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ABSTRACT 6 

Energy is one of the main concerns of humanity because energy resources 7 

are limited and costly. In order to reduce the costs and to use the energy for 8 

space heating effectively, new building materials, techniques and insulations 9 

facilities are being developed. Therefore, it is important to know which 10 

factors affect the space heating costs. This study aims to introduce the novel 11 

Rank Correlation Bayesian Network model and its application in analyzing 12 

the effects of dwelling characteristics on the space heating costs. The results 13 

show that the constructed Rank Correlation Bayesian Network model 14 

performed better than the Bayesian networks models estimated by Bayesian 15 

search, PC and Greedy Thick Thinning algorithms, which are kinds of 16 

structure learning algorithms having different kinds of estimation 17 

mechanisms to build Bayesian networks. The constructed Rank Correlation 18 

Bayesian Network model shows that the space heating costs of the 19 

dwellings are mostly affected by the heating systems used. Coal stoves, air 20 

conditioners and electric stoves appear to be the costliest heating systems. 21 

The second most important factor appears to be the existence of external 22 

wall insulation. The lack of external wall insulation almost doubles the 23 
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space heating costs. The third most important factor is the building age. 24 

Dwellings on the ground floors and the first floors appear to pay the highest 25 

space heating costs.  Therefore, dwellings on these floors need to be more 26 

effectively insulated. As the size of the dwelling increases the heating cost 27 

increases too. Another result is that facing directions and floor levels of the 28 

dwellings have the least effects on their space heating.  29 

Keywords: Rank correlation Bayesian network model; Space heating costs; 30 

house heating; household economy; Bayesian networks 31 

1. Introduction 32 

Dwellings use energy for various purposes such as space and water heating, cooking, 33 

lighting, running electrical appliances. According to Eurostat (2017) the main use of 34 

energy in dwellings, which is 64% of the final energy consumption, is for space heating. 35 

Thus, space heating is the major cause of energy consumption in dwellings. Energy is 36 

costly. Thus, space heating cost is one of the important elements in the family budgets. 37 

In addition, it is reported that dwellings are the fourth largest source of CO2 emissions 38 

in the EU and they produce 9.9% of the total emissions (Martinopoulos et al., 2016). 39 

Thus, finding ways to control or cut back on these costs are necessary to reduce energy 40 

consumption, to save natural resources and to reduce carbon emissions. The dwelling 41 

characteristics and building design have significant effects on the heating energy 42 

performance of the buildings (Kazanasmaz et al., 2014). This study aims to investigate 43 

the effects of the dwelling characteristics on the space heating cost by the use of 44 

Bayesian networks.  45 
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In literature, there are various studies concerning heating cost and employing various 46 

methods. Rehdanz (2007) investigated the effects of space heating costs, building 47 

characteristics and the socio-economic status of dwellings in Germany. As a result, it 48 

was understood that the heating costs of the home owners are less than those of tenants. 49 

Hassouneh et al. (2010) performed a study to investigate the influence of window types 50 

on the energy balance of the apartment type buildings in Amman, Jordan. Meier and 51 

Rehdanz (2010) used multiple linear regression analysis to investigate the factors 52 

determining the space heating costs in the United Kingdom. An important finding in the 53 

study is that, unlike in Germany, house owners have greater heating costs than tenants. 54 

Zoric and Hrovatin (2010) investigated the effects of heating and dwelling types on the 55 

energy efficiency of the houses in Slovenia. It was observed that heating type directly 56 

affects energy efficiency. Nair et al. (2010) conducted a survey on house owners to 57 

reduce the energy use of individual detached houses in Switzerland. As a result of the 58 

study, it was concluded that energy-efficiency investments should be supported. Laureti 59 

and Secondi (2012) investigated different family groups, heating type, heating 60 

technologies, dwelling structural features and the effects of family socio-economic 61 

status on the heating costs in Italy. They showed that the space heating concept is not 62 

only influenced by the socio-economic characteristics of the families but also the 63 

external factors which they cannot control. Kazanasmaz et al. (2014) examined the 64 

relation between architectural considerations and energy performance of the buildings in 65 

Izmir, Turkey and they made suggestions to predict the level of energy performances of 66 

the buildings in the early design phase. Ziemele et al. (2015) studied the economy of 67 

heat cost allocation in apartment buildings in Riga, Latvia and suggested a model to 68 

fairly allocate the heating costs in each apartment. Wessels (2015) stated that the energy 69 

consumption of the buildings built in the Netherlands before 1970 was very high and 70 
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these buildings constituted approximately 12.5% of the buildings in the country. 71 

Therefore, he discussed ways of minimizing the energy consumption of these buildings. 72 

Longhi (2015) investigated the effects of changes in socio-economic conditions of 73 

dwelling members and building properties on energy costs. It was observed that socio-74 

economic changes had little effect on energy costs, but dwelling size had a significant 75 

effect on energy costs. Schmitz and Madlener (2016) investigated the effects of socio-76 

demographic variables such as age and gender on building types and technical 77 

characteristics in explaining the heating costs of houses. One of the important findings 78 

is that the heating cost rate of low-income dwellings is higher than the dwellings with 79 

high income levels. Hill (2015 aimed to investigate the determinants of residential 80 

energy cost in Austria. It was concluded that energy costs are more affected by regional 81 

characteristics, dwelling characteristics, socio-economic factors and income level. Risch 82 

and Salmon (2017) aimed to identify the main factors affecting the energy consumption 83 

of the dwellings in France. It was concluded that residential and climatic characteristics 84 

made the greatest impact on the energy consumption in the houses. However, socio-85 

demographic factors were observed to have a very low effect. Rose and Kragh (2017) 86 

studied the distribution of heating costs in multi-story apartment buildings in Denmark 87 

by suggesting a cost calculation method. Recently machine learning techniques like 88 

Bayesian networks are becoming popular as the performance and capacity of the 89 

computers are increasing. Compared to other statistical estimation methods that work 90 

with additive models, Bayesian networks advantageous and robust especially in 91 

handling big data because they have no restrictive distributional or probabilistic 92 

assumptions. This study aims to introduce the novel model Rank Correlation Bayesian 93 

Network (RCBN) model with its application in space heating cost estimation of 94 

dwellings. 95 
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2. Materials and Methods 96 

2.1. Bayesian networks 97 

Bayesian networks are a branch of probabilistic graphs, which were introduced by Pearl 98 

(1985). A Bayesian network can be looked upon a graphical representation of 99 

conditional joint probability distributions of the variables that they involve. As well as 100 

representing a probability distribution, Bayesian networks also display the causal 101 

inference among these variables. A Bayesian network consists of two main components 102 

as graphical structure and probabilistic structure. The graphical structure consists of 103 

nodes which represent the random variables and the edges which are directed arrows 104 

among the nodes. The nodes connected to each other by an edge are called adjacent and 105 

this connection indicates an association between the two nodes. The lack of any edge 106 

between two nodes, on the other hand, indicates the absence of an association between 107 

them. When each pairs of nodes are adjacent, the graph is said to be a complete graph. 108 

An example of a Bayesian network is shown in Figure 1.  109 

 110 

Figure 1. Example of Bayesian network 111 

Figure 1 consists of 6 nodes labeled as C1, C2, C3, C4, C5 and C6. A node from which 112 

an edge is directed is called a parent node while a node which an edge is directed to is 113 
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called a child node. In Figure 1, for example, C1 is a parent node of C2 and C5, while 114 

C5 is a child node of C1 and C3. A path can be defined as the series of edges and the 115 

nodes connected by them. Bayesian networks have the Directed Acyclic Graph (DAG) 116 

structure in which no cycles are allowed on the paths. That is, it is impossible to return 117 

to any node by following the path of any edge directed from this node. 118 

The probabilistic structure of the Bayesian networks consists of the conditional 119 

probability tables. Conditional probability tables are determined by the joint probability 120 

distribution of the nodes. Let the set of the nodes in a Bayesian network be121 

. For a specific value of  and a configuration  of the elements 122 

in , the conditional probabilities are given as follows. 123 

                     (1) 124 

where  is a configuration of .  and  denote the sample spaces of  and 125 

 respectively. Moreover, the joint probability density function of  is as follows. 126 

                                       (2) 127 

There are two approaches to build the structure of a Bayesian network. In the first 128 

approach the structure is constructed manually based on expert opinion. The number of 129 

nodes and edges and their directions are determined by the expert considering the causal 130 

relations among the nodes. Hence, in this kind of Bayesian networks, the edges among 131 

the nodes also imply a causal relation. The second approach is called structure learning. 132 

In the structural learning the Bayesian network is built directly from the data set by the 133 

help of various algorithms. In a Bayesian network built by any kind of structural 134 

learning algorithm, however, the edges do not need to imply a causal relationship; 135 
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instead, they just indicate the presence of a dependency. More detailed information 136 

about Bayesian networks can be found in Pearl (1988), Jensen and Nielsen (2007), 137 

Holmes and Jain (2008). 138 

2.2. Rank correlation Bayesian network model 139 

While constructing the edges of the Bayesian network manually, it may be useful to 140 

refer some measures of dependency as well as expert opinion. As it is known, 141 

correlation does not imply causality; on the other hand, it indicates a dependency 142 

between two variables. Thus, we introduce the Rank Correlation Bayesian Network 143 

(RCBN) model in which the dependencies among the nodes are detected by an 144 

appropriate rank correlation measure. After detecting the dependencies between node 145 

pairs, the edges between the node pairs having a significant rank correlation coefficient 146 

are determined by expert opinion also considering the directions of the dependencies. 147 

Afterwards, using the data set the posterior probabilities are calculated and the 148 

conditional probability tables are constructed by EM algorithm. In order to measure the 149 

dependency between two variables, various measures like Spearman’s rank correlation 150 

coefficient, Goodman and Kruskal’s gamma, Kendall’s tau rank correlation coefficient 151 

exist. All of these measures are based on the rank of the observations. When the 152 

variables are categorical, Spearman’s rank correlation coefficient is an appropriate 153 

measure of correlation to use in the RCBN model because it preserves the given order 154 

between the nodes. Spearman’s rank correlation coefficient is calculated as follows 155 

(Sprent and Smeeton, 2001). 156 

                                                                              (3) 157 
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where  is the rank of the category  of the first variable,  is the rank of the category  158 

of the second variable and  is the total number of observations. 159 

2.3. Data and model 160 

The data was derived from 500 dwellings in Mugla province in Turkey. The data 161 

involves 10 variables as the nodes of the Bayesian network: space heating costs, 162 

building age, heating system, dwelling type, number of bedrooms, dwelling size, floor 163 

level, facing direction, external wall insulation and double glazing. The list of these 164 

nodes and their definitions are given in Table1. 165 

Table 1. Nodes with their definitions and levels 166 

Nodes Definitions Levels 

Space heating costs  

The average monthly 

amount of money (Turkish 

Lira-TL) paid for space 

heating in the dwellings 

    0-99 

100-199 

200-299 

300-399 

400 or over 

 

Building age 
The age of the building in 

years  

  0-9 

10-19 

20-29 

30 or over 

Heating system 
The heating system used for 

space heating in the dwelling 

Air conditioner or Electric Stove 

Coal Stove 

Central Heating or Boiler 

Dwelling type 
The type of the dwelling as a 

flat or a detached house 

Flat 

Detached House 

Number of bedrooms  
The number of the bedrooms 

aside from 1 living room 

1 Living Room 

1 Living Room and 1 Bedroom 

1 Living Room and 2 Bedrooms 

1 Living Room and 3 Bedrooms 

1 Living Room and 3 Bedrooms or more 

 

Dwelling size 
Size of the dwelling in 

meter-squares (m
2
) 

    0-59 

  60-119 

120-179 

180 or over 
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Floor level 

The level of the floor on 

which the dwelling is 

located 

Basement 

Ground Floor 

First Floor 

Second Floor 

Third Floor 

Fourth Floor 

Fifth Floor or higher 

Facing direction 

The direction which the 

longest side of the dwelling 

faces to 

East 

West 

North 

South 

External wall insulation 

Existence of the external 

wall insulation at the 

dwelling 

Available 

Not Available 

Double glazing 
Existence of the double 

glazing at the dwelling 

Available 

Not Available 

In order to detect the existing dependencies between the nodes, Spearman’s rank 167 

correlation coefficients were calculated in Knime software (Berthold et al., 2007). The 168 

node pairs, the calculated correlation coefficients and their significances at are 169 

presented in Table 2. 170 

Table 2. Spearman’s rank correlation coefficients and their significances ( ) 171 

First Node Second Node Correlation p-value Significant 

Dwelling Type Heating System -0.259251238 4.47391E-09 * 

Dwelling Type Building Age 0.141531624 0.001560306 * 

Dwelling Type External Wall Insulation 0.118609027 0.008123311 * 

Dwelling Type Facing Direction -0.073144651 0.103370971 

 
Dwelling Type Space Heating Cost 0.237781242 8.10564E-08 * 

Dwelling Type Dwelling Size -0.071110886 0.113347771 

 

Dwelling Type Number of Bedrooms 0.218851243 8.3707E-07 * 

Dwelling Type Double Glazing 0.214617784 1.37279E-06 * 

Dwelling Type Floor Location 0.493375672 0 * 

Heating System Building Age -0.505712851 0 * 
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Heating System External Wall Insulation -0.426623893 0 * 

Heating System Facing Direction 0.133215213 0.002923896 * 

Heating System Space Heating Cost -0.569036641 0 * 

Heating System Dwelling Size 0.087124907 0.052243661 

 

Heating System Number of Bedrooms -0.008765185 0.845456886 

 

Heating System Double Glazing -0.368024686 0 * 

Heating System Floor Location -0.117972134 0.008473714 * 

Building Age External Wall Insulation 0.519070819 0 * 

Building Age Facing Direction -0.042463102 0.344815376 

 

Building Age Space Heating Cost 0.499467006 0 * 

Building Age Dwelling Size -0.086257 0.054642132 

 

Building Age Number of Bedrooms 0.10829607 0.015721123 * 

Building Age Double Glazing 0.30682401 2.70384E-12 * 

Building Age Floor Location 0.05209005 0.246402249 

 

External Wall Insulation Facing Direction 0.017064623 0.704316735 

 
External Wall Insulation Space Heating Cost 0.565623456 0 * 

External Wall Insulation Dwelling Size -0.119807065 0.007499046 * 

External Wall Insulation Number of Bedrooms 0.046851055 0.29721869 

 

External Wall Insulation Double Glazing 0.309273733 1.77591E-12 * 

External Wall Insulation Floor Location -0.074438547 0.097394746 

 

Facing Direction Space Heating Cost -0.0894886 0.046152876 * 

Facing Direction Dwelling Size 0.155379023 0.000508279 * 

Facing Direction Number of Bedrooms -0.179230033 5.8648E-05 * 

Facing Direction Double Glazing -0.022037722 0.624048756 

 

Facing Direction Floor Location -0.035003599 0.436199876 

 

Space Heating Cost Dwelling Size -0.233134159 1.46506E-07 * 

Space Heating Cost Number of Bedrooms 0.414932942 0 * 

Space Heating Cost Double Glazing 0.21728928 1.00584E-06 * 

Space Heating Cost Floor Location 0.019383787 0.666406719 

 

Dwelling Size Number of Bedrooms -0.427150608 0 

 



11 

 

Dwelling Size Double Glazing -0.082698176 0.065453841 

 

Dwelling Size Floor Location 0.02827045 0.529489223 

 

Number of Bedrooms Double Glazing 0.006183758 0.890626291 

 

Number of Bedrooms Floor Location 0.097168815 0.030318401 * 

Double Glazing Floor Location 0.082823335 0.065045791 

 

In Table 2, the node pairs having a significant correlation and hence, a dependency 172 

between them are marked with a (*) sign. At this stage the signs of the correlation 173 

coefficients can be ignored because we are only interested in detecting the 174 

dependencies. The increase or decrease in the levels of the nodes with respect to each 175 

other will be determined later in the RCBN model to be constructed more accurately 176 

also considering the directions of the dependencies. Hence, only the node pairs having a 177 

significant correlation between them were connected with edges and the edges are 178 

directed from the effecting nodes to the affected nodes by expert opinion. The RCBN 179 

model, for analysis of the effects of the dwelling characteristics on the space heating 180 

costs, was built manually using Netica (2020) software. The constructed RCBN model 181 

is presented in Figure 2. The scores behind the bars represent the probability of 182 

occurrence belonging to the corresponding levels. 183 
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 184 

Figure 2. Rank Correlation Bayesian Network model for analysis of the effects of the 185 
dwelling characteristics on the space heating costs  186 

2.4. Model validation 187 

The confusion matrix that demonstrates the estimation performance of the RCBN is 188 

given in Table 3. The values on the diagonal of the matrix indicate the number of 189 

correctly classified cases. The validation was performed by using simulated data of 190 

100,000 cases. Instead of a portion of 500 data used in the study, simulated data was 191 

preferred to measure the performance of the model with as many cases as possible. 192 

Table 3. Confusion matrix for the Rank Correlation Bayesian Network model 193 

Space heating costs 

Predicted 

0 - 99 100-199 200-299 300-399 
400 or 

over 

A
c
tu

a
l 0 - 99 

7901 550 0 0 1 

100 - 199 

7994 13463 745 0 1 
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200 - 299 

7821 2498 11257 791 178 

300 - 399 

7866 737 1747 13345 764 

400 or over 

7963 308 368 2797 10905 

When Table 3 is examined, it is seen that the correct estimation rate of the RCBN model 194 

for the space heating costs is 0.56871 (56871/100000). 195 

In order to make a comparison between the RCBN model and other structure learning 196 

models, three different Bayesian networks were built based on Bayesian Search (BS) 197 

(Heckerman et al., 2000), PC (Spirtes et al., 1991) and Greedy Thick Thinning (GTT) 198 

(Cheng et al., 1997) algorithms, which are different kinds of structural learning 199 

algorithms having different mechanisms to build Bayesian networks.  The Bayesian 200 

networks based on the algorithms were generated in GeNIe (2020) software and re-201 

arranged in Netica (2020) software. The Bayesian network model for the analysis of the 202 

effects of the dwelling characteristics on space heating costs that is based on BS 203 

algorithm is shown in Figure 3. 204 
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 205 

Figure 3. Bayesian network estimated by Bayesian Search algorithm 206 

The confusion matrix that demonstrates the estimation performance of the Bayesian 207 

network that was built using BS algorithm is presented in Table 4. The values on the 208 

diagonal of the matrix indicate the number of correctly classified cases. The confusion 209 

matrix was obtained by using simulated data of 100,000 cases. 210 

Table 4. Confusion matrix of the Bayesian network estimated by Bayesian Search 211 

Algorithm 212 

Space heating costs 

Predicted 

0 - 99 100-199 200-299 300-399 
400 or 

over 

A
c
tu

a
l 

0 - 99 

0 714 171 0 82 

100 - 199 

0 17530 2823 0 425 

200 - 299 

0 11664 12147 0 2937 

300 - 399 

0 4421 9221 0 12393 
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400 or over 

0 2087 5117 0 18268 

When Table 4 is examined, it is seen that the correct estimation rate of the Bayesian 213 

network built by BS algorithm for the space heating costs is 0.47945 (47945/100000). 214 

However, BS algorithm failed to correctly estimate the space heating costs that are 215 

between 0-99 TL and 300-399 TL. 216 

The Bayesian network model for the analysis of the effects of the dwelling 217 

characteristics on space heating costs that is based on PC algorithm is presented in 218 

Figure 4. 219 

 220 

 221 

Figure 4. Bayesian network estimated by PC algorithm 222 
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The confusion matrix that demonstrates the estimation performance of the Bayesian 223 

network that was constructed by PC algorithm is presented in Table 5. The values on 224 

the diagonal of the matrix indicate the number of correctly classified cases. The 225 

confusion matrix was built by using simulated data of 100,000 cases. 226 

Table 5. Confusion matrix of the Bayesian network estimated by PC Algorithm 227 

Space heating costs 

Predicted 

0 - 99 100-199 200-299 300-399 
400 or 

over 

A
c
tu

a
l 

0 - 99 

5463 1196 1033 1168 827 

100 - 199 

5494 12876 1129 1148 767 

200 - 299 

5495 4406 8459 2113 1244 

300 - 399 

5518 2258 2425 11787 2299 

400 or over 

5449 896 1650 3427 11473 

When Table 5 is examined, it is seen that the correct estimation rate of the Bayesian 228 

network built by PC algorithm for the space heating costs is 0.50058 (50058/100000). 229 

The Bayesian network model for the effects of the dwelling characteristics on space 230 

heating costs that is based on GTT algorithm is presented in Figure 5. 231 
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 232 

Figure 5. Bayesian network estimated by Greedy Thick Thinning algorithm 233 

Table 6 shows the confusion matrix demonstrating the estimation performance of the 234 

Bayesian network that was constructed by GTT algorithm. The values on the diagonal 235 

of the matrix indicate the number of correctly classified cases. The confusion matrix 236 

was built by using simulated data of 100,000 cases. 237 

Table 6. Confusion matrix of the Bayesian network estimated by Greedy Thick 238 
Thinning Algorithm 239 

Space heating costs 

Predicted 

0 - 99 100-199 200-299 300-399 
400 or 

over 

A
c
tu

a
l 

0 - 99 

0 655 136 35 117 

100 - 199 

0 17027 1853 851 361 

200 - 299 

0 11081 7630 5247 2551 
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300 - 399 

0 3958 3898 11735 6956 

400 or over 

0 928 1547 4397 19037 

When Table 6 is examined, the correct estimation rate of the Bayesian network built by 240 

GTT algorithm for the space heating costs appeared to be 0.55429 (55429/100000). 241 

However, the Bayesian network built by GTT algorithm could not estimate the space 242 

heating costs between 0-99 at all. Table 7 presents the accuracy rates of the RCBN and 243 

the other four Bayesian network models built by BS, PC and GTT algorithms. 244 

Table 7. Accuracy rates for the space heating costs provided by the four 245 
different models 246 

Accuracy Rates 

Rank Correlation 

Bayesian Network 

 

Bayesian 

Search  PC  

Greedy Thick 

Thinning 

0.56871   0.47945 0.50058   0.55429   

It can be seen in Table 7 that the RCBN model performed significantly better than the 247 

Bayesian network models built by BS and PC algorithms. However, although the 248 

accuracy rates of the RCBN model and the Bayesian network model given by GTT look 249 

close to each other, GTT algorithm could not estimate the space heating costs that are 250 

between 0-99 at all. Thus, the most successful model appears to be the RCBN. 251 

2.5. Sensitivity analysis 252 

In order to see how much space heating cost is affected by the changes in the levels of 253 

other nodes, it is possible to perform a sensitivity analysis on the Bayesian network 254 

estimated. Entropy Reduction (ER) can be used as a measure of sensitivity in Bayesian 255 

networks. The calculation of ER is as follows (Marcot et al., 2006).  256 

                                  (4) 257 
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where  is the entropy of the node  without any evidence,  is the entropy 258 

of the node  conditional to an evidence belonging to the node  and  are the states 259 

of  and  respectively. Table 8 shows the ER scores of the nodes on the output node 260 

space heating cost obtained in Netica (2020) software. 261 

Table 8. Results of sensitivity analysis for space heating cost node 262 

 

Node 

 

Entropy Reduction (ER) 

Heating system 0.12479 

External wall insulation 0.11879 

Building age 0.10709 

Number of bedrooms 0.06072 

Dwelling size 0.04493 

Double glazing 0.01937 

Dwelling type 0.01844 

Facing direction 0.01656 

Floor level 0.01531 

According to the results of the sensitivity analysis given in Table 8, the space heating 263 

costs of the dwellings are affected mostly by the heating systems with a level of 264 

0.12479 entropy value. The second most important factor appears to be the existence of 265 

external wall insulation which has an entropy value of 0.11879. The third is the age of 266 

the building whose entropy value is 0.10709. It is also seen that the floor levels of the 267 

dwellings seem to have the least effect on the space heating costs with an entropy value 268 

of 0.01531  269 

3. Results and Discussions 270 

In Bayesian networks, it is possible to perform analyses and make estimations for any 271 

node by propagating the evidences through the network. For instance, for a flat type 272 

dwelling, on the third floor, heated by air conditioner or electric stove, having no double 273 
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glazing and external wall insulation, Figure 6 demonstrates the state of the RCBN 274 

model when these evidences are propagated through the network. 275 

 276 

Figure 6. State of the RCBN model after propagation of the evidences 277 

Figure 6 shows that the space heating cost of this dwelling is estimated to be 400 TL or 278 

over with the highest probability of 32.7% and between 300-399 TL with a probability 279 

of 20.4%. Continuing the propagation process for other combinations, various results 280 

provided by the estimated RCBN model are provided in the following lines. 281 

As far as floor level is considered, the dwellings in basements and on ground floors 282 

seem to pay the highest space heating cost compared to the ones on the other floors. 283 

29% of the dwellings in the basement pay 400 TL or more and 25.9% of the dwellings 284 

on the ground floor pay 300-399 TL per month. On the other hand, third and fourth 285 

floors seem to be paying less than the others. The third floors pay 100-199 TL with a 286 

probability of 25.9% the fourth floors pay 200-299 TL with a probability of 23.5%.  287 
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These results are consistent with the results given by Ziemele et al. (2015) who report 288 

that the apartments located on the top and bottom floors of a building have more heat 289 

loss than the other floors. When floor level factor is considered along with building age, 290 

it is seen that the ground floors in new building pay 100-199 TL (38.3%) whereas in 291 

buildings that are aged 30 or over, the ground floors pay 300-3999 TL (31.5%). 292 

However, using coal stove in old buildings increases the space heating costs of the 293 

ground floors to 400 TL or more level (44.4%).  The Least space heating costs are paid 294 

by residents living on the third floors in new buildings as 100-199 TL (49.8%). If 295 

residents living on the third floors are living in old buildings and using air conditioners 296 

or electric stoves for heating, their space heating costs increase to 400 TL or over class 297 

with a probability of 29.2% 298 

The size of the dwelling, as expected, increases the heating cost as it gets larger. The 299 

dwellings between 0-59 m2 pay 100-199 TL with the highest probability of 24.1% and 300 

the ones between 60-119 m2 pay 200-299 TL with the highest probability of 27.7%. 301 

However, when the size becomes 120-179 m2 the most popular cost becomes 300-399 302 

TL with a probability of 28.5%. The residents, on the other hand, living in dwellings 303 

having an area of 180 m2 or over, the most likely space heating cost is 400 TL or over. 304 

These results are also supported by the findings of Rehdanz (2007) stating that heating 305 

costs decrease with the size of the property in Germany.  306 

When the number of bedrooms is considered, dwellings having 3 bedrooms seem to pay 307 

the highest amount of cost 300-399 TL with a probability of 29.3%. The dwellings 308 

having only 1 living room, 1 bedroom and 2 bedrooms pay the least amount of space 309 

heating costs 100-199 TL with probabilities 22.8%, 37.5% and 29.7% respectively. 310 
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The average monthly space heating costs of the dwellings having external wall 311 

insulation appears to be 100-199 TL with the highest probability of 37.1%, while the 312 

ones that do not have external wall insulation pay 400 TL or more on the average with 313 

the highest probability of 31.6%. Thus, it can be concluded that the lack of external wall 314 

insulation almost doubles the space heating costs. Indeed, in the sensitivity analysis, 315 

external wall insulation appeared to be the second most important factor affecting the 316 

space heating costs. This result is supported by many other studies such as Alvarez et al. 317 

(2016) who showed that insulation reduces energy costs in low income housings in 318 

Mexico, Cheung et al. (2015) who suggest that as well as the presence of the external 319 

insulation, the thickness of the insulation is also significant to reduce the energy 320 

consumption of the high rise-apartments in Hong Kong. 321 

It was found out that building age is another important factor affecting the space heating 322 

costs. In fact, older buildings seem to pay higher space heating costs compared to the 323 

newer ones. This result is consistent with the findings in United Nations (2018) stating 324 

that although new buildings are more expensive to build, they are more energy-efficient 325 

compared to the old ones. Kazanasmaz et al. (2014) also support this result by reporting 326 

that older buildings are less energy-efficient due to the lack of insulation in Izmir, 327 

Turkey. In addition, Rehdanz (2007) also suggests that old buildings are more 328 

expensive to heat in Germany. The average amount space heating costs are 100-199 TL 329 

for the buildings 0-9 years old with the highest rate of 38.2%. However, for the 330 

buildings that are 30 years old or more, the average rate of cost is 400 TL or over with 331 

the highest rate of 34.4%. 332 

When the heating system used in the dwelling is considered, it appeared to be the most 333 

important factor affecting the space heating costs. Coal stoves appear to be the costliest 334 
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heating systems. Dwellings heated by coal stoves spend 400 TL or more with the 335 

highest probability of 42.8%. Air conditioner and electric stoves also seem to be costly, 336 

since, 28.4% of the dwellings heated by these systems also pay 400 TL or more on the 337 

average. Central heating or boiler systems, however, are comparatively cheaper systems 338 

which lead to a cost 100-199 TL with the highest probability of 30.1%. These results are 339 

similar to the findings of Meier and Rehdanz (2010) in Great Britain. They state that 340 

space heating costs are highest if electricity is used while costs for gas are lowest. 341 

Rehdanz (2007) also found out that there is a strong effect of the kind of heating system 342 

on space heating costs in Germany.  343 

Existence of the double glazing at dwellings slightly changes the space heating costs. 344 

When it is available, the proportion of the costs is distributed almost equally among 345 

100-199 TL, 200-299 TL and 300-399 TL categories. However, when it is not available 346 

space heating costs sharply increase to the category of 400 TL or more with a 347 

probability of 37%. Cheung et al. (2005) also supports this result by stating that the 348 

thermal insulation performances of external walls are more effective than those for 349 

windows, in their study performed in Hong Kong. 350 

The study suggests that there is a significant difference between the space heating costs 351 

of the detached houses and the flat type dwellings. Detached houses pay 400 TL or 352 

more on the average with the highest probability of 28.7%, while flats pay 100-199 TL 353 

with the highest rate 25.7%. This result is also consistent with the findings of Meier and 354 

Rehdanz (2010) in Great Britain. They found out that tenants, who mainly live in flats, 355 

pay less heating costs than owners, who mostly live in detached houses. This difference 356 

can be explained by the energy efficiency of the flats compared to the houses. On the 357 

other hand, Rehdanz (2007) suggests that, in Germany, owners, who mostly live in 358 
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houses, are likely to pay less space heating costs than tenants, who mostly live in flats. 359 

This is because the owners are more careful about the energy efficiency and insulation 360 

conditions of their houses. 361 

As far as facing directions of the dwellings are considered dwellings facing to east and 362 

west and north pay space heating costs at similar rates. The most likely costs for east 363 

and west directions are 300-399 TL with the probabilities 24.9%, 28.3% and 28.4 364 

respectively. However, the costs slightly change when the direction changes to south. 365 

Dwellings facing to south pay 100-199 TL with the highest probability of 27.6. Thus, 366 

facing directions of the dwellings do not appear to have a considerable amount of effect 367 

on the space heating costs. A study by Hassouneh et al. (2010) in Amman, Jordan, 368 

however, suggest that facing directions of the buildings are important when combined 369 

with the suitable kind of window glasses at the appropriate direction to reduce the costs 370 

of heating and cooling of the apartment type buildings. 371 

4. Conclusions 372 

In this study the construction and an application of the novel Rank Correlation Bayesian 373 

Network (RCBN) model is presented. Bayesian networks are built using two 374 

approaches in general. The first approach is structure learning. In structure learning the 375 

structure of the network is completely learned from the data through some algorithms. 376 

In the second approach, however, the structure of the network, that is, the number and 377 

the directions of the edges among the nodes are determined by an expert manually.  378 

In the Bayesian networks that are constructed by learning algorithms, the directions 379 

among the edges do not have to imply a causal relation still, they represent a 380 

dependency relation. In the manually constructed networks, however, the directions of 381 
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the edges can imply causality, when appropriately directed. Causality is a complex and 382 

somehow a philosophical matter. However, dependency is a measure that can be 383 

mathematically calculated. Moreover, as it is known, correlation does not imply 384 

causality, on the other hand, it indicates a dependency between two variables. While 385 

developing the RCBN model, the point was the idea of building a novel model that 386 

benefits a dependency measure as well as the causality sense of a human being.  387 

In general, mechanisms of the Bayesian networks depend on dependency relations 388 

among the nodes. Thus, when building a Bayesian network manually, an expert may 389 

have difficulty to decide about or determine the degrees of mathematical dependency 390 

among the nodes in the model. Thus, in the RCBN model the dependencies among the 391 

nodes are determined by using a rank correlation measure (Spearman’s rank correlation 392 

coefficient) which can also be calculated for categorical variables. Then, an expert 393 

locates the edges between the node couples that have a dependency relation with each 394 

other, considering the direction of the cause-effect relations. For example, in the study, 395 

no arrow was directed from the node space heating cost as it is the affected variable. 396 

However, an arrow was directed from the node dwelling size to the node space heating 397 

cost, as the size of the dwelling is a factor affecting the space heating costs. At the stage 398 

of building the structural learning models, no restrictions were implied on the 399 

algorithms. In order to be able to make a fair comparison, the structural learning models 400 

were built as unrestricted models to avoid any manual intervention. Thus, the structural 401 

learning algorithms were just let build their models using their own mechanisms. Our 402 

research shows that the RCBN model performed better than the three different structural 403 

learning Bayesian network models, which were estimated by BS, PC and GTT 404 

algorithms. During the comparison of the RCBN model with the other structural 405 
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learning Bayesian network models, a simulated dataset of 100,000 cases were preferred 406 

for the testing data to include as many cases as possible. 407 

The better performance of the RCBN model can be explained by the procedure applied 408 

while constructing it. In the RCBN model, the dependencies among the nodes are 409 

determined by rank correlation measures. Afterwards, between the node pairs that have 410 

significant correlations, directions of the edges are manually determined by expert 411 

opinion considering the causality relations and their directions. However, structural 412 

learning depends on various kinds of learning algorithms detecting the dependencies 413 

among the nodes directly from data with different calculation approaches. Thus, the 414 

directions of the edges do not necessarily imply a causality relation. Therefore, while 415 

structural learning algorithms can also detect the dependencies among the nodes, they 416 

miss the causal relations and the directions of the causalities among them. Hence, as the 417 

RCBM model include both dependency and causality relations as well as the directions 418 

of causalities within its network structure, it is more advantageous than the conventional 419 

structure learning algorithm-based Bayesian networks. 420 

As far as the findings of the research related to the space heating costs are considered, it 421 

is seen that space heating costs are affected by various factors. In this study, the effects 422 

of various dwelling characteristics such as building age, heating system, dwelling type, 423 

number of bedrooms, dwelling size, floor level, facing direction, external wall 424 

insulation and double glazing on space heating costs were analyzed. In this analysis, 425 

both the amounts of costs that these factors cause and their levels of effect on the space 426 

heating costs were provided. The estimated RCBM model shows that the space heating 427 

costs of the dwellings are mostly affected by the heating systems used. When the 428 

heating systems are considered, coal stoves, air conditioners and electric stoves appear 429 
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to be the costliest heating systems. Hence, these systems should be replaced by central 430 

heating or boiler systems which are comparatively less costly. The second most 431 

important factor appears to be the existence of external wall insulation. In fact, the lack 432 

of external wall insulation almost doubles the space heating costs. Therefore, it is 433 

strongly recommended to use external wall insulation in this area. The third most 434 

important factor is the building age. The older buildings seem to pay more space heating 435 

costs compared to the new ones. Another finding is that existence of the double glazing 436 

at the dwelling slightly decreases the space heating costs. Additionally, the dwellings on 437 

the ground floors and the first floors appeared to pay the highest space heating cost.  438 

Therefore, dwellings on these floors need to be more effectively insulated. As the size 439 

of the dwelling increases the heating cost increases too. Another result is that facing 440 

directions and floor levels of the dwellings have the least effects on their space heating 441 

costs. 442 
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Figures

Figure 1

Example of Bayesian network



Figure 2

Rank Correlation Bayesian Network model for analysis of the effects of the dwelling characteristics on
the space heating costs



Figure 3

Bayesian network estimated by Bayesian Search algorithm



Figure 4

Bayesian network estimated by PC algorithm



Figure 5

Bayesian network estimated by Greedy Thick Thinning algorithm



Figure 6

State of the RCBN model after propagation of the evidences


