finally, the results are showed and evaluated 

against naïve approaches. 

The results are validated in quantitative manner focusing on accuracy and time measures. 

Prequential test evaluation (Test before train) is used in order to test algorithms. Multi stream 



8 
 

adaptation is tested doing integration between different stream sources. Afterwards, results in 

time and accuracy will be compared with a single data source made by hand of the whole set of 

tested stream sources.  

In the case of context aware algorithm extension, test results will be compared against the original 

implementation and a naïve classifier in order to show the results in accuracy and time 

performance. 

Implementation methodology for the proposed scope is iterative-based approach.  Iterations have 

the following phases: 

- Definition of the requirements. 

- Design of algorithm. 

- Implementation. 

- Tests. 

- Conclusions. 

There are two iteration phases in this work. The first phase concerns the multi stream adaptation 

implementation, and the second one is the context aware algorithm implementation. 

2.  Stream analytics frameworks and algorithms 

In this section, Stream analytics frameworks are exposed in order to identify the framework that 

will be used in the implementation of the proposed solution. Further, definitions of Stream Mining 

and a review of Stream Mining algorithms are exposed at detail. Finally, a summary of the 

algorithms described in this section and a comparison of them under Multi-Stream at different 

arrival rates and drift requirements, exposes why context aware algorithms are selected to 

improve, in order to reduce time and to increase accuracy under drift requirements. 

The recompilation of information has been taken by several groups of investigations by ACM; IEEE; 

The BI Journal; MSc and PhD Thesis at top Universities in the field of Data Mining and Stream 

Mining. 

2.1 Frameworks 

In this section, a review of different frameworks are explained in order to validate if those 

frameworks deals with Stream Mining under drift requirement and sources with different arrival 

rates. 

Body sensor data processing Frameworks 

New patterns of illnesses would be discovered with new information about patients with sensors. 

Those sensors could collect and process new information in an easy-way of use and send the 

discovered information in order to unify the sources and mining them. 
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Because of the new requirements and sources of information for health systems, it was necessary 

to update the techniques used in the field. IBM [6] proposes a new framework to predict health 

risks of premature babies using monitoring sensors: 

 

Figure 3: Sensor and body monitoring architecture. The Art of Enterprise Information Architecture 

(2010).  

The architecture provides an in-memory database in order to tap capabilities of relational 

databases like metadata mapping to streams; high speed caching and persistence states. The EII 

include streaming analytics services that provides a framework for stream analytics in real time 

including several algorithms.  The hypothetic IBM framework showed in figure 3 is described in 

detail by the UOIT (University of Ontario) Institute of Technology Research Center led by Carolyn 

McGregor. 

In their review, it is showed as a motivation the context of premature babies, being that they have 

a lot of complications with organs like lungs, unformed eyes, very fragile skin and bones that need 

to be monitored all the time. Hence, monitoring is complicated to follow by a NICU (Neonatal 

Intensive Care Units) professional. Because of that reason, real time monitors act as a help to 

health professionals in order to assist them. Electrocardiograms could measure dramatic falls in 

heart rate and reads at 1000 rows per second. A human eye cannot read all of these measures in 

right time less reading and understanding many devices. Techniques like Temporal Abstraction [7], 

stream mining and machine learning could achieve a better understanding of those values. 

Temporal Abstraction  
Temporal abstraction is a technique that is part of intelligent data analysis (IDA), it is defined as [7] 

‘‘encompassing statistical, pattern recognition, machine learning, data abstraction and 
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visualization tools to support the analysis of data and discovery of principles that are encoded 

within the data”. Temporal abstraction is a runtime engine where rules taken by a knowledge base 

are putted into the engine in order to process the incoming data and to detect abnormal states 

and conditions, sending an alarm to users. 

The key difference between IDA with TA and Knowledge Discovering Databases (KDD) is that KDD 

is primary concerned with to discover new knowledge and TA is used towards application of known 

knowledge.  The aim of the authors is to show TA as a solution that is included into their final 

framework combining it with expert knowledge. 

The framework  

As showed before, the IBM and UOIT research center developed framework is a complete 

framework that combines different computing techniques in order to address the real time 

monitoring problem. Their framework integrates the following [8]: 

 

 

Figure 4: The ARTEMIS system architecture [8] 

1. A sensor network that includes all patient data is arrived at a Data Bus, in order to deliver 

it to the Data Analytics part of the system. The sensor network uses a collector made by 

Capsule Tech Inc. [9] that interfaces from 450 different types of devices, transforming the 

serial signals into an IP protocol stream. 

2. The InfoSphere Streams runtime gets into action when IP stream data is passed in. 

InfoSphere Streams is a programming API developed by IBM research group in order to let 

to programmers the using of a Domain-Specific Language designed by Data Stream 

processing. In the runtime is running a series of specific-domain functions implemented by 

the authors under the SPADE code. This part is the temporal abstraction analysis part of 

the system. 
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3. Data is stored in order to use them in Data Mining Algorithms and techniques 

implemented in IBM Warehouse and other vendors. Note that those Mining Techniques 

and the whole model are used in batch.  

4. An ontology-rule modeler takes the mining model and implements the new rules over the 

TA part of the system. The Data mining model is exported to the stream processing part in 

a PMML markup language. PMML is a standard XML file to represent a mining model. 

PMML is used by the main vendors of DM systems. Another form of importing models is to 

extend SPADE with new DM models. Extending SPADE includes a programming exercise 

and is not very useful in terms of evolvability of data models.  

Streams applications like InfoSphere streams [10], represent data as a graph containing processing 

elements (PEs) interconnected with data streams. Each data stream contains a series of stream 

data objects (SDOs). PE implements stream analytics and is the basic unit of processing data. PEs 

are communicated through ports. The system is developed under 4 stages:  

1. Adaptation stage: Stream data is connected with the stream application. 

2. Feature extraction stage: Extraction of relevant features that are inserted into a database 

for future analysis. 

3. Clinical stage: After the knowledge extraction in a deployment server, clinical hypotheses 

are applied to features to generate medically significant events.  

4. Delivery stage: The results are shipped to the user via HTTP or SMTP. 

 

Figure 5: Architectural implementation of body sensor with InfoSphere Streams [10] 

In this framework, although stream data could be processed for mining algorithms, the 

architecture of the solution doesn´t take a very real time mining scenario, that is needed for the 

business problem to predict future complications of a sensitive patient under drift requirement. 

This scenario needs feedback as close as possible to real time; this is, to deal with evolving 



12 
 

changes and treatment of concept drift. Further work is proposed, like show more algorithms like 

active learning techniques, correlation techniques, sampling selection techniques and in-memory 

databases processing techniques would be useful. 

SPADE has operators that can be useful in order to extract, transform and load at right time. There 

are functions like join, aggregate, sort, split, etc. SPADE doesn’t contain a full package of operators 

for ETL tasks, but might be extended by User defined operators. Stream mining was made after 

the “ETL” and cleaning tasks during the feature extraction stage and was used a relational 

database but no results are found in mining and predictions. 

Additionally, this framework doesn’t uses the stream mining concept and evolvability of streams 

(concept drift), although SPADE performs operations with several data streams. 

Oracle Real Time Decisions 

The Oracles Real Time Decisions [11]is a framework that uses the power of data mining in order to 

predict possible outcomes in the future. The framework is composed by an application server, 

which is the main engine where streams are taken; a developer API and IDE in which developers 

can create applications for the server; an end user web platform in which the developed 

applications are deployed and a management interface. 

The framework allows producing applications using learning techniques, but it is limited to some 

batch learning algorithms. Additionally the server, who is responsible to launch a learning task, 

only can evaluates it in batch since a week hereinafter. 

MOA Framework 

The MOA (Massive Online Analysis) Framework is a generic and Open Source multi-platform 

framework developed for Data Stream Mining [12]. It includes a collection of machine learning 

algorithms (classification, regression, clustering) and tools for comparison and evaluation. MOA is 

written in java. The purpose of this Framework is to provide a “benchmark suite” for stream 

mining algorithms developed. 

MOA has the following features: 

1. Data Stream Setting: A data stream is chosen and configured. 

2. Learning algorithm: An algorithm is chosen and set. 

3. Evaluation: An evaluation method is chosen in order to compare results. 

4. Results: The task is run in order to obtain an accurate model and to show the results. 

In contrast to the IBM Stream analytics platform, MOA is not integrated with any other kind of 

feature and it supports only Real Time Data Mining processes. But it is important to note that it is 

the unique platform that works with RT mining over Streams. For this reason, MOA is the selected 

framework to use in this investigation. 

In chapter 4 is posed a complete description of Features and Learning Algorithms including in the 

platform. 
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2.2 Stream Mining 

Stream mining deals with data from a stream source. Data streams are time series of data points 

generated in a fast way in order to minimize rate. For this reason, data must be processed on the 

fly. This phenomenon will lead to data mining algorithms to deal with incremental calculations, 

which allow only one pass of the data [13]. For instance, it is difficult to process twice a 

temperature measure that was taken in a moment in the past on a temperature sensor in order to 

forecast local weather for the next minutes. For this reason, and because of the nature of infinite 

growing of data for stream data, storing management is a big challenge to address for the 

researchers. 

With the intention of understand the differences of stream data versus static data concepts of 

stream mining will be developed in this section. First, basic concepts of stream mining will be 

introduced, after that a classification of data mining algorithms will be displayed. Finally the 

algorithms applied in stream mining will be presented at detail. 

2.2.1 Data Streams Definition 

According to [14], a data stream is an ordered sequence of instances that arrive at a rate that 

doesn’t permit a permanent store in memory. Data streams has unlimited size and cannot be 

process by the most data mining approaches.  

The main [15] characteristics of data streams are the following: 

 It is assumed that data streams have small number of columns or attributes/features. 

 The number of records is very large, that means that data stream mining needs to take 

into account an infinite amount of data processing without exceed the limits of 

computational bounds. 

 Data streams have limited number of classes, generally less than 10. 

 The size of the learning data could be greater than the computer memory. 

 There could be a threshold time in order to train the model with the purpose of maintain a 

linear scalability to the model. 

 Stream instances are stationary or evolving. Concept drift occurs when instances are 

shifting over time making obsolete or useless the trained model. 

2.2.2 Concept Drift Definition 

It is a common fact that streams changes their distribution over time. For example, a traffic 

monitor systems suffers sudden changes over time and the car dispersion along the city ways. This 

data dispersion characteristic is called concept drift [14]. Concept drift is assumed to be 

unpredictable. Kelly et. al [16] defines three possible causes of drift: 

 Probabilities of learned classes                 may change over time. 

 Class-conditional probability distributions    |                might change. 
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 Posterior probability distributions     |               might change. 

Six types of drifts could be happen on a variable over time. 

Sudden: Show abrupt changes over time, for example an abrupt change in seasonal sales. 

Gradual and incremental: These kinds of drifts are slowly changes in a data distribution over time. 

A slowly change in a stream could be the physiological changes that infants have to becoming teen 

agers. 

Recurring: Recurring drifts are changes that happen in a relative short period of time and are 

reverted after that period. This type of drift is often known as local drift. Local drift must appear 

several times in a long time of period but has the feature of unpredictable appearing. Recurring 

drift could be noted, for instance, when seasonal flu symptoms appear over and over again. 

Blip: Blips are anomalies in data. Blips often are treated as noise data if the business allows it. In 

the case of health data, a blip could be important in order to detect anomalies. 

Noise: Noise drift are little changes in the normal distribution that in most of cases, are 

insignificant and needs to filter out. 

 

Figure 6: Types of drift plotted along time. [14] 

2.2.3 Stream Mining Definitions 

Due to the computational implications of processing a possibly infinite amount of data, classic 

static Data Mining techniques are not very useful in order to classify those kinds of datasets. For 

this reason, Data Stream Mining approach is taken into account. 

Data stream mining is the mining process used to mine data streams with adapted algorithms for 

that goal. The algorithms must take into account the following assumptions [15]: 
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Process and inspect an instance at a time 

Data stream processing assumes that a stream of data is incoming with each example at a time, 

that is, a row of data is coming and the next one arrives at some time rate. Each example must be 

accepted as it arrives in the order that it arrives and must be processed at the time when it arrives. 

If an example is discarded, there is no chance to reprocessing it again. Although examples are 

incoming once at a time, they could be stored in order to use a batch algorithm of data mining. In 

this case, a group of examples are stored in memory while the learning algorithm trains its model. 

After that, the training model could be stored or discarded.  

Uses a limited amount of memory 

In data Stream mining, it is assumed that all data incoming from a stream must not be stored in 

the available memory in order to train the model. Memory restriction could be achieved if 

temporal files are used in the algorithm. 

Work in a limited amount of time 

Because of evolvability of data streams, trained models are useful just for few times after to being 

retrained again, thus an algorithm used in stream mining needs to train faster, more faster than 

the rate of arriving of new data. If this requirement is not achieved, it will be an inevitably loss of 

data. 

Be ready to predict at any point 

The model trained by those kinds of algorithms must be evaluated at any time and the accuracy 

must be good enough to achieve the expected task. 

The data stream classification cycle is a general way of how data streams mining algorithms works. 

This cycle has the following tasks: 

1. The algorithm takes the next incoming example according to some sampling strategy. 

2. The algorithm processes the example and retrains its model maintaining the memory 

bound and time interval requirement. 

3. The algorithm is ready to accept the next example and ready to predict or classify. 

A stream mining algorithm must handle with learning sequentially and with changing reactions. 

Online learning and forgetting mechanisms are the techniques used to achieve those 

requirements. 

2.2.4 Online Learning 

Online learning refers to learn sequentially as data is arriving. Learning is achieved by processing 

the incoming example and the true label of the example is taken in order to validate the model. 

Such learners can be constructed by scaling up traditional machine learning algorithms or creating 

new methods that satisfies the requirements of Data Stream Mining. 
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Online learners don’t have a natural mechanism to evolve. So forgetting mechanisms are putted 

into action 

2.2.5 Forgetting Mechanisms  

A forgetting mechanism is an algorithm capable to forget the outdated training examples of a 

model in order to “prune” the model. A forgetting mechanism is able to throw away a training 

data that is not updated based on some limits that establish a data range. The main problem in 

this mechanism is how to establish that range. 

The simplest way to forget is to learn based on the last arrived data in a period of time (window of 

time). This approach is a tradeoff between stability and flexibility. If the window is small, more 

reactive will be the model and if the window is long, more unstable the model will be. 

Another way to forget is to use a variable rate algorithm that is to change the window size when 

drift is detected, this kind of algorithms are usually used for environments with sudden drift. 

2.3 Algorithms applied in Stream Mining 

Žliobaité [17] proposes a new taxonomical category for applied Data Stream Mining in order to 

group the proposed algorithms developed.  

 

Figure 7: Taxonomic topology of Data Stream Mining Methods. The taxonomy is based on the 

variables When and How. 

The taxonomy is based on the variables When and How. When is defined as if the algorithm has a 

batch treatment or an online treatment. Batch or triggered algorithms usually have a change 

detection mechanism (drift detector) and retrains based on the whole training set. Online models 

usually update the models gradually and it is common to see an absence of drift detectors. How 
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refers to the way in that the algorithm adapts its model. Adaptation mechanisms usually have 

example selection or parameterization of the base learner [14]. 

Each group of algorithms will be described in the next section. Also a section of concept drift 

mechanisms will be seen. 

2.3.1 Batch algorithms 

These kinds of algorithms are those which are based on batch algorithms often called wrapper 

algorithms. The main difficulties that appear in this type of algorithms are the estimation of a 

proper training set and training set times that must be out of control. In this section the batch 

methods of change detection, SVM and trees will be presented. Next, the existing and most recent 

techniques to select a training set are explained (windowing techniques). Finally, ensemble 

approaches using batch techniques will be showed. 

2.5.1.1. Change detection 

Change detection algorithms, or drift detectors are techniques used by most times to adapt the 

classic mining techniques to stream evolving data. The main task of drift detectors is to alarm the 

learner in order to take into account a new retraining when drift is detected. It is usually done by a 

statistical test that verifies if the distribution of a class changes over time. 

DDM and EDDM 

Drift Detection Method and Early drift detection method (DDM and EDDM respectively) are 

methods that detect drift based on Bernoulli trials, that is, the probability became a binomial true 

or false results that evaluates if a classifier or the base classifier has true or false labels. The 

probability of false classification and its standard deviation are used to calculate the warning and 

alarm levels against a minimum standard deviation and false probability with the following 

equation: 

                            (4) 

                          (5) 

Where it is proposed     and    . If the evaluated example becomes over the warning 

threshold the examples are stored in an independent window. If the example exceeds the alarm 

threshold then a new classifier is trained with the examples of the warning window. 

While DDM deals with sudden drift, EDDM is most useful when gradually drift detection takes 

place. The difference is that the equation used for warning and alarming is a distance function. 

2.5.1.2. SVM 

Supported Vector Machine (SVM) is a classic machine supervised learning algorithm used in 

classification problems. SVM is a form of supervised learning which tends to build a two-class 

classifier that can predict where the next example will fall. To obtain its classifier, SVM are based 
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on linear classification functions. SVM is a useful algorithm that deals with high number of 

attributes.  

The basic idea of SVM algorithms is the following: 

1. Given a training set, each data example is seen as a p-dimensional vector, where p is the 

number of attributes or dimensions that will be analyzed. 

2. SVM finds a set of functions that classifies the n examples in two categories. A feature 

selection is needed to represent the universe. 

3. The best function is selected according to the maximum margin that is the most distant 

function between the most upcoming examples of each class. The vectors of points 

represented by the marginal function are the support vectors. 

There are many different functions (kernel function) in order to build an SVM. There are 

polynomial-based functions, perceptron-based functions, gauss-based functions and so on. 

When the problem is to detect more than 2 classes, SVM has two main approaches: 

1. A category is divided again until some k number of categories. 

2. K(k-1)/2 of categories are build 

In order to use SVM with evolving data streams, the training set could be taken with a windowing 

technique like sliding windows. 

2.5.1.3. Decision trees 

Hoeffding Trees 

Hoeffding trees are the very fast decision tree learners which represent the current state-of the 

art for classifying high speed data streams [15]. Previous algorithms like SLIQ [18], SPRINT [19] and 

RAINFOREST [20] perform batch learning of decision trees based on limited memory but they are 

not suitable for data streams [15]. Other algorithms like ID5R [21] and ITI [22] are designed to 

work in a single pass form. 

A Hoeffding tree maintain into its leafs statistical observations about its node, that is for each 

attribute evaluated and each value of those attributes exists count measures per each one and 

count measures per each class.  

Hoeffding trees are then an evolution of this previous research when each example is processed at 

a time in an inductive manner and no data training set is allowed in memory. A Hoeffding tree is 

based on the Hoeffding bound that will be showed as follows: 

Hoeffding bound 

The Hoeffding bound is a measure that is used to find where it is necessary to split a node into a 

tree. The main goal to achieve by a decision tree is to know when to split and with which example 
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test. If the example test is a single attribute value, the possible tests are reduced to the number of 

attributes. 

The Hoeffding bound states that with probability     that is commonly close to one where   

generally is 10-7 by default, the true mean (or true label) of a random variable of range R will not 

differ from the estimated mean after n independent observations by more than: 

  √
      

 

 
 

  
   (6) 

This bound is useful to detect variations in streams and if the variations are greater than the 

Hoeffding bound, the decision tree will split the analyzed node. 

Algorithm 

The basic algorithm is the following [15]: 

 

 
Figure 8: The Hoeffding tree algorithm [15] 

First, the algorithm starts with initializing a root node. After that, a loop set of instructions is doing 

the splitting algorithm, in which each example is classified into the appropriate leaf, after that, the 

selected leaf updates its statistics in order to make decisions in next examples, that is that the tree 

itself has its own statistical measures in order to avoid the training set.  

If the actual example is not well classified according to the Hoeffding bound compared against the 

Gained information (G(A) and G(B)) of analyze the splitting by attributes A and B, then the 

algorithm finds the best split based on the information gain. If information gained by A is greater 

than the Hoeffding bound, then the algorithm splits its nodes by attribute A and a new group of 

leafs appears on it. 
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A pre-pruning is made taking the null attribute  . With the null attribute the gained information 

of splitting an attribute A could be compared against null attribute. This fact finally deduces if it is 

reasonable to split a node. 

Strengths 

It is very useful for human understanding because of its organized nature that can be 

comprehended by human minds. Other one is the computational effectiveness of the algorithm. 

The cost of learning is logarithmic depending on the number of examples (n) and attributes (m) 

(          ) and the cost of prediction is O(tree depth). The memory needed in the splitting 

algorithm is O(dvc)(Dimensions, values and classes). 

Algorithms to reduce Weaknesses 

Tie breaking is a useful technique used to control the tree growing when two attributes cannot be 

separated. These cases appear when two attributes have identical values and if competing 

attributes are equally good and are superior from other splits, the algorithm could wait too long 

time deciding which of the attributes select in the split. To avoid this problem, Domingos and 

Hulten [23] are included the tie-break concept, in where a tie break variable   setted by default in 

0.05. 

When the problem is numeric attributes, it is more difficult to summarize the statistics. For this 

reason modified algorithms for Hoeffding trees are introduced. Most of algorithms transform all 

the possible values of a continuous attribute into a large number of discrete values. This method is 

called discretization. There are various methods for discretization. The following table shows the 

main discretization algorithms: 

 

Figure 9: Discretization algorithms [15] 

VFML 

This method summarizes numeric attribute values in bins. Each bin has a range of values covered 

by it. This range is a fixed value. The algorithm used a fixed range of vales per bin. If a new 

example has a numeric attribute never seen before, a new bin is created. The problem with this 

algorithm is the instability because of data order becoming a problem of full range representation 

that cannot be achieved by the tree. The other issue is to estimate the optimal number of bins. 

Too few bins mean that the model is inaccurate but small and many bins mean accuracy but 

increase in space will be a problem. 
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Exhaustive Binary tree 

This is a batch method algorithm to deal with numeric attributes. It is an algorithm that no 

information is discarded other than the observed order of values. The tree is constructed in a 

binary form as examples are analyzed. The values are stored as the tree is constructed. The 

numeric values that will be used by the algorithm to analyze are selected over a continuous range. 

If a value is repeated an incrementally count is updated in the respective tree node. This approach 

save time, but has issues like ordered values because it is not a balanced tree and the 

computational cost of evaluate every threshold in the information gain phase will increase. 

Quantile summaries 

This approach tends to summarize data in a single pass with limited space. This feature can 

optimize queries in large databases. Random sampling is a good solution because it wants to 

obtain a random set of data to be trained, however, it doesn’t guarantees accuracy. Accuracy is 

connected with quantile estimates, so quantile summaries wants to achieve accuracy with a 

deterministic obtaining of quantiles. This algorithm is value-sorted and  computational lower cost. 

Gaussian approximation 

This algorithm is based on the Gaussian or normal distribution. It uses two variables: The mean 

that is the center of the distribution, and standard deviation or variance, which is the spread of the 

distribution. The basic algorithm to compute the mean and the standard deviation in an 

incremental manner is: 

 

Figure 10: Mean and variance obtaining method [15]. 

This algorithm has a variation in order to reduce the rounding error. The algorithm was proposed 

by Welford [24] and stored three variables at the beginning, an initial weigh sum, an initial mean 

and variance sum. 
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Numerical Interval Pruning 

NIP is a way to process the more significant ranges of an attribute based on statistical test. If the 

range is not likely to have a good split, it is pruned. This method reduces in 39% the time 

processing of an exhaustive method.  

2.5.1.4. Windowing techniques [14] 

Sliding windows are the most popular techniques used to deal with changing data environments. A 

typical slide window approach has the following algorithm: 

1. Each example in the stream is included in the window. 

2. Validates the outdated records of the window. If necessary then removes the outdated 

values. 

3. Rebuild the classifier C based on the training set W. 

The most important thing to take into account is the way of the sliding windows will be obtained. 

Sliding windows has a tradeoff behavior, if the user determines a small size of window, the model 

will react too fast but it will doesn’t have stability. If the sliding window is too large, the model will 

react very slowly to changes and will be excessively stable. For that reason, there exist a group of 

algorithms in order to obtain dynamics slide windows. 

Weighted windows 

Weighted windows are used in order to make the forgetting process in a more dynamic way. This 

algorithm uses different decay functions so the oldest values have less weight than the new ones. 

[25] Proposes three different functions in order to weight a window: 

- An exponential decay function 

- A polynomial decay function 

- A chordal decay function 

Depending on the way that the user wants to decay the window examples, one of those functions 

could be used. The algorithm works in a similar way to the basic algorithm, but with the difference 

to use a decay function and a number k of the desired size of window defined by the user. If W 

(the window) reaches k, then the lowest weighted example is replaced with the new one. 

FISH 

FISH algorithm is a windowing advanced technique showed by Žliobaité [26] in her PhD thesis. 

FISH proposes that a stream data flow depends on space and time dimensions. So FISH includes a 

measure time and space dependent in the window selection algorithm. The function is defined as 

follows: 

         
   

      
   

   (7) 
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Where    
   

 and    
   

 indicates a distance in space. a1 and a2 are coefficients defined by the user. If 

a1 is 0 then a time depending window is selected by the algorithm, if a2 is zero then instance 

selection by a pure clustering mechanism obtains the window. The equation  

   
   

  √∑ |  
    

 |
 
    is the Euclidean distance of the evaluated examples and     

   
 |   | is 

the difference in time between I and j. 

 

 

Figure 11: The FISH3 algorithm [14] 

FISH3 is a costly algorithm that may not be useful in data streams with high frequencies, so it is 

important to note that the windowStep, proportionStep and b are the variables that will reduce 

the complexity of the algorithm and need to be carefully selected. 

ADWIN 

Bifet, one of the most referenced authors in the field of Stream Mining introduced an algorithm 

called ADWIN (Adaptive Windowing algorithm) [15]. ADWIN is proposed in order to deal with 

sudden drift. The main idea behind the basic algorithm is to split the training window in two 

subsets W0 and W1. After that, the algorithm asks if W0 has a very distinct average than W1 

according to a test function defined as  

     √
 

  

 

  
     (8) 

where 
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N is the number of examples in W. n1 and n0 are the number of examples in W0 and W1. The 

algorithm validates if the averages values of W0 and W1 are greater than the      threshold. If it is 

true, the split is made and the window is updated removing the oldest Wi. ADWIN has a 

computational over cost due the analysis of each possible combination of W0 and W1. ADWIN has 

several improvements in order to reduce the computational effort to analyze each pair of possible 

splitting windows, and to deal with n-dimensional data. It is very important to note that ADWIN 

emphasizes that each dimension could arrive at a different pace time because it uses different 

windows, but ADWIN doesn’t allows multiple arrival rates on different sources of information or 

Multi-Streams. 

Sampling selection 

Other algorithms as the showed by Dash and Singhania [27] uses a variant over the Simple 

Random Sampling algorithm (SRS) to choose the samples and specially finds a solution with a 

concise algorithm (sample algorithm) to take the maximum reward over SRS getting a linear time 

complexity.  

SRS is the most used technique in statistics to choose a sample over a given universe, in which the 

k chosen elements are selected with the same probability. SRS is useful when large datasets are 

taken because of its nature of little fluctuations [27]. With this sample recompilation method, it is 

relatively less complex to identify noise data objects given a similarity threshold.  

The proposed algorithm here tries to first, select a good sample of the entire dataset with a 

penalty function applied to data in order to remove the noisy items, and take a sample of each 

representative item. The penalty function is the key factor to take into account for preprocessing 

data getting a O(n) time complexity. Results show that the concise algorithm works well for 

classification, rule mining and clustering. 

Analog method for streams 

Another approximation with machine learning is analog methods, which tries to learn by analogy 

against a proposed model of data [13]. The algorithm finds the k most similar situations of the 

arriving data from a stream given a distance function, afterwards uses a combination function in 

order to learn of the k past records and the new one. Finally it predicts the new record. The 

generalization of this approach to different contexts than weather predictions on photovoltaic 

systems must be considered.  

The idea of this algorithm is to use some of the trained values of the data according to a distance 

function that is used with the purpose to get a previous performed model that could be reused 

and was trained with past situations. The algorithm has the following logic: 
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1. The algorithm searches the k most similar situations of the existing situation based on 

template matching. The template is used in order to find the k most similar situations in its 

history. 

2. A weight function is used in order to select the k most similar situations 

3. All the neighbor sites send their information and the examples given are used to train the 

model. 

The analog method has several problems according to health requirements exposed in this work. 

First, the method supposes the existence of learning in batch using the k nearest situations along 

the entire data set. Second, the features and streams are supposed the same and with the same 

rate arrival. But, this algorithm shows an important hidden concept that is to deal with recurrent 

drift that is important in the health domain. 

2.5.1.5. Ensemble algorithms 

Ensemble algorithms are very useful in the finding of boosting stream mining. These kinds of 

algorithms have an advantage over single classifier methods that is more accuracy; work in parallel 

and easy adaptation. The generic algorithm for ensemble approaches is the following: 

1. Given a set of examples, k single classifiers and  the ensemble of classifiers do; 

2. For each classifier in the ensemble, assign a weight to each example to create weight 

distribution. 

3. Build or update the selected classifier based on the distribution. 

The predictions of an ensemble algorithm usually are taken by member voting that is, the more 

accurate member will respond the example. Ensemble algorithms are a costly process, so it is 

recommended to use ensemble algorithms in lazy time tasks but with the need of more accuracy. 

There are a group of strategies used in order to achieve the member voting. Kuncheva [28] 

proposes the following groups of ensemble methods: 

- Horse racing or dynamic combiners: individual classifiers are trained before and the 

forgetting process is changed when the combination rule made by the expert is changed. 

- Updated training data: The experts in the ensemble are updated by each new example. 

The combination rule may or not change. 

- Updating ensemble members: Ensemble members are trained based con blocks of data 

(batch setting). 

- Structural changes of ensemble: When change is detected or with a rate time, ensembles 

are retrained and the worst classifiers are replaced by new ones based on recent examples 

(batch setting). 

- Adding new features: the attributes used by team members are changes without 

redesigning ensemble structure. 
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Weighted Majority Algorithm 

The weighted majority algorithm [29] is a machine learning technique used for meta-learning 

setting classified as a horse racing algorithm. The basic idea of this algorithm is the following: 

1. Given a pool of classifiers, a weight for each classifier is set. 

2. A voting weight is given to the accuracy of each classifier according to the evaluated 

example and the algorithm selects the classifier with most accuracy. 

3. If the predicted answer is wrong, a penalty 0<β<1 is applied to the selected classifier and 

the weight is updated. 

The problem of this algorithm is the computational cost of it, and classifiers have their own form 

of training and it is not certain that can be evaluated at any time. Winnow doesn’t have a 

forgetting mechanism. 

Streaming ensemble algorithm 

SEA is a batch meta-learning algorithm with the purpose of build new classifiers according to data 

chunks that is a subset of data examples of the stream based on a fixed amount value. That main 

idea of SEA is that follows: 

1. A set of data chunks will be used to train a set of new classifiers. 

2. Each new classifier is compared against the set of existing members. 

3. If the new classifier has more accuracy and diversity than one of the existing members, the 

new classifier is introduced and the less accurate member is removed. 

Again, SEA is a very costly algorithm and may not be used in practical real time stream scenarios. 

Accuracy Weighted ensemble 

Wang et al. [30] proposed a weighted ensemble algorithm, where the weights of each classifier 

are based on its error rate. The proposed algorithm is showed as follows: 

 

Figure 12: The AWE algorithm [30]. 
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The algorithm first train a new classifier based on data chunks. After that the error rate is 

computed in order to weight the new classifier. A new comparison of the build classifier is made 

against all the existing members of the ensemble according to the error rate corresponding to the 

analyzed data chunk. Finally, the k top weighted classifiers are selected as the ensemble members. 

A detailed obtaining and proof of the error rate and weight functions are denoted in [30]. 

It is important to note that AWE works well with different types of drift, but a good selection of 

the size of data chunks must be done. AWE is a batch mechanism because it uses a late 

adjustment of weights and its components are batch classifiers. 

2.3.2 Evolving algorithms 

2.5.2.1. Ensemble algorithms 

As seen in section 3.6.1.5, ensemble algorithms are used to integrate a group of single classifiers in 

order to boost accuracy.  

Oza Bagging  

According to [15], bagging is the most accuracy technique in stream mining, but the problem is the 

computational costs. [31]  The Oza online bagging algorithm is based on the original Bagging 

algorithm (Bootstrap Aggregating by Breiman in 1994). This algorithm uses multiple bootstrap sub 

training sets taken by the main training set to construct a base model. In batch bagging, those 

training sets are constructed under a random sampling replacement an M subsets are conformed. 

With the M sub training sets M learning models are constructed, usually a decision tree models. 

Finally those models are the ensemble members. 

The idea of Oza bagging is to avoid the training set requirement and instead the use of the entire 

training set at each learning time, this algorithm uses a simulation according to the Poisson(1) 

distribution that is: 

       
        

  
  (10) 

The Poisson distribution is assumed and simulates the sub training sets with taking only the last 

training example in memory. The online bagging algorithm is showed in figure 22: 

 

Figure 13: The Oza’s bagging algorithm [31]. 
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Accuracy diversified ensemble 

ADE is an ensemble on line algorithm proposed by Brzezinski [14] based on AWE development. 

ADE is an algorithm that is more suitable for concept drift, because it tends to learn in an online 

setting that is to update the existing members rather than update weights. According to the 

author, this modification allows to the algorithm decrease the data chunk size without loss the 

accuracy. 

The accuracy of the ensemble is boosted using a modified weighted function that doesn’t use the 

MSEr threshold in order to react efficiently to sudden drift. The algorithm is showed as follows: 

 

Figure 14: The ADE algorithm [14] 

ADE proposes that only the top classifiers are updated according to the weight of the member, 

and the update mechanism is the Oza online bagging. This fact allows removing windows and 

batch setting. 

Context aware ensemble algorithm 

The context aware ensemble algorithm [32] is one of the lasts ensembles algorithms made in the 

field and has a very important feature to note: The concept of Context. 

Context is defined as a set or a vector of attributes that define the values of a context. For example 

the weather is a recurring concept drift problem that appears in different season Context. The 

algorithm sets a distance context function in order to detect drift in context. So, with this purpose, 

when a context change, the models of different contexts are saved and used when a context 

reappear: 
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Figure 15: Context-aware Data Stream Learning Process. The idea behind is to reuse previously 

learned models on similar situations when drift is detected. 

If the concept is new, the classifier is incrementally updated. If the concept is old, and if the 

boundaries of the warning level are reached, a new classifier is trained using AWE in batch setting.  

RCD 

Recurring Concept Drift Framework (RCD) [33] is a MOA extension with the purpose to coping with 

drift adjusting a set of parameters. It creates a classifier to each context found and stores sample 

data from it. When drift is detected, the algorithm compares the new context against the existing 

ones using a non-parametric statistical test. K-Nearest Neighboors (KNN) and Cramer test are 

included in the framework. If the applied test shows similarity in distributions with some stored 

classifier, then it is reused.  

RCD is not an ensemble algorithm; instead it stores each performed classifier and compares their 

similarity. RCD doesn’t manage weighting and just release classifiers in FIFO form. It is 

demonstrated that RCD has better performances under abrupt drift than the ensembles, and the 

performance is similar in gradual concept drift. 

2.5.2.2. Adaptive algorithms 

Adaptive Hoeffding trees 

Adaptive Hoeffding trees are a modified version of the original algorithm using an ensemble of 

trees in order to boost accuracy. This algorithm uses a set of k trees of different sizes with a 

maximum size. The trees used in the ensemble method have different sizes, beginning with a small 

tree to the larger tree in order to react best to changes. When an example arrives, the split 

method used in Hoeffding trees comes in action and based on the maximum size of the tree and 
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the maximum trees allowed a new tree is build when the size is exceeded. This fact allows having a 

diversity of classifiers and more accurate answers. When the size of the trees is exceeded and the 

maximum number of trees is reached, a new root could be instantiated and the algorithm begins 

again or the oldest node is deleted. 

The problem of this algorithm is the excessively computational cost. 

Active learning algorithm 

New specific algorithms for stream data mining take place in the field. Active learning is a 

reinforced method that tries in a real time scenario, to resolve a prediction using a selection of 

flow data samples rather than verify each value again and again. For addressing this issue, the 

algorithm uses a threshold variable that allows to the model expand or reduce the threshold 

depending on the data coming in the stream, making an adaptable algorithm depending on the 

processed stream [34]. This interesting approach might be proved in real scenarios and complex 

labeling budgets. 

The algorithm is that follows: 

 

Figure 16: The active learning algorithm [34]. 

The idea is according to the active learning strategy, to validate if the analyzed example needs the 

true label. If true, the classifier is updated or trained according to a warning detector. 

This algorithm allows putting a budget of expected labeled instances in order to maintain a good 

efficiency. The most important thing in this technique is to choose good examples to train. There 

are two presented strategies in order to select the labels. One of them is a random strategy, and 

the second one is an uncertainty strategy. In uncertainly, the less k certain examples against the 

classifier will be analyzed and in the case of variable certainly, the threshold is variable according 

to the time. 
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2.5.2.3. Clustering algorithms  

Clustering algorithms are based on the classic clustering algorithms and it is commonly to add local 

statistics in clusters in order to have an evolving approach.  

CluStream 

According to MOA Stream analytics [12], it maintains statistical information using micro-clusters. 

Micro-clusters are extensions of cluster feature vectors that are stored at snapshots in time 

following a pyramidal pattern allowing the reuse of statistics at any time.  

ClusTree 

It is a parameter free algorithm that deals with concept drift, outliers and novelty by maintaining a 

self-adaptive index structure for maintaining stream statistical summaries. 

StreamStrap 

Guha [35] provides new algorithms to clustering and summarized based on histogram construction 

and k-center clustering. The author proposes an algorithm that addresses the problem of 

summarize or cluster data received by a stream without depends on the cache memory space 

required and the precision of the solution.  

The proposed algorithm (StreamStrap algorithm) was able to reduce the complexity of the classic 

k-means algorithm in )
1

log(
ee

k
O  order. There are no experiment results but theoretical algorithm 

proofs are given in the article. 

The point mentioned in this work is that stream data was not proved in a real time scenario, and 

by now the time of processing mining task is greater than the preprocessing. 

2.5.2.4. Correlation algorithms  

BRAID Algorithm 

The BRAID and ThinBRAID algorithm is proposed by Sakurai et al. [36]. This algorithm is created in 

order to deal with correlations between 2 or more streams. The purpose an algorithm based on 

lag correlation concept that is: suppose a pair of stream data that have n examples each one. The 

main idea is to know if that pair of data streams are correlated or not. The correlation could give 

as a direct or indirect (lag) correlation. For example, an increment of temperature in forecasting 

monitors will represent a lag increase of energy in the solar energy panels. 

The algorithm is based on a correlation function based on the statistics of some window at a time. 

The statistics are saved in the algorithm in order to make the algorithm in an incremental form.  
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Figure 17: The BRAID algorithm 

The algorithm also uses a product and sum keeping mechanisms in order to maintain statistics for 

evolving data. BRAID was compared against a naïve implementation and the results prove to be 

40.00 times faster and detect lags with 1% error accuracy. 

One of the problems with the algorithm is that the correlated pairs are assumed with the same 

arrival rate and don’t deals with concept drift. 

2.4 Summary  

2.4.1 Frameworks 

InfoSphere Streams is the most advanced framework implemented at this moment for real time 

monitoring for patient health system, but this framework uses temporal analysis processing that is 

a code implementation specifically for NICUs (Neonatal Intensive Care Units). Possible illnesses 

could be predicted using static functions rather than predictor models. Although the framework 

allows an integration with PMML (Markup language used by data mining vendors like WEKA in 

order to export a classification model), and this model can be used a classification model in real 

time, there is not a solution involving Stream Mining. The solution will have problems of 

adaptation or extension and the learning process is made in batch far from real time. 

In addition, MOA framework is the most important platform in Stream Mining community [12]. 

Additionally, it is important to note that context algorithms have additional parameters that will 

be extended and tested in order to boost time performance and accuracy. MOA will be used 

because it provides more benefits for Stream Mining implementations. 



33 
 

2.4.2 Stream Mining 

As a result of the state of the art, a summary in table form is showed taking into account the 

multiple streams requirement, recurring drift and multiple arrival rates. 

Table I. Stream mining algorithms comparison 

Algorithm  Type 

(Batch/Online) 

Sub 

Category 

 Evolving 

or 

Stationary 

Data 

sample 

frequency 

Multiple 

streams 

Multiple 

arrival 

rates 

Recurring 

Drift  

SVM [15] Batch Classic 

technique 

Stationary Not stated No No No 

Sliding 

windows 

[37] 

Batch Windowing 

technique 

Evolving User 

window 

parameter 

No No No 

Weighted 

windows 

[25] 

Batch Windowing 

technique 

Evolving User 

window 

parameter 

No No No 

ADWIN 

[37] 

Batch Windowing 

technique 

Evolving User 

window 

parameter 

Yes Yes No 

DDM and 

EDDM [38] 

Batch Windowing 

technique 

Evolving User 

window 

parameter 

No No No 

OLIN [39] Batch Windowing 

technique 

Evolving User 

window 

parameter 

No No No 

K-ADWIN 

[15] [40] 

Batch Windowing 

technique 

Evolving User 

window 

parameter 

Yes Yes No 

FISH [26] Batch Windowing 

technique 

Evolving User 

window 

parameter 

No No No 

Equalt 

width [15] 

Batch Clustering Stationary Not stated No No No 

Equal 

Frecuency 

[15] 

Batch Clustering Stationary User 

frequency 

parameter. 

Assumed 

low 

No No No 

k-means 

clustering 

[41] 

Batch Clustering Stationary Not stated. 

Assumed 

high 

No No No 

Fayyad 

and Irani 

[42] 

Batch Decision 

Tree 

Stationary High No No No 

C4.5 [43] Batch Decision 

Tree 

Stationary High No No No 

Hoeffding 

trees [23] 

Batch Decision 

Tree 

Stationary High No No No 

UFFT [44] Batch Decision 

Tree 

Stationary High No No No 

Ensemble 

Hoeffding 

Tree Batch 

[45] 

Batch Ensemble Evolving User 

window 

parameter 

No No No 
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Bagging 

with trees 

[46] 

Batch Ensemble Evolving User 

parameter 

No No No 

Bagging 

with 

ADWIN 

[14] 

Batch Ensemble Evolving User 

window 

parameter 

Yes Yes No 

Oza 

Bagging 

[31] 

Batch Ensemble Evolving User 

parameter 

No No No 

Naïve 

Bayes [14] 

Online Classic 

technique 

Stationary High No No No 

VFML [47] Online Decision 

Tree 

Stationary 1000 Hz No No No 

Exhaustive 

tree [15] 

Online Decision 

Tree 

Stationary Not stated. 

Assumed 

as low 

No No No 

Quantiles 

[14] 

Online Decision 

Tree 

Stationary Not stated. 

Assumed 

as low 

No No No 

Active 

Learning 

[34] 

Online Active 

learning 

Evolving Not stated. 

Assumed 

as low 

No No No 

Analog 

method 

[13] 

Online Analog 

classifier 

Evolving 1000 Hz Yes No No 

Lag 

correlation 

ensemble 

BRAID 

[36] 

Online Ensemble Evolving From 1/30 

to 1000 Hz 

order 

Yes No No 

Ensemble 

Hoeffding 

Tree 

Stream 

[15] 

Online Ensemble Evolving 1000 Hz No No No 

Accuracy 

Diversified 

ensemble 

[14] 

Online Ensemble Evolving From 1/3 

Hz to 1000 

Hz-order 

No No No 

Context 

aware 

algorithm 

[32] 

Online Ensemble Evolving From 1/3 

Hz to 1000 

Hz-order 

Yes No Yes 

RCD [33] Online Context 

Aware 

Evolving From 1/3 

Hz to 1000 

Hz-order 

No No Yes 

In the literature of data mining there are a variety of algorithms that could be applied on the real 

time scenario. Classical data mining approach is seen as a good base to apply in stream mining, but 

taking into account that concept drift is an important actor that dramatically drops the accuracy of 

those models. Several classic algorithms like SVM, naïve Bayes and k-means clustering are good 

examples of them. It is clear to see that multiple arrival streams issue is not proposed by most of 

algorithms. Only ADWIN and its family; the lag correlation algorithm; analog method and context 

aware method include more than one streams setting in their definition.  

In order to deal with the training set definition, several windowing techniques are developed. In 

conclusion, the user is the decision maker. If the window size is very small, gains computational 

speed but lose accuracy; if the window size is too large, computational costs are given but a good 
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accuracy will be given. Windowing mechanisms are not used in ensemble methods. Drift detectors 

are another techniques used in order to adapt data mining algorithms with concept drift. 

On the other hand, evolving and active learning algorithms have key advantages because of their 

reactive nature to stream data, addressing the main features of stream mining (any time, limited 

memory, data arrives and data analyzed and drift). Adaptive algorithms like Adaptive Hoeffding 

trees and active learning are very useful in real time fashion. 

There are plenty of investigations with health and Stream Mining in monitoring systems but none 

of them deals with Multi-Stream and different arrival rates. This thesis proposes extending MOA 

framework in order to use Multi-Stream data at different arrival rates. Synchronizing and merging 

mechanisms will be the topics to achieve in this part of the work. MOA framework will be used as 

a consistent platform testing the proposed algorithms and reusing the existing state-of-the-art 

Stream Mining algorithms for comparison purposes in multi-stream settings. 

The investigation will be directed in an extension of the MOA framework in order to use a good 

mining combination technique that will address the context problem. The selected mining 

technique is RCD algorithm, because this algorithm works well under drift requirements and it 

shows an interesting performance on drifted data that is our main requirement. Also, RCD 

implements the context awareness concept. It uses classifiers to selectively boosting accuracy in 

the case of recurring drift that is very common under Health circumstances. 

3.  Proposal: Multi-Stream Context-Aware 

Algorithm 

This chapter exposes the intended solution to be applied. The solution wants to solve the problem 

of integrating different kind of data at different arrival rates and to apply this fashion on an 

algorithm able to deal with drift, especially for recurring drift, dropping the time elapsed to learn 

under these conditions. 

The proposed solution includes extensions for Multi-Stream processing in MOA, and RCD 

algorithm extension. First, merge and synchronization algorithms will be depicted. Afterwards, 

extension of RCD will be explained at detail. This extension contains a parameterized weighting 

selection on the ensemble; also, Kolmogorov-Smirnov and Mann-Whitney statistical tests are 

included in the proposal for experimental analysis in order to compare them against Cramer and 

KNN in different drift scenarios.  

3.1 Overall Architecture 

Proposal contains an overall architecture including Multi-Stream processing integration; 

parameter weighting selection and non-parametrical statistical test extensions in RCD algorithm: 
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Figure 18: Multi-Stream Mining Real Time Monitoring Architecture 

The proposed architecture includes the following components: 

1. A data sources layer where different sources are placed in order to process them 

2. A Stream Mining layer that includes a Multi-Stream integrator that acts as a bridge 

between the sources and the Stream Mining algorithm, and a new ensemble algorithm 

(RCDE) based on RCD implementation with enhances in the capabilities of pruning 

classifiers and extensions of statistical tests used to select recurring contexts, dealing with 

drift, especially recurring drift. 

3. A persistence layer used for further analysis. 

4. A presentation layer that shows alarms, predictions, and other mining tasks like 

classification and batch analysis to the user. 

Presentation layer and persistence layer integration with knowledge bases and other resources 

like electronic medical records (EMR) and other sources like semi-structured and non-structured 

data are out of the scope of this thesis but are stated here for future investigations. 
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3.2 Multi-Stream Definitions 

According to the RQ mentioned earlier in chapter 1, the following definitions are putting into 
consideration in the way to define formally the Multi-Stream problem: 

Definition 1 Multi-Stream: A Multi-Stream Mn is a set of streams {X1, X2, …., Xn} used by a learning 
algorithm in order to perform a mining task based on the whole data contained in it. Mn has two 
properties: Different arrival rates and operations execution. 

 Property 1 – Arrival rate: Each Xi in Mn has an arrival rate τi. This rate defines at time t, the t-ieth 
element of Xi is xi(t/τi). 

Property 2 – Operations Execution: Over Mn can be performed different set of operations. 
According to [10], the most common operators by a Multi-Stream are: merge, join, aggregation, 
and synchronization. In the case of this proposal, Merge and synchronize operators will be 
depicted and defined as follows:  

- Merge: Merge a set of streams and all of its attributes. Merging is used in order to flat 
streams in Mn and converting them in one stream as a whole.  

- Synchronize Operator: Synchronize operator outputs a stream Xr based on Mn as a result 
of integrate all data sets included in Mn. In order to deal with arrival rates, the operator 
uses the following set of parameters: 

o Instance Type processing: User defines if the instances of each Stream included in 
Mn must be integrated at the minimum rate τmin in Mn, or at any other arrival rate 
τu. 

o Type of integration:  

 Last instances: Integrates the last instances of each stream in Mn.. The 
result is the union of each last instance of each Xi in Mn 

 Average of instances: Output stream Xr is computed creating averages per 
each attribute based on a window of instances stored during the defined 
arrival rate τu. 

According to these definitions, we propose the following operation algorithms. 

3.3 Algorithms for Multi-Stream Operators  

Merge and Synchronize operators are exposed at detail in this section. The idea of those operators 

is to allow the integration of a set of Streams in order to reuse existing Stream Mining algorithms 

implemented on MOA, letting users to define the way that data will be integrated. 

Merge 

The proposed merge algorithm is a typical implementation of merge algorithm, adding the arrival 

rates setting as follows: 
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Figure 19: Multi Stream Merge Algorithm 

1. First of all, the algorithm takes the first stream on Mn in order to take the next instance of 

it as the base of the merged instance (line 1). 

2. Next, for each stream included in the multi-stream, the algorithm takes the next instance 

of each one and merges it with the previous merged instances that are stored in a single 

instance now (lines 2 to 5). 

3. The getNextInstance() method remains the number of processed ticks or rates. If the 

arrival rate is not completed, the method returns a missing value (lines 7-12). 

The methods nextInstance and hasMoreInstances are the original implementations of MOA. As a 

result, the returned instance is a combination of instance streams taking into account the arrival 

rate. 

Synchronization 

 The synchronization algorithm has the following structure:  
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Figure 20: Multi Stream Synchronization Algorithm 

1. In the synchronization algorithm, the type of processing depends on a parameter. If the 

type of processing is at the minimum arrival rate, then a simple merge is performed (lines 

1-2). 

2. On the other hand, the algorithm process a set of instances stored according to a window 

defined by the user (lines 3-8).  

3. The algorithm could merge the last instances of each stream on the window, or it can 

perform an average of the group of instances stored in the window for each stream of 

Mn(lines 5-7). 

Averaging is set taking the instances saved in the window and obtaining an average value per each 

attribute in the whole set of streams. If the evaluated attribute is nominal then average value is 

approximated to the closest integer value. 

3.4 RCDE Algorithm 

The idea is to extend the RCD algorithm, a context aware algorithm that deals with recurring drift 

with good time response, in order to improve its performance in accuracy and time. An extension 

in an ensemble fashion of the RCD algorithm is proposed in order to reduce time, and the use of 

different statistical tests like Kolmogorov-Smirnov and Mann-Whitney are proposed in order to 

improve accuracy, as they allows better sampling comparisons. 
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RCDE covers implementation of Kolmogorov-Smirnov (K-S) Statistical test; Mann-Whitney (MW) 

statistical Test, and a pruning mechanism similar to ensemble algorithms based on weights and 

frequency of use. Definitions of pruning; K-S test and MW test are given. Finally, the whole 

algorithm extension is exposed in pseudo-code. 

Pruning classifiers strategy 

In order to give significance to more effective classifiers, pruning strategy includes two methods: 

Prevalence and Weighting. 

Prevalence: Given a classifier C, prevalence in C is defined as the number of times that C is reused 

in the analyzed data set. Initial Prevalence is set as 1. 

Weighting: Weighting is associated with accuracy. A punish measure β is set as 0.5 and it 

decreases initial weight of 1. Weighting is defined as: 

              (11) 

Weighting punishes when a classifier fails to predict the real class label. Weighting rewards when 

the classifier succeeds to predict the real class label. 

Kolmogorov-Smirnov Test  

The Kolmogorov-Smirnov Test [48] validates null hypothesis in two different groups with the same 

parametric variables. This test seems to be valid in continuous variables. In our case, null 

hypothesis is the fact that data in the evaluated window     comes from the same distributed 

population in window   ,      is the observed distribution function on the evaluated classifier    

and      is the expected distribution function over a window of examples    on classifier   . 

Kolmogorov is used as follows: 

                    (12) 

The max value is taken from the maximum distance evaluating distribution functions at each 

classes of the evaluated label. A threshold near to 0 must be taken as θ in order to compare D 

against this threshold. 

Mann-Whitney Test  

The Mann-Whitney U Test (or MWW test) [49] is a non-parametric statistical test for assessing if 

two samples are equally distributed or not. Particularly, MWW test is very useful to compare two 

samples.  MWW works under the following assumptions: 

1. The two samples are independent. 

2. Sample variables must be ordinal or continuous. 

3. Under null hypothesis, initial normal distributions of two samples are the same. 

4. Under alternative hypothesis, values of one of the samples tend to exceed the other.  
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                                 (13) 

In order to get the U test the following equations are used: 

                (14) 

    and    are the sizes of each sample. Finally, U is computed as follows: 

1. Sample 1 is the sample with the smallest rank. 

2. For each observation in sample 1, count the number of observations in sample having a 

smaller rank. 

3. The sum of those counts is U. 

Mann-Whitney will be used because of its ability to perform better results with two samples. In 

the theory this is the most accurate test of the evaluated. 

Pseudo-Code RCDE Algorithm  

In this order, The Recurring Concept Drift Ensemble Algorithm, or RCDE, is presented as follows: 
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Figure 21: RCD Ensemble Algorithm 

1. First of all, the RCDE initializes its pool of classifiers, pruning measures (lines 37-45) and 

the buffer that stores the window of samples (lines 1-4). 

2. For each incoming instance in the stream, it validates if drift is present according to the 

DDM algorithm mentioned in chapter 2 [38] (lines 5-7). 

3. If drift level is in a warning condition, then the algorithm trains a classifier based on the 

incoming instance and stores the previous learned instances in a buffer or window (lines 

8-14).  

4. If drift is detected, the trained classifier is compared against the collection of previously 

used classifiers in order to detect if the situation is similar to some situation in the past. To 

do this comparison, the statistical tests come into action (lines 15-16). 

5. If similarity is found, then most similar classifier on the pool is reused and retrained with 

the new example. The pruning measure is updated on this classifier (lines 16-19 and 46-

62). 
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6. If none of the classifiers previously stored are similar to the evaluated classifier, this is 

stored in the pool of classifiers (lines 20-26). 

7. If the pool is full, the pruning method deletes the worst classifier and stores the new one 

(line 21 and lines 63-66). 

KS and MWW tests will be used from the implemented classes made in jsc.independentsamples. 

This package was made by Bertie [50] and it is a component of the Java Statistical Classes library 

(jsc.jar). 

4. Experimental Evaluations 

The experimental evaluation allows to test if Multi-Stream settings are stream mining feasible with 

implementations of merge and synchronization algorithms. Also we want to prove if the RCDE is 

more accurate and less time spender than the original one.  

In order to test the proposed solution, a group of different data sets of different business contexts 

were taken with the purpose of testing with different drifts scenarios. Multi-Stream 

implementation is tested and compared using the data sources in a splitted and non-splitted form. 

The results must be consistent between the data sources. In the case of RCDE algorithm, a 

comparison is made on different drift scenarios with different Stream Mining techniques. RCDE 

will be compared against those techniques and finally the results are exposed in order to validate 

the initial objectives of this investigation. 

All experiments were performed on a Core II Duo 2.13 GHz machine with 4GB RAM memory. 

4.1 Data 

In order to test the algorithms in terms of Multi-Stream and recurrent drift settings, we aim to use 

the following Data Sets: 

Artificial Datasets 

The first set of data is a group of two data sets: A Random Tree Generator and a Random Radial 

Basis Function (RBF) Generator. Those data stream are artificially generated from MOA 

Framework. The aim of testing with them is to know how algorithms work under known drift 

requirements with high volumes of data.  

The first generated tree has 10 million of instances; 5 different classes for class labels, 4 nominal 

attributes, 4 numerical attributes, 10 values per nominal and 6 maximum depth size. The main 

aspect to note in this data set is that drift is randomly assigned and it is a large set of data in order 

to test with a high volume of data. 
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The Radial Basis Function (RBF) Generated stream has 1 million of instances with 5 class labels, 5 

attributes and 50 centroids where drift changes 50 times along all data set. Recurring drift is seen 

in this generated data set. 

In the way of doing a Multi-Stream setting with these data sets, each example was splitted into 

two and three separate streams respectively. Then, Random Tree generated stream has two 

separate streams and RBF stream has three separate streams. Test will include a comparison in 

accuracy and time between split streams and non-split data streams. The final result must have 

the same accuracy in both cases. The first sub data set exposes 1 row per tick time, the second 1 

row per 2 tick times and third has 1 row of data per 3 tick times. 

Medicine Datasets 

In the field of medicine, we work with an arrhythmia test stream file created and used by Guvenir 

et al. [51] which includes 16 different types (classes) of arrhythmia from ECG recordings. The data 

set consists of 279 attributes, 206 linear values and the rest are nominal values. There are 452 

instances. This Dataset is used in order to test algorithms with a large attribute classification 

dataset. 

The second one is the hypothyroid dataset supplied by Garavan Institute [52]. The aim of this 

dataset is to determine accuracy and time with gradual drift data. This data set has 3772 instances 

and 50 attributes. The class label has 4 values in the class label.  

An additional domain dataset was used in order to prove performance with sudden drift data: 

Parkinson’s telemonitoring data set were also selected in our tests. Parkinson monitoring data set 

[53] is a collection of monitored speech signals recognition software and was used with several 

individuals with the purpose of finding Parkinson diagnosis based on speech recognition patterns. 

For testing purposes, this data set was denormalized using WEKA and it was divided in 10 bins or 

classes according to Unified Parkinson's Disease Rating Scale (UDRPS) values. Drift in this data set 

is gradual and recurrent. 

All of these medicine monitoring data sets were split into three different streams in order to use 

them in a Multi-Stream setting scenario. The last sub-stream has the class label for each data set. 

The first sub data set exposes 1 row per tick time, the second 1 row per 2 tick times and third has 

1 row of data per 3 tick times. 

Electricity Dataset 

The electricity data set [54] is used in several investigations in order to show and test algorithms. 

We want to choose a different domain in which drift is detected and the implementation could be 

useful. This data set has 45.312 instances and has 5 attributes. The class label identifies the change 

of the price relative to a moving average of the last 24 hours. To ease the work, a normalized 

version of this file is used in our tests.  
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In the way to get a test to deal with Multi-Streams, the original dataset was split in 3 different 

streams, and the last one has the class label. Arrival rates was set as: the first sub data set exposes 

1 row per tick time, the second 1 row per 2 tick times and third has 1 row of data per 3 tick times. 

4.2 Multi-Stream implementation evaluation 

The proposed Multi-Stream implementation is tested with a Naïve Bayes learner with several 

cases of synchronization on streams: The whole Data set without synchronization; merge 

synchronization; windowed synchronization and averaged synchronization. All synchronization 

cases were tested with three sub datasets. Additionally, all cases were tested under different 

arrival rates scenarios: 1 tick per row in all sub datasets; 1 tick/row on the first sub dataset, 2 

ticks/row on the second, and 3 ticks/row in the third one. 

For comparison purposes, the original dataset will be compared against a split copy of it. In the 

case of different arrival rates scenarios, an entire dataset was created simulating missed values as 

though the whole dataset was previously passed to an integrator of multiple arrival rates. The 

following figure shows test cases scenarios: 

 

Figure 22: Multi Stream test comparison.  

In the case of multiple arrival rates, the made-by-hand dataset has missing values when those 

values don’t arrive. Test cases want to compare accuracy and time against non-Multi-Stream and 

Multi-Stream data sets. 

Selected test cases are exposed in table 2: 

Table II. Test Cases for Multi-Stream implementation 

ID Algorithm Data set Multiple 

streams 

MultiStream 

Operation 

Method 
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1 Hoeffding 

Tree 

Random Tree No None 

2 Hoeffding 

Tree 

Random Tree Yes Merge 

3 Hoeffding 

Tree 

Random Tree Yes Sync 

(Last+window of 

minimum 

arrival rate) 

4 Hoeffding 

Tree 

Random Tree Yes Sync 

(Last+window of 

2 and 3 ticks of 

arrival rate) 

5 Hoeffding 

Tree 

Random Tree Yes Sync 

(Avg+window of 

minimum 

arrival rate) 

6 Hoeffding 

Tree 

Random Tree Yes Sync 

(Avg+window of 

2 and 3 ticks of 

arrival rate) 

7 Hoeffding 

Tree 

Electricity 

(single 

dataset) 

No None 

8 Hoeffding 

Tree 

Electricity 

(multitream) 

Yes Merge 

9 Hoeffding 

Tree 

Electricity 

(Single 

dataset) 

Yes Sync 

(Last+window of 

minimum 

arrival rate) 

10 Hoeffding 

Tree 

Electricity 

(multitream) 

Yes Sync 

(Last+window of 

2 and 3 ticks of 

arrival rate) 

11 Hoeffding 

Tree 

Electricity 

(multitream) 

Yes Sync 

(Last+window of 

2 ticks of arrival 

rate) 

12 Hoeffding 

Tree 

Electricity 

(multitream) 

Yes Sync 

(Avg+window of 

minimum 

arrival rate) 

13 Hoeffding 

Tree 

Electricity 

(multitream) 

Yes Sync 

(Avg+window of 

2 ticks of arrival 

rate) 

Results are described in the following table: 

Table III. Test results for Multi-Stream implementation 

 Split Dataset Single Dataset 

ID Data set MultiStream 

Operation 

Method 

Accuracy Time (ms) Accuracy Time (ms) 

1 Random 

Tree (Single 

dataset) 

Merge 35.48% 10322 35.48% 8255 

2 Random 

Tree (Made 

by Hand 

single 

Stream for 

sync at min 

arrival rate) 

Sync 

(Last+window 

of minimum 

arrival rate) 

72.96% 9478 72.96% 7526 
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3 Random 

Tree (Made 

by Hand 

single 

Stream for 

sync at  ticks 

arrival rate) 

Sync 

(Last+window 

of 2 ticks of 

arrival rate) 

73% 8778 72.96% 7526 

4 Random 

Tree (Multi-

Stream) 

Sync 

(Last+window 

of 3 ticks of 

arrval rate) 

34.62% 6683 72.96% 7526 

5 Random 

Tree (Made 

by Hand 

single 

Stream for 

Avg at min 

arrival rate) 

Sync 

(Avg+window 

of minimum 

arrival rate) 

72.96% 9306 72.96% 7526 

6 Random 

Tree (Made 

by Hand 

single 

Stream for 

Avg at  ticks 

of arrival 

rate) 

Sync 

(Avg+window 

of 3 ticks of 

arrival rate) 

78.43% 7739 72.96% 7526 

7 Electricity 

(single) 

Merge 79.19% 2275 79.19% 1731 

8 Electricity 

(Made by 

Hand single 

Stream for 

Sync at min 

arrival rate) 

Sync 

(Last+window 

of minimum 

arrival rate) 

81.47% 2275 81.47% 1343 

9 Electricity 

(Made by 

Hand single 

Stream for 

sync at  ticks 

arrival rate) 

Sync 

(Last+window 

of 2 ticks of 

arrival rate) 

81.93% 1252 81.47% 1343 

10 Electricity 

(Multi-

Stream) 

Sync 

(Last+window 

of 3 ticks of 

arrival rate) 

55.96% 1204 81.47% 1343 

11 Electricity 

(Made by 

Hand single 

Stream for 

Avg at min 

arrival) 

Sync 

(Avg+window 

of minimum 

arrival rate) 

81.47% 1565 81.47% 1343 

12 Electricity 

(Made by 

Hand single 

Stream for 

Avg at 2 

ticks0 

arrival) 

Sync 

(Avg+window 

of 2 ticks of 

arrival rate) 

81.47% 1558 81.47% 1343 

13 Electricity 

(Multi-

Stream) 

Sync 

(Avg+window 

of 3 ticks of 

arrval rate) 

100% 2037 81.47% 1343 
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It is important to note that in most of cases, Multi-Stream scenario tends to be more belated than 

a single processing, especially when arrival rates are close to 1 (cases 1-3, 5-8, 11-13 in table III). 

This result is expected due to integration process, which rises time processing to 20% more than 

processing of single dataset. 

In greater window arrival rates scenarios, time processing tends to be less than time processing of 

single datasets, because of processing of less instances, but it is important to show that in both 

cases, accuracies drops significantly (from 81.47% to 55.96% and from 74.19% to 34.62% ) when 

tests have more than 2 ticks per instance in arrival rates. This fact occurs because drift in datasets 

makes to lose accuracy and long arrival rates could convert the algorithm in a lottery of 

effectiveness. 

On the other hand, accuracies tend to be greater than single processing in the case of average 

processing. This fact is true because processed instances in this way produces stable values. 

Results show that Multi-Stream implementation is consistent between single stream cases (non-

Multi-Stream cases) and Multi-Stream cases (split data sets). Accuracies are the same in both 

cases when merge operator is applied.  

In the case of other integration methods like synchronization with different arrival rates, it is 

important to note that drift is reduced significantly with those methods in the selected test cases.  

4.3 RCDE Algorithm evaluation 

Recurring Context Drift Extended is tested with merging instances with an arrival rate of 1 tick, 

that is, with the same arrival rates, because we want to maintain drift in such tests. The algorithm 

is tested under the use of different statistical tests: K-Nearest Neighbors (KNN); Cramer; KS Test 

and MWW Test. Other parameters used by the algorithm are stated with default values. RCDE is 

tested against RCD algorithm and naïve implementations. Trees and other ensemble algorithms 

are also compared. 

The following table shows test cases used in RCDE Algorithm: 

Table IV. Test Cases for RCDE Algorithm 

ID Algorithms Data set Drift 

Type 

Statistical Test Pruning Method 

1 Naïve Bayes, 

Hoeffding 

Tree,DDM, 

Oza Boost 

ADWIN, 

RCD, RCDE 

Random Tree Low drift KNN 

Cramer 

Kologorov-Smirnov 

Mann-Whitney 

Prevalence 

Weighting 

2 Naïve Bayes, 

Hoeffding 

Tree,AWE, 

Oza Boost 

ADWIN, 

RCD, RCDE 

RBF Recurring, 

gradual 

KNN 

Cramer 

Kologorov-Smirnov 

Mann-Whitney 

Prevalence 

Weighting 

3 Naïve Bayes, 

Hoeffding 

Tree, DDM, 

Oza Boost 

Arrhythmia Gradual KNN 

Cramer 

Kologorov-Smirnov 

Mann-Whitney 

Prevalence 

Weighting 
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ADWIN, 

RCD, RCDE 

4 Naïve Bayes, 

Hoeffding 

Tree, DDM, 

Oza Boost 

ADWIN, 

RCD, RCDE 

Hypothyroid Low/None  KNN 

Cramer 

Kologorov-Smirnov 

Mann-Whitney 

Prevalence 

Weighting 

5 Naïve Bayes, 

Hoeffding 

Tree, DDM, 

Oza Boost 

ADWIN, 

RCD, RCDE 

Parkinson Recurring, 

Gradual, 

Sudden 

KNN 

Cramer 

Kologorov-Smirnov 

Mann-Whitney 

Prevalence 

Weighting 

5 Naïve Bayes, 

Hoeffding 

Tree, DDM, 

Oza Boost 

ADWIN, 

RCD, RCDE 

Electricity  Recurring, 

Gradual 

KNN 

Cramer 

Kologorov-Smirnov 

Mann-Whitney 

Prevalence 

Weighting 

By default, the selected drift detector method is DDM. Results are exposed in the following tables: 

Table V. Results for Random Tree Dataset 

Algorithm Data set Statistical 

Test 

Pruning 

Method 

Time (mili 

secs) 

Accuracy 

Naïve Bayes Random Tree none None 69590 37.58% 

Hoeffding Tree Random Tree none None 113480 92.48% 

Logistic 

Regression 

DDM 

Random Tree none None 201960 34.19% 

Oza Boost 

ADWIN 

Random Tree none None 1225260 94.33% 

RCD Random Tree KNN None 208290 92.48% 

RCD Random Tree Cramer None 209790 92.48% 

RCD Random Tree Kologorov-

Smirnov 

None 206790 92.48% 

RCD Random Tree Mann-Whitney None 208310 92.48% 

RCDE Random Tree KNN Prevalence 

 

204050 92.48% 

RCDE Random Tree KNN Weighting 205080 92.48% 

RCDE Random Tree Cramer Prevalence 204060 92.48% 

RCDE Random Tree Cramer Weighting 205090 92.48% 

RCDE Random Tree Kologorov-

Smirnov 

Prevalence 207040 92.48% 

RCDE Random Tree Kologorov-

Smirnov 

Weighting 208480 92.48% 

RCDE Random Tree Mann-Whitney Prevalence 205020 92.48% 

RCDE Random Tree Mann-Whitney Weighting 204520 92.48% 

 

Table VI. Results for Hypothyroid Dataset 

Algorithms Data set Statistical 

Test 

Pruning 

Method 

Time (mili 

secs) 

Accuracy 

Naïve Bayes Hypothyroid none none 60 95.80% 

Hoeffding Tree Hypothyroid none none 90 95.45% 

Logistic 

Regression 

DDM 

Hypothyroid none none 220 90.68% 
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Oza Boost 

ADWIN 

Hypothyroid none none 780 95.69% 

RCD Hypothyroid KNN none 230 94.68% 

RCD Hypothyroid Cramer none NCP NCP 

RCD Hypothyroid Kologorov-

Smirnov 

none 190 94.67% 

RCD Hypothyroid Mann-Whitney none 160 94.20% 

RCDE Hypothyroid KNN Prevalence 90 94.68% 

RCDE Hypothyroid KNN Weighting 90 94.68% 

RCDE Hypothyroid Cramer Prevalence NCP NCP 

RCDE Hypothyroid Cramer Weighting NCP NCP 

RCDE Hypothyroid Kologorov-

Smirnov 

Prevalence 90 94.68% 

RCDE Hypothyroid Kologorov-

Smirnov 

Weighting 120 94.68% 

RCDE Hypothyroid Mann-Whitney Prevalence 160 94.20% 

RCDE Hypothyroid Mann-Whitney Weighting 190 94.20% 

Final results show that in low drift datasets like hypothyroid and random tree generated datasets, 

they have a significant accuracy increment of 92%-95% in average over all algorithms. This is due 

to the low drift present in the evaluated data scenarios. The best accuracy was obtained applying 

OzaBag ADWIN ensemble (94.33% and 95.69% in table V and VI respectively) and the best 

performance time was obtained in Naïve Bayes implementations (69590 and 60 ms. For table V 

and VI respectively), but accuracies are not stable in this algorithm. In the case of the random 

generated dataset the accuracy was 37.58%, the worst accuracy and it is not useful in contrast to 

other algorithms, but in the hypothyroid dataset, the accuracy obtained was the best (95.80%).  

In contrast, Hoeffding Tree algorithm has good accuracies and works relatively fast against other 

implementations, 113480 for Random Tree dataset and 90 ms for hypothyroid dataset. Although 

Hoeffding Tree has relative low accuracy performance, works well in those datasets (92.48% and 

95.45%). Algorithms like Hoeffding trees are very useful under low drift conditions because they 

don’t have to use excessive computational efforts like ensemble algorithms, and its results in 

accuracy were more stable than other techniques like Naïve Bayes implementation.  

Table VII. Results for Arrhythmia Dataset 

Algorithms Data set Statistical 

Test 

Pruning 

Method 

Time (mili 

secs) 

Accuracy 

Naïve Bayes Arrhythmia none none 230 56.64% 

Hoeffding Tree Arrhythmia none none 360 53.46% 

Oza Boost 

ADWIN 

Arrhythmia none none 3650 57.21% 

RCD Arrhythmia KNN none 330 54.77% 

RCD Arrhythmia Cramer none 760 53.46% 

RCD Arrhythmia Kologorov-

Smirnov 

none 690 53.46% 

RCD Arrhythmia Mann-Whitney none 720 53.46% 

RCDE Arrhythmia KNN Prevalence 360 55.31% 
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RCDE Arrhythmia KNN Weighting 450 55.31% 

RCDE Arrhythmia Cramer Prevalence 330 55.31% 

RCDE Arrhythmia Cramer Weighting 340 55.31% 

RCDE Arrhythmia Kologorov-

Smirnov 

Prevalence 330 55.31% 

RCDE Arrhythmia Kologorov-

Smirnov 

Weighting 310 55.31% 

RCDE Arrhythmia Mann-Whitney Prevalence 360 55.31% 

RCDE Arrhythmia Mann-Whitney Weighting 340 55.31% 

 

In the case of gradual drift datasets (Arrhythmia), lower accuracies were found in all algorithms. 

The best accuracy was obtained in OzaBag ADWIN algorithm plunging to 57.21%, but soaring the 

computed time to 3.650ms. This is due to computational effort of training several models in the 

ensemble, and the time elapsed in to process the instances in the window without a statistical 

test. The worst case was found in Hoeffding Tree algorithm with an accuracy of 53%. RCD and 

RCDE bring up the attention with its relative higher accuracy (54.77% in average) in most of cases, 

reducing the time expended to the process at 600-700 ms, this is due to the use of statistical tests 

that the computational efforts. The lowest time required (30ms) was made with RCD with KNN 

statistical test with an accuracy of 54%. KNN statistical test works better than the other tests in 

terms of time and accuracy on this gradual drift dataset. 

Table VIII. Results for RBF Dataset 

Algorithms Data set Statistical 

Test 

Pruning 

Method 

Time (mili 

secs) 

Accuracy 

Naïve Bayes RBF none None 6670 33.59% 

Hoeffding Tree RBF none None 8610 35.48% 

Logistic 

Regression 

DDM 

RBF none None 14980 32.75% 

Oza Boost 

ADWIN 

RBF none None 78670 36.33% 

RCD RBF KNN None 16750 35.48% 

RCD RBF Cramer None 16910 35.48% 

RCD RBF Kologorov-

Smirnov 

None 16820 35.48% 

RCD RBF Mann-Whitney None 16770 35.48% 

RCDE RBF KNN Prevalence 16930 35.48% 

RCDE RBF KNN Weighting 17020 35.48% 

RCDE RBF Cramer Prevalence 17000 35.48% 

RCDE RBF Cramer Weighting 16820 35.48% 

RCDE RBF Kologorov-

Smirnov 

Prevalence 16880 35.48% 

RCDE RBF Kologorov-

Smirnov 

Weighting 16930 35.48% 

RCDE RBF Mann-Whitney Prevalence 16990 35.48% 

RCDE RBF Mann-Whitney Weighting 16940 35.48% 

Table IX. Results for Parkinson Dataset 
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Algorithms Data set Statistical 

Test 

Pruning 

Method 

Time (mili 

secs) 

Accuracy 

Naïve Bayes Parkinson none None 420 28.67% 

Hoeffding Tree Parkinson none None 440 45.89% 

Logistic 

Regression 

DDM 

Parkinson none None 220 0.00% 

Oza Boost 

ADWIN 

Parkinson none None 4460 54.92% 

RCD Parkinson KNN None 810 49.74% 

RCD Parkinson Cramer None 780 47.91% 

RCD Parkinson Kologorov-

Smirnov 

None 1007 47.91% 

RCD Parkinson Mann-Whitney None 1090 47.91% 

RCDE Parkinson KNN Prevalence 730 54.86% 

RCDE Parkinson KNN Weighting 670 47.81% 

RCDE Parkinson Cramer Prevalence NCP NCP 

RCDE Parkinson Cramer Weighting NCP NCP 

RCDE Parkinson Kologorov-

Smirnov 

Prevalence 1007 47.93% 

RCDE Parkinson Kologorov-

Smirnov 

Weighting 730 47.93% 

RCDE Parkinson Mann-Whitney Prevalence 920 47.93% 

RCDE Parkinson Mann-Whitney Weighting 860 47.93% 

Table X. Results for Electricity Dataset 

Algorithms Data set Statistical 

Test 

Pruning 

Method 

Time (mili 

secs) 

Accuracy 

Naïve Bayes Electricity None none 250 75.30% 

Hoeffding Tree Electricity None none 890 79.23% 

Logistic 

Regression 

DDM 

Electricity None none 870 54.94% 

Oza Boost 

ADWIN 

Electricity None none 3810 84.04% 

RCD Electricity KNN none 2530 84.41% 

RCD Electricity Cramer none NCP NCP 

RCD Electricity Kologorov-

Smirnov 

none 1890 81.46% 

RCD Electricity Mann-Whitney none NCP NCP 

RCDE Electricity KNN Prevalence 2410 84.41% 

RCDE Electricity KNN Weighting 2320 84.41% 

RCDE Electricity Cramer Prevalence 2410 84.41% 

RCDE Electricity Cramer Weighting 2410 84.41% 

RCDE Electricity Kologorov-

Smirnov 

Prevalence 2320 84.41% 

RCDE Electricity Kologorov-

Smirnov 

Weighting 2300 84.41% 

RCDE Electricity Mann-Whitney Prevalence 2310 84.41% 

RCDE Electricity Mann-Whitney Weighting 2290 84.41% 
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On the other hand, important findings in the recurring and sudden drift datasets (RBF, Parkinson 

and Electricity) were found. First, sudden drops of accuracies were noted in classic mining 

algorithms like naïve bayes (33% and 28% for RBF and Parkinson), and logistic regression (32% and 

0% in RBF and Parkinson datasets). It is clear to see that under recurring and sudden drift 

scenarios, classic mining techniques don’t deal with this requirement. In contrast, ensemble 

algorithms show noticeable differences regarding others reaching accuracies above 50% like RCD 

and Oza with ADWIN (boosting and bagging). This is because the ensemble algorithms deals with 

drift using drift detectors like DDM and EDDM. The ensemble nature of those algorithms allows 

the selection of the best learned model for each case.  

RCD algorithm extension shows good time performance against Oza algorithm. This fact is seen 

especially in recurring drift datasets. In the case of Parkinson’s dataset, time performance in Oza 

Bag ADWIN (which has the best accuracy) was 4460 ms compared against 800-1000 ms performed 

with different settings of RCD. RCDE reduces time performance to 600-800 ms in this case with the 

help of the pruning methods and classifiers selection. Accuracies are over 50% in RCD and RCDE. In 

the case of Electricity data set, best accuracy was obtained with RCD and RCDE algorithms 

(84.41%). Best time performance was obtained with Mann-Whitney test (2290).  

Mann-Whitney Test and KS test got similar accuracies against Cramer and KNN statistical tests. 

KNN performs better under low and gradual drift requirements and KS Test and MWW Test 

perform lower time under recurring and sudden drift conditions. In addition, weighting reduces 

time under recurring drift conditions, although prevalence pruning method performs better under 

low drift conditions. 

5. Conclusions and Future Work 

In the literature of data mining there are a variety of algorithms that could be applied on real time 

mining for stream data scenarios. Classical data mining approach is seen as a good base to apply in 

stream mining, but taking into account that concept drift requirement drops accuracy significantly. 

Several classic algorithms like SVM, naïve Bayes and k-means clustering are good examples. It is 

clear to see that multiple arrival streams issue is not proposed by most of the algorithms. Only 

ADWIN and its family, the lag correlation algorithm, analog method and context aware method, 

include more than one stream setting in their definition. 

Although those techniques deal with the observed multi stream business requirement, only 
ADWIN includes a different arrival rates treatment. Context aware algorithms propose the reuse of 
models for recurring drift. 
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Multi-Streams 

Multi-Stream integration with different arrival rates was performed with different merging 

operations. The extended implementation works well under drift requirement and exposes zero 

loss of accuracy. When synchronization and arrival rates are used, it must be carefully selected 

which type of operator will be used and which arrival rate will be set. Those parameters must be 

selected according to the case of drift and business scenario. In the case of Health monitoring, 

synchronization operators integrating different sources at different arrival rates would be very 

useful, but it is recommended that integration process must be made without custom arrival rates, 

because loss of instances may led false alarms or even worst, lost drift detections. However, those 

operations and their parameters must be selected with the eye of an expert depending on the 

business scenario.  

Future work on Multi-Stream scenario must include performance of integrations. The objective is 

to reduce time of integrations using different algorithms than those used in this investigation. 

Theme of Multi-Stream is opened to scientists to wish explore more possibilities in the matter like 

Multi-Stream Distributed Mining. Although the proposed implementation deals with distributed 

sources of information, insights will arise when Local Heterogeneous Distributed Data Mining 

(DDM) integration methods like Collective Data Mining (CDM) [55] will be compared against this 

proposed Global Integration Method. Performance and evaluation of different methods will leave 

interesting results.  

RCDE Algorithm 

RCDE Algorithm is a good extension of RCD when datasets are in drift conditions, especially when 

drift is recurrent like happens in tested Health datasets. It is demonstrated that under drift 

requirement, the proposed algorithm increases accuracy and with good parameter selection with 

respect classic techniques, this algorithm reduces time performance against the original 

implementation. 

Also, it is demonstrated that under low drift conditions, On-Line Stream Mining algorithms like 

Hoeffding trees work well than ensemble algorithms because of computational efforts. In the case 

of gradual drift requirement, Ensemble learning like Oza Bagging and Boosting have the best 

accuracies, but RCD and RCDE improves computational performance significantly. 

RCD and RCDE have the best performance under sudden and recurring drift environments. The use 

of statistical tests like Mann-Whitney and Kolmogorov-Smirnov drops time to 10%-15%, but 

significant differences in accuracies weren’t found. 

RCDE reduces time performance against RCD in the way of using the classifiers pool and setting 

good pruning techniques. Weighting pruning works well under recurring and sudden drift 

conditions. Prequential pruning works better under gradual drift conditions. 
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Future work must include models from different base learners like Hoeffding Trees, Bayesian 

Networks, Linear and logistic algorithms in the pool of classifiers used by RCDE. In this case, RCDE 

would be a diversified ensemble algorithm. 
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