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BASMATI Glossary 

Term/Acronym Definition 

D2D Device-to-Device 

PoI Point of Interest 

VDI Virtual Desktop Infrastructure 

MUM Mobility Understanding and Modeling  

AAM Application Analysis and Modeling 

SKA Situational Knowledge Acquisition 

QoS Quality of Service 

IG Information gain  

MI Mutual Information 

ICA Independent Component Analysis  

PCA Principal Component Analysis  

LDA Latent Dirichlet Allocation 

DF Data Fusion 

ANN Artificial Neural Network 

MCS Maximum Common Subgraph  

MMC Mobility Markov Chain 

Mobile cloud services 

Online services offered by cloud resources 

to support mobile apps. The backend of the 

mobile apps. 

CP 

Cloud Provider. The actor that provides the 

cloud infrastructure/resources, such as VMs 

CSP 

Cloud Service Provider. The actor that 

provides cloud services on top of a rent 

infrastructure from a CP 

Cloudlet 

Limited capacity infrastructures with 

virtualization capabilities, often used to 

support a limited amount of users or perform 

a limited set of operations on behalf of the 

central cloud infrastructure that hosts the 

complete application 

Edge resources 

Resources aimed to operate specialized 

functionality, located at the "edge" of the 

network infrastructure, thus, closer to the 

end users. Examples are (clusters of) 

RaspberryPis or cloudlets 
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BUDaMaF 

BASMATI Unified Data Management 

Framework 

KE Knowledge Extractor 

DM Decision Maker 

RB Resource Broker 

MVD Mobile Virtual Desktop 

DASFEST 

An 3-day long music festival taking place in 

Karlsruhe, Germany every July 

ACE 

Amenesik Cloud Engine. The cloud service 

deployment tool through which actual 

federation is achieved 

BEAM 

BASMATI Enhanced Application Model. An 

extension of the TOSCA specification 

ASP 

Application Service Provider. A Federation 

user that rents resource services in order to 

provide an Application services to End-

users 

Brokering 

The matchmaking support provided by 

BASMATI platform to decide about the best 

cloud resources to exploit for the execution 

of the back-end of BASMATI applications. 

This activity regards the placement of the 

services or data on computational resources 

and storages belonging to the cloud data 

centre and the cloudlets within the 

federation. 

End user 

A user who benefits the various application 

and infrastructure services provided by the 

Cloud. Within BASMATI, the most typical 

example is exploiting the Cloud federation 

via a mobile device (possibly a laptop) using 

specialized apps or a web browser. 

Offloading 

The ability of BASMATI platform supporting 

the runtime placement of the components 

composing the front-end of BASMATI 

applications on edge resources available 

nearby the end user. This activity takes 

place both when edge and mobiles 

exchange one each other their own 

workload or when such devices transfer 

some workload to the clouds or cloudlets. In 

BASMATI we often distinguish Front-end 

offloading, related to the mobile part of 

application, from Back-end offloading, 

concerning the server side of applications. 

The latter roughly translates to the known 

concept of Cloudbursting. 

QoE Quality of experience. It is a measure of a 
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customer's experiences with a service. It 

may be related to some aspects of the QoS 

and QoP, but can also take into account 

other metrics. 

Service handover 

Service handover refers to the activity of 

transferring an active service between two 

computational resources (e.g. Cloudlets) 

with minimal or no disruption on the 

availability of the service. Ideally, service 

handover is transparent with respect to the 

user. 

Situational Awareness 

The ability of the BASMATI platform to 

recognise the “situation” characterising the 

actual combined status of users, 

applications and resources, aimed at 

achieving an effective and efficient 

management of applications and resources. 
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Executive Summary 
The Knowledge Extractor (KE) is the component that produces predictions about the 

application resource demands and the distribution of users into the Point of Interests of an 

area. These predictions will be used by another BASMATI component, the Decision Maker, in 

order to orchestrate the cloud mobile applications and the resources in the most efficient 

way. The KE has been designed in an intrinsic generic fashion containing two complete 

predictive meta-models. The setup of the predictive meta-models may vary widely 

concerning the prediction methods, the parameters of interest and the input observations.  

The KE consist of two main subcomponents and three auxiliary. The two main 

subcomponents are the Prediction Producer and the Deployment Resolver. The main 

subcomponents provide the principal functionalities of the KE, while the auxiliary 

subcomponents support them via data refinement, storage and orchestration processes. The 

deployment resolver is described in the deliverable 3.3 Situational Knowledge Acquisition 

and Inter-Cloud Service Monitoring and covers the task 3.3 Situational Knowledge 

Acquisition and Cloud-across Service Monitoring. This deliverable describes the 

subcomponent Prediction Producer and the three auxiliary subcomponents and covers the 

Task 3.1 User Mobility Understanding and Modelling, the Task 3.2 Application Analysis and 

Modelling from the M4 until M20 and the auxiliary functionalities that support them.  

The predictors and the auxiliary functionalities of the KE have been designed based on 

machine learning techniques that have been combined, and specified to address the specific 

needs of the Basmati project. Experiments and research have be carried out with the 

proposed techniques in combination with a dataset that constructed based on the large 

music festival that took place between 20 and 22.07.2017 in Karlsruhe in Germany. 

We expect that the content of this deliverable will be of interest to the following audience 

types: 

 BASMATI project members: The Knowledge Extractor described in this deliverable 

is a core component of the Basmati platform. The functionalities and design of the 

component will be of interest to all technical and end user partners. 

 BASMATI End-User Advisory Board Members and similar organisations: The 

Knowledge Extractor is one of the major requirements of the Basmati project as 

defined by the end users. We believe that the functionality of the component will 

be of interest to all the end-user stakeholders affiliated to the Basmati project and 

to other relevant end-user organisations using Cloud Computing systems. 

 Researchers in the field of Cloud Computing: The challenges addressed in this 

deliverable are relevant to researchers studying Cloud Computing. 

Contributions 

 ICCS/NTUA contributed to the chapters 1,2,3,4,5,6,7. 

 CAS contributed to the chapters 2.1.2 

 CNR contributed to the chapters 2.1, 3.1, 4.2.3,6.2 

 ETRI contributed to the chapter 2.1  
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1 Introduction 
Basmati is an integrated brokerage platform that manages and deploys multiple services and 

applications. In addition, it matches the services and applications with heterogeneous 

resources in order to orchestrate them with an efficient and cost-effective execution in a 

transparent and ubiquitous fashion. The Basmati platform integrates federated cloud and 

mobile devices providing automated resource exploitation and addresses issues such as the 

ultra-scalable provisioning, context identification, quality of services, security guarantees, 

and offloading. 

The Knowledge Extractor (KE) is the Basmati platform component that produces useful 

predictions about the users’ behaviors, the application pattern usages and the sessions 

between users and applications. It builds on the premise that the application usage and the 

users’ mobility affect the allocation and management of resources. There is a link between 

the application operation and the workload parameters that can be leveraged to identify the 

circumstances that cause performance bottlenecks. In both cases the decision maker that 

provides an action plan for the deployment of the application should take into consideration 

these extracted predictions as a function of time.  

1.1 Description of Deliverable-Component  
The component Knowledge Extractor (KE) can analyze and produce useful predictions about 

the user mobility, and the application resource demands of the sessions between the users 

with the applications. The KE consists of two the Prediction Producer and the Deployment 

Resolver. 

The role of the KE in the Basmati project is described in section 2. Specifically 2.1 describes 

how the KE works in each Basmati use case. The position of KE in the Basmati architecture is 

described in subsection 2.2. The parameters that are processed and predicted by the KE are 

described in subsection 2.3. 

The input data provided to the KE should come together with a fusion technique as 

described in the section 3.1. Afterwards they will be extracted and selected based on feature 

engineer methods that are described in section 3.2.  

The scientific algorithms and models that will be used for the predictions are described in 

section 4. These algorithms are in the core of the subcomponents of the KE. The Prediction 

Producer also estimates application resource demands as described in the chapter 4.1. The 

subcomponent Prediction Producer provides predictions related to the user mobility as 

described in subchapter 4.2. 

The inner architecture of the KE is illustrated in section 5 depicting the subcomponents that 

constitute it. The SKA makes predictions of the resource needs of the sessions between the 

users that use the applications and it described in 5.2. The data unified representation is 

presented in the section 5.3. The intercommunication of KE with the other Basmati 

components is described in section 5.5  
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Section 6 describes the research fields in which the KE is extended, the experimental 

evaluation and the progress beyond the state of the art. 

1.2 Challenges and Risks  
The design of the KE took place taking into consideration potential associated risks. The first 

one relates to the fact that the KE may process a variety of data types. To unify the data 

inputs with the appropriate prediction models in a flexible and robust fashion is one of the 

main challenges that we addressed and it is the main reason that directed our research 

activities to implement two prediction meta-models. 

Good understanding of the outputs that will be provided to the Decision Maker is another 

important challenge. On one hand, it is important to decide what predictions does the 

Decision Maker need and on the other hand what predictions can be actually carried out 

based on the available datasets and prediction models. 

The high accuracy and the low computation complexity of the prediction methods are an 

everlasting challenge. Each dataset has its own intrinsic properties that may lead us to a 

different prediction models. In the next sections we describe many state-of-the-art 

techniques for prediction and preprocessing methods that may be combined, modified, or 

parameterized.  

Most prediction methods are designed to produce predictions in a static fashion. For the 

needs of the Basmati the time evolution and the dynamic assignment of users in categories 

is an important parameter that should be outlined in the output predictions. The most of the 

prediction methods that will be described in the following sections do not take into 

consideration the time evolution. Our goal is to modify them in order to produce predictions 

function future timestamps.  

2 The Role of Analysis & Modeling of Users and Applications in 

Basmati Project 

2.1 The role of the Knowledge Extractor in the use case scenarios 
The KE is designed in a generic way in order to process various data types and provide 

predictions in different use cases. The following three main use cases are detailed described 

in the deliverable D2.2 Use case analysis. The researchers and developers of KE took place in 

the process of software requirement specifications in order to design the KE in a fashion to 

provide useful predictions in the three described use cases and potentially further use cases 

that may emerged in the future.  

 

2.1.1 Mobile Virtual Desktop 

This work environment belongs to the category of cloud services and provides user’s mobile 

desktop functions that should be configured, managed, stored, executed, and delivered. The 

aforementioned actions take place by the Mobile Virtual Desktop in a way that minimizes 

the cost of the hardware infrastructure. The KE is responsible to make predictions such as 
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the number of users that are gathered close to each PoI and the resource demands of the 

deployed applications. The analysis of the corresponding dataset in combination with the 

needs of the end users helped us to designate the parameters of interest as they will be 

described in the next sections. 

When a user moves from a country to another country and uses his applications and data 

that are located in the first country, a relocation of his data is likely to be carried out. There 

are various parameters that should be taken into consideration before the decision of the 

relocation such as the QoS, legal issues, cost, and the geographical location of the users and 

their stored data. The data relocation (data migration) plan and the resource need 

predictions as a function of the time are two of the outcomes that KE can produce. 

The predictions are based on the knowledge base constructed by previous usage and 

supervised machine learning techniques. With the prediction outcomes, MVD’s backend can 

allocate resources in the smart and efficient way. For example, during the night the numbers 

of active virtual desktops are much lower than during the day, therefore it’s wiser to free the 

allocated resources to conserve energy. But, if the resources are allocated on again when 

the users log-in, the users will feel that it’s slow to start their own virtual desktop. Thus, the 

best solution is to allocate the appropriate amount of resources just few moments before 

users are logged in.  

 

2.1.2 DAS FEST 

Thousands of visitors attend every year at DAS FEST interacting with each other while trying 

to satisfy their needs. One of the challenges for every of visitors is being able to move 

around at the festival ground efficiently, trying to find the shortest queue at a concessions 

stand or a toilet, meeting friends, switching between concerts with no interruption or 

finding a quiet place to relax.  

In general, the following user behaviors have an impact on the KE outcomes: 

 Users tend to find the fastest/most comfortable/most useful (not necessarily the 

shortest) route to some place on the festival ground. 

 Hot spots dynamically change on the festival ground function on time. 

 Some routes of people moving (main routes) are denser than other routs (untypical 

routes). 

The KE analyses the dynamics of moving people on the festival ground (hot spots, main 

routes, white spaces) and finds the density of users close to each PoI under dynamic 

conditions. More specifically the KE identifies the number of people gathered close to the 

dynamic or static PoIs. The Decision Maker can manipulate these predictions in order to 

deploy the applications in the most efficient ways. 

2.1.3 TripBuilder 

Tourists tend to use a mobile service to take personalized recommendations about 

sightseeing tours in the city that they visit. In this case a tourist profile should be constructed 

that summarize and depict the traveler preferences and behaviors. TripBuilder exploits 
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publicly available data that are provided by resources such as Wikipedia, Flickr, and Google 

maps to construct a knowledge base that represent each city. An application hosted in a 

cloud computing system is used to generate the sightseeing tours based on the user profiles 

and the knowledge base of the cities. The servers of TripBuilder have to address a heavy 

computational task taking into consideration the periodically update of the knowledge 

bases, the large number of users from different countries and the complexity of the 

algorithm that compute the approximated optimal solutions.  

The KE should predict when a large number of people are concentrated in a specific area. 

The application analysis predicts the demands of the resources in the cloud system. The KE 

should provide to the DM predictions that helps it to orchestrate the real time and the 

offloading processes. 

2.2 Position in the Basmati Architecture  
The KE component lays in the Federation layer as it is illustrated with the red box in the 

Figure 1 Basmati Architecture. The KE intercommunicates with the DM and the Application 

monitoring components and it is part of the Application Back-end Management. 

 

 
Figure 1 Basmati Architecture 
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2.3 Most concerned parameters of Knowledge Extractor 
The KE component outcomes predictions about users, applications based on a set of input 

observations and the previous knowledge. From the aforementioned statement, we can 

understand the generic nature of the KE in order to process a wide range of applications, 

input parameters and output predictions. The reason of this generic design is twofold.  

Firstly, the Basmati platform is designed to cover different applications. The KE should be 

capable to predict indirectly the behavior of a user and the application resources. Each use 

case has their own spatial perspective according to their requirements. Therefore the 

representations of the covered area visited by the target users diverge for each use case. 

The representation of a festival area is expected to have an intrinsic different structure than 

the country which visits a businessman that uses the Mobile Virtual Desktop. These 

differences should be bridged in a unified way by the KE and the data unified representation.  

The KE involves a set of different algorithms for output predictions. The selection of the 

algorithm will be done based on the specific input data and the needs of the end-users.  

The parameters which are the input and the output of the KE have been decided based on 

the provided datasets by the application owners. The data that have been gathered from the 

previous occurrence of Das Fest has been analyzed and processed. An analysis carried out to 

conclude to the observed parameters that affect the prediction parameters and the extent 

that they affect these prediction parameters.  

The following list comprises the observed parameters that concern the KE. These 

parameters can be divided into two main categories. The parameters that describe the user 

who belongs in the examined system and he is moving to an area of interest Table 1 and the 

parameters describe an application that is hosted in the cloud system Table 2. 

 

POI-Latitude  The latitude position of a dynamic or static POI  

POI-Longitude  The longitude position of a dynamic or static POI 

POI metadata Textual description of a POI 

User-Latitude  The current latitude position of a user in a specific timestamp 

User-Longitude The current longitude position of a user in a specific timestamp 

Timestamp The timestamp of a user observation 

Table 1 User mobility parameters 

 

Norm-Response Time The predicted normalized value of the response time of an 

application session 
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Norm-CPU load The predicted normalized value of the CPU load during an 

application session 

Norm-Memory  The predicted normalized value of the memory needs during an 

application session 

Norm-Throughput  The predicted normalized value of the output size of an 

application  

Max-Response Time The maximum of the real values of the response time of all 

application session 

Max-CPU load The maximum of the real values of the CPU load of all application 

session 

Max-Memory  The maximum of the real memory size of all application sessions 

Max-Throughput  The maximum of the real output size of all applications 

Previous Response Time The previous normalized value of the response time of an 

application session  

Previous CPU load The previous normalized value of the CPU load during an 

application session 

Previous Memory Load The previous normalized value of the memory needs during an 

application session 

Previous Throughput  The previous normalized value of the output size of an application  

#Observations The number of observations that take the KE as input 

Table 2 Resource demands parameters 

3 3. Data Preprocessing 

3.1 Data Fusion 
The fusion of data is a tool that combines the data from multiple data sensors to reproduce 

them in unified data structures in a consistent and robust way. For the specific needs of the 

Basmati project, the data are derived from the Application Repository component. The data 

are integrated, using the Behavioral knowledge-based data fusion model. The Data Fusion 

process in combination with the Feature Engineering and normalization process constitute 

the data representation auxiliary subcomponent that will discuss in the section 4.2.3. 

The Behaviour knowledge-based model (Pau, 1988) is a well-applied data fusion model that 

involves a series of stages. The first stage retrieves the data from all the data sensors. In the 

next stage a feature vector is extracted from the retrieved data. The third stage associates a 
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data structure to the predefined needs. In the last stage, a set of rules is applied according to 

formalism of the representation. This method is a good option in case of a frequent data 

update and it has been adapted to cover the needs of data flow and processing. The KE data 

fusion model is depicted in the Figure 2. It is provided an explanation of the terms:  

 Data Aggregation The feature vectors from the various data sensors are combined. 

 Association Fusion: The data which refer to the same entities are combined to a data 

unified representation. 

 Feature Engineering: The derived data are filtered out and refined, as it will be 

described in the section 4 Feature Engineering. 

 Data Normalization: The data sources, the feature engineering techniques, and the 

training data may provide values in a different scale. A normalization process using 

the feature scaling method (Stolcke et al., 2008) bridges this gap reproducing the 

feature values to lie between a specified minimum and a maximum value. This 

process can be carried out for the vector representation and the weight of the graph 

edges. 

 Representation: The data are represented in the specific data structure that the 

predictors can analyse. 

 

Figure 2 Knowledge Extractor data fusion model 

 

3.2 Feature Engineering 
The provided data observations may involve features that do not make a positive 

contribution to the method accuracy. The concept “the more data the better results” is not 

applied in the prediction methods and large amounts of data might sometimes produce 

worse performances in data analytic applications. 

 The curse of dimensionality (Keogh and Mueen, 2011) arise when the features of the 

samples are too many and some of them are not related with the parameters that will be 



 
Public 

© All Rights Reserved  
 

 

 

BASMATI Deliverable D3.1 Page 8 of 38 

 
 

predicted. One of the side effects of the curse of dimensionality is the big difference 

between the accuracy on the training set and the accuracy on unseen data. Another side 

effect is the degradation of the predicted model efficiency. The more features that are 

processed increase the computation demands of the algorithms. As feature it is defined a 

piece of information that is potentially useful for prediction.  

Two different set of techniques can be used to mitigate the issue of the redundant features 

of the datasets the dimensional reduction (Feature extraction) and the feature selection 

(Hartmann, 2004). Both of these aspects fall into the domain of feature engineering that 

creates or selects features (Reid Turner et al., 1999). The setup of a good set of features can 

be studied in combination with the prediction model that is used. The feature engineering 

graces simpler machine learning models.  

Furthermore, we take into consideration that a set of features can be suitable in some 

predictive models but not in some others. The typically cycle that is used in order to 

conclude in a set of features, given a predictive model and a specific dataset is described in 

the table 3. 

Step 1. Select a Predictive model and a validation dataset 

Step 2. Design a set of features 

Step 3. Run an experiment and analyze the results on the validation dataset 

Step 4. Change the feature set 

Step 5. Go to Step 2 
Table 3 Feature Engineering cycle 

 

Both dimensional reduction and feature selection methods try to reduce the representation 

using fewer features. Features, attributes, variables, terms, dimensions are interchangeable 

notions for the needs of the data processing as it is implemented in the KE. However 

Dimensional reduction methods represent features in another space making a fusion or a 

transformation of the dimensions. On the contrary, feature selection methods do not 

transform the dimensions. They select the dimensions that contain more bits of information 

based on a certain objective function. In the following paragraphs both of the approaches 

are presented with a critical eye. There is an analysis which of them can be implemented in 

an efficient and efficacy way for the needs of KE and the expected input data of the Basmati 

project. The most suitable methods are described in more details giving the main equations 

that express them.  

It is important to mention that these methods do not run every time that an instance should 

be predicted, but in the beginning of the KE system they have run to determine the 

importance of each feature. In addition, many prediction methods have incorporated a 

feature engineering technique. 

3.2.1 Dimensionality reduction (Feature extraction) 

The dimensional reduction methods introduce a new feature space where the original 

features are represented in a new lower dimensional space. The derived features should 
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satisfy the following properties. They should be informative and non-redundant, they should 

facilitate the machine learning and predictions methods in which they are used, and in some 

case to provide a better human understanding of the problem. The dimensional reduction 

process is not reversible because some information is lost in the process of transformation. 

Principal Component Analysis  

The most known dimensionality reduction method is the Principal Component Analysis (PCA) 

(Jolliffe, 2014). PCA is a statistical method that orthogonally transforms the original 

dimensions into a new component set of dimensions. The new set of dimensions is called 

principal components, it is a smaller set and it retains most of the data information. The 

basic idea is to convert the correlated features into a new set of features that are linearly 

uncorrelated. The PCA is an iterative process. The first principal component should have the 

largest variance and the following components should have the highest variance under the 

restriction to be orthogonal to the previous component features. 

PCA can be processed using the eigenvalue decomposition or singular value decomposition 

of a data covariance matrix or the correlation matrix. The Covariance matrix is a matrix 

whose elements are the covariance between two other elements of a vector. The 

Correlation matrix contains the correlation coefficients between each variable and the 

others. 

Independent component analysis 

The Independent Component Analysis (ICA) (“Oja, E.,” 2000) is a statistical and computation 

feature extraction method that detects the latent features that comprise sets of random 

observations. ICA is based on a generative model for multivariate data. The instances can be 

linear or nonlinear mixtures of the unknown latent variables while how they are mixed is 

unknown. The latent variables that are found by ICA are assumed to be non-Gaussian, linear 

and mutually independent and they are called the independent components of the observed 

data. 

To quantify the non-gaussianity of a feature the measures of Kurtosis and Negentropy can 

be used. The independence between the features can be gauged by probability densities or 

by the measure of mutual information. Eventually the estimation of the ICA model can be 

gauged by the maximum likelihood estimation. The ICA method can use a parallel or a 

deflational algorithm for the decorrelation process and it is able to whiten the data in case 

they are not already whitened. 

Latent Dirichlet allocation  

The Latent Dirichlet allocation (LDA) (Nitta, 1999) is a generative statistical topic model that 

discovers latent features from a collection of data observations. This method is well known 

for its uses in the text classification where many words can be represented by latent 

variables that constitutes the topic of the words. Afterwards, each document belongs in 

categories based on these latent variables. In a similar fashion a set of features can be 

related and represented by a latent variable. 
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The LDA uses the Dirichlet distribution which is specified by a vector parameter α that 

contains some parameters    corresponding to topics i, which are written as Dir(α). The 

process for computing the probability density function for each topic vector x is proportional 

to the product over all topics i of     . Where    is the probability that the topic is i. So, the 

terms in x must sum to 1 and as a result we don’t get arbitrarily large probabilities by giving 

arbitrarily large values of x. 

Word Embeddings 

One way to reduce the feature space for textual data is to use words similarity. One 

approach that is receiving much attention in the last few years is the word embeddings or 

Word2Vec (Mikolov et al., 2013). The idea here is to try to reduce the textual feature space 

while preserving the semantics. In particular, Word2vec exploit deep neural networks 

trained on large datasets to embed words in a low-dimensional space, while capturing the 

semantic of text and preserving the semantic relations between words. By applying 

word2vec, we aim to determine if word embedding features can capture the semantic 

concepts related to a topic. Gensim1 is an implementation of word2vec to embed the textual 

content into a vector space.  

Word2Vec comes with pre-trained models as the Google News model, where a vocabulary 

of 3 million words and phrases trained on roughly 100 billion words are mapped into word 

vectors with 300 dimensions2  

3.2.2 Feature selection 

Feature selection is the process of choosing a subset of features from a set of candidate 

features based on a statistical score. The selected features are the most important and 

representative of the available features. These methods require a good understanding of the 

aspects of the prediction problem that have to be resolved.  

A Feature selection technique can be reduced into a search method that shapes feature 

subsets along with an intrinsic evaluation score. The subset with the highest evaluation 

score is promoted as the most suitable. The first approach of feature selection techniques is 

a search algorithm that finds the optimal feature subset based on a classifier performance 

selecting iteratively candidate subsets. This approach is named wrapper method, but, 

despite the fact it the prediction is typically good, in most cases it uses a greedy search to 

shape the possible combination of features. For this reason it is not proposed here. 

The other two approaches of feature selection techniques are the filter method and the 

embedded method. The filter method gauge properties of the features such as the relevance 

or the variance and selects the features that surpass a threshold. This method keeps the 

features with the most useful information but it is not able to compute the relationship 

between the features. This method is less computationally intensive than wrappers but the 

predicted features are general and not tuned to a specific predictive model as the results of 

the wrapper method. 

                                                           
1 https://radimrehurek.com/gensim/models/word2vec.html  
2 https://github.com/mmihaltz/word2vec-GoogleNews-vectors  
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The filter methods that are described in the following paragraphs produce trustworthy 

results in a computational efficient process. On the other hand the wrapper methods are 

generally computational heavy methods and when the number of observations is not 

sufficient, the overfitting phenomenon (Domingos, 2012) increase. For these reasons, we 

decided not to use wrapper methods for the needs of the Basmati project. For completeness 

reasons we refer that the three main aspects of wrapper methods are recursive feature 

elimination (Louw and Steel, 2006), sequential feature selection algorithms (Aha and 

Bankert, 1996) and methods that use genetic algorithms (Oreski and Oreski, 2014). 

In the Embedded methods (Lal et al., 2006) the feature selection and learning method 

interact and this is part of the model construction process. The most well-known embedded 

method is Lasso (ZHOU et al., 2010) which constructs a linear model penalizing the 

regression coefficient and shrinking many of them to zero. Embedded methods have worse 

computational complexity than filter methods and better than wrapper methods. Our initial 

objective is to avoid using them since it is preferable to discriminate the feature selection 

stage from the prediction stage.  

The following paragraphs describe prominent filter methods that can be applied: 

Information gain 

Information gain (IG) (Lee and Lee, 2006) measures the number of bits of information gained 

for a category prediction (classes or clusters) based on the presence or absence of a feature 

that represent a data instance. We compute the IG for each feature and remove from the 

feature space those features whose IG is less than a threshold. The computation of IG 

involves the gauge of the conditional probabilities for each category given the feature and 

the entropy computation. 

  ( )  

 ∑   (  )       (  )    ( )
 
   ∑   (    )       (    )    ( ̅) ∑   (    ̅)  

 
   

 
   

     (    ̅) Eq. 1 

 

Where   (  ) is the probability of a category,   ( ) is the probability of a feature, and 

  (    ) is the probability of the category    given the feature t.  

Chi-square  

The Chi-square (  ) (Yang and Pedersen, 1997) measures the lack of independence between 

a feature and a category.    is a normalized value and its values are comparable across the 

features for the same category. A different interpretation of    is that it measures of how 

much expected counts and observed counts deviate from each other. 

  (   )  
  (       ) 
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 Eq. 2 
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A is the number of times that the feature t and the category c co-exist, B is the number of 

time that the t exist without c, C is the number of times c exist without t, D is the number of 

times neither c nor t occurs, and N the total number of data instances. 

Mutual Information 

The Mutual Information (MI) (Peng et al., 2005) criterion quantifies the amount of 

information obtained about a feature through the predicted categories. In the field of 

information theory, MI is linked to the entropy of a random variable and estimates the bits 

of information of a random variable. 

  (   )     
   

(   ) (   )
 Eq. 3 

 

Where A is the number of times that the feature t and the category c co-exist, B is the 

number of time that the t exist without c, C is the number of times c exist without, and N is 

the total number of the data instances . 

To measure the positive contribution of a feature in the prediction process, it is calculated 

the factor  (    ) for each i category. Finally, the following equation is used to calculate the 

global mutual information for each feature. 

 

     ( )  ∑   (  )    (    )  Eq. 4 

 

where   (  ) is the percentage of the data instances from the training dataset that belong in 

the category   . 

The      ( ) expresses the appropriateness and the contribution of each edge for the 

accurately category detection. We can set a threshold for      ( ) and discard all the 

features that have a lower value than the threshold. 

Fisher score 

The Fisher score criterion (Gu et al., 2012) gauges a subset of features such that the 

distances between data points in different categories are as wide as possible, while the 

distances between data points that belong in the same category are as close as possible. 

 ( )  |
  
    

 

  
     

  
| Eq. 5 

 

Where   
 is the mean value for the r-th feature in the positive categories,   

  is the mean 

value for the r-th feature in the correct negative categories,   
  is the standard deviation for 

the r-th feature in the positive categories, and   
  is the standard deviation for the r-th 

feature in the negative categories. 
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Low variance criterion 

The use of a Variance threshold (James et al., 2013) is a baseline approach that removes all 

features whose variance is zero or lower than a specified threshold. The variance can 

quantify the degree that the data distributes itself about the mean or expected value. 

 

   ( )  
∑ (    )

  
   

 
 Eq. 6  

 

Where    is the individual feature value of the data point i, μ is the mean of the population 

and N is the number of data points. 

Similar to the statistical Variance criterion is the correlation coefficient criterion (Hall, 2000) 

that quantifies the dependence between two or more random features or observed data 

values. The correlation feature selection is based on the hypothesis that good feature 

subsets contain features highly correlated with their categories and uncorrelated to each 

other. 

4. Prediction methods for User mobility behavior modeling and 

Application usage modeling. 
The goal of KE is to predict the application resource demands and the distribution of users 

into the PoIs of an area. These kind of predictions can be reduced to classification, clustering 

or regression Machine Learning methods. The description of the output that is provided to 

the DM, the available data types and the use case dictate the applicable prediction 

approach. 

In the following three paragraphs we introduce the classification, clustering and regression 

models. The subsection 4.1 discuses models for the Resource demands prediction and the 

subsection 4.1.3. Section 4.2 discuses methods for the Users’ mobility. 

Data observations such as the application CPU resource usage or the geo-tag position of a 

user can be represented as vectors. The vectors can be processed and analyzed using 

metrics and functions that quantify the vicinity between them in an n dimensional space or 

the conditional probability between a dimension of interest and some other that have 

already occurred. The vector representation facilitates the geographical location of data and 

the time deviations are directly estimated. Classification, Regression and Clustering 

processes can be carried out using the vector representations. 

Classification 

Classification and clustering assign instances into categories (classes or clusters). In the 

classification approach, the categories are predefined in the training stage with each data 

instance belonging to one particular category (hard classification) or a set of categories (soft 

classification). After training the prediction model, we can assign each upcoming data 

instance in the most similar category based on specific criteria. 
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Clustering 

In the clustering approach, the clusters are based on the similarities of data instances to 

each other. In the clustering approach, there is not any representation of predefined 

categories and training dataset. That is why the clustering methods belong in the 

unsupervised methods while classification methods in the supervised methods. 

Regression 

The regression approach does not assign data instances in categories, but predicts the 

output of a variable based on its data representation. In a more mathematical formulation 

regression estimates the conditional expectation of the dependent variable given the 

independent variables. Comparing classification with regression method, we can say that in 

classification the prediction of a data instance would be one or more of the predefined 

categories. On the other hand using a regression approach, the prediction would be a 

variable or a set of variables that ranges between a minimum and a maximum value without 

any restriction. 

4.1 Resource demands prediction 
The Resource demands prediction constitutes a meta-model that involves a set of regression 

techniques to estimate the resource needs of the deployed application on the cloud edges. 

The process of resource demands predictions has a generic nature letting any deployed 

mobile application on the cloud edge to be adapted as depicted in the Figure 3.  

Prior to the launch of KE, a training dataset related with an application should be 

constructed during a monitoring process. Observations of cpu load, memory allocation, 

throughput, and response time are recorded in combination with different scales of 

workload and context parameters such as the time period or the area in which the mobile 

application runs. 

 

Figure 3 Application Resource demands meta-model 

 

Each application that is going to be deployed is accompanied with a dataset provided as 

input to the KE. The unified representation layer map it to a more refined form. Afterwards 

the dataset is split and processed using the tenfold cross validation(Refaeilzadeh et al., 
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2009). In case of very small samples should be preferred a bootstrap method (Braga-Neto 

and Dougherty, 2004) with an observations split 65% training and 35% testing. 

Depending on the data type that kept in the unified structures, the corresponding prediction 

models activated and trained. Next, the testing part is provided to the trained predictive 

models in order to evaluate them and select the most accurate. Four separate regression 

techniques are implemented to predict the resources demands. 

4.1.1 Support Vector Regression  

Support vector regression (SVR)(Chang and Lin, 2011) is a non-parametric technique that 

follows the same basic idea of the classification Support Vector Machine algorithm adapted 

to predict real values using the principle of maximal margin, which view SVR as a convex 

optimization problem. SVR can support Linear, Gaussian, and Polynomial kernels. 

SVM regression (Smits and Jordaan, 2002) of vectors can be carried out by the Support 

Vector Machine model (SVM). The data instances are represented as points in an N-

dimensional space. Then a planar is gauged to divide the instances that belong to different 

categories. The gap between instances that belong to different categories should be as wide 

as possible. The new instances are projected in the N-dimensional space and assigned in a 

category based on which side of the gap they fall. 

The data in many cases are not linearly separable and the estimation of a planar that 

separates the dimensional space is not an efficient solution. The use of a kernel function 

transforms the data points mapping them into a new dimensional space in which are linear 

separable. Typical kernel functions are the Polynomial, Gaussian, and Sigmoid  

The advantages of the SVM model are that it produces good predictions in high dimensional 

spaces even if the number of dimensions is greater than the number of trained data 

observations. SVM is also a memory efficient method and the computation complexity is low 

producing good predictions in real time response.  

4.1.2 Bayesian Regression 

Bayesian Regression (BR) (Pattern Recognition and Machine Learning | Christopher Bishop | 

Springer, n.d.) is a probabilistic approach for linear and multivariate linear regression 

techniques that use the Bayesian inference. BR allows putting a prior on the coefficients and 

on the noise in case of a sparse dataset. 

The Naive Bayes classifier (John and Langley, 1995) is based on selecting the highest 

probable hypothesis for an instance given the observed data of the instance and the training 

data. The hypothesis is the category to assign for a new data instance. 

 (   )  
 (   )  ( )

 ( )
 Eq. 7 

 

Where P(d) is the probability to come up the observed data  
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P(h) is named the prior probability of h and it declares the probability of hypothesis being 

true. 

P(d|h) is the probability of observed data d given that the hypothesis h is true 

P(h|d) is named posterior probability and expresses the probability of the hypothesis h given 

the observed data d. 

The training process is fast. The prior probability of each category P(h) and the probability of 

the observed data d given that the hypothesis h P(d|h) should be calculated 

 The observed data in many cases have a Gaussian distribution. The Naïve Bayes model can 

be extended to the Gaussian Bayes models in which the probability estimation can be 

computed by the following. Where    and    are estimated by the observed data using 

maximum likelihood 

 (    )  
 

√    
 
    ( 

(     )
 

   
 ) Eq. 8 

 

4.1.3 Deep Learning Regression  

Deep Neural Networks (DNN) typically are used for classification and clustering purposes, 

but they also have been implemented to predict continues values with a regression 

approach (Enzo Busseti, 2012). A DNN regression prediction can be performed using a 

multilayer neural network and a rectified linear unit (ReLU) activation function for each 

hidden node. The activation values are summed and multiplied with the weight values for 

the nodes of the hidden layers. In the output layer there is a simple sum that aggregates the 

values from the last hidden layer as depicted in the Figure 4. 

 

Figure 4 Deep Learning 
Regression 

 

Figure 5 Bayesian Regression models 

 

4.1.4 Multiple Linear Regression 

The multiple linear regression (Eberly, 2007) is used to express the relationship between one 

continuous dependent variable and a set of independent variables. The independent 

variables can be continuous or categorical. Linear relationship is assumed between the 

dependent variable and the independent variables. The Multiple Linear Regression applied 

with the Akaike criterion for model selection. 
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4.2 Users mobility 
The user mobility understanding and modelling facilitates the provision of mobile application 

services and the utilization of federated clouds. The distribution of users into POIs is a useful 

information that provided by the KE to the DM. The POIs can be defined statically or 

dynamically. In case of a static definition, the POIs will be defined by the end user of the 

platform in the configuration fields. In case of dynamic discover of POIs, they will be 

estimated using a graph partition technique. The following three subsections discusses 

methods for the user mobility prediction. An additional processing will take place to 

estimate the number of users that enter and leave the area of interest based on previous 

events. 

4.2.1 Graph-Based Geolocation Prediction 

The POIs of an area and the mobility between them can be represented as nodes and edges 

respectively (Figure 6 and Figure 7). The probability of going from one POI to another is 

represented as edge labels that join the corresponding nodes. A method that predicts the 

user next position using Markov Chains (Gambs et al., 2012) has been implemented. 

 

Figure 6 Users are concentrated close to 
POIS 

 

Figure 7 Transition Probability among 
POIS 

4.2.1.1 Graph partitioning 

The user localization in area of interest can be graph represented, where the nodes 

represent the users, while the edges can represent the transition between geotags positions. 

The graph partitioning techniques can be used to detect dynamically POIs.  

The graph partitioning problem belongs in the category of NP-hard problems but heuristic 

algorithms have been proposed producing sufficient solutions with low computation 

complexity. Two of the most common methods are the Kernighan–Lin algorithm and the 

spectral clustering approach.  

The Kernighan–Lin (Dutt, 1993) algorithm is based on an iterative node exchange process. 

The nodes between the candidate partitions are exchanged in order to be shaped the most 

dense graph parts. To gauge the nodes that should be exchanged, it is used a metric of 

internal and external cost such as the betweenness that have been proposed by Newman 

and Girvan (Newman and Girvan, 2004). This algorithm can have response close to real time 

for graphs smaller than 10,000 nodes 
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Spectral clustering (Dhillon et al., 2004) is a graph partition technique that works well in 

applications that contain a small number of clusters. This method uses the eigenvalues of 

the adjacency matrix, performs a dimensionality reduction and applies a clustering method 

such as K-Means on the eigenvectors. K-Means assign each observation in the cluster with 

the nearest mean distance. 

Clustering vectors into groups of similar instances can be useful to identify labels for further 

prediction tasks. Clustering algorithms aim for clusters where every member in one cluster is 

more similar to each object in the same cluster than to members of all other clusters.  

The similarity of objects is defined by a similarity measure. This measure usually ranges 

between [0,1] where 0 means no similarity and 1 means maximum similarity. A typical 

measure for similarity is the Minkowski distance 

 ( ⃑⃑   ⃑⃑ )  (∑        
  

    )
 
 ⁄  Eq. 9 

 

The Minkowski distance is a generalization of the Euclidean distance (p=2). The Euclidian 

distance is a good measure in geospatial application due to its intuitive interpretability as a 

distance of objects in the real world. 

Similarity of documents or texts in general in a bag-of-words representation can be 

measured by the Jaccard similarity. For two sets of words (i.e. to documents) A and B the 

Jaccard similarity is defined as 

 (   )  
     

     
 Eq. 10 

 

When it comes to clustering massive amounts of users in a small area like a festival ground, 

density-based clustering algorithms are a good choice due to its properties. Density-based 

clustering algorithms are capable of finding clusters of various shapes, especially concave 

cluster shapes. Other clustering algorithms like k-Means only detect convex structures. 

Another advantage of density-based algorithms is the fact that no initial choice of the 

number of expected clusters is necessary.  

The most popular density-based clustering algorithm is DBSCAN (Ester et al., 1996). The 

algorithm assigns points to three categories.  

 Core points belong to a cluster and do not belong to the edges of this cluster 

 Reachable points belong to a cluster and lie on the edge of this cluster 

 Noise point do not belong to any cluster 

The DBSCAN algorithm is controlled by two parameters        and  . A point is a core point 

if at least        point lie in a radius of no more than   around it. A point is a reachable 

point if it is reachable by a path of core points. The reachable point itself does not have to be 

a core point. If a point is not reachable from a path of core points it is considered noise.  
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One core assumptions of DBSCAN is that the variability of the densities in the data points is 

homogeneous. If there are too many clusters with different densities it is impossible to find 

a combination of parameters        and   that can handle this variability.  

To overcome this disadvantage of density variability, Mihael Ankerst et al. (Ankerst et 

al.,1999) proposed the OPTICS algorithm which is a variation of DBSCAN. The OPTICS 

algorithm, like DBSCAN, requires two parameters        and   where the last parameter 

describes, in contrast to DBSCAN, the maximum distance to consider by the algorithm. All 

points are sorted due to its spatial distance to each other. Spatially close points build a 

neighborhood after sorting. 

OPTICS introduces two distance functions: 

 The core distance of a point describes the smallest distance to its       ’ neighbor 

(w.r.t.  ). 

 The reachability distance of two points is the maximum of either the direct distance 

between them or the core distance 

Both functions, the core distance and the reachability distance, are undefined if there is not 

a sufficient number of points (i.e.       ) in the neighborhood of the current point (w.r.t. 

 ). Due to the fact that each point has its own core distance, clusters with different densities 

can be detected. 

Another clustering algorithm with rather good results in two-dimensional space is mean-

shift clustering (Cheng, 1995). Mean-shift is a general concept and can be used for finding 

modes in density distributions. As in DBSCAN and OPTICS, points in mean-shift algorithm are 

considered as drawn from some density distribution. The algorithm starts with a window 

function (e.g. based on Epanechnikov kernel) centered around some point in space. Then the 

centroid of the points inside the window is calculated and the window is shifted towards this 

new center point. This procedure is repeated until the center points converge. The mean-

shift algorithm can be considered as a hill climbing algorithm where the top of the hills are 

the center points of the clusters. 

There are many parameters in mean-shift clustering that have to be optimized for different 

applications. Depending on the use case it is necessary to set these parameters based on 

domain knowledge by experts and exploratory analysis. For instance, the choice of the 

kernel function can have a huge impact on the detected clusters. Another choice can be 

made for the distance function. 

4.2.1.2 Markov Chain Transition 

Mobility Markov Chain (MMC) uses a discrete stochastic process in which the transition 

probability to a state depends only on the current state and the probability distribution of 

the transition between states. States correspond to frequent POIs and transitions 

correspond the probabilities of moving between stated. MMC can be memoryless that is to 

say; the next POI depends only on the current POI or with memory. In the latter the next POI 

depend on the current and the previous states. The state space is represented as graph or 

transition matrix. 
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4.2.2 Text-Based Geolocation Prediction 

The user-generated texts can be a further source of information for geolocation predictions 

(Bo Han et al., 2014). An NLP technique that predicts the next user position based on his 

published data and the textual description of the POIs has been implemented using the N-gg 

representation model (Violos et al., 2014a).  

Predictions based on the textual data can be carried out using a Graph representation model 

in combination with Graph similarity metrics. The Graph model has been used for text 

classification (John Violos, 2016) and text clustering purposes (Violos et al., 2014b). The 

graph model currently has been used with N-Grams as nodes where the edges represent the 

vicinity of the corresponding n-gram nodes in the original texts. Graph similarity metrics are 

used to quantify the relation of the text with categories function the time. 

4.2.2.1 Graph Construction 

The construction of the term-graphs (word-graph or NGram-graph) is based on the terms 

that are contained in a text and their vicinity. The graph construction process is similar for 

individual texts and predefined categories that contain a set of texts. The terms contained in 

the original texts are presented as labeled nodes. The nodes are joined by directed edges 

based on the vicinity of their corresponding terms in the original text. The direction of the 

edges indicates the sequence of terms as they exist in the original texts.  

The degree of neighborhood between the terms is a parameter that defines the density of 

the graphs. The degree of neighborhood is defined by the number N of edges that a term 

with the following terms. Microblog texts have a better representation with a small N two to 

five. While texts that contain plenty paragraphs are represented in a better way with N 

degree four to seven. 

4.2.2.2 Graph Similarity 

To quantify the relation between a category and an individual text a graph similarity 

measure can be used. Containment Similarity (Aisopos et al., 2012) is a measure that counts 

the number of common edges between two graphs in comparison with the total number of 

edges of the minimum graph. 

  (     )  
∑  (    )    

    (         )
 Eq. 11 

 

Where    is the graph of a text and    is the graph of a category,           is the number of 

edges of the graph    and    respectively and e is an edge that belongs to the graph   . 

The function  (    ) is equal to 1 if the Graph    contains the edge e and 0 ot In the case of 

weighted graphs, the measure of Value Similarity (VS) and its normalized version (NVS) 

(Aisopos et al., 2012) can be used.  

The textual data can also be represented with weighted graphs. The weight in the edges 

declares the vicinity of two terms or the frequency that two terms are close in a text. For the 

needs of weighted graph similarity, it is proposed the Value Similarity (VS) measure which 

gauges the sum of total common edges between two graphs taking account their weights. 
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The same edge weights in both graphs declare that the terms are close in in the original 

texts with the same frequency and it produces a high VS degree.  

  (     )  
∑

    (  ( )   ( ))

    (  ( )   ( ))
    

    (         )
 Eq. 12 

Where    is the weight of the edge e in the Document Graph and    is the weight of the 

edge e in the Category Graph.  

The value similarity between a big graph and a small graph may not produce reasonable 

results. The Normalized Value Similarity (NVS) eq. 9 can express the similarity between two 

graphs decomposed by the graph sizes using the normalized factor of eq 10 that divides the 

value similarity. 

   (     )  
  (     )

  (     )
 Eq. 13 

 

The normalized factor is the division between the minimum edges to maximum edges of two 

graphs. 

  (     )  
   (     )

   (      )
 Eq. 14 

 

Additional graph similarity measures can be applied based on the interconnection of the 

terms and the Maximum Common Subgraph (MCS) between the two compared graphs. The 

detection of MCS in unlabeled graphs is a NP-complete problem (Conte et al., n.d.). 

Fortunately, the detection of MCS in graphs with labeled nodes is a process of linear 

complexity. The approaches that quantify the MCS are      ,        , and        

and presented in the following equations. 

MCSNS uses the amount of nodes that exist in MCS. In a more thorough analysis this means 

that it considers the amount of different terms which are related to one another in the 

original text and the texts of the corresponding category. 

     (     )  
    (          )

    (         )
 Eq. 15 

 

where     (          ) is the total number of nodes that are contained in the MCS of    

and    graphs. 

The metrics MCSUES and MCSDES are based on the amount of edges that exist in the MCS. 

In the case of MCSDES it is taking into account the direction of the edges whereas in the case 

of MCSUES direction is not considered. Further investigation reveals that these metrics 

capture the notion of how strong is the relation of the terms that coexist in the document 

and the category. 

      (     )  
     (          )

    (         )
 Eq. 16 
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where      (          ) is the total number of the edges contained in the MCS regardless 

the direction of them in the graphs    and    

 

      (     )  
     (          )

    (         )
 Eq. 17 

 

where      (         ) is the number of the edges contained in the MCS and have the 

same direction in the graphs    and    

The metrics CS, VS, NVS, MCSNS, MCSUES and MCSDES give as result a number between 

zero and one. Zero similarity declares that the graphs have nothing in common and similarity 

equal to one declares that       are identical graphs or subgraphs. 

4.2.2.3 Categorization and regression of data instances 

For the classification needs the data instances are assigned in the category with the highest 

similarity value between the graph of the category and the graph of the textual data. For the 

clustering needs the process is described in the table 4. The graph partitioning can be carried 

out by a method as these that are described in the subsection of 4.2.1.1 Graph partitioning. 

Step 1. Graph representation of the corpus. 

Step 2. Graph partitioning in the k most dense parts (graph representations of the k clusters). 

Step 3. Graph similarity between the graphs of each data instance with each graph partition. 

Step 4. Assignment the data instance in the cluster with the highest graph similarity value. 

Table 4 Text clustering process 

 

4.2.3 Post-Based Attendance Prediction 

BASMATI has as one of the use cases the Large events. Large events like music festivals or 

religious celebrations attract thousands of participants, and hence they are usually well 

reflected in social media, where interested users express, through posts, their feelings, 

experiences or opinions about such events. Moreover, in many cases, the participants of 

these events are spread around the world, moving to the event location at the period that 

its occurs. In the context of BASMATI, one interesting analysis that can benefit the prediction 

of user demand is to predict, from the analysis of these posts, the actual user attendance to 

the event. We propose a machine learning approach for analysing social media posts of 

users discussing the event to infer their actual attendance (de Lira et al., 2017) .  

Methodology: 

In the real world, an event e is something that occurs in a certain place during a particular 

interval of time. The place where the event occurs can be associated with its geographical 
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coordinates <lat, long>, and the temporal duration, which may vary from minutes to days or 

weeks. A social media post by a user u, may contain text, links, emoticons, photos and/or 

videos (depending on the specific social network), as well as the timestamp at which the 

post was created and a social component representing the relations of u with other users 

(likes, followers, retweets, etc). We define an event-related post p as any post that mentions 

one or more event identifiers and is thus possibly related to the specific event considered. 

Specifically, we propose to use supervised machine learning approaches to train binary 

classifiers that can automatically distinguish between posts of attendees and non-attendees. 

We instantiate our classifier in three different tasks referred to posts published before, 

during, or after the date of the event. We exploit four different categories of features: 

textual, temporal, social, and multimedia dimensions. 

 Textual features model the textual content of the post. We used a Bag of Words 

(BoW) model with unigrams, bigrams and trigrams occurring in the post. We apply 

lemmatization to group together the different inflected forms of a word. Thus each 

lemma and each sequence of two and three adjacent lemmas are considered as 

features.  

 Temporal features represent the time (in days) of the post with respect to the 

event. Social features characterize the social profile of the posting user.  

 Social features are the number of followers, the number of followees and the ratio 

between them. We notice that users with a high number of followers and a 

relatively low number of followees are typically sponsors, organizers or VIPs who not 

necessarily attend the event.  

 Multimedia features identify when a post has any multimedia content, such as a 

photo, video or a link to visual content posted in other social network like Facebook 

or Instagram. 

Therefore we use a supervised learning to train Machine Learning (ML) algorithms to able to 

predict with high accuracy the user attendance to an event. The goal of supervised learning 

is to build a concise model of the distribution of class labels in terms of predictor features. 

The resulting classifier is then used to assign class labels to the testing instances where the 

values of the predictor features are known, but the value of the class label is unknown. We 

briefly describe below two supervised machine learning classification techniques that we 

used for such task prediction.  

 Gradient Boosting Decision Tree. Consists is a ML technique which produces a 

prediction model in the form of an ensemble of weak prediction models, typically 

decision trees. It is often applied for regression and classification problems. The 

model is built in a stage-wise fashion as many other boosting methods do, and 

besides, it generalizes them by allowing optimization of an arbitrary differentiable 

loss function(Breiman, 1997; Freedman, 2009),  

Logistic Regression. In statistics, logistic regression is a regression model where the 
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dependent variable (DV) is categorical. This article covers the case of a binary 

dependent variable—that is, where the output can take only two values, "0" and 

"1", in our context attendee or not attendee. An explanation of logistic regression 

can begin with an explanation of the standard logistic function. The logistic function 

is useful because it can take any real input, whereas the output always takes values 

between zero and one and hence is interpretable as a probability (Hosmer, 2000) . 

5. Knowledge Extractor Architecture and Interface  
The KE component is composed of five subcomponents: two main and three auxiliary as 

depicted in the Figure 8. The two main subcomponents are the Prediction Producer and the 

Deployment Resolver. The two main subcomponents are responsible to estimate the 

application resource demands and the mobility of users respectively. 

The auxiliary subcomponents are the KE Controller, the Unified Representation, and the 

Knowledge Base. The KE controller orchestrate the processes of KE and provides the 

interoperability with the other Basmati components. The Data Unified Representation works 

as an intermediate layer between the data sources and the prediction subcomponents. The 

Knowledge Base keeps records of the interim knowledge that requires the supervised 

machine learning techniques.  

 
 

Figure 8 Knowledge Extractor inner architecture 
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Each scenario of Basmati, as proposed in the subsection 2.1, can use one, two, or all the 

subcomponents of KE based on the needs of the End-users. Each use case can have its own 

specific data as input and expect its own specific data as outcome predictions. The form of 

the input data, the expected outcomes, and the selection of the predictor techniques can be 

passed to the KE controller by the configuration fields. 

The two main subcomponents may need some training data to build their internal 

knowledge representations. The training data will be provided by the application repository 

subcomponent as depicted in Figure 9 Knowledge Extractor Sequence Diagram. 

 

Figure 9 Knowledge Extractor Sequence Diagram 

 

5.1 Prediction Producer 
The Mobility Understanding and Modeling is part of the Prediction producer subcomponent 

of the KE and it is developed based on the techniques that described in the section 4.2 Users 

mobility. The number of users that are gathered close to the POIs per timestamp are 

estimated. 
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The Application Analysis and Modeling is implemented as part of the Prediction producer 

subcomponent to provide useful predictions for mobile cloud applications such as resource 

demands and applications usage. The Decision Maker for the optimal resource management 

and the avoidance of the bottleneck phenomenon should examine these predictions. 

Resource demands such as the CPU, Memory and the throughput can be predicted using 

regression techniques that are described in the section 4.1 Resource demands prediction. 

The prediction methods provide dynamic time evolution predictions. For example, the CPU 

resource demands of an application may vary between the day time, when the visitor walk 

through PoI, and the night time when the visitors hibernate their devices. 

The prediction techniques can have as baseline a Vector regression method. An application 

can be represented as a vector in which the dimensions would represent application 

features. The values of the application vectors can be assigned based on their intrinsic 

characteristics or the state of the application until the prediction begins. A prediction 

function takes as input the corresponding vector and outputs the resource demand 

prediction in a sequence of time stamps.  

5.2 Deployment Resolver 

The Deployment Resolver is the second main subcomponent of KE, which implements the 

Situational Knowledge Acquisition (SKA) model. The SKA provides evaluation for the 

candidate deployment plans derived from the DM. SKA is laid in the task 3.3 Situational 

Knowledge Acquisition and Cloud-across Service Monitoring and it is described in the 

deliverable 3.3 Situational Knowledge Acquisition and Inter-Cloud Service Monitoring. 

5.3 Data Unified representation 

The data unified representation subcomponent is introduced as an intermediate layer 

between the sources of incoming data and the Prediction Producer. Its purpose is to 

transform the input data in a form compatible and readable from the predictive algorithms. 

The data preprocessing that is carried out by the data unified representation subcomponent 

involve three sequent stages as depicted in the Figure 2 Knowledge Extractor data fusion 

model and gathers data from the data sources, and produces the most representative 

features in normalized features. 

Each algorithm may process different kind of data such as textual data, vectors with discrete 

or continues values or graphs. A composite structure is designed to unify all of them in order 

to give the ability of the KE subcomponents to select the appropriate data from the 

corresponding fields of the composite data structure.  

Each user and application can be represented with a composite data structure as it is 

illustrated in the Figure 10 Unified Data Structure. Respectively, each prediction model will 

access the data of the compatible fields of the unified data structure. The graph 

representation can be done with an adjacency matrix or edge lists or adjacency lists based 

on the features of the data observations.  
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Figure 10 Unified Data Structure 

 

The Unified Data Structure is flexible to incorporate any kind of data observations. As 

example user posts (i.e. tweets) can be represented as textual data, the geo tag as a vector.  

The construction of the unified data records may need to retrieve data from many input 

sources. For this reason a data fusion technique as described in the section Data Fusiontakes 

place. Furthermore, the data sources may provide us with redundant data. Feature 

engineering techniques filter out the irrelevant data or transform them in a shape that 

improves the prediction techniques. 

The data sources may provide values in a different scale than the internal representation of 

the predefined knowledge of the KE. A standardization and normalization process bridges 

this gap reproducing the feature values to lie between a specified minimum and a maximum 

value. This process can be carried out for the vector representation and the weight of the 

graph edges.  

5.4 Knowledge Base 

A compatible dataset based on previous observations should be passed to the KE in order to 

construct the representation knowledge base that will be used from the supervised machine 

learning techniques. The knowledge base is loaded and used by the prediction techniques in 

combination with the representation of the input instances so as to produce the requested 

predictions. There is no need to store and retrieve the input data in any kind of database. 

The unified representation subcomponent is responsible to handle the varying input data 

and the extra effort of a database should be avoided. The prediction techniques do not need 

specific parts of the stored data and specific queries on them, but they need entire length of 

the knowledge base to carry out their processes. 
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3.2 5.5 Intercommunication of KE with other components  

The data of users and applications will be used to represent them and they will be the input 

of the KE subcomponents. Respectively the output of these subcomponents will be the 

predictions and evaluations based on the data observations and the machine learning 

techniques. The input and the output of KE can be provided and stored via a Rest Service 

which increases the interoperability and the intercommunication between all the 

components of Basmati. The requests to the KE will elicit a JSON file that will be stored in a 

URI using the operations GET or POST. In a similar way the data feed of the KE will take 

place. The data about the users with their trajectories and the applications are retrieved by 

Rest services.  

Name Resource Type Connectio

n from 
Description 

Knowledge Base 

Update 

http://147.102.19.130:8080/kn

owledge_extractor/rest/update

_knowledge_base 

POST 

Consumes(TEXT_

PLAIN) 

Application 

Monitoring 

Interface between KE and AM that 

provides to the KE the training 

datasets that will be stored in the 

knowledge base. 

Provide Users 

Positions & 

infrastructure info 

http://147.102.19.130:8080/kn

owledge_extractor/rest/provid

e_users_info 

POST 

Consumes(JSON) 

Application 

Monitoring 

Interface between KE and AM that 

provides to the KE the upcoming 

context users data. 

Provide Application 

Resources info 

http://147.102.19.130:8080/kn

owledge_extractor/rest/provid

e_apps_info 

POST 

Consumes(JSON) 

Application 

Monitoring 

Interface between KE and AM that 

provides to the KE the upcoming 

deployed applications meta-data. 

User Mobility 

Prediction 

http://147.102.19.130:8080/kn

owledge_extractor/rest/users_

prediction 

GET 

Produces(JSON) 

Decision 

Maker 

A request from DM to KE to predict 

the mobility of the users. 

Application 

Resources Prediction 

http://147.102.19.130:8080/kn

owledge_extractor/rest/apps_

prediction 

GET 

Produces(JSON) 

Decision 

Maker 

A request from DM to KE to predict 

the resource needs of the 

applications.  

Evaluation 

Deployment 

Document 

http://147.102.19.130:8080/kn

owledge_extractor/rest/verify_

deployment_plan 

POST 

Consumes(JSON) 

Decision 

Maker 

Interface between KE and DM to 

evaluate a deployment plan. 

Table 5 Knowledge Extractor Interface 

The ip address 147.102.19.130:8080 is the ip address of the workstation in which the KE is 

deployed for testing and developing purpose. This address will be replaced by the address 

provided by the cloud that host the KE.  

6 Knowledge Extractor Advance beyond the state of the art 

6.1 Research fields  
The research, scientific and technical fields from which we derive our technics and methods 

are: the cloud computer system, machine learning, data analysis, graph theory, and natural 

language processing. More specifically they are listed in the Table 6 Research Fields: 
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Research Field Specific Topics 

Cloud computing performance estimation 

Machine learning Classification, Clustering, Regression, 

Artificial Neural Network, Feature 

Engineering 

Data Analysis Data Fusion 

Graph theory Graph partitioning 

Natural language processing text classification, text clustering 

Table 6 Research Fields  

6.2 Datasets that are available/ be constructed 
The user mobility dataset used in the user mobility behavior experiments contains geo-

location points of users attending the Das Fest area in Karlsruhe. These users had an 

application installed in their phones and every time they executed it, their GPS position was 

stored. Then an anonymization took place in order to protect their privacy. The users 

trajectory through the event area was stored in a MondoDB data store. In the same fashion, 

a dataset of the resource application usage is constructed with the records of cpu load, 

memory, throughput and time response.  

 

 
Datasets: 

In the context of large event, we have built three dataset based on event-related posts of 

three  

specific events: 

 Creamfields 2016. It is a large British dance music festival featuring DJs and 

live acts, attracting more than 80,000 people. It was held in Daresbury, UK, 

on August 25th-28th.  

 VFestival 2016. An annual music festival held in England during the third 

weekend in August. It was specifically held in Chelmsford/South 

Staffordshire, UK, on August 20th- 21st). In 2015, it was estimated around 

170,000 attendees.  

 DAS FEST 2017, with its 250,000 visitors every year is one of the biggest 

open air events in Germany, the end of July at the in Karlsruhe. 

 

 We collected tweets using the Streaming API provided by Twitter. The following 

table summarizes by event: the amount of tweets collected, the terms used as identifiers 

and the period which using the streaming API. 
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Event Identifiers Period Amount of 

Tweets 

Creamfields2016 'creamfields' August 10th to September 15th 

2016 

80,389 

VFestival2016 „Vfest‟, 

„v21st‟  

August 10th to September 15th 

2016 

41,654 

DAS_Festival2017 'das_fest' March 19th to  

August 06th 2017 

1,589 

 

We conducted experiments using the datasets of Creamfields2016 and 

VFestival2016, since they were more representative in number of posts and for both 

datasets, most of the tweets are written in English (in the DAS FEST dataset tweets are 

mostly in German) allowing us also to evaluate the generalization of the models across the 

datasets. Tweets generated by the official accounts of the events (@vfestival and 

@Creamfields) were removed as not potential attendees. 

6.3 Evaluation metrics 
Knowledge Extractor (KE) is a component that provides predictions concerning users’ next 

position, the applications resource demands, and evaluated a deployment plan. In order to 

evaluate the accuracy of KE services, a set of metrics will be used for each task. These 

metrics are described in the Table 8 Next POI Prediction Evaluation metrics and Table 9 

Resource demands prediction evaluation metrics. To understand the metrics of the Table 8 

and Table 9 we should define the following terms and provide the Table 7: 

The term POI is used for a point of interest. Users are moved from POI to POI during a use 

case. 

The term      is used for the prediction of a user POI as estimated by a next POI prediction 

method.  

The term            is used for a user POI as formed in the baseline dataset of a use cases. 

            No            

      True Positives (TP) False Positives (FP) 

No       False Negatives (FN) True Negatives (TN) 

Table 7Confusion matrix for POI predictions 
  

True Positives (TP) is the total number of the users that correctly predicted in a POI in which 

they really belong. 
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True Negatives (TN) is the total number of users that do not belong in a POI and correctly did 

not predict to it. 

False Positives (FP) is the total number of users that do not belong in a POI but they 

predicted wrongly to belong in it. 

False Negatives (FN) is the total number of users that do belong in a POI but wrongly were 

not predicted to belong in it. 

 

Precision Precision expresses the degree that users POIs predicted 

correctly versus all the POI predictions (relevant and 

irrelevant). Precision is a metric that describes the purity of a 

prediction process.  

          
  

     
 

Eq. 18 

 

Recall Recall expresses the degree that users POIs predicted 

correctly versus all the relevant users that the POI includes. If 

some users are omitted from a POI the Recall is decreased. 

The Recall shows the prediction completeness of a POI. 

       
  

     
 

Eq. 19 

 

F-Measure The F-Measure, as we will use it is the harmonic measure of 

precision and recall in order to measure the accuracy of a 

prediction considering both the purity and the POI 

completeness. 

           
                

                
 

Eq. 20 

Table 8 Next POI Prediction Evaluation metrics 

 
 

Standard error of 

Regression 

 

Standard error of regression (  ) expresses how wrong the 

regression model is on average using the units of the 

response variable summing up the average distance between 

the observed values with the predicted values of the 



 
Public 

© All Rights Reserved  
 

 

 

BASMATI Deliverable D3.1 Page 32 of 38 

 
 

regression line. The term e declares the difference between 

the real and the predicted value of a parameter. N is the total 

amount of parameters. 

   √
 

   
∑  

 

 

   

 

Eq. 21 

Goodness-of-fit 

 

Goodness-of-fit represents the square of the correlation 

between the observed y values and the predicted  ̂ values. 

The proportion of variation in the predicted variable is given 

by the equation: 

   
∑( ̂   ̅)

 

∑(    ̅)
 

 

Eq. 22 
  

Table 9 Resource demands prediction evaluation metrics 

6.4 Experimental results 
The meta-model of resource application demands implemented using the java libraries of 

Weka, LIBSVM and deeplearning4j. It evaluated using the application resource observations 

of the das fest dataset. Table 10 summarizes the experiment results of CPU, Memory, 

Throughput, and Response time using the Standard error of Regression. 

The features that are recorded and processed are the following: time (tm), number of 

observations (obs), previous CPU (     ), current CPU (      ), previous memory (     ), 

current memory (      ), previous throughput (            ), current throughput 

(             ), previous response time (      ), current response time (       ). The 

number of observations concerns the workload provided to the Das Fest mobile application. 

Time concerns the timestamp of the day that recorded the resource usage. The previous 

values represent the values of the previous timestamp of the corresponding observations 

and current observations the current values. 

 
Algorithms CPU Memory Throughput Resp Time 

Multi Linear Regr 0.1621 0.1499 0.0008168 0.02369 

Deep Learning Regr 0.0921 0.08645 0.0005476 0.02590 

Support vector Regr 0.1913 0.1796 0.001189 0.04678 

Bayesian Regr 0.2895 0.1576 0.0009946 0.1647 

Table 10 Standard error of Regression on Resource allocation experiments 
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The regression using the Deep Learning Networks offers the predictions with the minimum 

standard error in most of the cases. Only in case of the response time, the Multi Linear 

Regression has slightly better results. Deep Learning approaches are very popular, but they 

have been criticized because their results cannot be explained and nobody is capable to 

understand the decision reasons. On the other hand other Regression techniques such as 

Multiple Linear Regression can construct the functions that make the predictions. For the 

usecase of Das Fest application constructed the following equations. 

 

                                                                   Eq. 

23 

 

                                                             

              Eq. 24 

 

                    

                                                          

       Eq. 25 
 

                                                     Eq. 26 

 

 Precision Recall F-Measure 

Next Place 

Prediction with 

Markov Chain  

87% 84% 92% 

Table 11 Accuracy of Users distribution into POIs 

 
For the needs of Post-Based Attendance Prediction, we carried out experiments using a 5-

fold cross validation, while preserving the proportion of positive and negative instances in 

each fold. For each task and dataset we trained three different classification models using: 

Gradient Boosting Decision Trees (GBDT) and Logistic Regression (LR). 

On analysing the results in Table below, we find that at least one of our classifiers attain 

effectiveness higher than the baselines for all tasks, with the highest performance observed 

on the Creamfields dataset (∼87% accuracy at classifying users that will participate in the 

event) using GBDT. For posts made during the event, GBDT obtained an accuracy of ∼82% 

when classifying the attendance of the users at the Creamfields and also when inferring past 

attendance at VFestival. We highlight the high precision (∼87%) achieved by LR on 

classifying tweets of attendees posted before the Creamfields festival. The performance 

achieved with RF on the VFestival dataset for the during task is also impressive: nearly every 

positive attendance case is correctly identified (recall ∼99%). In summary, the accuracy 

results show that our approach is effective at classifying user attendance. We observe that 
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GBDT on average outperforms the other algorithms and LR achieves the best accuracy in one 

of the six cases. 

 

  Creamfields VFestival 

Task Model Acc. Prec. Recall F1 Model Acc. Prec. Recall F1 

Before GBDT 0.874 0.846 0.912 0.878 GBDT 0.809 0.802 0.768 0.784 

 LR 0.868 0.870 0.870 0.868 LR 0.761 0.744 0.762 0.748 

During GBDT 0.817 0.830 0.616 0.708 GBDT 0.802 0.850 0.582 0.688 

 LR 0.741 0.766 0.538 0.602 LR 0.626 0.600 0.614 0.494 

After GBDT 0.780 0.792 0.948 0.864 GBDT 0.815 0.824 0.902 0.862 

 LR 0.813 0.810 0.958 0.880 LR 0.809 0.812 0.932 0.868 

Table 12 Accuracy of Post-Based Attendance Prediction 

7 Conclusions  
In this deliverable, we presented the main functionalities of the KE, the main subcomponent 

that provides predictions and the data unified representation subcomponent that refines 

the incoming data. The prediction techniques involve a set of supervised and unsupervised 

machine learning methods that process vector, textual and graph data. The raw data are 

transformed in a compatible form before they passed to the predictors. Feature engineering 

mechanisms that project them in a unified formulation and enhance the accuracy of the 

models have also been proposed.  

It was presented several methods for the prediction models that analyze the mobility 

behavior of users and the application resources demands. The KE component is designed in 

a generic approach to process and output various data parameters concerning a wide range 

of use cases. The described models are tested, evaluated and verified using festival datasets 

such as the Das Fest that took place between 20 and 22.07.2017 in Karlsruhe in Germany. 

The models that produce the most accurate results are integrated in the KE component.  

This deliverable has a report status and discusses the algorithms and the various techniques 

from a theoretic aspect. They are implemented by the Basmati developers and almost 

integrated in the Basmati platform as described in the Deliverable 2.3 Global Architecture 
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Design. The developing of KE component and its integration is in a fashion that aids a 

seamless intercommunication with the other components and the Basmati platform. For the 

integration we took into consideration the Description of the API, store/load data structures 

and methods of the component, the component technical description and various 

implementation details. All of them they will be discussed in the Deliverable 3.2 Analysis and 

Modelling of Users and Applications: Software Prototype that belongs in the Demonstrator 

type. 
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