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Recent years have witnessed appreciable number of open data sets availed to the public domain. 

This thesis therefore intends to find the association among multiple linked open data sets by 

establishing the correlation among them with comparison to the analysis of single data sets. 

Open weather data from Modern Era Retrospective – Analysis for Research and Applications 

(MERRA), electricity production data and electricity consumption data, both data sets from 

Lappeenranta University of Technology (LUT) are used in this study. 

Based on the results, it is found that linking and analysis of multiple open data sets is more 

informative as compared to the analysis of single data sets. This is seen from the weather 

parameters which are found to correlate with electricity production data set.  
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1.   INTRODUCTION 

This section provides the background for this research by briefly looking into the concept of 

individual open data sets as well as multiple open data sets and the relationship among them. It 

also presents the objective of this study and the corresponding research questions. The structure 

of this thesis is also presented in this section. 

1.1. Background  

At this information age, the availability of data is growing at an increasing rate owing to 

technological evolution
 
[1] as well as the efforts of data contributors who primarily include 

public bodies. For instance the World Wide Web (WWW) or simply the web as it has become 

known has formed a formidable part of this evolution. By acting as an incredible source of rich 

information, the web has been the core through which information age has gained popularity [2]. 

This huge amount of information has attracted a particular attention from individuals, public 

institutions and governments. Public bodies and governments have taken the initiative of 

collecting and producing this information as open data thus enhancing its access to the public [3]. 

Over the recent past, open data has become a growing trend as a topic of increasing importance 

[4]. Since the U.S.A initiated the idea of opening its data by publishing it via data.gov, other 

governments such as the UK (data.gov.uk), Australia (data.gov.au) have followed suit [3]. This 

precedent has also been followed by global organizations for instance, the World Bank and 

United Nations whose partnership and collaboration with other multi-stakeholders has resulted to 

Open Government Partnership (OGP) [5]. Similarly, the European Union through its two 

directives; Public Sector Information (PSI) and INSPIRE has encouraged Member States to 

freely offer to the public as much information as possible [3]. 

As Alvaro et al. explains, not only the governments but also a number of national and 

international organizations have recognized benefits of open data [3]. These benefits can be 

realized through consumption of open data, for instance through creating services that make use 

of the open data sets. Different applications have been developed to ease the usage of open data 

sets.  

For example using Application Programming Interface (API)
 
such as OpenWeatherMap, services 

and products have been created that greatly depend on weather. However many of the open data 
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initiatives are focusing not only on single applications but also on using single data sets [6]. 

Nevertheless combining different data sets can lead to more benefits as compared to using single 

data sets. As Anneke et al. explains, potentially enormous value can be obtained by combining 

different data sets [6]. Also, as it is noted by Chris et al., the value and usefulness of data 

increases the more it is interlinked with other data [7]. Establishing relationship among linked 

data sets can further result to additional value. Establishing how one data set correlates to another 

data set could lead to even more benefits. Correlation analysis among data sets has been arguably 

one of the single most important things one can do with a data set [9].  Such analysis could aid in 

not only defining trends and making predictions but also to unravel the main causes of certain 

phenomena [9]. However, there have been tremendous challenges inhibiting the full realization 

of linking data sets and the subsequent correlation establishment and analysis [8]. The most 

prevalent being that a lot of data sets are not currently published as linked data, which could 

partly be attributed to the fact that most of these data sets exist in a wide variety of different 

formats [7, 8]. In addition, the published data consists of many semantic ambiguities which 

require users to have a better know how on the best way to map the concepts emanating from the 

published data sets [8]. 

In recent years, computer science research has shown increasing efforts towards linking different 

data sets, however the number of successful examples of combining data sets have been limited 

[6]. Even more, establishing correlation that exists among data sets need considerable attention 

and efforts so as to benefit more from the available open data sets [10]. In this context, this thesis 

is aimed at establishing correlation existing among open data sets and illustrates best ways to 

depict the same as well as illustrate its benefits.  

1.2. Research Objectives 

The main aim of this research is to find the association from multiple open data sets by linking 

them and establishing the correlation emanating from them. The open data sets include, weather 

data from the Modern Era Retrospective-Analysis for Research and Applications (MERRA), 

electricity production data and electricity consumption data, both data sets available from the 

Energy department, School of Energy Systems in Lappeenrata University of Technology (LUT). 

To begin with, the study evaluates the state of open data, from its inception to benefits and 

challenges to the state of linked open data. It goes further to establish the relationship arising 



6 
 

from the linked open data sets and capturing the relationship through various measure of 

correlation. 

To achieve these objectives, this thesis will answer the following research questions: 

RQ1: What level of correlation can be established from multiple linked open data sets?  

The following supporting research questions (RQ2, RQ3, RQ4) to RQ1, will also be answered in 

this thesis  

RQ2: What are the benefits of using individual open data sets? 

RQ3: What are the impacts of linking separate open data sets? 

RQ4: How to find existing correlation among linked data sets using measures of correlation 

analysis. 

RQ5: What is the strength of the correlation (if it exists) among linked open data sets and 

what can be inferred from such a correlation? 

RQ1, part of RQ4 and RQ5 will be answered upon successful completion of this thesis. RQ2 and 

RQ3 will be answered in Section 2 (Literature Review). RQ4 will be answered in Section 3 

(Research Methodology). Finally, RQ5 will be answered in both Section 4 (Results) and Section 

5 (Discussion). 
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1.3. Structure of the thesis 

This thesis is divided into six different sections. Section 2 gives a review of the related literature 

that forms the basis of this research. It comprises of literature about open data, open government 

data, open data platforms and energy production and consumption in Finland. Section 3 

describes the methodological approach used in this research. It defines the research process 

leading to development of the linked open data system. Section 4 presents the results for this 

thesis. Section 5 evaluates the obtained results and provides recommendation based on them as 

well as describing an outline of future work. Section 6 provides conclusion by summarizing the 

work presented in this thesis. This part analyses the research question to determine whether or 

not the research goal has been attained. Final remarks are also presented in this section. 

 

 

 

 

 

 

 

 

 

 

 

 

 



8 
 

2. LITERATURE REVIEW 

This section reviews the related literature and is divided into three main parts: Open data which 

contains open government data and open data platforms as the subsections, Energy production 

and consumption in Finland and finally the application of correlation analysis.  

2.1. Open Data 

Until recently, much of the information that has been held privately and under certain restrictions 

is now becoming accessible [11]. On one hand, this breakthrough has been realized by the idea 

of opening data which has benefitted from the advancement in technology [3]. On the other 

hand, efforts from governments, public and non-public bodies have immensely contributed to the 

realization of open data initiative by collecting and storing large amount of data for public use. 

Different types of open data such as government data, science data, and corporate data have been 

collected and stored in single data stores thus making it easier for the public to access [11]. 

Since its inception, open data has been defined in a wide range of different ways.  According to  

Bonina, “A piece of content or data is open if anyone is free to use, reuse, and redistribute - 

subject only, at most, to the requirement to attribute and /or share alike” [12, pp.5].  In their 

study, Evanela et al. use the same definition which is provided by the Open Knowledge 

Foundation (OKFN)
 
[13]. OKFN is a non-profit making organization that advocates open 

knowledge which is believed to create many opportunities that can in turn have greater benefits 

[14]. In their article, Lindman et al. define open data as data which is accessible in a machine-

readable format through the internet [15]. The above-mentioned and most of other existing “open 

data” definitions, culminates to the ease of data access, it‟s use and reuse and eventually the 

ability to redistribute it, at least with the intent of generating value. 

The benefits of the available open data sets for example population statistics, weather data, 

public transport data, among others have been recognized not only by national and international 

organizations but also various governments [3]. Most of these benefits are as result of creating 

services that consume the published open data sets.  

Various platforms and innovative applications are already available while others continue to be 

created to aid the public in the consumption of the available open data [13]. Publishing and 

consuming open data forms an important part of the whole open data life cycle
 
[2]. The open 
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data life cycle as illustrated in Figure 1 includes identification, publication, discovery, 

enrichment and consumption of data [1]. 

 

 

Initially, the cycle commences with data owners preparing raw data into processable form 

especially the non-proprietary format such as Comma Separated Value (CSV) [13]. This process 

begins with identifying and subsequent selecting the relevant raw data. The selection criteria is 

based on various parameters such the usefulness of the data, the audience of the data, 

transparency to be attained from the data [17]. 

Subsequently, the selected datasets are made available to the public. This stage represents the 

actual process of availing the data by publishing it in centralized data stores such as portals or 

websites [17]. The centralized storage for open data enhances its access and retrieval by different 

users. Even more, the stored data consists of metadata which describes the purpose of the data, 

the license under which it is published, and information on how it is maintained [13]. 

Discovery of the data creates awareness about the published data to its consumers: citizens, 

businesses, organizations both private and public and government agencies, thus enabling them 

access and make use of the published data through portal features such as searching [17]. 

Though open data enrichment can be an optional task, the consequent benefits of not neglecting 

it can be tremendous [17].  The published datasets can be transformed into structured formats 

that are not only machine-readable but also inhibit disambiguation [13]. This enables data 

Figure 1. An overview of open data life cycle [13]. 
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interpretation and by extension makes it easier to find the association among the data sets. 

Through such relationships, it‟s easier to interlink the corresponding data sets and also provide 

content necessary to interpret the datasets and their relationship. 

Data consumption being the last stage, finalizes the cycle. Different users make use of the 

published data sets accessed through the web or other devices such as the mobile phones. They 

create services from these data sets. They can also generate new data, thus commencing another 

iteration of the life cycle. Benefits of open data are discussed in the following section. 

2.1.1. Benefits of open data sets 

The advantages of using open data are being realized by wide variety of users, companies, 

research institutions, government agencies, and citizens ranging from end users to software 

developers [18]. These benefits can be realized by using the open data sets directly or indirectly. 

In the former, research can be carried out on the existing data sets, while in the latter services can 

be developed that make use of the open data sets [18]. The entities that benefit from the data can 

be classified into various categories ranging from small and medium-sized enterprises, large 

scale companies, corporations, and governments [11]. Various categories of open data such as 

government data, science data, and corporate data are being used by some of these entities to 

realize the benefits.   

Generally, benefits of open data can span from promoting economic growth particularly due to 

availability of information which can lead to increased level of knowledge, to increased level of 

innovation spearheaded by consumption of available open data [11]. Through open data, policy 

makers can access data needed to provide solutions to complex problems [19]. Citizens too are 

able to access available data from which services can be created.  Similarly citizens are able to 

contribute to policy development and governance from public organizations and governments 

respectively [19].  

Other than the general perspective, the benefits of open data can further be categorized into 

political, social, economic, operational and technical benefits [20]. From political benefits point 

of view, open data seems to empower users or citizens within a government ultimately realizing 

accountability and transparency especially from governments to citizens [20]. For instance, 

through his letter, UK Prime Minister David Cameroon, informed the government departments to 

open up their data; thus empowering citizens to make informed decisions, holding public 
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servants accountable which could result to growth in economy [21]. Community engagement 

within societies can also be leveraged thus leading to participations in attaining social needs of 

the society. Developing of applications that aid in service delivery can elevate the social benefits 

of open data [11]. 

From technical benefit aspect, open data sets collected in central stores and maintained in 

standardized formats reduce efforts and costs by sparing the consumers from collecting the same 

data anew [21]. As Janssen et al. explain in their study, “the main challenge is that open data has 

no value in itself; it only become valuable when used” [21, pp. 4]. The use of open data 

motivated by its easier access could trigger innovations arising partially from the consumption of 

the available open data.  

By and large, opening of data is expected to impact the economy positively [21]. For instance 

through effective use of the public sector data, tremendous contributions can be made towards 

improving processes. Better products and services can in turn be realized [21]. Most importantly, 

the feedback obtained from the users can be invaluable once tapped. Figure 2 provides an 

overview of the benefits of open data. In the next section, we discuss the challenges of open data. 
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Figure 2. Benefits of open data. 

2.1.2. Challenges of open data 

The use and adoption of open data is faced by numerous challenges [22]. They span from 

institutional, legislation, to technical level [21]. The categorization can also be extended to 

information quality, ability to use open data and participation in open data processes [21]. 

Nonetheless, these challenges can mostly be attributed to either data providers or data users. 

Lack of initiative to publish open data from data providers could impede its availability. On the 

same note, deficiency of know-how from data users could hinder the usage of open data.  

From the institutional barrier point of view, various institutions seem to be reluctant to change, 

spawning avoidance of risk of exploring new initiatives [23]. More often than not, lack of 

uniform policy for publicizing data could result to availability of non-value adding data [21]. The 

discrepancy between what data to be made public and what users expect, may act as a deterrent 

for institutions to publish their data. Likewise, for the available data sets, they are maintained by 

different independent agencies which require one to understand well how they operate in order to 

access and use the open data sets [8].  
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Poor information quality could yield inaccurate results: As with most data sets, information 

quality cannot be guaranteed, more so with the heterogeneity that has wrapped available data sets 

[24].  Incorrect data as well as lack of metadata about the available data sets could affect the 

quality of information. 

As Janssen et al. explain “information may appear to be irrelevant or benign when viewed in 

isolation, but when linked and analyzed collectively it can result in new insights” [21, pp.7]. In 

other words, the use of single open data sets could limit the overall gain realized as compared to 

when those data sets are combined and relationship between them analyzed. Despite the potential 

gain realized in analyzing data sets, Zurada et al. in their study, note that “being able to use data 

and find patterns and trends in large amounts of data remains a significant challenge” [25, pp. 

2]. 

From the technical point of view, open data sets seem to be published in a wide range of 

different formats, which not only affect the consumption of those data sets buts also analyzing 

the relationship among them [8]. On the one hand, this can be attributed to the absence of 

universal standards and existence of different architectures and platforms for handling open data,  

while on the other hand due to lack of meta standards together with the use of legacy systems by 

various data providers to publish the data [21]. Figure 3 summarizes the challenges from the 

legislation and task complexity point of view. 

 

Figure 3. Summary of legislation and task complexity challenges of open data [12]. 

Irrespective of the challenges facing open data, open data providers are still trying to make data 

available to the public. Public bodies are considered among the largest producers of data in many 

diverse domains [26]. These data domains may include weather, traffic, geography, public sector 

budgeting, to all data about policies [26]. Similarly, many governments around the world have 

continued to produce and maintain a lot of information to aid in their decision making process. 
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Using open data in e-government strategies and the implementation of open data programs by 

various governments have led to the emergence of Open Government Data (OGD) [27]. The next 

section provides a discussion about Open Government Data. 

2.2.  Open Government Data 

Over the years, in addition to access to information being restricted, much information has been 

held privately. Public entities have until recently stored and protected large amounts of data 

resulting from governance activity from being accessed by the public [11]. Charging of fees to 

access the data, copyrights and patents are among the restrictions that have limited access of data 

to certain group for eons.  This has resulted to data closeness paradigm
 
and less information 

available to the public [20].  

Continuous criticism of this “data closeness” on one hand, and the recognition of the need to 

information on the other hand, have led to the rise of data openness
 
paradigm [3].  

The “openness” of data has been supported by Open Government Data (OGD) promoters, most 

of them being the governments. OGD is based on Open Data (OD) [28], but the question is 

whether there is a relation between the two. As Kucera points out, OGD is a subset of OD [29]. 

Kucera states that in order to realize the potential of OGD, open data is necessary. He reiterates 

that open data can be considered to be a core initiative of Open Government [29]. OGD simply 

means application of concept of OD to the large amount of data held by the governments, 

Government Data (GD) [27].  

OGD being a vital communication channel between governments and the citizens has emerged 

as a combination of three backgrounds: Openness, Government and Data as shown in Figure 4.  
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Inception of laws by various governments permitting access to information has critically 

motivated governments to publish their information [30]. The adoption of the “The Freedom of 

the Press Act” [31] report by the Kingdom of Sweden back in the 18
th

 Century was of paramount 

importance to OGD movement [31].  This was a precedent followed by various other countries 

with Finland being the second back in the 50s. The realization of benefits in the information age 

has seen skyrocketing adoption of the laws by even many more countries in the 21
st
 Century.  If 

the past trend pertaining the adoption of the “access to information” laws is anything to go by, 

access to information is a phenomenon to be experienced by better part of the globe as illustrated 

in Figure 5 [31]. 

 

 

Figure 4. Foundations of Open Government Data [27]. 



16 
 

 

Figure 5. Adoption of access to information laws around the world [31]. 

 

The pie chart represents the number of nations that have adopted the laws pertaining the  access 

to information within different time periods. As illustrated in the pie chart, 21
st
 Century seems to 

be the period with many countries adopting the laws, with the 18
th

 and 19
th

 Century being the 

period with the least.   

These legal developments corroborated with the technological advancement experienced over the 

recent past have been an impetus to governments to publish their data [20]. This is 

notwithstanding the political nature that has improved over time.  

Following these proceedings, a major milestone however, has been the initiative by the United 

States of America (U.S.A) through Obama‟s administration to stress on the importance of open 

government data towards enhancing transparency in government activities [32]. Subsequent 

publishing of its open data on data.gov portal ensued, affirming its support on the same. This has 

laid precedent to other governments, with the United Kingdom (UK) following suit by providing 

its government data to the public through data.gov.uk [33]. France (www.data.gouv.fr), 

Singapore (www.data.gov.dg), Austria (www.data.gv.at) have too availed their data to the 

public.  

http://www.data.gouv.fr/
http://www.data.gov.dg/
http://www.data.gv.at/


17 
 

In addition, other countries, non-governmental organizations, cities as well as other entities have 

used websites to provide access to their information [32]. A case in point is the Finland and 

Estonian governments that have provided access to their information via 

www.suomi.fi/suomifi/tyohuone/index.html [33] and www.pub.stat.ee/px web.2001/Dialog/ 

statfile1.asp [34] respectively. In the next section, the principles of Open Government Data will 

be discussed. 

2.2.1. OGD Principles 

As a result of combined efforts from several organizations, a set of principles have been put 

forward to provide governments with the best practices pertaining the handling of open data [35]. 

These principles not only provide recommendations to governments but also act as a roadmap 

towards avoiding publication of inconsistent, incomplete, or irrelevant data [36]. These 

principles are described in Table 1 [37]. 

Table 1. Open Government Data Principles. 

OGD 

principles 

Description 

Complete  All the data sets released to the public should be as complete as possible with 

all the information regarding a particular subject provided. The raw 

information from the data set should too be availed with exception of personal 

information which should be provided adhering to respective federal laws. 

Metadata about the raw data and how it was collected should also be included. 

In other words, partial data should be avoided as it can lead to misleading 

information to the consumers. 

Timely Data should be made available to the public as quickly as it is gathered and 

collected and as soon as the actual data is created so as to retain the value of 

the data. By extension, this means that the data provided directly or indirectly 

by the data provider should be up to date. Availing of the data should be 

prioritized based on the data aspect that is time sensitive. 

 

http://www.suomi.fi/suomifi/tyohuone/index.html%20%5b33%5d%20and
http://www.pub.stat.ee/px%20web.2001/Dialog/
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Primary Data should be collected in its original format, without any modification that 

would alter the original content. Subsequently, the collected data should be 

published as it existed in its original source. 

 

Accessible Data sets released to the public should be obtained with ease whether in 

physical or electronic means.  In addition, data should made available to as 

large number of users as possible. 

 The accessibility of data can be considered from two approaches: Cognitive 

accessibility which defines the ease with which data consumer can understand 

published data. Psychological or logical accessibility defines how easy it is for 

a given dataset to be discovered through a data catalogue or repository. 

Logical accessibility of data can be affected by factors like, the format in 

which the data is published, the discoverability of the data and the search tool 

used to help discover the data. 

 

Machine 

processable 

Data should be published in a structured manner that allows automated 

processing and reasoning. 

Non-

discriminatory 

Data should be released to the public without barriers on who can access that 

data and how they must do it. Such barriers include registration or membership 

requirements. 

Non-

proprietary 

Data should be made available in open standards that are free from exclusive 

control from an entity over the usage and access of that data. 

License-free Data should be availed with no subject to copyright restrictions, trademark or 

secret trade regulation that imposes security and privilege restriction. 

Nevertheless data should be managed so as to enable availability of non-

sensitive information especially to those interested in using it. 
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With not only the governments but also other data publishers and consumers adhering to these 

principles, they have also governed data publication and consumption leading to even more 

benefits. However, even with the use of these principles, some of open data sets are continually 

being released as raw data which may negatively impact the value obtained from them [11].  

Nevertheless, raw data can be processed in order to generate more value; an initiative that has 

attracted the attention of various organizations and public bodies. 

 

Processing of raw open data entails various key steps [11]. 

1. The first step involves cleaning and standardizing the released data to ascertain the 

quality of data, its accuracy and to ensure that it is non-corrupt. 

2. Data from multiple sources is then collected into single data stores such as government 

portals for its easy access. A challenge in grouping data is the existence of large amounts 

of data in varying formats which may have impact on searching of the data.  

3. The third step involves increasing the value of data by combining data sets that have 

already been cleaned and standardized.  Data sets from government could be linked with 

science data for instance which could further be linked to datasets from other domains.  

Such connection not only adds relevance to data but also increases the value of 

information that was in single data sets. 

4. The final and most important step is the analysis of the linked data which yields greater 

benefits by establishing characteristic and/or relationship of/ between data sets. Through 

such analysis, decisions can be made, predictions done and appropriate actions based on 

the predictions.  This step is divided into three categories: 

 Descriptive analytics, being the rudimentary form of analysis focuses on studying 

a particular data set. 

 More complex analysis can be achieved through predictive analysis by use of 

models, data mining and machine learning techniques. 

 Through prescriptive analytics, a course of action can be suggested based on the 

predictions. 

Considerable efforts have been geared towards cleaning and standardizing data and the 

subsequent consolidating of the data into single data sources. However, researchers and the 
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relevant bodies need to focus more on the latter two stages of linking and aggregating data and 

analysis of the linked data [11].  

2.3.  Open Data Platforms 

The open data trend has instigated governments and public agencies to utilize technology to avail 

data to the public.  As such, many open data publication platforms have emerged.  According to 

Braunschweig et al., Web portals, Web services or REST interfaces have been the most prevalent 

platforms used to avail open data [38].  

Portals can be broadly classified into three major groups depending on their functionalities [39].  

In his research, Heidenreich describes these classifications as service portals, community portals 

and information portals [39].  As the name suggests, service portal entails a collection of services 

into a centralized location thus permitting easier content discovery by the public. Community 

portals on the other hand are aimed at bringing people together ultimately achieving a virtual-like 

community grouping. Lastly the information portals acts a centralized location of data or 

information provided either as a database of the data in different formats or as a collection of 

links pointing to the relevant information resources [39]. Suomi.fi is an example of information 

portal. 

These platforms have formed part of the technical requirement, in addition to the legal and 

administrative requirements that the publication platforms ought to have satisfied.  These 

platforms have been widely used by different individual publishers as well as providers of large 

data repositories.  

However, these platforms have been observed to bear different characteristics despite the fact 

that they ought to have achieved the same objective.  As Balakrishnan et al. outline, the most 

common variations have been in the line of size, domain of published data, and 

comprehensiveness or the application of technical standards [40]. Categorically, platforms have 

emerged, those that support human-readable data, and those that support machine-readable data 

and lately, those that support both [38]. Partly, this has led to different publishers preferring 

some platforms over others. 

As earlier mentioned in section 2.3 (Open Government Data) the U.S.A and subsequently the 

UK have been in the forefront of using open data platforms namely data.gov and data.gov.uk 
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respectively. In addition to being cited as a major boost in open data movements, they have laid a 

precedent of using open data platforms that have been emulated by many other countries around 

the globe.  Table 2 lists additional open government data portals particularly in European 

Countries [41]. 

Table 2. Open Government Data portals in European Countries [41]. 

Country Portal 

Austria Data.gv.at 

Belgium Data.gov.be 

France Data.gouv.fr 

Moldova Data.gov.md 

Slovak Republic Data.gov.sk 

Spain Datos.gob.es 

 

In their research, Alvaro et al. outline the basic feature of these portals as making data available 

to the public [3]. In regard to this, as seen in most of their web interfaces, most of these portals 

have provided functionalities for downloading and uploading data sets, as well as viewing them. 

For instance data.gov.uk through the data tab provides functionality for searching and 

downloading relevant data sets available in myriads of different formats. Similarly, it provides a 

list of publishers capable of availing data to the public.  From a broader perspective, as the 

research conducted by Balakrishnan et al.  describe, the technical requirements have been 

extended to include categories such as standardization, necessary for enabling automatic 

processing of the data; Materialization which is necessary to ensure better quality of the data 

sets; Application Programming Interface to enable automatic access; integration that eases users‟ 

task of combining data from available different data sets; policies that ensures users are allowed 

to access data. [38] 

According to Open Knowledge Foundation (OKN) currently trading as Open Knowledge 

International, which uses the technical aspect as one of its measure in its annual ranking, most if 
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not all of the above-mentioned portals have been ranked in the Open Data Index (ODI) [12]. As 

an indication, Table 3 captures ranking score of some of the European Countries. 

Table 3. Open Data Ranking Scores of European Countries [12]. 

Country Ranking Score European Region 

United Kingdom 78% Northern 

Denmark 70% Northern 

Finland 67% Northern 

France 63% Western 

Spain  55% Southern 

Czech Republic 52% Eastern 

Moldova (Republic of) 51% Eastern 

Austria 50% Western 

Portugal 34% Southern 

 

As observed, additional features pertaining technology have continued to enhance these portals.  

The inclusion of applications that provide efficient services by consuming the published data sets 

has been prevalent. The U.S.A platform, data.gov for example, contains quite a number of apps 

categorized in different knowledge domains by the publishing agencies. The agencies range from 

department of agriculture for instance agriculture, department of AGR (AGR) through 

department of health and human services such as the Health Care Authority, Washington State 

(WHCFA).  Likewise, as of this writing, Data.gov.uk, the United Kingdom portal consists of 

about four hundred apps; a specific example being the journey of energy app, which indicates the 

Energy Trend in the UK ranging from its source to its consumption. Hri.fi portal in Finland also 

contain numerous applications with a specific example of Finterest app which provides 

comprehensive information about travel and hiking destination and activities in Finland. 
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However, as observed from most of the platforms, most of the existing applications make use of 

single data sets while providing services to the public. 

2.3.1. Finnish Meteorological Institute (FMI) 

Finnish Meteorological Institute (FMI) is an example of an agency in Finland that has made its 

data open to the public. Being under the ministry of Transport and Communication, it is a 

research and service agency that furnishes information about atmosphere in Finland to its 

citizens [42]. It avails data sets in machine-readable format thus enhancing automatic 

consumption of the data. Through the online service which is technically implemented in 

accordance with the INSPIRE directive, it shares open data adhering to the Open Geospatial 

Consortium standards. FMI provides the following types of data sets:  

 Real-time observations which include observations on wind, temperature, humidity, 

atmospheric pressure, precipitation, based on specific stations. 

 Time Series of observations which include daily and monthly values of climate 

observations based on specific stations countrywide. 

 Finally, the forecast model which includes surface weather data at one-hour interval for 

48 hours based on national weather model. It also includes sea level forecast and climate 

change forecast. 

2.3.2. Suomi.fi portal 

Suomi.fi portal
 
provides one-stop location where Finnish citizens can locate public services and 

information about public administration suiting their daily life needs. It provides a directory of 

hyperlinks to other sites where such information can be obtained [3]. The portal under the 

ministry of Finance provides content that is basically grouped into twelve categories with the six 

most popular topics listed first:  Migration, teaching and education, family and social services, 

health and nutrition, work and pensions, taxation and financing. This information is provided via 

links or information pages provided by various government agencies, public services and 

ministries [36]. Information can be accessed at least in two ways: First, browsing the categories, 

subcategories or links pointing to the information. Second, using the keyword based search 

engine to search for content and categories in the portal. 
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2.3.3. Helsinki Region Infoshare (hri.fi) 

Hri.fi portal was as a result of an initiative of four core cities of Helsinki region namely Helsinki, 

Espoo, Vantaa and Kauniainen with its beta version released in March 2011 [43]. The project 

consists of over five hundred datasets and about two hundred organizations with numerous 

groups. The data sets provided in many different formats is updated periodically either monthly, 

after every three months or annually. These data sets are categorized in areas such as population, 

housing, employment, education, culture, living conditions, well-being, economy, etc, within the 

Helsinki region [43]. Typically, these topics are cascaded from broader areas: transparency and 

accountability, participation and citizen engagement, open innovation, social and economic 

growth. It consists of numerous applications that consume the available data sets, with culture 

and transport being the most focused areas [43]. For example Reitit for iphone [44] is an app that 

helps citizens locate the most convenient routes to travel by public transport in the metropolitan 

area. 

2.4. Energy production and consumption in Finland 

According to International Energy Agency (IEA) review, Finland‟s main sources of energy 

include imported fossil fuels: Natural gas, oil and coal [45]. Despite its high carbon-intensity 

thus subjecting its use to public debate, peat also supplements energy source in Finland. 

However due to its high emission profile, peat as a source of energy in Finland remains 

undecided and uncertain in the future [45]. Nuclear energy, slightly above coal and natural gas in 

terms of energy supply percentage is projected to play a significant role in energy supply in 

about a decade‟s time. Based on the review, solar and wind contributes to the energy mix, though 

at negligible levels. Irrespective of the absence of oil and gas production, Finland utilizes 

biofuels and waste to produce approximately half of its energy supply [45]. 

Owing to its highly industrialised economy, with energy-intensive industries in manufacturing, 

electronics and chemical sectors as well as forestry and paper industry, energy consumption per 

capita in Finland is the highest in IEA [45]. Due to its cold climate, long heating and lighting 

seasons in Finland consumes great deal of energy too. Other uses of energy in Finland include 

residential, commercials and services sectors with transport sector which is highly oil-dependent 

accounting for considerable energy use [45]. 
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There has been a great concern from the Government on the high-dependence on imported fossil 

fuels, which seems likely to be the norm for a while. As a result, various significant measures 

have been initiated: Other than diversification of energy uses to encompass nuclear, renewable  

and hydrocarbon energies, and building significant strategic energy reserves, measures which 

appears demanding and in need of government direct involvement, other proposed measures can 

be spearheaded without such restrictions.  Enhancing energy efficiency for example, by reducing 

domestic demand is a feasible strategy that can be accomplished through research [45]. 

Establishing the relationship between weather variables and energy production for instance can 

aid in such a research. 
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3. RESEARCH METHODOLOGY  

This thesis uses Design Science Research Method (DSRM) as the research methodology. DSRM 

is suitable in research that seeks to solve uncharted problems in innovative ways or improve 

solved problems in a more effective or efficient way [46]. Through DSRM, a research seeks to 

provide a solution to an existing problem by building an artifact from an existing one using prior 

knowledge and following rigorous process comprising well defined stages: identifying a problem 

and the motivation behind it, objectives of a solution, design and development, demonstration, 

evaluation and communication [46].  

These stages are depicted in Figure 6. 

 

Figure 6. Elements of Design Science Method [46]. 

This research follows the outlined processes by first looking into the state of the variety of 

published open data sets. As described in literature review in Section 2, the number of available 

open data sets is increasing rapidly as a result of various organizations and governments efforts 

to release public data in different formats [6]. The realization of the wide-ranging benefits of 

open data has contributed to the rapid increase of the data sets.  Despite the enormous value that 
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lies within the integration and linking of such data sets, many open data initiatives are still 

focused on publishing and using single data sets. The motivation behind this research therefore is 

to find the association among multiple open data sets by linking them and demonstrating the 

benefits arising from such a linked open data system. This forms the first part of DSRM. 

3.1. Linked Open Data 

Kalampokis et al. note the importance of standards as part of the initiative governing the 

publication of open data ensuring its effective consumption [47]. As corroborated by Attard et al. 

in their research, individuals, organizations, and governments have collaborated in developing 

principles for handling open data [37]. A casing point is the five star open data scheme as 

proposed by Tim Berners-Lee, the inventor of World Wide Web (WWW) and the director of 

World Wide Web Consortium (W3C). 

As described below, the scheme provides a technical guide of publishing open data on the web.  

Under the scheme, the first level marks the beginning of making data available on the web. In 

this level, data should be made available on the web regardless of the format. However, the 

available data should adhere to open licenses or in other words, the data should be open. Any 

effort to make data available on the web in this format is awarded a single star [48].  However 

lack of data standards in this level inhibits effective reuse of the data.  

The second level involves making the data available in a machine-readable structured format 

such as Microsoft Excel table. This permits software programs to access the data thus enhancing 

automated processing of the data. Any effort towards making data machine-readable is awarded 

two stars [48].  

The third level goes a step further by ensuring that the machine-readable structured data is 

available in non-proprietary standards such as the Comma Separated Value (CSV) in order to 

increase the access of the data by software programs.  

The fourth level extends the level of openness and use of approved standards on the machine-

readable structured data available on the web. In this level, data should meet the above three 

prerequisites as well as follow the W3C open standards such as the Resource Description 

Framework (RDF) and Sparql Protocol And RDF Query Language (SPARQL)  to identify things 

[49]. The use of RDF W3C standard forms the foundation of publishing data in machine–
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readable structured format. RDF expresses a piece of information in a list of statements, with 

each statement taking the form of RDF triples (subject, predicate, object).  Both the subject and 

the object identify a resource or a thing in the real world, whereas the predicate indicates the 

relationship between the subject and the object. 

The fifth level includes all the prerequisites met by the above four levels. In addition, it allows 

linking RDF triple datasets to other datasets so as to produce new datasets which may provide 

additional information. Data published in this form is awarded five stars [48]. In principle, 

adhering to the eight principles of open data to link the data as guided by the five star open data 

scheme, provides a good foundation in the creation of Linked Open Data (LOD) [50]. 

As  Anneke et al. observe, despite research indicating the feasibility of integrating  open data sets 

and the potential benefit in it, the whole idea of linking open data sets seems underutilized [6]. 

Nevertheless, large amount of open data sets have been availed only that most of them fit within 

level three in the five star open data scheme. Thereby, there seems to be a discrepancy between 

the published open data sets and the linked open data sets. An interesting question would be 

why?, which this thesis aims to answer by addressing the gap. This addresses the second section 

in DSRM. 

3.2. Design and development 

This section describes the process of collecting and preparing the data sets and also the process 

of linking them. It also serves as the design and development in DSRM. 

This part involves working with numerical data available from the three data sets to be linked. 

For computing the data correlation, Python 3.4 platform is used. Python is a widely used 

programming language since it‟s not only high level and general purpose, but also interpreted 

and dynamic language [51]. Most notably, its automatic memory management capability in 

addition to its large and comprehensive standard library makes it a suitable choice for the 

implementation of this study. Together with a number of modules, specifically Matplotlib and 

Pandas both of which are essential in data analysis, Python is used as the computation 

environment in this research. 

The implementation part begins with linking the three separate data sets together through an 

SQLite database. SQLite is arguably one of the most widely used server-less database engine 
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with bindings to many programming languages [52]. Through sqlite3 module, it is easily 

integrated into the python programming language. It is worth noting that, SQLite does not 

guarantee domain integrity [52]. However, being ACID (Atomicity, Consistency, Isolation and 

Durability) compliant and its support for most Structured Query Language (SQL) standards, 

makes it a suitable choice as a database engine in the implementation of this research.  

The weather data set which comprises of surface temperature, relative humidity, wind speed, 

wind direction, global horizontal radiation and clear sky radiation is collected from MERRA 

[53]. The weather variables are all collected from Lappeenranta Vihtolantie region weather 

station at a precision of one hour for a period of one year commencing 1
st
 January 2015 to 31

st
 

December 2015. 

Both the energy production and energy consumption data sets are collected from Lappeenranta 

University of Technology (LUT), Energy department. Both data sets have been collected at an 

hourly interval for a period of one year beginning 1
st
 January 2015 to 31

st
 December 2015.  

The information extracted from the data sets is used to determine not only the characteristics but 

also the correlation existing between weather variables and electricity produced and consumed. 

Establishing correlation is a major part of this research, as such a brief description of the same is 

provided below. 

3.2.1. Correlation analysis 

According to Mirkin, the existence of statistical relationship between variables is referred to as 

correlation [54]. In other words, it is the process of establishing whether or not a relationship 

exists between variables. There has been a need to have statistical means of measuring the 

relationship between variables. To this effect, Mathematician Karl Pearson developed a powerful 

statistical tool referred to as Pearson Product Moment Correlation Coefficient or simply the 

Pearson‟s “r” or just Correlation Coefficient (PCC) [55]. Since then, Correlation Coefficient has 

been commonly used as a measure of association to evaluate whether or not relationship exists 

between variables. 

It is important to note that Correlation Coefficient not only establishes a relationship between 

variables but also shows how strong the relationship is. Even more, it allows making of accurate 

predictions about one variable using the knowledge of the other [55].  
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Several other parameters for measuring relationship between variables have since emerged: 

mainly they‟ve been categorized based on type of variables they can measure [55]. For instance, 

various statistical procedures have been used as measure of relationship between ordinal 

variables [56]. Two commonly used such approaches are Spearman‟s Rank Order Correlation 

Coefficient or spearman‟s rho (rs) and Kendall‟s Correlation Coefficient [56]. Other statistical 

procedures have been used in measuring relationship between interval/ratio variables. To this 

regard, the most commonly used method has been Pearson‟s Product Moment of Correlation 

Coefficient or simply Pearson‟s r [61]. Given two random variables X and Y, Pearson‟s r can be 

defined as shown in equation 1. 

pX,Y=       (1)  

PCC is a summary number that shows how strong a variable is related to another [55].  Its value 

ranges from -1 to 1, with a larger absolute value indicating a stronger relationship between 

variables. 

Several other methods for measuring relationship between ordinal and ratio/interval variables 

have since prevailed. Such methods include the Biserial Correlation Coefficient (rbis) and Point 

Biserial Correlation Coefficient (rpbis). However the above described parameters are ideal for 

bivariate association involving two variables.   

Further studies have led to other measures of relationship involving multiple variables. In his 

study, Higgins outlines six complex multivariate analytic procedures for assessing relationships 

among multiple variables [55]: 

Canonical correlation analysis is the most flexible multivariate techniques. As such consequent 

interpretation of the results should be done with great caution. It assesses the relationship 

between multiple independent and dependent variables. 

Factor analysis is applicable where there are many variables thus aiding in reducing them to a 

small set of variables, simply known as factors.  A factor is composed of three to five variables. 

This technique consists of normal and continuous independent variables with no dependent  
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Cluster analysis on the other hand seeks to group variables or elements based on the similarities 

and characteristics of objects within a group. The clusters can be hierarchical, non-hierarchical or 

both. 

Discriminant analysis categorizes observation into groups. In this analysis both independent and 

dependent variables exists, with ratio/interval variables and nominal variables respectively. Path 

analysis and multidimensional scaling are the other multivariate techniques.  

In this thesis, Pearson‟s r is used to measure the correlation between the data sets. The rationale 

is based on the fact that the available data sets meet the requirements necessary for its use. An 

initial step was to plot the data sets in a scatter plot as it is one way to depict whether the 

variables associate. A scatter plot is a visual representation of the ways in which variables may 

or may not be related [54]. There seems to be a linear relationship between weather variables and 

electricity production. In addition of being independent, both data sets are on interval and ratio 

scale. 

3.2.2. Application of correlation analysis 

Correlation analysis is playing a pivotal role in myriad of sectors ranging from business to 

science, medicine to education, politics to social life, economics to financial sectors among 

others. In principle, these applications can be broadly classified into the following [57]: 

In prediction, correlation analysis has been used to draw inferences about the possible outcomes 

and future eventualities based on the knowledge of the corresponding variables.  For instance, in 

their study, Anthony et al. have used canonical correlation analysis to forecast the fluctuation of 

the El Nino Southern Oscillation with results indicating a better forecast performance [58]. 

Similarly, using a set of financial and economic ratios as their variables, Altman et al. have used 

discriminant analysis to investigate prediction of corporate bankruptcy with great success [59]. 

Correlations have been used to validate measurements or the existence of phenomena. This has 

been extensively used in medical research. In their study, Marrelec et al., have used generated 

data and the partial correlation coefficient to validate the functional operation of their 

neurological model [60]. Their findings indicate pattern of similar connectivity to the underlying 

neuroarchitecture.  
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Correlation analysis has also been used to determine the reliability of the measurement process. 

Wenjun et al. have used correlation computing to determine how reliable their checkpoint 

algorithm was [61], with great success.  

Finally, through correlation analysis, specific predictions about the relationship between two 

variables can be made. This has found its wide applicability in performing analysis of multiple 

datasets emanating from diverse sources. Cao et al. have performed simultaneous analysis in 

order to understand the relationship between different biological functional levels from omics 

datasets [62]. 

Other similar researches have been conducted with the intention of understanding the 

relationship arising from variables. In energy sector for example, various datasets such as energy 

consumption datasets have been evaluated against other datasets spanning from weather forecast, 

economic growth, and transport, to try understanding the relationship among them. In his study, 

John Asafu-Adjaye has evaluated the association between energy consumption, energy prices 

and economic growth from the Asian developing countries [63]. Similarly, Fatai et al. have 

studied how energy consumption is related to the Gross Domestic Product in New Zealand, 

Australia, India, Indonesia, the Philippines and Thailand with their findings indicating less 

significant impacts on the real GDP growth from energy conservation policies in countries like 

New Zealand and Australia [64]. 

Almost similar research has been conducted in China, with the purpose of establishing whether 

energy consumption, economic growth and carbon dioxide emission are related. Shaojin et al. 

conducted the study to help the Chinese government develop strategies aimed at saving energy 

and reducing emission [65]. A similar study has been replicated in Europe with results showing 

that carbon emissions per capita, energy consumption per capita, gross domestic product per 

capita are related, especially in countries such as Denmark, Germany, Greece, to name a few 

[66]. 

However, an interesting observation in the afore-mentioned relationships and other related 

studies have been their focus on the causal aspect. It is worth noting that correlation differs from 

causality. In their research, Frey et al. have outlined correlation as one of the criteria used to 

determine causation, but as indicated in their study, the reverse is not necessarily true in that, 
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causation cannot be inferred from the correlation coefficient [56].  However, an undisputable fact 

is that, in either case, analysis of data has been considered fundamental. 

3.3. Data collection and preparation 

As earlier mentioned, three sets of data have been used to compute correlation in this research. 

The data sets have been selected primarily based on location and time period. For appropriate 

results to be obtained, all the data sets needed to be from within the same region and precisely in 

Finland delimited by close proximity. This has been one of the challenges experienced in this 

research whose impacts have resulted to the delay in completion of the thesis. 

Along the pursuit of finding the data sets, various open data web portals both from Finland and 

international ones have been considered and visited. The selection criteria of the web portal were 

based on the OGD principles described in section 2. Among the portals visited for the extraction 

of the data sets are those described in section 2.4.  The data sets were found to be of different 

characteristics and formats, properties which were all evaluated before selecting the required 

data sets. As described in section 2.4 (open data platforms), different open data portals consist of 

different data sets which differ in aspect of time periods, categories of the data, regions from 

which the data sets are collected from among other reasons. 

Helsinki info share for instance was one of the considerations as a source for both electricity 

production and consumption data sets. Energy consumption data set in Excel format was found 

from the year 1990 to 2013, but with the data between 1991 and 1999 missing. The data set 

categorized by sectors of district heating, electric heating, electricity consumption, cars, other 

road traffic, represented the metropolitan areas and metropolitan cities of Helsinki, Espoo, 

Vantaa and Kaunianen. However, the data sets were found to be in an interval of one year which 

differed from the hourly time interval of the weather variables. Due to the difference in time 

interval, in addition to the missing data, hri.fi was discarded as a source of the data sets. 

Suomi.fi portal was also considered a source of the data sets. As it turned out, the portal was a 

kind of directory to links to other sites where some public data was available instead of being a 

central repository of raw data sets. To this effect, this source was also eliminated. 

Opendata.fi was also found to be a good source of data sets in different formats such as 

JavaScript Object Notation (JSON), Extensible Markup Language (XML) as well as Excel (xls 
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and xslx) formats. However, some of data sets found particularly those for energy consumption 

were the same as those found in Helsinki Info share (hri.fi). For this reason, this portal was too 

disregarded as a source of the data sets. 

Eventually, both electricity production and consumption data sets were obtained from 

Lappeenranta University of Technology, School of Energy Systems. Electricity production data 

obtained is based on the solar power plant around the university, which include various 

installations ranging from the carport, flat roof, solar tracker, both the south and the west wall 

installations. However the data set included negative measurements especially from the solar 

tracker, fixed installation and the flat roof installations. It was found that this was as a result of 

energy meters installed in series which consumed energy and their corresponding measurements 

included in the data. With the consultation of the data provider, these negative measurements 

were safely assumed to be zero. The data was collected in watts at an average of one hour for a 

period of one year (2015). 

Electricity consumption data obtained represented the electricity consumed by LUT in kilo watts 

per hour within a period of one year. As noted from the data, there was no electricity consumed 

for a couple of hours on 31
st
 December 2015. Furthermore, distinct utilities from which the 

energy consumption was based on, seemed to be lacking. Such factors would have included but 

not limited to; household or offices characteristics, for example size and age; appliances for 

instance, air conditioners, electric boilers, ventilation fans, dehumidifiers among others. 

Nevertheless, for the purpose of analysis of the relationship between variables, the data set was 

found suitable for this study. 

Both electricity production and consumption data sets were collected at an hourly interval for a 

period of one year starting from 1
st
 January 2015 to 31

st
 December 2015. Electricity production 

data set had to be converted to kilowatts per hour (kwh).  

Finnish Meteorological Institute (FMI) [67] as described in section 2.3 provides open weather 

data to its citizen under the Creative Common License. It provides weather data comprising of 

temperature, wind speed, wind direction, barometric pressure, precipitation, solar radiation, 

cloudiness, humidity among others through an Application Programming Interface (API) from 

about two hundred weather stations.  It was considered as one of the sources of weather variables 

in this study. Weather variables from Lappeenranta airport (Lentoasema) station which appeared 
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to be the closest to LUT at about seven kilometers were extracted for a period of one year 

(2015).  However, it was found out that not all the weather variables are available in all the 

weather stations [67]. For instance radiation measurements which are assumed to relate with 

electricity production were missing from the Lappeenranta airport weather station. For this 

reason, FMI was opted out as a source of the weather variables in this study. 

Alternatively, the weather measurements were extracted from MERRA [53]. One of the primary 

objectives of this model is to place observations from NASA‟s earth observing system satellite 

into climate context. The weather variables were collected at a height of 50m from Vihtolantie 

Lappeenranta at an interval of one hour for a period of one year starting from 1
st
 January 2015 to 

31
st
 December 2015, same period as electricity production and electricity consumption data sets. 

The extracted weather measurements included wind speed, wind direction, surface temperature, 

pressure, global horizontal radiation, Sky radiation and relative humidity. Despite Vihtolantie 

weather station being away from LUT by a distance of about ten kilometers, it is believed that it 

should at least provide accurate measurements about weather condition near LUT. 

The electricity production data set, electricity consumption data and the weather measurements 

data were aggregated in an SQLite database. The analysis of the relationship between the 

aggregated data sets followed. Initially, the relationship between the weather variables against 

electricity production was analyzed, after which the relationship between weather variables and 

electricity consumption was established.  
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4.  RESULTS 

This section provides the results obtained after computing the relationship existing among the 

linked open data sets. As mentioned in section 3 (research methodology), three open data sets 

were used in this research. Two of the data sets comprised of electricity production and 

electricity consumption data from Lappeenranta University of Technology both data sets 

provided at an hourly interval for the whole year of 2015. The other data set was obtained from 

Modern-Era Retrospective Analysis for Research and Application comprising weather data. The 

process of establishing the relationship among the three data sets was computed in two phases; 

the initial step being evaluation of how the weather variables correlate with the electricity 

produced, whereas the second stage evaluating the relationship between the weather variables 

and the electricity consumed in LUT. This section provides insight on the demonstration part in 

DSRM. 

4.1. Relationship between weather variables and the electricity production 

As depicted in Figure 7, LUT produces relatively low electricity in comparison to the consumed 

electricity as is also illustrated in section 4.2. This could partly be attributed to that to fact that 

data is generated from solar energy production. Nevertheless, the data was sufficient for the 

establishment of the relationship between electricity produced with the weather variables.   

 As Figure 7, which represents hourly production of electricity for the whole year of 2015 

indicates, the highest hourly electricity produced was about 20 kilo watts with the lowest being 

less than a kilo watt. 
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Figure 7. LUT electricity production as from 1st January 2015 to 31st December 2015. 

Figure 8 represents electricity produced at an hourly interval during the months of January, 

February and March, a period taken to represent winter for the purposes of this study. Figure 9 

represents electricity produced during the months of June, July and August, a period taken to 

represent summer.  

Upon computing the relationship between the weather variables and the electricity production 

dataset, it was found that there exists both positive and negative correlation as depicted by the 

correlation coefficients shown in Table 4. The correlation coefficients are based on Pearson‟s 

Correlation Coefficient which was chosen as the measure of the correlation in this study.  
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Figure 8. Electricity production in LUT during winter in 2015. 

 

 

As clearly outlined from Table 4, global horizontal radiation and clear sky radiation appears to 

correlate positively with electricity production. Both the global horizontal radiation and clear sky 

radiation have the strongest correlation coefficients of 0.63 and 0.60 respectively.  
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Table 4 .Correlation coefficients between weather variables and electricity production data. 

Weather Variables LUT Electricity Production 

Surface Temperature 0.268044 

Wind Speed -0.142413 

Wind Direction 0.039092 

Relative Humidity -0.003145 

Global Horizontal Radiation 0.633454 

Clear Sky Radiation 0.604888 

Pressure 0.205385 

 

 

Relative humidity and wind speed seems to have the least negative correlation with electricity 

production data whereas the other weather parameters (Surface Temperature, wind direction and 

pressure) bear the least positive relationship with electricity produced in LUT.  
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Figure 9. Electricity production in LUT during summer in 2015. 

 

 

Figure 10 visualizes the relationship between electricity production and global horizontal 

radiation. The figure corroborates the findings provided by the correlation coefficient in that 

there is a positive linear association between electricity production and global horizontal 

radiation. A similar observation is noted in Figure 11, which depicts the linear relationship 

between clear sky radiation and electricity production. 
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Figure 10. Relationship between global horizontal radiation and electricity production. 
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Figure 11. Relationship between clear sky radiation and electricity production. 

Figure 12 and Figure 13 illustrates the global horizontal radiation for winter and summer season 

respectively. 
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Figure 12. Global horizontal radiation during winter. 

 

 

Figure 13. Global horizontal radiation during summer. 
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4.2. Relationship between weather variables and electricity consumption 

The second phase was to compute the correlation between the weather variables and the 

electricity consumption. As illustrated in the Figure 14, an upper limit of electricity of about 

1500 kilo watts was consumed in the year 2015. The same is shown in Figure 15, which also 

represents the hourly amount of electricity consumed by LUT for the year ending 2015. As the 

figure indicates, mostly the consumed electricity ranged from between 500kwh to about 600kwh.  

 

Figure 14. LUT electricity consumption from 1st January 2015 to 31st December 2015. 
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Figure 15. LUT electricity consumption as from 1st January 2015 to 31st December 2015. 

The results of the relationship between the weather variables and electricity consumption data 

are illustrated in Table 5. As shown by the correlation coefficients, electricity consumption 

associates at a lower rate with the weather variables. Despite the relation being minimal, surface 

temperature seems to associate with the electricity consumption negatively, whereas wind speed, 

wind direction and global horizontal radiation, clear sky radiation and pressure seem to associate 

positively. 

Figure 16 illustrates electricity consumed in LUT during winter while Figure 17 depicts 

electricity consumed during summer. 
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Figure 16. Electricity consumed in LUT during winter in 2015. 

 

 

 

Figure 17. Electricity consumed in LUT during summer in 2015. 

. 
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Table 5. Correlation Coefficients between weather variables and LUT electricity consumption 

Weather Variables LUT Electricity Consumption 

Surface Temperature -0.040763 

Wind Speed 0.007125 

Wind Direction 0.020343 

Relative Humidity 0.051825 

Global Horizontal Radiation 0.275153 

Clear Sky Radiation 0.330934 

Pressure 0.026041 

. 
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5. DISCUSSION 

This section provides analysis of our findings based on the results and other related literature. 

To compute the relationship between the variables, three data sets were used and linked together 

as described in Section 4.  Weather data variables consisting of surface temperature (
o
C), wind 

speed (m/s), wind direction (
o
), pressure (kPa), global horizontal radiation (w/m

2
) clear sky 

radiation (w/m
2
) and relative humidity (%) were obtained from Modern-Era Research Analysis 

for Research and Analysis (MERRA) and linked with electricity production and electricity 

consumption data  both of which were obtained from Lappeenranta University of Technology. 

The relationship between the weather variables and electricity production was computed first 

followed by establishing the association between weather variables and electricity consumption. 

In both cases, Pearson‟s Correlation Coefficient was used as a measure of correlation between 

the datasets. 

The evaluation metrics on which the selection of the three data sets was based on included: 

 Time period, in which one year data at an hourly interval was used. 

 Location, all the data sets needed to represent a region of close proximity, in which 

Lappeenranta University of Technology was selected in our research. 

 Open data principles, the data sets needed to be primary, timely, license-free, non-

discriminatory, machine-processable, accessible, complete, and non-proprietary as shown 

in Table 1 described in Section 2.2.1. 

The weather data obtained from MERRA which generate its meteorological data through the 

Goddard Earth Observing System (GEOS) Data Assimilation System (DAS) [53] was found to 

meet the principles of open data. However some of the open data principles could not be 

validated on the electricity production and electricity consumption data sets. This was due to the 

fact that some principles could not be ascertained from the data sets which were obtained directly 

from the Energy department, school of Energy Systems in LUT. Table 6 provides a checklist of 

the data sets against the open data principles. 
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Table 6. Open Government Data principles checklist 

Data sets Weather 

data 

Electricity production 

data 

Electricity Consumption 

data 
OGD principles 

Completeness   Metadata missing Metadata missing 

Timeliness       

Primacy       

Accessible   No public data repository No public data repository 

Machine 

readability 

      

Non-

discrimination 

      

Non-proprietary   Not Ascertained Not Ascertained 

License-free       

 

As indicated on the table, information describing the data sets on electricity production and 

consumption in LUT was missing. Through such metadata, explanations about how the raw data 

was collected, information about licensing and ownership of the data can be obtained. However, 

the data sets were found suitable for the purpose of this study. 

From the analysis of electricity production data set, it can be seen that an upper limit of about 

20kwh with a lower limit of less than 1kwh was produced in 2015 as shown in Figure 7. More 

hourly electricity appeared to have been produced in summer than in winter as illustrated in 

Figure 8 and Figure 9 respectively.  

Analyzing the electricity consumption data set indicated a higher hourly electricity consumption 

of about 1600kwh. As shown in Figure 15, the mean hourly electricity consumption was about 
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690 kwh, with no electricity being consumed at some hours.  This is clearly depicted in Figure 

14, although information about such an occurrence was not available in the provided data set. It 

can be observed that more hourly electricity was consumed in winter as compared to summer as 

illustrated in Figure 17 and Figure 16. Validation of such an observation would be meaningful. 

The presence of information about the specific utilities that consumed electricity could have 

contributed to such a validation. Nevertheless such information was not available in the data set 

provided. 

While using and analyzing single data sets may be helpful, combination of data sets can provide 

more information about a phenomenon which can be of enormous potential value [6]. For 

instance, associating the provided electricity production data set with electricity consumption 

data, it was imminent that there was a huge discrepancy between the electricity production and 

electricity consumption in LUT. 

Further establishing the relation between the weather variables and electricity production 

revealed more information. Based on the correlation coefficients as indicated in Table 4, some of 

the weather variables correlated strongly with electricity production while other variables had a 

weaker relation. Both global horizontal radiation and clear sky radiation were found to have the 

strongest association with electricity production as captured by their respective correlation 

coefficients of 0.63 and 0.60 respectively.  

The correlation between global horizontal radiation and electricity production was further 

visualized in Figure 10. The counterpart relationship between clear sky radiation and electricity 

production is depicted in Figure 11. From such a correlation, it can be inferred that, the higher 

the amount of solar radiation reaching the earth‟s surface, the more electricity that can be 

harvested from solar. The inference can further be confirmed by comparing the global horizontal 

radiation captured during summer as shown in Figure 13 with electricity produced during the 

same period as visualized in Figure 9. Conversely, a decrease in radiation from the solar tends to 

a decrease in electricity being produced from solar. This was clearly shown by comparing global 

horizontal radiation in winter illustrated in Figure 12 with electricity harvested during the same 

period as illustrated in Figure 8. However, the correlation does not distinctively determine the 

percentage of radiation from the global horizontal radiation when the sky is clear. As such, this 

can be considered as an area for further studies. 
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The other weather variables (surface temperature, wind speed, wind direction, relative humidity 

and pressure) were found to have a weaker relation with the electricity production as indicated 

by their respective coefficients of correlation as shown in Table 4.  

As indicated by Table 5, there seemed to be less association between the weather variables and 

the electricity consumption as shown by the correlation coefficients. This could partly have been 

as a result of lack of categorization of the electricity consumption data into specifics on what 

exactly consumed electricity. Ali M., et al. argue that outdoor temperature could relate with 

district heating eventually impacting the electricity consumed [66]. However there is a very low 

correlation between the two based on our correlation coefficients between weather variables and 

electricity consumption. 

Analysis of such kind of relationships could aid not only in decision making but also in making 

accurate predictions, and recommending actions based on those predictions. Furthermore models 

can be developed, that could help analyze interactions among different disciplines as presented 

by the data sets. Using predictive modeling techniques such as traditional regression analysis, 

artificial neural networks, and decision trees among others, construction of such models could be 

feasible. However, that is beyond the scope of this study and thus provides an opportunity for 

further studies. 

As evidenced from the literature review, despite open data publishers; governments, public and 

non-public institutions realizing the importance of providing data access to the public, most of 

them are still focusing on releasing single data sets notwithstanding the enormous value that can 

be obtained by combining those data sets [11]. Moreover, wide-ranging categories of information 

from science data, weather data to energy data are contained in those single sets of data. 

Furthermore, the information has been availed in different formats that can ease its consumption 

by both humans and machines. 

Even though data publishers have opened access to data, which has been as a result of realizing 

the value that can be obtained from such a process, data linking possibilities in the published data 

have been insufficient [32]. In addition to using compatible data formats such as JSON and 

XML, other linking possibilities could include publishing data sets adhering to the linked data 

principles as proposed by Tim Berners-Lee [7]. These principles include: 
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 Using Uniform Resource Identifiers (URIs) as names for things in the data sets. 

 Specifically using HyperText Transfer Protocol (HTTP) URIs so as to utilize the already 

existing web architecture and also to enable clients locate those names. 

 Useful information should be provided using standards like RDF when the URIs are 

accessed. 

 Links to other URIs should be included so that clients can discover more information. 

The absence of the possibility to link data and the availability of data in many different data 

formats could impede the full utilization of the published data sets besides the fact that linking of 

the single data sets could facilitate easier analysis of the relationship between them [7]. 

In this study for example there were similar challenges experienced while trying to discover the 

open data sets:  

Despite different agencies publishing open data, there lacked a uniform standard for availing the 

data thus leading to different agencies using different data categorizations. Also it was clear that 

one needed to have prior knowledge about the responsibilities of the open data publishing 

agencies and their respective published data structures. A casing point is the open weather data 

provided via Finnish Meteorological Institute, where the weather variables data in XML or JSON 

needed to be accessed via an application programming interface. Despite the data being open, 

this can inhibit the use of the data especially to interested consumers with the absence of such 

required skills. In the same way various sources of open data were found to support simple 

search capabilities such as the key-word search which resulted to different kind of data than the 

intended. At some point, the search results could lead to links pointing out to other web pages as 

opposed to raw data necessary for analysis. An example for such a case was the suomi.fi portal. 

As stated in Section 3, data sets from a region bounded by close proximity were a necessity in 

this study.  Additional challenge arose in the sense that various published data sets possessed 

different granularity and different spatial coverage or even different temporal coverage. A 

specific instance was, hourly electricity consumption data which were obtained from the city of 

Nokia in Finland, however its counterpart electricity production data sets were missing. Different 
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data sets were also characterized by different semantic ambiguities in terms of time period the 

data covers and the time interval.  

Open data portal such as the hri.fi for example, contained energy consumption data for the years 

1990 to 2013; however data in between 1990 and 2000 was not available. Similarly, electricity 

production data contained an interval of five years while the electricity consumption by 

consumer group contained an interval of three years followed by one year interval. This 

presented difficulties while trying to analyze the relationship between the two data sets since 

they needed to be transformed into the same temporal coverage.  Down sampling of the data set 

was one of the consideration as a possible solution to such a transformation, however given there 

are different seasons (summer, autumn, winter, spring) in a year, the question was whether such 

a solution could map the resampled data sets into those seasons effectively. There was likelihood 

that this would have impacted the accuracy of the established relationship. 

From the implementation part, the availability of the various data formats proved to be both a pro 

and a con. As it was noted, the availability of many data formats can enhance the consumption of 

data by computers as well as ensuring humans understand the same data. On the contrary, it can 

be a challenge while trying to establish the relationship between the data sets especially when the 

formats of the data are incompatible.  

All things considered, it‟s undoubted that opening of data has gained considerable attention. A 

typical example is the open government initiatives in the US & UK. However as has been 

illustrated by this study, there is more to opening the data. In deed for open data to be a success, 

various facets have to be considered; In addition to publishing open data, efforts of third parties 

like agencies and those of consumers of the data need to come into play. To increase the 

consumption of the data, the intended data to be consumed needs to be available and easily 

accessed in the first place. It needs to be of a quality and a state that will enhance its effective 

and efficient use. 

As this study has shown, consuming data by correlating multiple data sets can provide more 

insight as compared to using single data sets. However some challenges could deter the 

consumption of the published open data sets. They include difficulties in finding the relevant 

data, as well as problems with the actual data, just to mention a few. This can result to many 

people publishing the data than using the data. To this regard, open data publication seems to 
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play a pivotal role in the success of open data. The success of open data in turn leads to success 

of linked open data. 

Therefore data publishers need to be cognizant of the best practices of releasing data to the 

public. In this study we recommend that: 

 Any data meant for public use and consumption should be availed strictly adhering to the 

open data principles. Through the principles like completeness, important information 

about the data set such its source, the updates, and when the information in the data set 

holds can be obtained. 

 The data sets should be availed in compatible formats that can be understood by humans 

and processed by computers. In addition to being non-proprietary, the preferred data 

formats should be adherent to open documented standards; Most importantly they should 

be cross-platform and enable interoperability among applications; they should be 

maintained if not created by an open standards organization. Preferred standards could 

include RDF, SPARQL, JSON, XML. 

 Mechanisms enhancing interlinking of information should be provided within the data 

sets. This can be accomplished by using linked data principles and open web standards 

such as the RDF and SPARQL. 

 The data sets to be released should be shared in phases as soon as they are technically 

ready for publishing. The data sets should be availed on an hourly, daily, weekly, 

monthly and annual basis. In addition real time and time series data should be availed. 

Where applicable forecasts data should too be availed. 

 Finally all this information should be made available to repositories where it can be 

accessed by most if not all interested consumers. User-friendly mechanisms not needing 

any special in-depth technical expertise for accessing the data should be provided. 

Awareness of the existing data should be created.  
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6. CONCLUSION 

The main goal of this research was to find whether associating multiple linked open data sets can 

be beneficial as opposed to using single data set. In this study the correlation among three 

independent data sets was established and the level of the correlation noted. The study first 

conceptualized the state of the open data which was presented in related literature. By combining 

multiple open data sets from weather data, electricity production and electricity consumption, the 

research went further to compute the correlation arising from the linked open data sets.  The 

weather data for Vihlantie region in Lappeenranta was collected from Modern-Era Retrospective 

Analysis for Research and Application (MERRA). Both the electricity production and 

consumption data sets were collected from Lappeenranta University of Technology.  All the 

collected data sets were for the same time period from 1
st
 January 2015 to 31

st
 December 2015. 

Pearson‟s Correlation Coefficient was used as a measure of the correlation between the data sets. 

The findings indicate that analysis of multiple combined open data sets can be more informative 

as compared to analyzing single sets of data. This can be affirmed by the relationship between 

the weather variables data set and the electricity production data set. In particular, global 

horizontal radiation and clear sky radiation is seen to correlate strongly with electricity 

production. Insight from such a correlation can be utilized towards maximizing the amount of 

electricity harvested in a given time. For example, more solar panels can be added or the already 

installed ones manipulated when the radiation from the sun is at its peak. 

It was also found that despite having a lot of open data availed to the public, its consumption still 

remains an issue of concern. The ease with which to find the relevant data, to use of compatible 

formats and standards within the published data sets remains an elusive goal. This could impact 

the full utilization of the already published data sets. 

In this study, three independent data sets, all containing data for a period of one year data have 

been used. Using more data sets with inherent linking possibilities and strictly observing the 

open data principles could provide a broader perspective regarding linking of open data. Even 

more, accurate associations among the data sets could be obtained. 

However the results from this study has exhibited that linking multiple open data sets and 

subsequent analyzing their correlation can be more useful as compared to the use of single data 

set.  
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