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This thesis introduces heat demand forecasting models which are generated by
using data mining algorithms. The forecast spans one full day and this forecast
can be used in regulating heat consumption of buildings. For training the data
mining models, two years of heat consumption data from a case building and
weather measurement data from Finnish Meteorological Institute are used. The
thesis utilizes Microsoft SQL Server Analysis Services data mining tools in
generating the data mining models and CRISP-DM process framework to
implement the research. Results show that the built models can predict heat
demand at best with mean average percentage errors of 3.8% for 24-h profile and
5.9% for full day. A deployment model for integrating the generated data mining
models into an existing building energy management system is also discussed.
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1 Introduction
Currently, a lot of data is collected from multiple sources, and the amount of
collected data is increasing rapidly. Data is available through mobile devices,
social media and various devices that are connected to the Internet. The private
residential buildings make no exception in this case and data is collected from
electricity, water and heat consumption and the amount of various measurements
increases all the time. The gathered data can well be used in monitoring the
operation of buildings and even controlling the building systems. However,
making sense of big amounts of data can be challenging without efficient
techniques and tools.
In this study a data mining approach is used to make sense of one slice of the data
collected from buildings: the heat demand. The goal of the study is to build heat
demand forecasting models using data mining algorithms. The targeted forecast
horizon for the heat demand is 24 hours and the Microsoft SQL Server Analysis
Services data mining tools (Microsoft, 2015a) are used to generate the forecasting
models. The data mining algorithms used in the work include Microsoft
clustering, decision tree, logistic regression and neural networks algorithms
(Microsoft MSDN, 2015a).
This study analyses the heat demand and consumption figures of one residential
case building located in Finland. The case building’s heat consumption consists
mainly of space heating. In general, space heating consists of 25% of the total
energy consumption in Finland (Statistics Finland, 2014a). The rising energy
prices and requirements for more energy efficient and sustainable operation of
buildings all direct to reduce the energy used in space heating, considering that its
portion of the total energy consumption is remarkable. The forecast of heat
demand can be used to achieve cost savings and better energy efficiency in space
heating by guiding the building heating systems: the overheating and peak
consumptions can be prevented by knowing the heat demand in the future and by
making the indoor temperature conditions more stable with the forecasts (Fan et
al., 2014; Friedrich, 2011).
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The built data mining forecast models are meant to be integrated into an existing
building energy management system (BEMS). BEMS makes it possible to
monitor and control the energy consumption of buildings (Doukas et al., 2007).

1.1 Motivation of the thesis
Nuuka Solutions Ltd., which is a BEMS provider, has a need to forecast heat
demand with a 24-h time horizon. This forecast can be used to control the
operation of a building and, using forecasted weather parameters, to implement
weather controlled heating and cooling in buildings.
In principle, there was enough data available from the case building to start with:
two years of hourly heat consumption data. The weather data was available from
the Finnish Meteorological Institute (FMI) with desired accuracy (one hour) and
scope (two years). A study by Bakker et al (2010) used from 13 up to 28 weeks of
hourly training data to generate a heat demand prediction model using a data
mining algorithm with fair results. This shows that generation of forecasting
models is possible with less data than was used in this study. A data mining
approach seemed potential from the perspective of the amount of data available.
There have been several studies related to forecasting of heat and energy demand
using data mining and machine learning techniques. These are discussed more
precisely in the literature studies (Fumo, 2014; Zhao and Magoulès, 2012).
However, studies of similar scope do not exist in Finnish buildings and practical
solutions consisting of data mining models and tools ready for integration with an
existing BEMS are not yet introduced. A recent study has built a methodology
which used data mining techniques to predict energy consumption in BEMS
(Yang et al., 2014).

1.2 Scope of the thesis
The dataset in this work consists of heat consumption data for two years period
from a residential case building. Furthermore, several weather variables such as
temperature, wind speed, relative humidity and solar radiation are included to the
7

analysis in order to understand correlations between the weather variables and
heat demand and in building the forecasting models. The weather data is collected
using the FMI’s Application Programming Interface (API) (Ilmatieteen laitos,
2015). This weather data collected is from the same period of time as the heat
consumption data from the case building.
The focus of the work is to generate forecasting models for heat demand using
data mining algorithms and to understand how these models can be integrated into
an existing BEMS. Fine-tuning of the data mining models and their parameters
has been omitted from the work to keep the focus better on finding heuristically
accurate enough data mining models and to find deployment architecture to work
with the BEMS. The SSAS environment poses some limitations on selecting the
data mining algorithms and, for this reason, the four data mining algorithms
(clustering, decision tree, logistic regression and neural networks) were chosen in
this work.
As a guideline for the data mining project, CRISP-DM process framework is
utilized. This thorough framework is discussed in the book by Berthold et al.
(2010). All the six phases of CRISP-DM are not investigated as thoroughly as in
the book. However, the six phases of the CRISP-DM framework are included in
the research.

1.3 Research questions
The main goal of this study can be summarized with the following question:


How to build up the data mining models for accurate heat demand
forecasting by using the Microsoft SQL Server Analysis Services tools?

This main research question is divided into five sub questions to better focus the
study to certain areas. With these five sub questions, the goal is to find the
specific data mining model that most accurately forecasts the heat demand for a
24-h time horizon in Nuuka Solutions Ltd. and to integrate the forecast model into
the BEMS.
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The sub questions are as follows.
1. What are the benefits of using data mining models for heat demand
forecasting?
2. How do the weather variables correlate with heat energy consumption?
3. What data mining algorithms and models can be used for heat demand
forecasting?
4. How exactly the data mining models forecast heat demand?
5. How can the built data mining models be integrated and deployed into an
existing BEMS?
With the first sub question, we evaluate how well data mining models suit in
forecasting heat demand. This is done with the related literature and by evaluating
the results in this work. The questions of finding out relevant correlations and to
understand what data mining algorithms and models currently exist are both the
preliminary steps towards to build up the forecasting mining models and to
evaluate their accuracy. With the final sub question, the goal is to find a practical
deployment model and to understand how this model can be integrated into an
existing BEMS for automatic heat demand forecasting.

1.4 Key concepts and terminology
Before moving on with this thesis, it is necessary to clarify some key concepts and
terms. Here, data mining, CRISP-DM and BEMS are defined shortly. More
precise definition of these terms and related concepts are discussed later.
Data mining is the analysis of observational datasets to find unsuspected
relationships and to summarize the data in novel ways that are both
understandable and useful to the data owner (Hand et al., 2001). In general, data
mining can better provide answers to questions that cannot be answered by just
extracting and aggregating values from the data (Cichosz, 2015). Data mining is a
technology that is being used increasingly in various sectors like in business,
engineering, social media and biological science (Chu, 2014, p. IV). Data mining
has made it possible for many businesses to gain competitive advantage by better
9

understanding customer’s behavior and needs through analyzing the data (Zhang
and Liu, 2014).
For implementing the data mining project in this study, the CRISP-DM (CRossIndustry Standard Process for Data Mining) framework is utilized. The framework
provides a thorough guideline on how to progress in a data mining project from
understanding the project goals to analysis, building of models, evaluation and
finally deployment of the models (Berthold et al., 2010). The framework is meant
to be independent of industry and can be used in data mining projects like the
analysis of shopping baskets and, in this case, to generate forecasting models for
heat demand.
Building energy management systems (BEMS) are control systems for individual
buildings or groups of buildings that use computers and distributed
microprocessors for monitoring, data storage and communication (Levermore,
2000). BEMS can manage and monitor functions such as heating, ventilation and
air conditioning (Levermore, 2000). BEMS contribute to the continuous energy
management and therefore helps in achieving energy and cost savings (Doukas et
al., 2007).
The following Figure 1 outlines the key terminology used in this study and the
interrelationships of the terms. In the top center of Figure 1 is the box of energy
saving in buildings which in many ways is a trigger for generating the forecasting
models for heat demand in this work. Going down the flow of Figure 1 shows
different methods for forecasting heat demand of which data mining methods
frame one option. Inside the data mining methods, the algorithms (clustering,
decision tree, logistic regression and neural networks) and data mining tool
(SSAS) used in this work are shown. The lowest box in Figure 1 describes the
data (heat consumption data, weather data), research methods (quantitative case
research) and framework (CRISP-DM) used in this thesis to finally generate the
heat demand forecasting models with SQL Server Analysis Services.
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Figure 1. The key terms and their interrelationships in this work.

11

Building
Building

1.5 Structure of the thesis
The structure of the thesis is as follows. Chapter two introduces the research
methods, framework and research environment. The chapter discusses the
contents of the CRISP-DM framework and the properties of the SSAS data
mining tools. Chapter three outlines the related literature. Chapter four presents
the implementation and evaluation of heat demand forecasting models using the
CRISP-DM framework. Chapter five discusses the results, and the thesis is
concluded with the discussion of future work and emerging trends in the last sixth
chapter.
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2 Research methods, framework and the research
environment
This chapter discusses the research methods, framework and research
environment used in the study. The company commissioning this work is also
introduced and briefly the company’s background. The research environment will
pose some limits in conducting the study and therefore it is important to discuss
about it at the end of this chapter.

2.1 Nuuka Solutions Ltd.
Nuuka Solutions is a company that offers BEMS (Building Energy Management
System) to various buildings primarily in Finland but also abroad. The company
was established in 2012, and many buildings have been connected to the Nuuka
BEMS since. The data is collected using specialized devices installed to premises.
The devices are connected to the building automation systems or individual
sensors inside the premises. These data collection devices send the collected raw
data to the cloud where validations and various calculations are made to this data.
The results of the calculations and analyses are then aggregated to various reports
and alarms that can be triggered to be sent as email or as an SMS using predefined
rules. With the reports, it’s possible to understand energy consumptions, costs,
CO2 emissions, and how these align with the predefined consumption goals.
Sustainability-related issues are also one category within the reporting.
The desire for Nuuka Solutions to forecast heat demand 24 hours ahead has
derived from the needs of customers. As for using data mining techniques in the
prediction, the idea has arisen from emerging new technologies, tools, emerging
trends and the collected data. The company has already collected vast amounts of
data from the buildings. Nonetheless, there is a lot of knowledge in the data
unveiled. New technologies and tools based on the data mining provide a road to
reach this knowledge. Microsoft provides such data mining tools in an
environment that is already familiar in the company, the Visual Studio.
13

To get an idea of how data mining works and how it can be implemented, it was
decided that data mining algorithms and models are used to predict heat demand.
It was known beforehand that forecasting is possible using data mining models.
Furthermore, research with the literature revealed that there are many solutions
available of which many already predict the heat demand with data mining
models. These previous studies, of which many found in the literature studies
(Fumo, 2014; Zhao and Magoulès, 2012), help in building the mining models but
the goal is still to make a good prediction and a practical solution. It’s still theory
in the studies; a practical solution is yet another thing.

2.2 Quantitative case study
The data-driven data mining approach requires data from buildings. For this
study, one case building was selected for building the forecasting model with data
mining algorithms. The reasoning for selecting this building will be explained in
more detail later. One of the reasons was that there is a district heating system in
the case building which represents common residential buildings in Finland.
A typical process of case study approach is described (Eisenhardt, 1989). In a case
study approach, research questions are first formulated, and then cases are chosen,
measurement tools and collection methods are decided, data is collected and
analyzed, hypotheses are formulated and results are finally compared to the
literature.
For this thesis a case study approach is chosen because “researcher develops and
tests a set of concepts from one case and then uses them in developing an
explanation which covers a wider range of cases” (Cunningham, 1997). This
work also develops an explanation that will try to cover a wider range of cases by
investigating one residential case building and its heat energy consumption data.
As the work deals mostly with numerical data in database, data correlations,
prediction algorithms and their accuracy, the work is conducted as a quantitative
research.
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For conducting the data mining, a framework for intelligent data analysis that is
based on CRISP-DM (CRoss-Industry Standard Process for Data Mining) is used.
This framework is introduced next with more details.

2.3 Intelligent data analysis and CRISP-DM framework
In general having a lot of data and advanced tools to find relevant knowledge
from this data are usually not enough. Berthold et al. (2010, p. 2) state that “…it is
not the tools alone, but the intelligent composition of human intuition with the
computational power, of sound background knowledge with computer-aided
modeling, of critical reflection with convenient automatic model construction, that
leads intelligent data analysis projects to success.”
The term intelligent data analysis emphasizes that every project is different and
intelligence is required to make most out of the data. The guideline to follow the
intelligent data analysis is introduced (Berthold et al., 2010) and this work utilizes
the same guidelines in understanding and analyzing the data and building the data
mining models. The goal introduced (Berthold et al., 2010) is to make knowledge
out of data; the data is usually single instances and in big amounts whereas
knowledge describes general patterns, structures, laws, principles and allows
doing forecasts.
Berthold (2010) argue that there are several options on how the data analysis
process and framework should look. These options include SEMMA (Sample,
Explore, Modify, Model, Assess), CRISP-DM (CRoss-Industry Standard Process
for Data Mining) and KDD (Knowledge Discovery in Databases). The intelligent
data analysis implements the principles in CRISP-DM (Berthold et al., 2010). The
framework for data mining in this work also utilizes CRISP-DM and expands it
with recommendations from the intelligent data analysis.
CRISP-DM 1.0 model was introduced already in 1999 and is discussed e.g. in a
study by Chapman et al. (2000). Ahmed, Korres, et al. (2011b) used CRISP-DM
framework in a data mining project that assessed the performance of naturally
day-lit buildings. CRISP-DM has been developed by a consortium of large
15

companies such as NCR and Daimler, and seems to be the most widely used
process model for intelligent data analysis today (Berthold et al., 2010). CRISPDM tries to deliver a standard approach which will help translate business
problems into data mining tasks, suggest appropriate data mining techniques and
provide means for evaluating the effectiveness of the results and documenting the
process (Wirth and Hipp, 2000). CRISP-DM defines a process model which
provides a framework for carrying out data mining projects independent of the
industry and technology used, aiming to make large data mining projects less
costly, more manageable and faster (Wirth and Hipp, 2000). As this study is the
first data mining project in the Nuuka Solutions, it’s even more beneficial to find
a framework to guide the workflow.
The future chapters in this work, related to research, will roughly follow the six
generic task phases presented in the CRISP-DM framework. These phases are
described as part of the lifecycle of a data mining project as shown in Figure 2.
The outer circle in Figure 2 symbolizes the cyclical nature of data mining itself; it
does not end once a solution is deployed (Chapman et al., 2000). A data mining
project in CRISP-DM starts with project understanding and progresses through
data understanding, data preparation, modeling and evaluation to deployment
(Berthold et al., 2010).

16

1. Project
Understanding

2. Data
Understanding

3. Data
Preparation

DATA
6. Deployment
4. Modeling

5. Evaluation

Figure 2. The lifecycle phases of a CRISP-DM (Berthold et al., 2010).

The following list will give more detailed description of the six phases (Berthold
et al., 2010; Chapman et al., 2000; Wirth and Hipp, 2000). Note that in (Chapman
et al., 2000; Wirth and Hipp, 2000) the first phase is named as business
understanding but the content is still the same.
1) Project understanding
a. This phase focuses on understanding the project objectives and
requirements from a business perspective. This knowledge is then
converted to a data mining problem definition.
2) Data understanding
a. Contains initial data collection, activities that enable to become
familiar with the data, identifying quality problems, discovering
17

first insights and detecting subsets to form hypotheses regarding
hidden information.
3) Data preparation
a. Activities needed to construct the final dataset from the initial raw
data. Data preparation tasks are likely to be performed multiple
times. Tasks include table, record and attribute selection as well as
transformation and cleaning of data for modeling tools.
4) Modeling
a. Various modeling techniques are selected and applied; parameters
are calibrated to optimal values.
5) Evaluation
a. Models of high quality have been built. Before deployment, it is
necessary to evaluate the model and review the steps needed to
create it to be certain the model properly achieves the business
objectives. At the end of this phase, a decision on the use of the
data mining results should be reached.
6) Deployment
a. The knowledge gained needs to be organized and presented in a
way that the customer can use it. Depending on the requirements,
the deployment phase can be as simple as generating a report or as
complex as implementing a repeatable data mining process across
the enterprise.
To understand better how these phases map to the original research questions, the
linkage between the research questions and the CRISP-DM phases is shown in
Table 1. Table 1 also explains how the research questions are answered.
Table 1. The research questions of this work linked to the CRISP-DM process phases.
Research question

CRISP-DM data

How the question is answered?

analysis process phase
(RQ1) What are the benefits

-project understanding

The benefits of DM models are

of using data mining models

- evaluation

evaluated first through business

for heat demand forecasting?

perspective and finally based on
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results.
(RQ2) How do weather

- data understanding

The correlations of the weather

variables correlate with heat

- modeling

variables are calculated primarily

energy consumption?

- evaluation

in the data understanding phase.
Models will have different sets of
weather attributes and these are
also evaluated.

(RQ3) What data mining

- modeling

This question is primarily

algorithms and models can be

answered in the modeling phase

used for heat demand

where models are selected based

forecasting?

on the project’s requirements and
the available tools.

(RQ4) How exactly the data

- modeling

These questions are primarily

mining models forecast heat

- evaluation

answered in the evaluation but

demand?
(RQ5) How can the built data

also in the modeling phase.
- deployment

Finally, there is a discussion on

mining models be integrated

how the data mining models can

and deployed into an existing

be put into real production

BEMS?

environment and how the
architecture should look like.

2.4 Possibilities and limits posed by the tools
For the actual data mining, tools of Microsoft SSAS (Microsoft SQL Server
Analysis Services) (Microsoft, 2015a) are being used. The energy consumption
and weather data are located in an SQL server to which an SSAS server is
connected. The following Figure 3 illustrates the architecture and data sources in
general. The data is collected from building automation and weather data
provider. The sources are discussed in more detail in the research chapter.
The reasons for choosing the Microsoft software for this data mining project are
as follows. First, Microsoft tools and software development tools are widely used
in the company. The Visual Studio is the development environment which is
familiar from the software development. The new SSAS data mining tools are
also integrated into Visual Studio which narrows the gap of learning. MS Analysis
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Services and MS SQL Server are built so that their cooperation is straightforward
and requesting the results from the data mining models of SSAS can be done with
a language similar to SQL. The simplified architecture of this environment is seen
in Figure 3.

Microsoft Business
Intelligence tools
for building mining
models and
analysing results

Data
Microsoft Analysis Services Server
(Data mining)

Building

Microsoft SQL Server

Weather Data
Provider

Figure 3. Simplified architecture of the data mining environment.

There are, of course, other free and commercial data mining tools, like IBM SPSS
(SPSS software, 2015), SAS Data Miner (SAS, 2015), The R-project (rproject.org, 2015) and Weka (University Of Waikato, 2015), just a few common
to mention. These options are out of the scope of this work for their integration to
MS SQL Server and to the Microsoft development environment would require
much more learning and efforts. Microsoft also offers a cloud-based solution for
data mining known as Azure data mining (Microsoft Azure, 2015). The Azure
solution has an asset that it does not need any server installations. However, some
contracts made in the Nuuka Solutions require the storage of data to be located in
a Finnish server. For this reason, the Azure cloud or other cloud-based mining
solutions were not considered more as an option for this work.
One of the most important reasons for selecting SSAS architecture for data mining
is to enable automated data mining and forecasting. Once built, the data mining
models can automatically be updated and triggered based on predefined logics,
e.g. once a week or after floor area of a building has changed. Past studies are
lacking a definite architecture and tools to implement data mining models in a real
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production environment with BEMS. Eriksson (2012) created a tool for helping in
calculation the heat demand forecast which was based on neural networks (data
mining algorithm). The easiness of integrating this tool in a real-world BEMS
system that functions automatically is unknown.
Of course, it’s reasonable to assume that complete automation cannot be reached
with the results of this study either. The data mining models may need to be
updated manually. Nevertheless, Microsoft Analysis Services and the tools
provided by Microsoft provide a fair starting point in building an automated
forecasting system.
Although the tools provide a fair starting point, it is important to understand that
Microsoft Analysis Services poses some limits to the data mining. The possible
data mining algorithms that can be used are described in the Table 2. This set of
algorithms miss commonly used data mining algorithms, like the Support Vector
Machine. The possible set of algorithms is dictated by the selection in the SSAS
and it is out of the scope of this work to make a thorough comparison of different
mining algorithms that are not included in the SSAS.
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Table 2. List of the SSAS data mining algorithms and their short descriptions (Microsoft MSDN,
2015a).
Algorithm
Microsoft
Association Rules

Microsoft Clustering

Microsoft Decision
Trees

Microsoft Linear
Regression

Microsoft Logistic
Regression

Microsoft Naïve
Bayes

Microsoft Neural
Network

Description
The product of an association rule is a model consisting of a series of
itemsets and the rules that describe how those items are grouped
together within the cases. A group of items in a case is an itemset.
The rules of the algorithm predict the presence of an item in the
database, based on the presence of other specific items that the
algorithm marks as important. The algorithm suits well for shopping
basket analysis e.g. providing information what products are bought
together.
A clustering model identifies relationships in a dataset. The clustering
algorithm trains the model strictly from the relationships that exist in the
data and from the clusters that the algorithm identifies.
The algorithm first identifies the relationships in the data and generates
clusters based on the relationships. After defining the clusters the
algorithm calculates how well the clusters represent the point groups and
tries to optimize the groupings to represent the data better.
For discrete attributes, the algorithm makes predictions based on the
relationships between input columns in a dataset. For continuous
attributes, the algorithm uses a linear regression to determine where a
decision tree splits. The algorithm identifies the input columns that are
correlated with the predictable column.
This algorithm is a variation of MS Decision Trees algorithms. The
algorithm helps to calculate a linear relationship between a dependent
and independent variable. This relationship is used for prediction. The
relationships are in a form of an equation for a line that best represents a
series of data.
Used for modeling binary outcomes. The algorithm shares qualities of
neural networks but is easier to train. The algorithm can take any kind of
input (discrete, continuous). The effect of each input on the output is
measured, and the various inputs are weighted in the finished model.
The data curve is compressed by using a logistic transformation to
minimize the effect of extreme values; this is where the name of the
algorithm originates.
This algorithm is based on the Bayes’ theorems. The word naïve derives
from the fact that the algorithm uses Bayesian techniques but does not
take into account dependencies. The algorithm is lighter and therefore
useful for quick generation of mining models for discovery of
relationships. The algorithm calculates the probability of every state of
each input column.
Algorithm combines each possible state of the input attribute with each
possible state of the predictable attribute, and uses the training data to
calculate the probabilities. The probabilities can be used for
classification, regression or predict an outcome of an attribute. The
algorithm create a network that is composed of three layers of neurons:
input layer, optional hidden layer and output layer.
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3 Related literature
The purpose of this work is to find a way to forecast heat demand of a residential
building using data mining models. To do this, it is essential to understand how
heating of buildings is carried out in general and how data mining can be
executed.
This first part of literature study is an introduction more focused on the heating
consumption and heating solutions in general; the second part of the literature
study focuses more on data mining and data mining algorithms.

3.1 Background of heat demand prediction
To get a wide perspective to the matter, we will first have a look at the
background of heat consumption in Finland, the motivations for saving in heat
consumption and about using heat demand forecasting.
The houses in Finland use a lot of energy to space heating. In 2014 the total
energy consumption in Finland was around 372 terawatt hours (Tilastokeskus,
2014), of which 25 % was used for the heating of houses. To compare, the Finnish
nuclear plant, Olkiluoto 1, delivered total 7.2 TWh of energy in 2014
(Teollisuuden Voima Oyj, 2014) which means that around 13 nuclear plants like
this are required to fulfill the energy need for space heating in Finland. We are
discussing big quantities of energy.
To make benefits of reducing the heat consumption more concrete, we must first
consider an office building. The heating costs of an office building can be 100,000
€ a month. Savings of a few percentages in the heat energy consumption in this
case can lead to considerable savings. Although savings in a single building may
still seem marginal, combining small savings of many individual buildings can
lead to a huge scale of savings. These savings can be in millions when you
manage a building portfolio with hundreds of buildings. Decreasing the amount of
CO2 emissions and sustainability are also reasons to reduce the energy and heating
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consumption, as 40 % of total energy is generated by fossil fuels in Finland
(Statistics Finland, 2014b).
The governmental and the EU level are demanding for buildings to be more
energy-efficient (EU Parliament, 2010). Laws can point to the direction, but it is
usually the money that makes you take necessary steps to that direction. If the
saved money from the more energy-efficient house is not quite enough, improving
your building’s sustainability and energy-efficiency can remarkably increase the
value of your building portfolio and the stock value of this portfolio. Global RealEstate Sustainability Benchmarking (GRESB) is one increasingly more popular
transparent reporting platform which ranks building portfolios by their energy
consumption, CO2 emissions and policies related to the sustainability
(GRESB.com, 2015). The higher score given by the GRESB, the more valuable
your building portfolio.
To understand the potential of heat demand forecasting, it’s important to
understand that constructed buildings store heat in the walls, floor, ceilings and, in
general, in the structures. Outside temperature has direct effect to the heat
demand; however, a change in the external temperature is often noted in the
interior space after several hours or even days (Friedrich, 2011). This can lead to
overheating. Forecasting energy consumption can also be useful to determine the
required size of storage energy system and can be used at estimating the benefits
of a renewable energy system at an early design stage (Rodrigues et al., 2014).
By forecasting energy consumption a day ahead, it’s possible to utilize the heat
that is reserved inside the building by looking ahead how the weather changes.
That is, if the weather forecast shows, that there is change for a warmer weather,
there is no need to heat up the building tremendously. It’s better to let the building
consume the heat inside the structures to compensate the warmer period ahead. In
this way, it’s possible to save in heat energy. On the other hand, if the forecast
says that there will be a colder period ahead, the building can prepare for it in
advance. The conditions inside will become steadier and more comfortable with
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weather control (Friedrich, 2011). But, how to do this heat demand forecasting, is
a difficult question.
3.1.1 Components of heat demand
Challenges in forecasting derive from the complexity of buildings as many
components and variables within the building influence the heat demand. In the
article from Bakker et al. (2010), the most relevant components affecting the heat
demand are weather, the characteristics of the house and the behavior of the
residents. Fumo (2014) introduces similar classification but also includes energy
system characteristics like Heating, Ventilation and Air-Conditioning (HVAC).
From the weather attributes, temperature, wind speed, wind direction, solar gain
and precipitation all have impact on the heat demand. The structures of the
building, including building elements, isolation and room sizes, all play a role in
forming up the total heat demand. The behavior of residents also deliver
difficulties in predicting the heat demand as some days or even months the
residents can keep the rooms unoccupied and reduce the temperature in the rooms.
The heat demand profile also differs at weekends as more residents are likely to
be at home.
Understanding this complexity can be overwhelming while trying to generate an
algorithm or set up a model for estimating the heat demand. Every building is an
individual, so understandably the algorithm should be building-specific.
3.1.2 Traditional heating strategies
Before moving into the energy and heat demand forecasting, it’s good to
understand the established heating strategies and what they are based on.
Conventional control technology works with fixed time settings and heating
characteristic curves coupled with temperature sensors outside (Friedrich, 2011).
This simple and yet quite effective approach has been proofed reliable and has
potential to be a good solution also in the future. However, this approach doesn’t
utilize forecasting, rather evaluates the current heat demand requirement.
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Prívara et al. (2011) introduce traditional heating control strategies. The Table 3
displays a list of these strategies. As can be seen from the Table 3, these more
traditional methods cannot be considered to be based on forecasting. They react to
the current environment conditions. The PID control uses some history to finetune the heat consumption.
Table 3. Traditional heat control strategies (Prívara et al., 2011).
Strategy

Complexity

Functionality

On-off room temperature

Simple,

control

dynamics of the building.

no

info

about

Heating devices are switched
on and off according to some
room

temperature

error

threshold.
Weather-compensated

More

meters,

relatively

The temperature of the heating

control

simple. No info about the

medium (e.g. water) is set

dynamics of the building.

according

to

temperature

by

the

outside

means

of

predetermined heating curves.
PID Control

Complex, but robust. Allows

Feedback control with some

accurate tuning. Cannot reflect

information about the system

the outside temperature effect.

dynamics. Heating temperature
is determined according to the
room temperature error and
some history.

The strategies that are more based on the energy demand forecasting are
introduced next.
3.1.3 Forecasting formula for energy and heat demand
Many approaches have been introduced in the literature to predict energy demand
for a building

(Fumo, 2014; Grosswindhagera et al., 2011; Ben-Nakhi and

Mahmoud, 2004; Rodrigues et al., 2014; Zhao and Magoulès, 2012). These
forecasts naturally also include cooling and electricity demand forecasting, along
with the heat demand, as all these energy types are consumed within buildings.
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Zhao and Magoulés (2012) provide a literature study to the subject of energy
demand forecasting of buildings. The prediction methods have been categorized
as engineering methods, statistical methods, neural networks, support vector
machines and grey models. In short, engineering methods are considerably old
(yet not old-fashioned) approaches using physical principles on calculating energy
behavior using simulation tools. To achieve accurate simulation, exact details of
buildings room by room are required which makes this approach difficult to
implement. The statistical methods use historical performance data and selected
influencing variables to predict the energy and heat demand. This approach
requires a bunch of historical data. In a gray system, the information of one
system is partially known. In a grey model, a building’s energy behavior is
usually analyzed with incomplete data. This approach is little investigated in the
literature and will not be the subject of this study either.
Fumo (2014) introduces even more classifications based on the previous studies
on energy demand forecasting. A rough categorization can be made to forward
(classic) approach and to data driven (inverse) approach. In the forward approach,
the physical behavior of the systems and their inputs are known. The objective is
to predict the output. As more details on the building are known, the accuracy
becomes better. In data-driven approach the input and output variables governing
the system are measured and the known data is used to define a mathematical
model of the system. The merits of data-driven approach are that no physical
modeling of the building is required, which can be difficult in case of an old
building. All-in-all, the data-driven approach can be applied in both old and new
buildings in helping forecasting the energy demand. Downsides of this approach
is e.g. that the accuracy of the forecast depends on data quality and also the
amount of data.
The data-driven approaches can be divided into three categories (Fumo, 2014):
1. In empirical approach, a simple or multivariable regression analysis is
used to find the relationship between the outputs and the input parameters
such as climate data and occupancy behavior.
27

2. In calibrated simulation approach, a simulation program has been
calibrated with actual measured data. This allows the model to predict the
energy consumption.
3. The gray-box approach uses two-step development. First a mathematical
model is developed using the physical configuration of the building. Then
statistical analyses are used to identify the parameters that allow the model
to estimate energy performance satisfactory.
Pedersen (2007) defines methodologies to categorize energy estimations. These
include statistical approaches, energy simulation programs and intelligent
computer systems. Statistical approaches are based on linear regression analyses
that use big amounts of metered consumption data to generate forecasts. The
simulation programs use weather data and detailed building characteristics to
simulate the building energy performance and to do forecasts. The intelligent
computer systems are based on machine learning algorithms that are capable of
making decisions based on the data.
There are many other categorizations, as there are vast studies introduced in these
both literature studies mentioned (Fumo, 2014; Zhao and Magoulès, 2012). The
previously mentioned categories will do for now, as in this study, the category can
already be pin-pointed to data-driven approaches and intelligent computer
systems. There is still a big unknown area to uncover and data-driven approach is
a bridge towards this area where a lot of historical data is also consumed: the data
mining. Data mining is first introduced with the concept of big data.

3.2 Data mining
To understand data mining better, it’s important also to understand the concept of
big data. Data mining and big data are related but not completely the same things,
also depending on the source of definition. Big data can be defined in many ways.
One approach is to compare big data to “small data”. From this perspective, big
data can be defined as being high volume, high variety and high velocity
(Berman, 2013). High volume means big quantities of data, variety that it
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originates from multiple sources and can be unstructured like pictures or scanned
text documents. The high velocity refers that the content of data is constantly
changing through absorption of complementary data collections and by new data
arriving from multiple sources (Berman, 2013).
From another perspective, big data is a new way of thinking. In the book Big
Data: A Revolution That Will Transform How We Live, Work, and Think
(Mayer-Schönberger et al., 2013), big data is considered as following. “Big data
refers to things one can do at a large scale that cannot be done at a smaller one,
to extract new insights or create new forms of value, in ways that change markets,
organizations, the relationship between citizens and governments, and more.”
Understanding big data means also a shift from causation to correlation. The
correlation within data is more important than knowing the reason. For example,
data analysis can implicate that used orange cars are in a better shape than cars of
other color. Knowing why can be interesting but yet no necessary for a person
wanting to buy a used car in a good condition. Big data answers questions of type
what rather than why; big data reveals correlation, not causation.
In addition, the shift towards big data mindset includes the acceptance of
measurement errors. When the data set is big enough, we can accept measurement
errors. In massive datasets, the errors will eventually average out. In doing
science, big data has potential of changing the research methods. Traditional way
of doing research is taking small random samples, doing analysis and deduction
from this limited amount of information. Exactness of measurements and results
has traditionally been important. With “all” data as the dataset, there is no more
need for that.
From these perspectives, big data can have fundamental changes in our society
and the owners of large quantities of data can be in a good position in making
money: by analyzing the data and by selling the data forward. The data can well
be the oil of the new millennia. Mayer-Schönberger et al. (2013) introduce an idea
where the value of businesses has progressed from physical assets (buildings,
manufacturing equipment and raw materials) to intangible assets (know-how of
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people). At the moment, the value of many companies is moving towards data.
This perspective may seem generalizing as if more data always means more
profits in the future. Of course, physical assets are still needed and know-how is
required to put the latent data into real use and to get knowledge. Still, the more
data at hand, the more possibilities to find knowledge and innovations to sell
forward.
3.2.1 Data mining compared to big data
From this definition of big data, it’s possible to better understand roots for data
mining. Data mining has been defined as the analysis of dataset, finding
unsuspected relationships in data and summarizing the data in novel ways that are
useful to data owner (Hand et al., 2001). Data mining and big data have in this
way much in common. However, to do data mining, the datasets don’t need to be
huge as data mining can find useful summaries even in a smaller set of data. Data
mining can be considered the process of extracting useful information from data
(big or small) and big data is just the huge, varied, rapidly changing amount of
data. However, in this work, big data is considered more like this shift of thinking
rather than just pure data. Data mining is a tool to implement the concepts of big
data mindset.
Theoretically, the results of data mining may introduce questions, like how can
humidity correlate so strongly with heat demand. It’s reasonable to ask why;
however, if the forecast formula is working precisely, there is no necessity to
understand the underlying cause. Especially when dealing with cases of
correlations between multiple variables a big data mindset can be beneficial and
save time.
3.2.2 The potential of using data mining to forecast heat demand
Forward approach, data-driven approach, engineering, statistical and grey models
have been mentioned as ways to predict the energy and heat demand (Fumo,
2014; Zhao and Magoulès, 2012). Finally, there’s data mining approach which is
the most relevant in this work.
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As described earlier, the forecasting of heat demand can be very complex as many
components and variables influence the overall demand. Data mining brings relief
to understanding this complexity. Hand et al. (2001) state that “data mining is the
analysis of (often large) observational data sets to find unsuspected relationships
and to summarize the data in novel ways that are both understandable and useful
to the data owner.”
The aforementioned neural networks and support vector machines (SVM) are data
mining algorithms. Statistical methods can also be considered a way to utilize data
mining as data mining combines elements from statistics and machine learning
(Cichosz, 2015). Data-driven approach can use data mining, as can empirical,
calibrated simulation and gray-box approaches but they are not of course
synonyms. Data mining is just one way to implement the data-driven approach.
There still remains a categorization problem related to what studies can be
considered as using “data mining models” and what again “statistical models” or
“regression analysis models” as data mining shares many approaches found in all
the models. Statistical and regression models can be considered as simpler data
mining models. Models based on machine learning algorithms, like SVM and
neural networks, are also data mining models.
Based on this categorization it can be said that using data mining models in
making energy demand forecasts has proved to be a working solution. Many
studies use machine learning algorithms, like neural networks, to do the prediction
(Bakker et al., 2008, 2010; Fumo, 2014; Kheirkhah et al., 2013; Platon et al.,
2015). The accuracy of the forecasts has been good, depending on the forecast
horizon. E.g. in Fan et al. (2014) different data mining models using various
algorithms were studied and the mean average percentage errors (MAPE) of the
models were between 2-6 % for the next-day energy consumption forecast. MAPE
can be translated as the error percentage. Wojdyga (2014) shows a MAPE of 35% for a model that predicts a short-term thermal load in district heating systems.
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Large amount of data are of essential in the data mining, as the more data in hand
provides usually more accurate predictions. A common trend is that the amount of
data collected in buildings is increasing. More and more sensors collect data about
energy consumption and indoor conditions. From this perspective, the forecasting
based on the data mining methods can be seen to improve in the future. Tso et al.
(2007) argue that in the past decade, advancements in the DB management and
computer speed have led to new way of conducting data analysis, thus data
mining is receiving a lot of attention. This study is relatively old, and tens of
studies have been conducted in this area closer to the present. More recent studies
(Cichosz, 2015), try to solve accuracy errors in the forecasting using data mining
algorithms.
A Bine report (Friedrich, 2011) discusses a solution for heat demand forecasting
using a weather forecast data already in 2011. The savings using a
thermodynamical computer model and local weather forecast data can account up
to 20% energy savings. This study was made in Germany. Considering again the
example introduced in the beginning, for whole Finland, it’s possible to save
annually the energy generation of two Olkiluoto 1 nuclear plants using these
energy saving figures. A study about heat control strategy called Model Predictive
Control (MPC) using weather-compensation (weather forecast) showed a
promising 16- 24% saving in heating consumption (Prívara et al., 2011). The case
building in the study was a university building. Although Prívara et al. (2011) do
not mention data mining, the approach is data-driven using vectors and a matrixbased MPC algorithm.
No matter how good some results may appear, it is understandable that
conventions and habits change slowly and using data-driven and data mining
approaches require extra investments on IT and adds complexity to the building
maintenance cycle. As the solutions based on data mining are not yet in wide use,
the resistance of change is a natural reaction. The building data often requires a
transfer to a data mining server which also requires technical expertise. It is often
no sense to set up such a server for a single building, rather, set up a centralized
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data mining environment with servers or use cloud-based solution on the Internet.
Sending data from the building automation to a cloud has privacy issues to
consider. This all raises suspicion moving towards more complex data-driven heat
control strategies.
To relief this suspicion, the research later in this work provides more evidence
that a data-driven approach using data mining models is a plausible option for
heat demand forecasting and can be implemented reasonably. As can be seen from
the literature, this study is far from the first and only in the field and proper data
mining models have been generated. However, some good practical solutions are
missing.
3.2.3 Selection of data mining models and algorithms for forecasting
heat demand
Tso and Yau (2007) observe the forecasting of electricity demand. In their article,
it’s discussed that regression analysis has traditionally been the most popular
technique in predicting energy consumption. Regression analysis is a statistical
method in estimating relationships between variables; the relationship can be e.g.
linear, logarithmic or exponential. Many things have happened in this field since
2007, but the study observes neural networks and decision trees as potential
alternatives to the regression analysis. Common for all these models mentioned is
that they represent predictive modeling. Predictive modeling can be considered as
an umbrella term of all data-mining related algorithms. In short predictive
modeling tries to find good rules for predicting the variables in a dataset (outputs)
from the values of other variables in the dataset (inputs) (Tso and Yau, 2007).
Ahmed et al. (2011a, p. 342) describe the data mining models and linking to the
algorithms as follows: “Data mining (DM) models, in general, consist of a set of
cases or mathematical relationships. These relationships are created, using
algorithms, based on an existing knowledge obtained by observing the influences
(characteristics) that indicate a specific behavior over a large amount of dataset,
where a solution to a problem is already known.” According to Ahmed et al.
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(2011a), the goal of DM is to utilize this past knowledge to automatically predict
a solution to new similar problems.
Cichosz (2015) discusses the concept of inductive learning. In the inductive
learning, generalizing patterns are discovered in the data to create useful
knowledge. The inductive learning is the source of many data mining algorithms.
The analyzed data plays the role of training information and the data mining
models (generated by algorithms) represent induced knowledge. The three most
widely studied and also exercised data mining tasks are classification, regression
and clustering. These all three tasks can be considered as inductive learning tasks.
(Cichosz, 2015)
In short, the classification task consists of assigning a set of discrete- and
continuous-valued attributes into a set of classes which can be considered values
of a selected discrete target attribute. E.g. numbers can be classified as equal and
unequal numbers. The regression task can be translated as classification of
continues classes and regression models predict numerical values rather than
discrete values. In the case of this study, the regression task fits well to the
definition: prediction of continuous heat demand value. The clustering differs
from the classification and regression tasks by the lack of a predetermined target
attribute to be forecasted. Clustering can find the target attributes automatically.
As an example, using clustering can be found out that during weekends the heat
consumption is within certain interval and at weekdays within another. There is
no actual forecasting of a single output taking place in this the case of clustering.
Regression appears to be the task that is required by the algorithms to handle in
this study. There are many options available and all cannot be considered. Based
on the vast studies made in the field of energy demand forecasting, many studies
have preferred ANN (Artificial Neural Networks); see (Bakker et al., 2010;
Kheirkhah et al., 2013; Platon et al., 2015; Rodrigues et al., 2014). In addition to
ANNs, there are black-box algorithms which cannot provide easilyunderstandable description of how the results are formed. The inputs and the
outputs are known, however, what happens inside is usually beyond human
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comprehension. Such algorithms include also ANNs. Decision trees represent
white-box algorithms and they provide human-readable interpretation and even
formulas on how outputs are generated out of inputs. Some algorithms require less
training data and are light-weight (like Support Vector Machines and Naïve Bayes
in some cases), but again, the forecasting accuracies might not reach the levels of
more heavy-weight algorithms like ANNs.
The following Table 4 shows a summary of common data mining algorithms. The
Table 4 shows a short description of the algorithm, their pros and cons and what
studies (related to energy demand forecasting of buildings) have investigated
which algorithm. In this work, the concentration is on the data mining models that
are based on artificial neural networks (ANN), decision trees and general
regression algorithms. The available algorithms for data mining in the SSAS were
already introduced in Chapter 2 and therefore Support Vector Machine algorithms
cannot be considered in this work, although they are mentioned in the Table 4.
Table 4. Description, advantages, disadvantages and past studies of different data mining
algorithms and models used in building energy demand forecasting.

Algorithm/model

Description

Advantages

Disadvantages

Past studies

Statistical methods,

Correlation

Relatively easy to

Requires enough

(Catalina et al.,

different regression

between

develop.

historical data for

2013;

algorithms including:

energy

training

Grosswindhagera

linear, multiple,

consumption and

models.

logistic and Auto

influencing

Inaccuracy

Regressive

variables.

lack

Integrated Moving

Empirical models

flexibility.

Average (ARIMA)

are
from

the

the

et
and
of

developed

al.,

Idowu

2011;
et

al.,

2014; Ma et al.,
2010; Schmelas
et al., 2015)

historical

performance data.
Artificial Neural

Artificial

Good at solving

Requires

(Bakker et al.,

Networks (ANN)

intelligence

non-linear

sufficient

2010; Kheirkhah

model used for

problems. No need

historical

et

non-linear

of prior knowledge

performance

Platon

of

data,

2015; Rodrigues

problems.

Used

relationship
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extremely

al.,

2013;
et

al.,

commonly

as

tunable

data

between inputs and
outputs.

accurate prediction

Originally

as long as model
to

mimic

et

Give

mining algorithm.

developed

complex.

selection

al.,
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In this chapter of related literature, we have discussed in general about the heating
consumption in Finland, what heating control strategies already exist and what
makes the heat demand prediction usually challenging. In addition, existing heat
demand forecasting models have been discussed and we have introduced the
concepts of big data and data mining. The studies related to energy demand
forecasting using the data mining techniques were also discussed and also some of
the most common data mining algorithms. Using this and the previously
introduced research methods and framework as the premise, the next chapter
discusses the actual research using the CRISP-DM process framework.
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4 Implementation and evaluation of heat demand
forecasting models using CRISP-DM framework
As discussed in the previous Chapter 2.3, the CRISP-DM framework (see Figure
2) is used to split the research in this work into logical phases and to help find
answers to the research questions. The primary phases of CRISP-DM are project
understanding, data understanding, data preparation, modeling, evaluation and
deployment (Berthold et al., 2010).
The structure of this chapter is as follows: First, there is a general discussion of
the project and its business objectives. Second, the relevant data is introduced
with its components and sources. Third, the attributes are extracted from the data
and these are used in generating the data mining models with the help of SSAS.
Fourth, the results of the data mining models are discussed before finally
introducing deployment architecture and model for the heat demand forecasting.

4.1 Project understanding
The business goal in Nuuka Solutions is to produce services that help customers
to make energy savings and build up energy efficiency in buildings. Improving
the indoor climate conditions is also an area of these services provided. With the
better indoor conditions, e.g. the temperature, humidity and CO2 content of the
rooms can be optimized.
Understanding the future heat demand of a building is one step towards the goal to
save in heat consumption. The knowledge of heat demand for 24 hours ahead can
be used e.g. in weather control for buildings thus reducing peak heat
consumptions and also providing better indoor conditions. Studies have already
shown that around 20% can be saved in energy consumption through the
utilization of weather control systems (Friedrich, 2011; Prívara et al., 2011).
At this point, it’s reasonable to reconsider if data mining approach is really the
correct way to start solving heat demand forecasting problem. As discussed in the
literature review in Chapter 3.1.3, there are many options like statistical analysis
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and engineering methods to help building a forecasting model. If we were to
choose from some of these options, the CRISP-DM would not be a valid
framework for this work. However, by the time of this work, there has been a vast
amount of studies related to data mining techniques which can predict energy
demand and the results have been promising as described in the literature (Fumo,
2014; Zhao and Magoulès, 2012). Based on these arguments, it is reasonable to
believe a solution to the problem is found using a data mining approach.
It is also useful to understand how different variables (later called attributes)
correlate with the heat consumption. If certain correlations are not found, should
this indicate that the building is not operating properly assuming that the data is
valid? The clarification of relevant variables and their correlations can be seen as
part of the process towards the heat demand forecasting model. Understanding the
correlations between weather variables and heat consumption is one of the main
goals in this study.
There is no previous experience on data mining projects in the company, although
a large amount of data have long been processed. Understanding data mining
procedures and tools will benefit the company. The learned procedures in this data
mining project can be put into reuse during the next data mining projects.
The analysis of this work fits into the category of association analysis where
correlations

of

associations

are

discovered

to

better

understand

the

interdependencies between all the attributes (Berthold et al., 2010). However, this
all depends on the data, and yet we have no general understanding of what exactly
the data is and how the data mining should be done.
The following describes the data used in the project in general to get a preliminary
picture of the data sources and the amount of data. This is important in order to
understand if the project is worthy enough to continue: If there is not enough
relevant data available, we should consider closing the project. The contents and
quality of the data are discussed more in the data understanding phase of the
CRISP-DM process.
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4.1.1 Preliminary exploration of the data in the project
The case building selected to this work has been connected to the Nuuka BEMS
since November 2014. The type of building is a block of flats and is located in
Järvenpää, about 35 km north from the center of Helsinki. There are several
residential buildings connected to the Nuuka BEMS at the moment. The case
building was selected because of its simple district heating system. Some other
buildings, connected to the BEMS, have even sophisticated geothermal heating
systems. Although these systems are getting more popular, the district heating is
still one of the most common ways to heat up a building and the heating system
which many future installations of the Nuuka BEMS are likely to be connected to.
In addition, it was possible to gather hourly history data from the case building
since 2013 that was in an Excel spreadsheet. Finally, the hourly heat consumption
data consists of 2 years of data with the precision of 1 hour.
The Finnish Meteorological Institute (FMI) (Honkola et al., 2013) provides open
weather data under a Creative Commons license (Creativecommons.org, 2015).
This license in short means that the data is available for adaption and commercial
use without any costs, as long as the source and license are included in association
with the weather data. The data is delivered through FMI’s open API (Application
Programming Interface). The description of how to use this API is available on
the FMI website (Finnish Meteorological Institute, 2015b).
In May 2013, the FMI’s open data contained observations from some 200 weather
stations in Finland, 13 water level stations and 3 wave buoys, also weather radar
images and spatial data for lightning events in Finland. Climate time series data
included daily and monthly values since 1959 and grid data for monthly
temperatures and rainfall since 1961. The latest 48-hour forecast data of the
models is updated in the service every 6-12 hours. The 200 observation stations
provide data of temperature, precipitation (rainfall), wind speed, wind direction,
humidity, barometric pressure, solar radiation, cloudiness and more. All the
mentioned measurements, however, are not available in all of the weather stations.
(Honkola et al., 2013)
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For the forecasting of the heat demand, heat consumption data collected by the
Nuuka BEMS will be combined with the FMI’s open weather data. FMI provides
data from several weather stations. In this study, the observations of the closest
weather station are selected for the analysis. In this case, the closest weather
station to the case building is Helsinki-Vantaa airport weather station. The
distance between the case building and the weather station is about 20 kilometers.
The distance will cause some inaccuracies but in general should provide enough
accurate observations about the weather conditions near the case building. Bakker
et al. (2010) also used a local weather station for forecasting heat demand, though
the inaccuracies related to distance were not discussed.
More details on the inaccuracies of weather forecasts in general are introduced in
the past studies of Bhandari et al. (2012) and Petersen and Bundgaard (2014).
Bhandari et al. (2012) investigated the impact of discrepancy in various weather
parameters and energy loads between two different sources of data. The two sets
of data were a third-party weather data set and data collected from a weather
station inaccessible to service providers. For the forecasted monthly energy
consumption, the results varied in the work up to ± 40% for different weather
datasets. The quality of the FMI data is considered accurate as FMI is a weather
data provider for many Finnish institutes and under the administration of Finnish
Ministry of Transport and Communications (Finnish Meteorological Institute,
2015a).
One thing to remember is that the weather measurements used in generating data
mining models are the observed weather measurements, not forecasts. The
forecasted measurements are naturally not available for years behind and for this
reason cannot be used in this work. However, when the mining models are put
into real production environment, only weather forecasts can be used. This is a
flaw, but, the inaccuracies between the forecasted and the observed weather
measurements are assumed to be small. The time horizon for forecasting in this
work is relatively short, 24 hours. The Figure 4 summarizes the data sources and
measurements discussed previously.
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TOTAL:
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- Barometric pressure
- Solar radiation
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Figure 4. A summary of the data sources and the measurements.

4.1.2 Preliminary exploration of the data mining environment in the
project
There are some technical difficulties related to learning and setting up the
infrastructure. First of all, there is no previous knowledge of data mining in the
company, nor are any data mining tools familiar. This causes some lag in the
implementation. The tools used in the data mining are a subset of Microsoft
Visual Studio’s tools, the SSAS BI (Business Intelligence) tools (Microsoft,
2015b). Visual Studio is in general a familiar development environment used in
the software development within Nuuka Solutions. In addition to the Visual
Studio tools, the requirements for data mining environment are an SQL Server
(Microsoft, 2015c) database and server and a SQL Server Analysis Services
server (Microsoft, 2015a). This environment needs to be set up. Once operating,
this package provides sophisticated tools for data mining.
For the data mining to be possible, all the data must reside in an SQL Server
database. Part of the case building’s data is already in the SQL server database
delivered by BEMS. To get the history data to the database starting from 2013, the
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data needs to be imported from an Excel spreadsheet. Replicating the data from
the FMI API to the SQL Server database is a bigger challenge. This replication
requires a separate replication tool which needed to be implemented.
4.1.3 Summary of project understanding
Preliminary investigation of the data reveals that the amount of data and attributes
from different data sources is sufficient for various analyses, not only for
association analysis. To reach the goals of the analysis, relevant attributes should
be found and their correlations should be calculated using the heat consumption,
weather and time data. After the correlation analysis, these attributes are inserted
into data mining models which are created by the Microsoft SSAS tools. Several
data mining algorithms should be considered.
The best data mining model is selected by its ability to forecast the heat demand.
SSAS provides tools for comparing the mining models and scores the different
data mining models with statistical variables like root mean square error, absolute
error and their standard deviations. The 24-h profile is an important indicator of a
successful model in this work. The forecasted shape of the 24-h heat consumption
profile and the forecasted total heat consumption per day together determine the
total score of a model.
Berthold et al. (2010) discuss that evaluation of a model can be measured by
properties which are interoperability, reproducibility (analysis is carried out more
than once), flexibility (adaption to more complicated situations), runtime and
interestingness. For this work, reproducibility is an important factor as the model
is intended to be used with other buildings to forecast the heat demand. However,
the evaluation of validness and performance of the models with other case
buildings is not within the scope of this work, and should be done in a later
project.
For the data mining environment, the setting up of the data mining environment
and replication of the data causes some work before the actual data mining and
model building can be done.
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4.2 Data understanding
The main sources of the data were already introduced in the previous chapter to
get a better understanding of the project. The data includes heat consumption data
from the case building from a period of two full years. In addition, weather data is
collected from Helsinki-Vantaa weather station from the same period of time.
Berthold et al. (2010) advise to find out answers to the following questions in
order to understand the data:
-

What kind of attributes do we have?

-

How is the data quality?

-

Visualization of the data.

-

Are attributes correlated?

-

What are the outliers?

-

How are missing values handled?

Before answering the questions, it is of importance to understand data mining
terminology. Some data mining terminology has already been introduced in the
previous chapters; however, the simple data mining units in datasets should still
be clarified. The data is usually stored in a database table where there are rows
and columns. This database table, or selected portion of it, can be called a dataset.
Berthold et al. (2010) describe the terminology related to the dataset table
elements. The terminology and elements are shown in the Table 5. The rows of a
table are called records and the columns of a table are called attributes. This work
will use the same terminology when referencing to rows and columns of a dataset
table.
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Table 5. Description of dataset elements in a table by (Berthold et al., 2010).

attribute1 … attributem
record1
…
recordm

The attributes can be divided into different types. In this work, there are two kinds
of attributes: discrete and continuous. A discrete attribute is a categorical (finite)
attribute or numerical attribute whose domain is a subset of integer numbers
(Berthold et al., 2010). An example of discrete attribute is the season of the year
which can have 4 values: winter, spring, summer and autumn. A continuous
attribute is numerical with values in the real number or in an interval (Berthold et
al., 2010). An example of continuous attribute is temperature which theoretically
can have infinite number of different numerical values.
4.2.1 The amount of data and the attributes
The dataset contains about 17520 records (24 records *365 days * 2 years) which
is collected from the 1st of April 2013 to the 31st of March 2015. The precision of
the dataset is one hour which means that for every hour of the day there is one
corresponding record. Each of these records has several attributes. These
attributes and a summary of the amount of data are described more precisely in
the Table 6.
Bakker et al. (2010) describe that the head demand is dependent on external
factors like weather, insulation and human behavior. The attributes are also
categorized based on these factors: the attributes of heat energy consumption
describe more or less the insulation capabilities of the building, as we can realize
how much energy is used in certain weather conditions. The time-related
attributes describe the human behavior with time of day, day of week and working
hours, also with months and seasons. The weather-related attributes describe by
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their name the influence of weather. From these three factors, the insulation is
considered static and the weather and human behavior dynamic.
The heat energy consumption is split into three attributes (Bakker et al., 2010):
measured heat consumption (Ht), heat consumption yesterday at the same hour
(Ht-24h) and heat consumption a week ago at the same hour (Ht-week). These
attributes related to the past are also called time-lagged attributes.
The selection and quality of the attributes shown in the Table 6 are described in
more detail in the following chapters.
Table 6. The attributes of the records used in the data mining dataset. With discrete attributes, the
categorized value ranges are mentioned inside the parenthesis.

Heat energy

Attribute

Time-related

Attribute

Weather-related

Attribute

consumption

type

(human behavior

type

(weather)

type

(insulation)
Attribute
name

and weather)

Ht = Heat
energy
consumption
per hour (kWh)

Continuous

T0 = Timestamp
(precision one hour)

Continuous

WT = Temperature
at 2 meters from
the surface (°C)

Continuous

Ht-24h =
Yesterday’s
corresponding
heat
consumption
per hour (kWh)

Continuous

TN = Is normal
working hour
(yes/no)

Discrete

WWS = Wind
speed (m/s)

Continuous

Ht-week = Last
week’s
corresponding
heat
consumption
per hour (kWh)

Continuous

TTOD = Time of day
(morning, day,
evening, night)

Discrete

WWD = Wind
direction (north,
north-east, east,
south-east, south,
south-west, west,
north-west)

Discrete

TDOW = Day of week
(Mon-Sun)

Discrete

WRH = Relative
humidity (%)

Continuous

WBAR =
Barometric
pressure from the
sea level (bar)

Continuous

WSOL = Solar
radiation
(*kWh/m2)

Continuous

TIW = Is Weekend
(yes/no)

TM = Month (JanDec)
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Discrete

TS = Season
(Winter, Spring,
Summer, Autumn)
Total
attributes

3

Total
records



Discrete

7

WP = Precipitation
(rainfall) (mm)

Continuous

6* (actual number is 5 as
precipitation will be excluded)

17520 records (a precision of 1
hour)

Breakdown of attribute TN: Yes= hour between 7 a.m.–5 p.m. and the day of week is not Saturday or Sunday. No
= hour not between 7 a.m.–5 p.m. during normal working days (Mon–Fri) and any hour during Saturday or Sunday.



Breakdown of attribute TTOD: Morning = hour between 4 a.m. – 10 a.m. Day = hour between 10 a.m. – 4 p.m.
Evening = hour between 4 p.m. – 10 p.m. Night hour between 10 p.m. – 4 a.m.



Breakdown of attribute TIW: Yes= If the day of week is Saturday or Sunday. No= If the day of week is Mon - Fri.



Breakdown of attribute TS: Winter= Dec-Feb. Spring = Mar-May. Summer = Jun-Aug. Autumn = Sep-Nov.



*The unit of the solar radiation could not be verified.

4.2.2 Heat energy consumption attributes
Taking a look at the first attribute Ht with a simple line chart reveals that there are
some zero values in the data. Though zero values are all possible, a closer
inspection shows that these are measurement errors: The first record following the
zero values contains a consumption spike that seems to be 2-3 times higher than
the records nearby. This indicates that this record has an accumulated value of the
heat consumption, including the heat consumption that was supposed to be in the
records with zero values. These erroneous values are corrected in the next Data
preparation section.
The following Figure 5 shows the period of two full years as a line chart for the
attribute Ht. In the Figure 6, a histogram displays the total number of zero values
in the data. With the histogram, it’s possible to understand the frequency
distribution and also find out the outliers. Taking a look at the far right end of this
distribution, the Figure 6 shows that there are some values that are considerably
higher than the vast majority of the values. These values are actually the spikes
caused by the holes in the data which also the zero values represent.
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The attributes Ht-24h and Ht-week are calculated from Ht. This means that repairing
the Ht values will also correct the two other attributes related to the heat
consumption.

Figure 5. The hourly heat energy consumption profile of the case building from 1st of April 2013
to 31st of March 2015.

Figure 6. Evaluating the data quality of Ht using a histogram.
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4.2.3 Time-related attributes
To predict how human behavior affects the heat demand, some time-related
attributes are generated. Attribute T0 will be used as a key attribute for the data
mining. This attribute contains the day and hour value and is unique for every
record. Based on the T0 (timestamp), other time-related attributes are generated
using simple grouping logics. The purpose of the attributes TN (is normal working
hour) and TTOD (time of day) is to find social patterns within a day, with TDOW
(day of week) patterns in certain days of week.
The TM (month) and TS (season) attributes try to catch patterns within a longer
period of time and will likely be linked with weather patterns in certain months
and seasons.
4.2.4 Weather attributes
As for the weather data supplied by the FMI open data, an import tool is
implemented to collect the data to the SQL Server database. The replication of the
weather data to the SQL Server database is a prerequisite to do data mining with
SSAS.
The weather attributes collected WT, WWS, WWD, WRH, WBAR, WSOL and WP are all
available during the same period of time as Ht with the same accuracy of one
hour. The weather data seems of good quality. However, for WP, there are
numerous negative values in 2013. The precipitation (rainfall) cannot be negative
and, for this reason, the precipitation will not be considered in this work. The
following Figure 7 displays the values of attributes Ht and WT for the full 2 years.
The wide range of weather attributes is partly justified by previous studies where
many weather attributes have not yet been studied thoroughly. E.g. Bakker et al.
(2010) used only outdoor temperature and wind speed as weather attributes for
their neural networks model. Some studies have only used the outside temperature
from the weather attributes (Eriksson, 2012). On the other hand, Westphal and
Lamberts (2004) did implement a wider a set of weather variables (temperature,

49

relative humidity, athmosperic pressure, cloud cover) in their estimation of heat
demand. It is assumable that at least the outside temperature and the wind speed
have some correlation with the heat demand.

Figure 7. A profile of heat consumption Ht and outside temperature WT, during the time period of
1st of April 2013 – 31st March 2015. The heat consumption is displayed as a blue trend line and the
temperature as an orange trend line.

4.3 Data preparation
The data preparation phase consists of two parts in this work: fixing of the
original heat consumption data and correlations analysis. We will first look into
cleaning and fixing the heat consumption data and after this discuss more of the
correlations.
In the book, Guide to Intelligent Data Analysis (Berthold et al., 2010), the
correlation analysis is done already in the data understanding phase. In this work,
the analysis is done after cleaning the data to prevent the noisy and erroneous data
from distorting the correlation coefficients. These coefficients will be later used as
the basis for further data mining modeling. This correlation analysis is
considerably big part of this work as it answers one of the research questions:
How do the weather variables correlate with heat energy consumption?
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4.3.1 Fixing the missing values in heat consumption data
To fix the zero values and consumption spikes in the data, a basic SQL query was
created to find out if there are long gaps with zero values in the data. Appears that
most gaps extend only 1 hour and the longest gaps are 2 hours long. There are
altogether 145 zero values in the data as can be seen in the histogram in the Figure
6. Within this size of dataset, the error frequency is considerably low although
there are also the consumption spikes following the zero values. However, for
better data mining accuracy and knowing that certain data mining algorithms are
prone to noisy data, like decision tree (Zhao and Magoulès, 2012), the zero values
and the following consumption spikes are fixed.
The fix is applied by dividing the heat consumption value that follows the zero
value by the 2 (if the gap is just 1 hour) and then replacing both the zero value and
the spike value with the averaged outcome. Using this approach the values are
closer to the average, and the anomalies in the data will cause fewer inaccuracies
in the forecasting. The same logic is applied to gaps that are longer than 1 hour.
The following Figure 8 shows the fixed heat consumption profile that will be used
in the data mining. Figure 9 shows the frequency distribution after the fix has
been applied.

Figure 8. The hourly profile of Ht after cleaning the data.
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Figure 9. The frequency distribution of Ht after cleaning the data.

For data mining purposes, the heat consumption data and the weather data are
combined using SQL language. Separate records of data representing the attribute
values are pivoted into own columns (attributes) so that the dataset structure is as
described in the previously mentioned Table 5.
4.3.2 Understanding the correlations between the attributes
There are several approaches to start with in finding correlations between the
variables. It is possible that there is a correlation between two attributes but also
between multiple attributes. As an example, it’s possible that the heat
consumption correlates strongly with outside temperature, however, this
correlation is strong during a winter season and relatively low during a summer
season. For numerical evidence of a correlation between two variables, the
Pearson’s Coefficient Correlation (PCC) factor can be used. For graphical
visualization of correlation a scatter plot can be very informative. For multiattribute correlation there are several visualization tools like parallel coordinates,
radar plots and start plots (Berthold et al., 2010). The Microsoft BI tools provide a
decision tree analysis where it is possible to browse multiple tree nodes which all
represent different combination of attributes and give a regression formula for
each tree node using the attributes.
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The previously described approaches to find correlations are manual and involve a
lot of trial and error in selecting the attributes. Kheirkhah et al. (2013) describe
Principal Component Analysis (PCA) approach which is used to help to select the
input attributes for mining models. PCA can reduce the dimension of a data when
correlations of multiple attributes are considered (Berthold et al., 2010). This PCA
approach can prove to be much more efficient than basic trial and error approach.
However, trial and error approach cannot be said to be uncommon, as for in many
heuristic methods, the selection of input variables is based on the trial and error
method (Kheirkhah et al., 2013). In heuristics, the practical method chosen is not
guaranteed to be optimal, but sufficient for building up a solution usually in a
rapid pace (Nielsen, 1994).
4.3.3

Finding the correlations in this work

This work utilizes the tools provided by the Microsoft SSAS toolset (Microsoft,
2015a) to find preliminary correlations. The toolset does not provide
straightforward numerical evidence of the correlations, and therefore, additional
software implemented for this purpose is used. This software (“Correlator”)
visualizes the two selected attributes as line charts, plot charts and as a histogram
and also calculates the Pearson’s Correlation Coefficient (PCC). This approach
involves more work than Principal Component Analysis, but also provides
important visual understanding of the data.
Both the MS SSAS toolset and the “Correlator” provide tools for Exploratory
Data Analysis (EDA) which is a graphical method in exploring the data in search
of patterns and trends. EDA is used to “…help researchers understand data when
little or no statistical hypotheses exist, or when specific hypotheses exist but
supplemental representations are needed to ensure the interpretability of
statistical results.” (Behrens and Yu, 2003).
In the Figure 10, all the attributes and their correlation network are produced by
MS SSAS Decision Tree browser. The seven attributes that correlate the best with
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the heat consumption are shown in the Figure 10 with arrows pointing toward the
Heat attribute (Ht). The strongest links are near the Ht attribute.

Figure 10. A chart generated by MS SSAS Decision Tree. The map visualizes the strength of the
links between the Ht (heat) attribute and other time-related and weather attributes.

A more straightforward presentation including coefficients is displayed in the
Figure 11. The Figure 11 shows the regression analysis formula and coefficient
graph calculated using the decision tree mining model in the MS SSAS toolset.
Note that the regression analysis formula is calculated to the top node of the
decision tree, which means that the formula is fit to the complete dataset. The
coefficients shown in the Figure 11 are internal coefficients and should not be
confused with PCC.
As can be seen from the Figure 11, the highest ranking coefficient is WT
(temperature) followed by Ht-24 (yesterday’s corresponding heating) and Ht-week
(last week’s corresponding heating). From this regression formula, we’re taking
the first steps towards forecasting the heat demand.
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Figure 11. MS SSAS decision tree calculation of the strongest links influencing the Ht attribute
(Heat). A regression analysis formula is also generated for forecasting the Ht.

4.3.4 Analysis of the attributes using Pearson’s Correlation Coefficient
Berthold et al. (2010) describe several ways on how to conduct the correlation
analysis. Two common approaches are using Pearson’s Correlation Coefficient
(PCC) and Spearman’s rank correlation coefficient (Spearman’s rho). We are
selecting PCC as it is more widely used and will provide understandable results.
The PCC is a measure of linear relationship between two numerical attributes X
and Y defined in the Equation (1) as:
n

rxy 

 ( xi  x )( yi  y )
i 1

(1)

( n  1)s x s y

Where x̄ and y̅ are the mean values of attributes X and Y, respectively. sx and sy are
the corresponding standard deviations. The value of PCC is between -1 and 1. The
larger the absolute value of PCC, the stronger the linear relationship between the
two attributes. With an absolute value of 1, the values of X and Y lie exactly in a
line. Positive correlation indicates a line with a positive slope and vice versa.
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According to this definition, it’s worth finding correlations that are close to -1 and
close to +1. The results of the correlation factor can be interpreted as follows:
-

Absolute value = 0.7 - 1.0: strong correlation.

-

Absolute value = 0.5 - 0.7: moderate correlation.

-

Absolute value = 0.3 - 0.5: weak correlation.

-

No correlation = 0 - 0.3.

A summary of correlation factors between Ht and various variables can be seen in
the Table 7. As can be seen from the table, Ht-24h, Ht-week and WT have the
strongest correlation coefficient factors: 0.79, 0.73 and -0.77, respectively. The
absolute values of these three factors are close to each other and indicate strong
correlation. The results can be deducted as follows:
-

When the Ht-24h and Ht-week increase, also the Ht will likely increase
(positive correlation)

-

Whereas the WT increases, the Ht will likely decrease (negative
correlation).

Table 7. Summary of Pearson’s Correlation Coefficients between the Ht and other continuous
attributes calculated from about 17500 records. The strongest correlations are underlined.
Category

Ht correlation with attributes

Heat Energy
Consumption

Ht-24h (yesterday’s heat
consumption)
Ht-week (last week’s heat
consumption)
TN = Is normal working hour

Time-related

Weather-related

Pearson’s Correlation
Coefficient (PCC)
0.79
0.73
(discrete, cannot calculate)

TTOD = Time of day

(discrete, cannot calculate)

TDOW = Day of week

(discrete, cannot calculate)

TIW = Is weekend

(discrete, cannot calculate)

TM = Month

(discrete, cannot calculate)

TS = Season

(discrete, cannot calculate)

WT = Temperature

-0.77

WWS = Wind speed

0.11
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WWD = Wind direction

(discrete, cannot calculate)

WRH = Relative humidity

0.21

WBAR = Barometric pressure

0.04

WSOL = Solar radiation

-0.29

Even though when using the big data mindset it might not be relevant to
understand underlying causes to correlations, the correlations found, however,
seem to be logical. The heat consumption from yesterday and a week ago indicate
what the actual heat consumption for today is. When the outdoor temperature
increases this means that less heating energy is required. Taking the correlation
between Ht and WT as an example, the correlations can also be visualized in a plot
chart as can be seen in Figure 12. The negative correlation (-0.77) can be seen as a
negative slope.
The Pearson’s Correlation Coefficient can only provide information about the
correlation between two attributes. The correlation between the attributes is
assumed to be linear. The attributes should also be continuous which means
discrete attributes cannot be evaluated in this way. The purpose of this study is not
to make a thorough analysis of the attributes, but this correlation analysis is a
stepping stone towards choosing the inputs for mining models.
The mining models generated later will consider more complicated combinations,
even non-linear. These models will include both discrete and continuous values in
the data mining calculations. An example of linear visualizations generated by the
SSAS data mining tools is visible in the Figure 11.
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Figure 12. A plot chart visualizing the distribution of Ht (heat) and WT (outdoor temperature). The
chart has been generated by the tool implemented for this work.
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4.4 Data modeling and evaluation
In this phase knowledge is extracted from the data by building mining models
(Berthold et al., 2010). In this work, the model building consists of the following
steps. Data modeling and evaluation phases are partially combined in this work:
1. Selecting the mining algorithms to work with.
2. Selecting the inputs from the attributes previously defined in the data
understanding phase.
3. Building the mining models with the selected algorithms and inputs.
4. Validation and evaluation of the mining models.
The validation/evaluation step consists of many parts. Firstly, the hourly forecasts
of the models are evaluated, and then the forecast horizon of 24 hours needs to be
taken into inspection. For the 24-h forecast horizon, the validation involves two
components: the evaluation of the total heat consumption per day and the hourly
profile per day. The total performance of a model is calculated from the average
of these components.
For data mining algorithms, there are numerous different tweaking parameters to
consider in the SSAS but it is not within the scope of this study to include much
tweaking of these parameters. The parameter settings are left mostly at default
values in the SSAS. The default parameter values in the SSAS with descriptions
are available in the Appendix 1.
4.4.1 The data mining algorithms’ selection
The SSAS provides many data mining algorithms to work with. These include MS
Association Rules, MS Clustering, MS Decision Tree, MS Linear Regression, MS
Logistic Regression, MS Naïve Bayes and MS Neural Network (Microsoft
MSDN, 2015a). See previous Table 4 for more details. In this work, however, all
these models are not included into the analysis.
For the forecasting of energy demand, the decision tree, Naïve Bayes and the
neural networks have been in wide use as described in the literature study earlier;
59

see (Fumo, 2014; Zhao and Magoulès, 2012). Association rules algorithm is not
suitable for forecasting as it does only classification (Microsoft MSDN, 2015a).
For this reason, it cannot be included as an algorithm for data mining models in
this work. As for clustering, linear regression and logistic regression algorithms in
the SSAS, the forecasting functionality is available (Microsoft MSDN, 2015b).
They seem plausible.
However, use of both continuous and discrete attributes as inputs for data mining
models introduces challenges in implementing some algorithms. This is especially
the case with the Naïve Bayes algorithm, because this algorithm requires all
inputs to be discrete. An alternative is that all continuous attributes are discretized.
The forecasting reliability of the Naïve Bayes depends on how well the
discretization is carried beforehand. Vlachopoulou et al. (2012) introduce a Naïve
Bayes model for forecasting water heater load. The study discusses that
discretization of continuous input variables was carried out by using expert
knowledge and experimentation with Bayesian network. This involves a lot of
extra work for getting the algorithm reliable for mining models. For these reasons,
the Naïve Bayes is excluded from this analysis.
Regarding the linear regression algorithm, only continuous values are accepted.
For this reason, the results based on this algorithm wouldn’t be fully comparable
with other models as the algorithm disregards the many discrete attributes like
month, season and wind direction. Based on these arguments, the linear regression
algorithm is also excluded from this work.
To summarize, the algorithms chosen for the heat demand forecasting in this work
are as follows:
1. MS Clustering
2. MS Decision Tree
3. MS Logistic Regression
4. MS Neural Network.
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The selection of the data mining algorithms is limited by the options available in
the SSAS. Based on the literature, regression models, neural networks and
decision trees have been all been used for forecasting the energy demand as
discussed in the previous Chapter 3.2.3 of this thesis. Bakker et al. (2010),
Dregvaite et al. (2014) and Eriksson (2012) have studied heat (not just energy)
demand forecasting using neural networks. For using clustering algorithms in the
forecasting, the choice may seem strange, and this approach has not been
implemented as such in the studies found.
(Cichosz, 2015) describe that the clustering is classification with autonomously
discovered classes rather than predefined classes. The motivation for clustering
can be the preliminary understanding of the data or domain decomposition for
further data mining tasks, when we do not know what to predict. Applying
clustering can give hints on what to predict by aggregating the significant patterns
into understandable groups. As for MS Clustering algorithm, an optional
predictable column (output) can be selected for the algorithm to forecast. From
this perspective, the MS version of the algorithm is not fully clustering in the
sense described by Cichosz (2015).
What MS Clustering algorithm actually does is that it first generates the clusters
using clustering algorithms and these clusters work as a guideline to find a
forecast (Microsoft MSDN, 2015b). In other words, the algorithm tries to generate
first certain groups, like autumn group and weekend group of heat consumption
amount and match certain heat consumption ranges to these groups. The first
impression is that this algorithm does not suit well for continuous attributes, but
this algorithm is in any case included in the study. What is more, clustering could
well be used in the data understanding phase to visualize the data.
4.4.2 Selecting the inputs from attributes for data mining algorithms
At this point, it’s good to understand the relation between the attributes discussed
earlier and the data mining model inputs. In general, all previously introduced
attributes can be used as data mining model inputs. A mining model input means
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that it acts as predictor parameter value for the mining model. For a mining
model, there is also a requirement of an output, which in this work will always be
the forecast of heat demand. E.g. the previously defined WT (outside temperature)
attribute can act as an input for a mining model. This can be translated that outside
temperature predicts the heat demand.
Ahmed et al. (2011a) state that the sensitivity analysis in machine learning
identifies the cause-and-effect relationship between the inputs and outputs of
prediction models. The sensitivity measures the importance of predictor values by
comparing the effectiveness of the prediction model by leaving the predictor out
from the model. There are simple tools in SSAS to measure the significance of
input predictor; however, these simple tools do not provide precise numerical
evidence of their recommendations. Instead, the previously calculated PCCs are
used in implementing the mining models.
Based on the correlation coefficients, the three highest ranking attributes
correlating with heat consumption are Ht-24h (heat consumption 24 hours ago), Htweek

(heat consumption a week ago) and WT (temperature). We will build two

different sets of mining models. The first mining model set contains all possible
attributes as inputs for the mining models (except Ht). These mining models are
called Wide Input (WI) models. The second set of mining models contains the
three highest ranking attributes measured by PCCs. The season TS is included in
this second set as it’s presumed that the heat demand differs remarkably between
seasons. These mining models are called Narrow Input (NI) models. The models
with narrow input set are generated to compare the performance and the accuracy
of the models. The models with fewer inputs have better performance as the
mining models have to process less data. The question at hand is how much the
models with fewer inputs compromise the accuracy of the forecasts by using less
inputs.
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4.4.3 Building the data mining models
Based on the previously defined mining algorithms and the selected inputs, Table
8 summarizes the mining models built in this work. Table 8 describes the mining
model’s name, the mining model’s input category, used data mining algorithm
and data mining model output. All outputs generate a forecast of heat demand for
an hour. As we can see from the Table 8, there are eight different data mining
models.
Table 8. The mining models built in this work.

Mining model

Mining model

name

input category

DecTreeWI

WI*

Used data mining algorithm

Mining model
output

MS Decision Tree

DWI = Estimated heat
demand for an hour

ClusteringWI

WI*

MS Clustering

CWI=Estimated heat
demand for an hour

LogisticWI

WI*

MS Logistic Regression

LWI= Estimated heat
demand for an hour

NeuralWI

WI*

MS Neural Networks

NWI= Estimated heat
demand for an hour

DecTreeNI

NI*

MS Decision Tree

DNI = Estimated heat
demand for an hour

ClusteringNI

NI*

MS Clustering

CNI=Estimated heat
demand for an hour

LogisticNI

NI*

MS Logistic Regression

LNI= Estimated heat
demand for an hour

NeuralNI

NI*

MS Neural Networks

NNI= Estimated heat
demand for an hour

WI* (Wide Input) attributes include:
-

Ht-24h, Ht-week, TN. TTOD, TDOW, TIW, TM, TS, WT, WWS, WWD, WRH, WBAR, WSOL

NI* (Narrow Input) attributes include:
-

Ht-24h, Ht-week, TS, WT
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Each mining model is trained and evaluated using cross-validation. The crossvalidation is a technique that produces an independent assessment of how well
predictions from a model will generalize to previously unseen data (Eriksson,
2012). The basis is a random split of data into two parts: one training set and one
test set (Eriksson, 2012). For all these eight mining models, the training set is 70%
of the dataset and the testing set is 30% of the dataset.
4.4.4 The results of data mining models
The following describes the results using the previously built and mentioned data
mining models. The validation and evaluation of the models is made using
statistical indicators including MAPE (Mean Average Percentage Error) (Tofallis,
2014) and RMSE (Root Mean Square Error) (Cichosz, 2015, p. 299).
The results are discussed in three phases. In the first phase, the hourly heat
demand forecast is evaluated. More precisely, the models’ ability to predict any
given hour within the forecast horizon of 24 hours is evaluated. This is the basis
for evaluating the models’ ability to predict the complete 24-h profile and the total
consumption for any given day, which are discussed more in the second phase.
Finally, there’s the third phase that shortly opens how tweaking the mining model
parameters affect the results and the forecasting capabilities of the models. Based
on these results discovered in the three phases, new data mining models are
proposed. The new models (later alternative models) are discussed more in
Chapter 4.5. A data flow diagram plots the evaluation process and the path
towards building the alternative mining models (see the Figure 13).
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The Evaluation of the First Mining Models
PHASE 1
Mining models:
- DecTreeWI/NI
- ClusteringWI/NI
- LogisticWI/NI
- NeuralWI/NI

Running data
mining models
using the
predefined inputs
and algorithms

Hourly heat
demand forecasts
by data mining
model

Evaluation of
forecasting results
using RMSE,
MAPE and crossvalidation

PHASE 3: Tweaking of
the mining parameters

PHASE 2
Calculate 24-hour
profile by data
mining model

Calculate daily heat
forecast by data mining
model. Hourly values
are summed up by day

Evaluate the results
using RMSE,
normalized RMSE
and MAPE

Evaluate the results
using RMSE,
normalized RMSE
and MAPE

Combined score
of forecasting
results using the
normalized RMSE

Evaluation of the
results in whole.
Building
alternative data
mining models.

Figure 13. The phases of evaluating the first data mining models.

4.4.4.1 Hourly heat demand forecast
The Table 9 displays the root mean square errors and mean absolute percentage
errors for forecasting the hourly heat demand. The errors are calculated from the
full dataset per data mining model.
Table 9. The RMSEs and MAPEs of hourly forecasted heat demand per data mining model. The
forecast is for any given hour within forecast horizon of 24 hours.
Mining Model

RMSE of forecasted heat

MAPE of the forecasted heat

demand

demand

DecTreeWI

6,719

19,6 %

ClusteringWI

8,234

28,0 %

LogisticWI

21,871

52,0 %
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NeuralWI

6,858

21,5 %

DecTreeNI

6,617

20,4 %

ClusteringNI

7,167

23,5 %

LogisticNI

6,945

22,6 %

NeuralNI

7,122

22,2 %

The forecasting results show that seven out of eight mining models have MAPE
between 20-28%. The best result is provided by DecTreeWI mining model, the
weakest by LogisticWI. The mean average errors are visualized in the Figure 14. It
can be seen, that adding more inputs to the data mining models does not improve
forecasting accuracy remarkably. Using the MS Logistics Regression algorithm
(Microsoft MSDN, 2015a), the forecasting result seems much better using narrow
input set than the wide input set. The extra inputs seem to add too much noise in
this case.

NeuralNI_MAPE

22,2 %

LogisticNI_MAPE

22,6 %

ClusteringNI_MAPE

23,5 %

DecTreeNI_MAPE

20,4 %

NeuralWI_MAPE

21,5 %

LogisticWI_MAPE

52,0 %

ClusteringWI_MAPE

28,0 %

DecTreeWI_MAPE
0,0 %

19,6 %
10,0 %

20,0 %

30,0 %

40,0 %

50,0 %

60,0 %

Figure 14. The MAPEs of the data mining models for hourly heat demand forecast.

4.4.4.2 The 24-h forecast horizon for heat demand
In order to evaluate the accuracy of a 24-h forecast profile, we need to build up
the profile for each of the data mining models. To do this, the prediction for a
given hour is calculated by a mean of the predicted value per data mining model.
E.g. for 1 p.m., the mean of the predicted heat consumption is calculated where
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the hour of day has been 1 p.m. in the whole dataset. This procedure is repeated
for every hour of the day and the end result is a 24-h profile of heat demand
forecast. By subtracting the predicted heat profile from the actual heat profile, it is
possible to get a vector of 24 hours in which each hour has a deviation. The root
mean square error, calculated from the deviations of the actual heat profile and the
predicted heat profile, is called the Profile error. Bakker et al. (2010) have made
similar evaluation.
The second measure is how well the models predict the total heat demand for a
day. If the 24-h profile is predicted badly, it is still important that the total daily
heat demand is predicted well. For each day in the whole dataset, the daily heat
demand is calculated. The daily heat demand is the sum of 24 hours. The actual
and predicted daily values are subtracted to find out the deviations. The root mean
square error (RMSE) of the daily heat demand forecasts is called the Daily error.
To determine the best performing mining model in this case, both the Profile
error and the Daily error need to be taken into consideration. Both errors are
normalized between 0 and 1 for them to be comparable. The normalization of
RMSE is done simply by dividing the RMSE by the mean of the actual heat
consumption. The average of the normalized Profile and the Daily error is called
the Total error. The lower the error score, the better the forecast of the model.
The Figure 15 shows the ability of the mining models to forecast heat
consumption per hour within the 24-h forecast horizon. The values are a mean of
the whole dataset (~17500 records). From the Figure 15 it can be seen that the
DecTreeWI is performing well. For making the figure readable, the models with
narrow inputs are omitted. All the data mining models, defined earlier, and their
performance are shown more precisely in the Table 10.
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Figure 15. The 24-h forecasting profiles of the mining models using WI (wide input) sets.

The results indicate that the DecTreeWI mining model scores the best Total error
result. However, the DecTreeNI is close. From the point of view of performance,
the difference is so small that DecTreeNI can be considered as the optimal data
mining model.
Table 10. The built data mining models and their corresponding normalized Daily error, Profile
error and the combined Total error. The best results are underlined. MAPEs are listed in the end.
Mining Model

Daily error

Profile

Total

MAPE of

MAPE of

error

error

Daily error

Profile error

DecTreeWI

0.0380

0.0797

0.0589

5.890 %

3.801%

ClusteringWI

0.0722

0.2318

0.1520

11.074 %

10.199 %

LogisticWI

0.2636

0.5105

0.3871

33.072 %

23.511 %

NeuralWI

0.0524

0.1078

0.0801

8.040 %

4.870 %

DecTreeNI

0.0361

0.1216

0.0789

5.638 %

5.544 %

ClusteringNI

0.0549

0.1597

0.1073

8.108 %

7.061 %

LogisticNI

0.0516

0.1316

0.0916

7.471 %

6.377 %

NeuralNI

0.0529

0.1321

0.0925

7.570 %

6.338 %

The Figure 16 shows that when comparing the mean average percentage errors
(MAPEs) of the forecasted hourly heat demand and the daily heat demand the
daily MAPEs are notably smaller. This presupposes that the data mining models
can find patterns that predict better the heat demand for a full day rather than a
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given hour. The DecTreeNI scores the best MAPE (5.6%) for a daily heat demand
forecast. Idowu et al. (2014) studied heat demand forecast in varying hour
horizons. The highest accuracies were found for a 1-h horizon in their study.
However, against the general expectation, the current heat load correlation with
the heat load +24 hours was notably higher than with heat load +12 hours.
Idowu et al. (2014) indicate that it’s possible that models can forecast better a 24h cycle than 12-h cycle. But, in our case, we get a better forecasting result even
for a 24-h horizon than 1-h horizon. Looking back at the created attributes can
give explanation to this. The Ht-24h gives the mining models an input that is 24
hours ago. For predicting a simple 1-h horizon, it would be more reasonable to use
the consumption value an hour ago as in input, not the value 24 hours ago. In this
work, the attributes are better optimized for a 24-h profile forecasting.

NeuralNI_MAPE

7,6 %

LogisticNI_MAPE

7,5 %

ClusteringNI_MAPE

8,1 %

DecTreeNI_MAPE

5,6 %

NeuralWI_MAPE

8,0 %

LogisticWI_MAPE

33,1 %

ClusteringWI_MAPE

11,1 %

DecTreeWI_MAPE
0,0 %

5,9 %
5,0 %

10,0 %

15,0 %

20,0 %

25,0 %

30,0 %

35,0 %

Figure 16. The MAPEs of the mining models for forecasting the total daily heat demand.

4.4.5 The effects of tweaking the data mining model parameters
As mentioned earlier, the default parameters of the SSAS data mining algorithms
are used in this study (see Appendix 1). This section will shortly look at tuning the
data mining model parameters. Tweaking the mining model parameters has some
effects. Especially for decision tree algorithm, it is beneficial to use a minimum
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support value higher than the default (10 => 50). When looking at the decision
tree graph, it’s notable that the tree is split into months in the first level of nodes.
This leads to believe that every month has different heat demand profiles, which
makes sense.
In neural networks, adding or removing hidden layers has no remarkable effect.
One hidden layer has been used in some studies in predicting heat demand
(Eriksson, 2012; Wojdyga, 2014).
For clustering and logistics a few parameters were tested with different attributes.
With clustering, different algorithms were used including Scalable EM (1), Nonscalable EM (2), Scalable K-means (3), or Non-scalable K-means (4) (Microsoft
MSDN, 2015b). The Scalable EM and Non-scalable EM produced the best results.
For logistics algorithm, only the minimum support value was tuned and had no
remarkable effect.
The notable thing is that the decision tree outperforms all the other algorithms
both with wide and narrow inputs. However, for other algorithms, the narrow
input provides better forecasting accuracy. This indicates that the more input
parameters add unnecessary noise which disturbs finding patterns. This seems to
be true even for models based on the neural networks, although in the hourly
forecasting of the heat demand the WI set performs slightly better. The neural
networks are said to perform better from noisy and non-linear data compared to
the decision tree as discussed in the literature study in the Chapter 3.2.3.
Finally, changing the default parameter values can provide some improvements in
the forecasting. However, these improvements seem quite marginal and are not
included in the results of this study. Nevertheless, this tuning of the parameters
was not a thorough one and can well be a focus of another study.
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4.5 Building alternative data mining models for heat demand
forecasting
Using the inputs mentioned above, it’s possible to claim MAPE of 19.6% for
hourly forecast and MAPE of 5.6% for daily forecast of heat demand. These
results point to a direction where the mining models can better detect patterns on a
daily basis, rather than hourly basis. This can partly be explained by the fact that
the house reacts to outside conditions slowly. It’s expected that the effects of
outside temperature will show only within few hours and the heating system in the
case building reacts to the change with delay.
What is more, the optimal energy consumption plan is not yet in action in the case
building. Some adjustments for better heating distribution might be needed to the
building automation. Thermostats might also be adjusted manually or some piece
of heating equipment is malfunctioning inside the building. The Bine report
(Friedrich, 2011) discusses about the many difficulties in implementing heat
demand forecasting system in a university building. There were many things that
needed correcting and tuning before the system could function properly. Some
faults included radiators being faulty and building automation settings set to
manual values.
As the case building is a block of flats, user behavior of many inhabitants is more
difficult to capture from the data than is from a town house. These behavior
patterns likely occur regularly on daily rather than hourly cycles which might also
explain the lower MAPE value in the 24-h forecast horizon.
Rather than questioning the ability of the mining models to capture precisely the
patterns and forecasting the heat demand with mean absolute percentage errors of
nearly zero, it’s good to question the operation of a building. The actual hourly
heat consumption visible in the data doesn’t necessarily mean what the real heat
demand is. To confirm this, more data from other sensors would be necessary,
especially the indoor temperature. From the case building, no such data could be
collected.
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This is a considerable deficiency in understanding the real heat demand; however
in many buildings the thermostats keep the indoor temperature at desired level.
Even if this assumption will cause some inaccuracies related to the case building,
we assume that in the case building the indoor temperatures are optimal and put
the actual recorded heat consumptions in the data under a critical eye.
When we understand that there is lag in the space heating and that user behavior
brings unrecognizable patterns for a given hour, it’s possible to do some refining
to the existing data and run the data mining models again. In this refining we will
increase the time horizon up to 24 hours and calculate the means (averages) of
hourly heat and weather attributes during this horizon. Increasing the time
horizon will likely even out the anomalies during the day. However, when
applying this approach, the values of some attributes, like the time of day (TTOD),
are not sensible anymore when the time horizon is six hours or more. The
following sections will describe this process in more detail.
4.5.1 Redefinition of the data mining inputs
According to Fan et al. (2014), Fumo (2014) and Zhao and Magoulés (2012) the
outdoor temperature has been considered to be one of the most significant factors
affecting the heat demand. On this basis, the outdoor temperature reflects quite
well the real heat demand. Is outdoor temperature enough for an input, is another
question. Eriksson (2012) expanded the heat demand forecast model using only
temperature as an input for a neural network algorithm. His work indicates that
the explicit modeling of the load’s dependence on temperature did not improve
predictions, for one dataset the predictions were even worse. Based on this work,
more inputs than just outdoor temperature is recommended for forecasting the
heat demand.
In our case, the Ht correlation with the outdoor temperature WT seems evident. We
have previously calculated the correlation coefficient between Ht and WT which is
-0.77. Let’s take a look at the data more precisely. Figure 17 displays the hourly
heat consumption and the outdoor temperature. As the period of time is short, the
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example may seem cherry picking. Nevertheless, it can be seen that there is some
fluctuation in the heat consumption although the outdoor temperature remains
roughly the same. Similar examples can be found more in the dataset. These
indicate that the building doesn’t follow the outdoor temperature at certain
conditions and that there is some lag for the heating system to react to the outdoor
temperature change. These factors naturally decrease the correlation between the
outdoor temperature and the heat consumption.

Figure 17. The hourly profile of the outdoor temperature (WT) and heat consumption (Ht).

To understand the effect of increasing the time horizon for heat consumption and
outdoor temperature, we will calculate the PCC between Ht and WT in different
time horizons. The calculation of the time horizon starts always at 12 a.m. The
dataset consists of two full years of data and, for the 24-h horizon as an example,
the correlations are calculated from the means of full days. The same logic applies
with shorter time horizons (means of 3hours, 6 hours and 12 hours).
The Table 11 shows results using different time horizons of several attributes. As
the horizon gets closer to 24 hours, the PCC is also increasing. The absolute value
of PCC seems to get higher as the time horizon expands toward 24 hours. What is
most notable is the change of PCC between the attributes Ht and WSOL (solar
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radiation). The solar radiation correlation with the heat consumption increases
from weak to strong as the time horizon extends towards 24 hours (from -0.29 to 0.71). From other weather variables, it is worth to mention the PCC between Ht
and WRH (relative humidity) which is 0.35. For other weather variables, the PCCs
were insignificant.
Table 11. Examples of Pearson’s Correlation Coefficients (PCCs) with different time horizons
using four sample attribute sets. Within each time horizon, the mean (average) of each attribute is
calculated.

Interval

PCC of

PCC of

PCC of

PCC of

Ht and WT

Ht and WSOL

Ht and WWS

Ht and Ht-24

1 hour (original)

-0.77

-0.29

0.11

0.79

3 hours’ horizon

-0.83

-0.33

0.13

-

6 hours’ horizon

-0.86

-0.37

0.14

-

12 hours’ horizon

-0.93

-0.66

0.16

-

24 hour’s horizon

-0.97

-0.71

0.19

0.96

The Figure 18 displays as an example the same time span as in the Figure 16 but
the means of heating consumption and outdoor temperatures are calculated per
day. In this example the PCC between Ht and WT is -0.97. There are less than 10
days in this example, however, the PCC is exactly the same (-0.97) when it’s
calculated from the whole dataset.
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Figure 18. The daily means profile of the outdoor temperature (WT) and heat consumption (Ht).

4.5.2 The results of the alternative data mining models
Based on the findings in the previous chapter, the correlation factors calculated
from the 24-h means show better results than the factors calculated from the
original hourly dataset. Next, we’ll discuss the drawbacks and advantages of
calculating the 24-h means and using them as an input for data mining models.
We shall first discuss the drawbacks. The social behavior is certainly harder to
record and the data mining models that use 24-h means as an input cannot learn
that well the social behavior. Another drawback is that there is less records to do
the data mining, for two years we have 2x365 records. It is possible to use a
moving average as an input rather than just calculating the 24-h means which
creates 1 record per day. However, using a moving average cannot record certain
weekday’s patterns that well (moving average’s values can include values from
two different days of a week).
The advantages of using the 24-h means include capturing better the reaction to
weather changes, as there is lag to heat up a building and to match up to the actual
outdoor conditions. Some manual adjustments to heating systems are also better
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smoothened, depending on the time horizon length. What is more, there were
some missing values in the original heat consumption dataset. The maximum gap
of missing values was two hours. Using the means of 24-h horizons removes the
need to fix the values based on the case dataset.
The Table 12 shows the definitions of new data mining models. For the mining
model inputs, the same base attributes are used as in the first mining models. For
this reason the definition of the attributes is not repeated here. However, the
inputs for the mining models are calculated from the mean of 24-h values. Using
this approach excludes the use of the attributes TN (is normal working hour) and
TTOD (time of day) which were used in the first data mining models.
Table 12. Alternative data mining models, inputs, categories, used data mining algorithms and
mining model outputs.

Data mining model

Data mining

Used data mining

Data mining model

model input

algorithm

output

MS Decision Tree

DWI_24hM = Estimated

category
DecTreeWI24hMean

WI*

heat demand for an hour
ClusteringWI24hMean

WI*

MS Clustering

CWI_24hM=Estimated heat
demand for an hour

LogisticWI24hMean
NeuralWI24hMean
DecTreeNI24hMean

WI*

WI*

NI*

MS Logistic

LWI_24hM = Estimated

Regression

heat demand for hour

MS Neural

NWI_24hM = Estimated

Networks

heat demand for an hour

MS Decision Tree

DNI_24hM = Estimated
heat demand for an hour

ClusteringNI24hMean

NI*

MS Clustering

CNI_24hM =Estimated heat
demand for an hour

LogisticNI24hMean
NeuralNI24hMean

NI*

NI*

MS Logistic

LNI_24hM = Estimated heat

Regression

demand for an hour

MS Neural

NNI_24hM = Estimated

Networks

heat demand for an hour

WI* (Wide Input) includes the 24-h means of the following attributes:
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-

Ht-24, Ht-week, TDOW, TIW, TM, TS, WT, WWS, WWD, WRH, WBAR, WSOL

NI* (Narrow Input) includes the 24-h means of the following attributes:
-

Ht-24, Ht-week, WT

The mining models can detect patterns in the data well, as was expected. The
decision tree algorithms perform again well. The decision tree with a wide input
set performs the best scoring 1.35 in RMSE and 4.6% in MAPE. The scores are
visible in the Figure 19.

Figure 19. Root mean square errors and mean average percentage errors of the alternative mining
models when 24-h horizon means of attributes are used as inputs for data mining models.

Albeit we have assumed in this chapter that Ht doesn’t represent the real heat
demand, it’s interesting to know how well these alternative models can forecast
the 24-h profile for Ht. This has been one of the main goals in this work. To do
this, we use the original data set with various weather and heat attributes as inputs
for the alternative mining models to make a heat demand forecast and calculate
the 24-h forecast horizon as described in already in the Chapter 4.4.4.2. This
procedure includes estimating the Daily error (normalized RMSE), Profile error
(normalized RMSE) and the Total error. Using this approach, the original full
dataset with 17500 records is under analysis again. The results are shown in the
Table 13.
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Table 13. Comparison of daily, profile and total errors of the alternative data mining models. The
best results are underlined.
Mining Model

Daily

Profile

Total

MAPE of

MAPE of

error

error

error

Daily error

Profile error

DecTreeWI24hMean

0,032

0,217

0,124

5.226 %

10.52 %

ClusteringWI24hMean

0,073

0,236

0,155

11.859 %

10.91 %

LogisticWI24hMean

0,255

0,507

0,381

31.846 %

22.99 %

NeuralWI24hMean

0,070

0,178

0,124

11.531 %

8.23 %

DecTreeNI24hMean

0,032

0,201

0,116

5.153 %

9.51 %

ClusteringNI24hMean

0,047

0,135

0,091

7.940 %

6.07 %

LogisticNI24hMean

0,047

0,219

0,133

8.057 %

10.99 %

NeuralNI24hMean

0,047

0,216

0,132

6.110 %

10.47 %

Comparing results of these alternative models to the first mining models shows
that the alternative models do not score that well. Surprisingly, the clustering
algorithms perform in this result set the best. However, for the daily error, the
decision tree algorithms’ scores are the best so far discovered in this study.
DecTreeNI24hMean forecasts best the daily total heat consumption; however there is
considerable error in forecasting the 24-h profile (Profile error).
As we have assumed in this chapter that the recorded heat consumptions do not
necessarily represent the real demand, the Profile error can be considered less
important in this hypothetic analysis. We cannot give the Profile error a big
weight as we don’t know if it fits to the real heat demand due to the lag in the
warming up and cooling down of the building and the user behavior. The daily
heat demand and the Daily error, on the other hand, describe assumedly better the
real heat demand. Based on this reasoning, the best performing models have the
lowest Daily errors which include both mining models using the decision tree
algorithms: DecTreeWI24hMean and DecTreeNI24hMean.
4.5.3 Summary of the alternative data mining models’ results
Among the built alternative mining models, the DecTreeWI24hMean scores the best
results in forecasting the daily heat demand. The lighter version DecTreeNI24hMean
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performs also well. These models assume that using the 24-h horizon mean values
of various attributes (heat consumption, temperature etc.) describe better the real
heat demand at certain weather conditions and days of week. The attributes can be
used as an input for mining models to predict the hourly heat demand. The models
require more testing and more sensors to confirm the results, however, perform
well compared to the first data mining models introduced in the Chapter 4.4.
Using the approach introduced with the alternative mining models is not all new.
Grosswindhagera et al. (2011) introduce a SARIMA (Seasonal Autoregressive
Integrated Moving Average) model to forecast short-term heat load. In this model,
the lag of heating to take effect inside buildings was also considered and a moving
average was used in forecasting a 24-h heat profile. Their approach with a
SARIMA 48 model (48 records per day) proved a good accuracy: 4.4% of MAPE.

4.6 Deployment
Many mining models have been generated and evaluated in the previous chapters.
The final phase of CRISP-DM is the deployment where the knowledge gained
should be organized and presented in a way that the customers can use it. As such,
heat demand prediction does not give much value to the customers. Understanding
the heat load profile and the most influencing attributes related to heat demand
may give professionals some information on how to improve the performance of
the buildings. Another possibility is to use the generated forecast to control the
heating systems of buildings automatically, which has actually been the
motivation of this study. It is not within the scope of this study to implement such
a system but rather there will be a description of a deployment model and an
architecture that can be a stepping stone towards this system.
Based on the infrastructure needed for the data mining and the data sources
discussed, the Figure 20 gives a description of the needed elements for the system
that forecasts the 24-h heat demand profile. As discussed earlier, the goal of a case
study is to generalize the results. The idea is that this architecture serves for the
forecasting of heat demand for various buildings. The good thing is that the SSAS
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provides tools for running and updating the data mining models automatically.
However, once the data mining models are ready, some manual maintenance is
likely required in the first versions.
One thing to consider is if and when a data mining model should be updated.
Adding a different heating system or adding more floor area are examples when
the data mining models should be updated in order to correspond to the new
heating properties of the building. The mining models should be trained using the
most recent data to learn the new behavior. The possible triggers are listed in the
Figure 20.
Related to the data sources, the built mining models use weather forecasts of
temperature, wind speed, humidity etc. and also the heat demand a day before and
a week ago as an input to predict the future heat demand (output). If such a system
is implemented abroad, there is a need to find a service that delivers similar
weather forecasts as the FMI. An international weather data provider service, like
Open Weather API (Open Weather API, 2015), might be considered instead of
the FMI.
The architecture in the Figure 20 describes the system as steps that are needed for
this heat demand forecasting to happen. The steps are as follows:
1. Collecting data for mining model. This step involves collecting the
relevant heat consumption data from buildings and collecting the weather
observations (not forecasts) from the FMI open API. The data is
aggregated into a single database.
2. Data mining model calculation. Based on the data collected, the data
mining model is calculated for each building. From the time series of heat
consumption data, it’s possible to learn the building’s physical
characteristics and even human behavior. The effects of the weather can be
learned fairly precisely using the weather observations from a nearby
weather station.
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3. Gather inputs for forecast model. When the data mining model is built,
inputs can be used to calculate the heat demand forecast. Inputs include
the history of heat demand 1-7 days behind and the forecast of weather
measurements +24 hours to the future.
4. Calculation of heat demand forecast based on the inputs. This is done
in the SSAS and results can be asked using a programming language
which syntax is similar to SQL.
5. Auto triggering of the mining model recalculation. This option is
important when the physical properties of a building change. An example
is adding a new wing to a building. In addition, adding new inputs (like a
new weather observation input) to a data mining model should also trigger
the recalculation of the data mining model.
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4) Calculation of heat
demand forecast based on
the inputs

3) Gather inputs for forecast model

Profile of +24 hour
heat demand of a
building

3.2) FMI data,
forecasts + 24 hours
ahead
3.1) Get history data of heat
demand 1-7 days behind
Data from BEMS

Microsoft Analysis
Services Server
(Data mining)

FMI data replication
service.

2) Data Mining Model Calculation

1) Collecting Data for
Mining Model

2.1 Microsoft Business
Intelligence tools
for building mining
models and analysing
results

Data

Microsoft Analysis
Trigger mining model calculation
Services Server
(Data mining)

Microsoft SQL Server

5*) Auto Trigger of Data Mining Recalculation
1.1 Building

- Floor area changed
- Heating system or heating control system
changed

BEMS sends the heat
consumption data to SQL
Server

-Adding attributes to mining models

1.2 Weather Data
Provider
FMI API replicator sends
realized data to SQL Server

Figure 20. Architecture for generating the heat demand forecast using MS SQL server, SSAS
server and various data sources.
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5 Results
Numerous findings and results have been discussed in the previous chapters. The
main goal of this study has been to build an accurate data mining model for heat
demand forecasting of a case building using SSAS tools. To summarize the
findings regarding this goal, it has already been proven in the literature that it’s
possible to accurately forecast the heat demand for buildings using data mining
techniques. In this study, the results of the data mining models, built using SSAS
tools, show similar accuracies as found in the literature. This study also
introduced a deployment model and architecture which can automate the
calculation of the heat demand forecast using MS SSAS server and related
infrastructure.
Finding a practical solution has been of high priority which has made the study
relatively extensive: the implemented mining models should forecast accurately
but the solution should also be possible to integrate into the existing BEMS and be
able to run the programs using SSAS. What is more, there was little prior
knowledge about data mining and its tools. The flow of CRISP-DM process was
used as a guideline to progress towards the optimal data mining models and their
deployment architecture. In the end, the results are satisfactory and prove also the
effectiveness of the CRISP-DM process framework. One of the considerable
limitations of the thesis is that there is only one case building with two years of
consumption data available. More case buildings would provide credibility and
generalizability of the results.
In the next chapters we outline the scientific contribution of the thesis based on
the past studies, give answers to the five research questions (RQs) and discuss
more about the results in this study. These results are also related to the past
studies and some suggestions for future improvements are given.
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5.1 Scientific contribution of this thesis based on past studies
Zhao and Magoulés (2012) provide ideas for future research related to energy
demand forecasting. Although these areas have been studied since, the following
list gives an indicative idea on what remains unexplored:
1) The development of new and more effective, robust and reliable prediction
models.
2) Apply energy prediction to the Building Energy Management System
(BEMS) to achieve mutual benefits.
3) Study of artificial intelligence (AI) models, optimize parameters for
accurate prediction.
4) Evaluate the influence of each variable on empirical models and balance
the performance of the model and feasibility in practice.
5) Establish databases and collect precise and sufficient historical
consumption data from various cases for further use.
The motivation for investigating the heat demand in this work has derived from
the needs of Nuuka Solutions wanting to provide services that require the
understanding of the forecasted heat demand. Beforehand, it was not known how
many studies were already conducted on the matter.
Forecasting of energy demand using data mining techniques has been discussed in
many studies (see Chapter 3.2.3). However, from the previously mentioned list of
unsolved research problems (Zhao and Magoulès, 2012), this work provides
partial solutions to:
-

Applying energy prediction to a BEMS

-

Establishing databases to collect historical consumption data.

Past studies also lack practical deployment models and tools that could automate
the heat demand forecasting process in an existing BEMS.
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5.2 (RQ1): What are the benefits of using data mining models for
heat demand forecasting?
The pros and cons of selecting a data mining model for forecasting a heat demand
was already discussed in the literature study. A data mining model can be a good
option when there is enough history data available and there is understanding to
implement the data mining models. The data mining models can provide good
accuracies for heat demand forecasting. E.g. for a 24-h forecast horizon, mean
average percentage errors of about 5% are found in several studies (Eriksson,
2012; Fan et al., 2014; Wojdyga, 2014).
There are, however, other approaches to consider when forecasting heat demand.
Studies have shown that engineering models show large variation but predictions
can be great. A commonly accepted drawback is that engineering models have
high complexity and lack of input information, especially precise information
about the physical properties of buildings. Statistical models are relatively easy to
develop but many are inaccurate and lack flexibility. (Zhao and Magoulès, 2012)
Based on this, the model for prediction should be chosen based on the situation,
expertise and the knowledge of tools within the organization. Data mining models
are not a silver bullet and still relatively new technology requiring development.
Still, there are some more standpoints that make the selected forecasting model to
incline towards data mining models. When there is an existing database with lots
of data collected in real-time from the sensors of buildings, a data mining
approach seems more evident option. The data mining models learn from the
history data behavior of a building, and, less expertise is required about the
building’s physics and properties. However, there should be enough history data
available to learn the behavior of a building and the quality of the data should also
be good.
The data mining models are data-driven and will react to the change of data, as
long as data is updated and the models are rerun. Adding a new a new wing to a
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building and its effect to the total heat consumption can be realized from the
collected data. This can be much easier than collecting information from the
physical attributes of the new wing and rerunning simulations using engineering
models. What is more, other useful knowledge can be extracted using data mining
techniques, like errors in ventilation or in heating equipment. Actually, this should
be a preliminary step before implementing the heat demand forecasting –
understanding the operation of a building based on the collected data.
Based on the SSAS tools, the implementation of a data mining model is
straightforward and the results can be programmatically inquired from the SSAS
server. All in all, the MS SSAS and MS SQL server have been built to cooperate
and change the results with each other. The automatic calculation and integration
of the data mining results with an existing BEMS seems possible.
The results in this work indicate that the data mining models built with an SSAS
server provide at best a good accuracy for forecasting the 24-h horizon of heat
demand. The best model scores a MAPE for the daily heat demand at 5.9% and
for the 24-h profile at 3.8%.

5.3 (RQ2): How do weather variables correlate with heat energy
consumption?
Prívara et al. (2011) discuss that the outdoor temperature is one of the most
influential factors affecting the heat consumption. Similar conclusions related to
outdoor temperature are also found in other studies (Fan et al., 2014; Fumo, 2014;
Zhao and Magoulès, 2012). The outside temperature is an important factor, and
several studies have used the outdoor temperature as the only weather input for
forecasting the heat demand (Bakker et al., 2010; Eriksson, 2012). However, if the
other weather variables are meaningful, is another question. Westphal and
Lamberts (2004) included in their study also solar radiation, cloud cover,
atmospheric pressure and relative humidity. The study was conducted in Brazil, so
the results are not comparable in the Finnish conditions.

86

The results found in this study show that, for an hourly precision, the most
influencing weather component is the outside temperature. In calculating the
correlations, the Pearson’s Correlation Coefficient (PCC) was used. The PCC
between heat consumption and outside temperature is -0.77, followed by solar
radiation with a low PCC value -0.29. The rest of the weather variables studied in
this work (wind speed, wind direction, barometric pressure and relative humidity)
have even less meaningful correlations. However, the weather variables were also
evaluated by increasing the time horizon from 1 hour to 24 hours and by
calculating the mean of the variables during these periods of time. The results
indicate that there is a much higher correlation with a full 24-h horizon (day). The
correlation factors with heat consumption for the 24-h means were -0.97, -0.71,
0.35 and 0.19 for temperature, solar radiation, relative humidity and wind speed,
respectively. The correlations between heat consumption and other weather
variables showed even weaker PCCs.
We must note that the building’s heating system adapts to the outside weather
conditions slowly, within few hours. In general, a 24-h horizon can be considered
long enough to include the lag of the heating system: the 24-h average of the
consumption describes better what the required heat demand in certain weather
conditions is. Based on the findings in this study, there seems to be a very strong
correlation with the outside temperature and a considerable correlation with the
solar radiation. There is a weak correlation with relative humidity, however this
weak correlation was not considered conclusive and requires further studies e.g. in
certain seasons.
Based on the built data mining models in this study, increasing the weather inputs
for models doesn’t seem to increase the accuracy of the forecasting. The data
mining models with an outdoor temperature as the only weather input seem to
predict almost as accurately as the data mining models with all the possible
weather inputs included. The solar radiation and the outside temperature go likely
hand-in-hand: when there is a lot of solar radiation, the outside temperature is also
high. Based on these results, the outside temperature is the variable with highest
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influence on the heat demand and can be used as the only input for data mining
models for optimized efficiency.
This study has some limitations as follows. First, if the weather sensors were
installed to the building, this would give a more realistic description of the
weather conditions precisely at the location of the building. Now there is, after all,
about 20 km of distance between the case building and the measured weather
conditions. Second, in this study, the observed (not forecasted) weather attributes
were used in the analysis and evaluating the results. For the actual forecasted heat
demand, only forecasted weather attributes are available as inputs. Nevertheless,
the difference between the forecasted and the observed weather attribute values is
considered small with a forecast horizon of 24 hours.

5.4 (RQ3): What data mining algorithms and models can be used
for heat demand forecasting?
Based on the literature, there are many options available for data mining
algorithms: regression analysis algorithms, artificial neural networks, support
vector machines, decision trees and Bayesian networks. These have been
implemented in numerous studies that have forecasted energy demand for
buildings (see Chapter 3.2.3).
In this study, we have implemented data mining models based on decision trees,
neural networks, logistic regression and clustering algorithms. The clustering
algorithm is a special case and is mostly used for making preliminary
investigation to the data in order to understand the patterns inside the data better.
However, MS SSAS provided an option to use this clustering algorithm also for
prediction purposes.
Various attributes were selected for the inputs of the data mining models: timelagged heat attributes, many time-related attributes (to capture the occupant
behavior) and weather attributes. For the selected data mining models, it is
possible to use both discrete and continuous inputs.
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Finally, there are good tools in the SSAS for data mining but more data mining
algorithms could be available. For example, the widely used Support Vector
Machines (SVM) algorithm was not available, nor was there an option to build
our own data mining algorithms. For the existing algorithms, there were many
parameters to fine-tune to make the algorithms and models optimal. The values of
these parameters were left to default in building the mining models in this study
(see Appendix 1 for the default values of the data mining algorithm parameters in
the SSAS).

5.5 (RQ4): How exactly the data mining models forecast heat
demand?
In the study, we have built 2 categories of data mining models: The first data
mining models are based on the hourly heat consumptions and hourly weather
data and the alternative mining models which are based on the 24-h means of the
corresponding hourly heat consumptions and weather data. In order to choose
which mining models to select for forecasting the heat demand, the decision
maker should consider how well a building is really operating and if there is
considerable lag for a building to react to the outdoor weather conditions. The
built alternative models assumedly better represent what is a real heat demand at
certain weather conditions. It can also be seen that the case building reacts to an
outside temperature change with some delay by observing the heat consumption
and outside temperature profiles.
Related to the first category of mining models, the models that are based on the
decision tree algorithms score the lowest Total error results. The Total error is
calculated from two components: the Profile error and the Daily error. The Profile
error describes how well the model predicts the 24-h profile. The Daily error
describes how well the model can predict the daily total heat demand. The error
variables are calculated as normalized root mean square errors (normalized
RMSE).
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The normalized figures do not necessarily give a readable representation, so the
results can also be described as mean average percentage errors (MAPE). For the
best data mining model, a decision tree model with all attributes selected as an
input (wide input), the MAPE of the Profile error was 3.8% and, of the Daily
error, 5.9%. In the second place was also a decision tree model that used fewer
inputs (narrow input) in the forecasting (heat consumption from yesterday and a
week ago, season, outside temperature) with a MAPE of 5.5% and 5.6% for
Profile error and Daily error, respectively. For better performance, the model with
narrow inputs is recommended. The neural network models performed also
relatively well.
For the alternative data mining models, calculating the Total error revealed that a
clustering model with narrow input performs best with the MAPE of Profile error
and Daily error 6.1% and 7.9%, respectively. However, the alternative models
were built on the assumption that the hourly consumption describes the heat
consumption with a lag and doesn’t really represent the real heat energy need for
the case building. For this reason, the Daily error is considered more meaningful
in the alternative data mining models. Using this as a premise, the best mining
models are again models using the decision tree algorithms. The best model,
decision tree with narrow input, proves a MAPE of 5.1% for the Daily error.
In the literature (Tso and Yau, 2007), the neural network algorithms are
considered to work better with un-linear and noisy data. However, when the data
is quite linear and the quality is good, the decision tree algorithm can perform
very well based on this study. Adjusting of the data mining algorithm parameters
was left out of the scope of this work, even though some testing was carried out
on tuning the parameter values. With fine-tuned adjustments, the other algorithms
might score better results.
It’s suggested, that the alternative model is used as a primary model when a
building is not yet optimized for heat consumption. It’s also recommended that
the alternative data mining models are trained with enough historical data, which
is historical data of at least one year. For the case building, two years of data were
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available. When the operation of a building is better optimized and follows the
outdoor weather conditions, the first mining models can be put into use. The first
mining models can likely better capture the behavior of inhabitants, although, the
user behavior can cause unnecessary noise to the hourly data. Also, the 24-h heat
demand profile is forecasted better with the first mining models.
It is worth to mention that similar MAPE rates for forecasting heat demand have
been recorded in other works. Wojdyga (2014) shows forecasting results with 35% of error margin. A MAPE of 2-6% was captured with prediction models for
the next-day building energy consumption (Fan et al., 2014).

5.6 (RQ5): How can the built data mining models be integrated
and deployed into an existing BEMS?
For the data mining infrastructure, an MS SSAS data mining server and an MS
SQL server are required. The data is collected from building automation system
with the help of devices and sensors installed to the buildings and sent to SQL
Server database. The weather data is collected using the Finnish Meteorological
Institute’s Open API.
The SQL server database is the core of the existing BEMS in Nuuka Solutions so
the integration with SSAS is, in principle, straightforward. The MS SQL server
and MS SSAS server are built to integrate with each other and to exchange data
easily. However, the weather data needs to be replicated with separate tool to the
SQL Server database. When all the mining data resides in this database, the data
mining can be processed using the SSAS server with the predefined data mining
models. Once the mining models are processed and ready, the weather forecasts
and history consumptions can be used as an input to inquire the heat demand
forecast. The tools in SQL Server and SSAS can automate the data collection
process, processing the mining models with predefined inputs and making the
forecasts.
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The description of this deployment model and its architecture is described in
Chapter 4.6 in the Figure 20. This deployment model also considers what triggers
the recalculation of the data mining models. This recommended architecture was
not fully implemented during this work at the company, and therefore, its real
operation and level of automation was not investigated. This should be studied
later.
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6 Discussions and future work
This study has focused on many aspects related to heating systems, heat demand
forecasting and data mining using SSAS. However, there remain many more
unexplored aspects some of which were already discussed in the previous chapter.
This final chapter discusses and summarizes what future studies should focus on
and also discusses the future of heat demand forecasting in association with
emerging trends.

6.1 Recommendations for future studies
A more thorough investigation related to the mining models and changing the
parameters of these models should be conducted. Tweaking the parameter values
can well improve the accuracy of the forecasting and more inputs are possible.
Some buildings have scheduled heating programs for a day-time and a night-time.
If these patterns are known and set as an input to the models, the accuracy can
improve significantly. For knowing that the indoor climate conditions are optimal,
more sensors would be required in the buildings. This way we would have some
understanding if the building is over or under heated. Knowing that the building is
really hot, there is less need for heat demand and vice versa. This would also act
as a good input for the mining models.
Other things to consider in the future works are included in the following list:
1. To generalize the results, there should be more case buildings to compare
the results of the data mining models.
2. In order to understand the difference between the forecasted and the
observed weather values, a comparison of forecast model (using forecasted
weather values and observed weather values as inputs) accuracies should
be conducted.
3. Summer season could be left out and run the mining models only during
the winter, spring and autumn seasons. During the summer season in
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Finland, the heat demand is considerably smaller than during the other
seasons.
4. Hot tap water demand could be separated. Now the hot tap water and the
space heating are both included in the total heat consumption data. The use
of hot water depends more on the occupant behavior in residential
buildings.
5. The performance of the models was not measured systematically although
models with fewer inputs were evaluated for accuracy. These models with
fewer inputs are likely more cost-effective.
6. When there is enough building data, e.g. from hundreds of buildings, it is
possible to use this as the base for the forecasting. Similar buildings in
similar weather conditions are likely to have similar requirements for heat
demand.
7. The built deployment model for BEMS should be evaluated in real action
and expanded as necessary.

6.2 About the emerging trends
When discussing the future, it is also important to understand bigger trends and
cross-disciplinary development. These trends include the already discussed Big
Data but also advance in the Artificial Intelligence (AI) algorithms and the
Internet of Things. There can be advancements in the building heating systems,
like emergence of low-cost, efficient and sustainable heating systems. However,
the physical infrastructure changes slow and many traditional heating systems
remain in operation likely for many years to come. Where changing of physical
infrastructure takes slower steps forward, the new technologies related Big Data
and AI are emerging quickly with the help of advances in machine learning,
storage capacity and processing power.
To get back to the idea of Big Data, it was previously discussed in this thesis that
correlations are more important than causation. In this work, causations have still
been in the center of the thinking. Especially the alternative data mining models
are based on rethinking and questioning the attributes and their correlations. This
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rethinking has basis on the understanding of the building’s properties and heating
systems. The underlying reasons are dug out to answer the question of why.
However, the alternative models are also based on the values of correlation
coefficients. In principle, it would be possible to find the optimal models by just
looking at the correlations. Taking a look at possible future trends reveals that the
Internet of Things is emerging in the building sector and more sensors are likely
to send data related to various conditions room by room. As the amount of data
and parameters increases, a thorough understanding of the causation gets more
difficult. More accuracy is likely required in forecasting not only the heat demand
but also indoor lighting and other indoor climate conditions. In these future cases,
it is getting more reasonable to assume the Big Data mindset and let the
correlations lead the way.
Berthold et al. (2010) emphasize that human interaction is crucial to make
intelligent data analysis project successful, and this is still undeniably true today.
However, the constantly developing Artificial Intelligence and machine learning
can possibly take the role of the orchestrator one day: select the optimal input
attributes and algorithms to forecast a desired output. What is more, at least one
such a solution gets already close today called Ayasdi (Ayasdi, 2015). This
software can find the best inputs for a selected output or just find useful insights
easily in the data – and at best to replace the need of a trained data analyst.
In the end, the main thing is the accuracy of the forecast, not how much effort
we’ve made to make the forecast model and understood more or less important
things on the way. Human analysts are biased and select the attributes as an input
that are usually of most interest or are thought to be important. AI is steering
airplanes and can drive cars, so why not control a building? While waiting for a
building to be under the control of an AI, which might not be that far in the future,
human endeavor and data mining tools are required in this environment with
rapidly increasing sensors and data from the buildings.
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APPENDIX 1.

Description of parameters of data mining algorithms in SSAS (Microsoft,
2015a). The descriptions are taken from inside the SSAS user interface.

Parameter
Decision
Tree

Default
value

COMPLEXITY_PENALTY

Range
(0.0, 1.0)

FORCE_REGRESSOR

Clustering

MAXIMUM_INPUT_
ATTRIBUTES

255

[0,65535]

MAXIMUM_OUTPUT_
ATTRIBUTES

255

[0,65535]

MINIMUM_SUPPORT

10

(0.0,...)

SCORE_METHOD

4

1,3,4

SPLIT_METHOD

3

[1,3]

10

[0,...)

CLUSTER_SEED

0

[0,...)

CLUSTERING_METHOD

1

1,2,3,4

255

[0,65535]

CLUSTER_COUNT

MAXIMUM_INPUT_
ATTRIBUTES

Description
Inhibits the growth of the decision tree. Decreasing the
value increases the likelihood of a split, while increasing
the value decreases the likelihood. The default value is
based on the number of attributes for a given model:
The default is 0.5 if there is 1 to 9 attributes; the default
is 0.9 if there are 10 to 99 attributes; and the default is
0.99 if there are 100 or more attributes.
Forces the algorithm to use the indicated columns as
regressors in the regression formula regardless of their
importance as calculated by the algorithm. This
parameter is only used for regression trees.
Specifies the maximum number of input attributes that
the algorithm can handle before invoking feature
selection. Setting this value to 0 disables feature
selection for input attributes.
Specifies the maximum number of output attributes
that the algorithm can handle before invoking feature
selection. Setting this value to 0 disables feature
selection for output attributes.
Specifies the minimum number of cases that a leaf node
must contain. Setting this value to less than 1 specifies
the minimum number of cases as a percentage of the
total cases. Setting this value to a whole number greater
than 1 specifies the minimum number of cases as the
absolute number of cases.
Specifies the method used to calculate the split score.
The available methods are: Entropy (1), Bayesian with
K2 Prior (3), or Bayesian Dirichlet Equivalent with
Uniform prior (4).
Specifies the method used to split the node. The
available methods are: Binary (1), Complete (2), or Both
(3).
Specifies the approximate number of clusters to be built
by the algorithm. If the approximate number of clusters
cannot be built from the data, the algorithm builds as
many clusters as possible. Setting the CLUSTER_COUNT
parameter to 0 causes the algorithm to use heuristics to
best determine the number of clusters to build.
Specifies the seed number used to randomly generate
clusters for the initial stage of model building.
The clustering method the algorithm uses can be either:
Scalable EM (1), Non-scalable EM (2), Scalable K-means
(3), or Non-scalable K-means (4).
Specifies the maximum number of input attributes that
the algorithm can handle before invoking feature
selection. Setting this value to 0 specifies that there is
not a maximum number of attributes.
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MAXIMUM_STATES

100

0,[2,65535]

1

(0,...)

10

[1,50]

50000

0,[100,...)

STOPPING_TOLERANCE

10

(0,...)

HOLDOUT_PERCENTAGE

30

(0,100)

0

(....,...)

MAXIMUM_INPUT
_ATTRIBUTES

255

[0,65535]

MAXIMUM_OUTPUT
_ATTRIBUTES

255

[0,65535]

MAXIMUM_STATES

100

0,[2,65535]

10000

[0,...)

4.0

[0,...)

MINIMUM_SUPPORT
MODELLING_CARDINALITY
SAMPLE_SIZE

Logistic
Regression

HOLDOUT_SEED

SAMPLE_SIZE

Neural
Networks

HIDDEN_NODE_RATIO

Specifies the maximum number of attribute states that
the algorithm supports. If the number of states that an
attribute has is greater than the maximum number of
states, the algorithm uses the attribute's most popular
states and treats the remaining states as missing.
This parameter specifies the minimum number of cases
in each cluster.
This parameter specifies the number of sample models
constructed during the clustering process.
Specifies the number of cases that the algorithm uses on
each pass if the CLUSTERING_METHOD parameter is set
to one of the scalable clustering methods. Setting
SAMPLE_SIZE to 0 will cause the entire dataset to be
clustered in a single pass, which can cause memory and
performance issues.
Specifies the value used to determine when
convergence is reached and the algorithm is finished
building the model. Convergence is reached when the
overall change in cluster probabilities is less than the
ratio of the STOPPING_TOLERANCE divided by the size
of the model.
Specifies the percentage of cases within the training
data used to calculate the holdout error for this
algorithm. HOLDOUT_PERCENTAGE is used as part of
the stopping criteria while training the mining model.
This value is unique to this algorithm and is unrelated to
any holdout parameters set in the mining structure.
Specifies a number to use to seed the pseudo-random
generator when randomly determining the holdout data
for this algorithm. If HOLDOUT_SEED is set to 0, the
algorithm generates the seed based on the name of the
mining model, to guarantee that the model content
remains the same during reprocessing. This value is
unique to this algorithm and is unrelated to any holdout
parameters set in the mining structure.
Specifies the maximum number of input attributes that
the algorithm can handle before invoking feature
selection. Setting this value to 0 disables feature
selection for input attributes.
Specifies the maximum number of output attributes
that the algorithm can handle before invoking feature
selection. Setting this value to 0 disables feature
selection for output attributes.
Specifies the maximum number of attribute states that
the algorithm supports. If the number of states that an
attribute has is greater than the maximum number of
states, the algorithm uses the attribute's most popular
states and treats the remaining states as missing.
Specifies the number of cases that are used to train the
model. The algorithm either uses the number specified
by SAMPLE_SIZE or total_cases * (1 HOLDOUT_PERCENTAGE/100), depending on which one
is smaller.
Specifies a number used in determining the number of
nodes in the hidden layer. The algorithm calculates the
number of nodes in the hidden layer as
HIDDEN_NODE_RATIO * sqrt({the number of input
nodes} * {the number of output nodes}).
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HOLDOUT_PERCENTAGE

30

(0,100)

0

(...,...)

MAXIMUM_INPUT
_ATTRIBUTES

255

[0,65535]

MAXIMUM_OUTPUT
_ATTRIBUTES

255

[0,65535]

MAXIMUM_STATES

100

0,[2,65535]

10000

[0,...)

HOLDOUT_SEED

SAMPLE_SIZE

Specifies the percentage of cases within the training
data used to calculate the holdout error for this
algorithm. HOLDOUT_PERCENTAGE is used as part of
the stopping criteria while training the mining model.
This value is unique to this algorithm and is unrelated to
any holdout parameters set in the mining structure.
Specifies a number to use to seed the pseudo-random
generator when randomly determining the holdout data
for this algorithm. If HOLDOUT_SEED is set to 0, the
algorithm generates the seed based on the name of the
mining model, to guarantee that the model content
remains the same during reprocessing. This value is
unique to this algorithm and is unrelated to any holdout
parameters set in the mining structure.
Specifies the maximum number of input attributes that
the algorithm can handle before invoking feature
selection. Setting this value to 0 disables feature
selection for input attributes.
Specifies the maximum number of output attributes
that the algorithm can handle before invoking feature
selection. Setting this value to 0 disables feature
selection for output attributes.
Specifies the maximum number of attribute states that
the algorithm supports. If the number of states that an
attribute has is greater than the maximum number of
states, the algorithm uses the attribute's most popular
states and treats the remaining states as missing.
Specifies the number of cases that are used to train the
model. The algorithm either uses the number specified
by SAMPLE_SIZE or total_cases * (1 – HOLDOUT
_PERCENTAGE/100), depending on which one is smaller.
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