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Abstract. Artificial neural networks are often used to generate real appraisal
models utilized in automated valuation systems. Neural networks are widely
recognized as weak learners therefore are often used to create ensemble models
which provide better prediction accuracy. In the paper the investigation of
bagging ensembles combining genetic neural networks as well as genetic fuzzy
systems is presented. The study was conducted with a newly developed system
in Matlab to generate and test hybrid and multiple models of computational
intelligence using different resampling methods. The results of experiments
showed that genetic neural network and fuzzy systems ensembles outperformed
a pairwise comparison method used by the experts to estimate the values of
residential premises over majority of datasets.

Keywords: ensemble models, genetic neural networks, bagging, out-of-bag,
property valuation.

1 Introduction

The application of soft computing techniques to assist with real estate appraisals has
been intensively studied for last two decades. The main focus has been directed
towards neural networks [16], [22], [26], [29], less researchers have been involved in
the application of fuzzy systems [1], [11]. So far, we have investigated several
approaches to construct predictive models to assist with real estate appraisal
encompassing evolutionary fuzzy systems, neural networks, decision trees, and
statistical algorithms using MATLAB, KEEL, RapidMiner, and WEKA data mining
systems [13], [17], [19]. Quite recently, we have built and tested models employing
evolving fuzzy systems eTS [21] and FLEXFIS [23] which treated cadastral data on
property sales/purchase transactions as a data stream which in turn could reflect the
changes of real estate market in the course of time. We studied also bagging ensemble
models created applying such computational intelligence techniques as fuzzy systems,
neural networks, support vector machines, regression trees, and statistical regression
[14], [18], [20]. The results showed that all ensembles outperformed single base
models but one based on support vector machines.
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Bagging ensembles, which besides boosting belong to the most popular multi-
model techniques have been focused attention of many researchers for last fifteen
years. Bagging, which stands for bootstrap aggregating, devised by Breiman [3] is one
of the most intuitive and simplest ensemble algorithms providing a good performance.
Diversity of learners is obtained by using bootstrapped replicas of the training data.
That is, different training data subsets are randomly drawn with replacement from the
original training set. So obtained training data subsets, called also bags, are used then
to train different classification or regression models. Finally, individual learners are
combined through an algebraic expression, such as minimum, maximum, sum, mean,
product, median, etc. [27]. Theoretical analyses and experimental results proved
benefits of bagging especially in terms of stability improvement and variance
reduction of learners for both classification and regression problems [4], [9], [10].

This collection of methods combines the output of the machine learning systems,
in literature called “weak learners” in due to its performance [28], from the group of
learners in order to get smaller prediction errors (in regression) or lower error rates (in
classification). The individual estimator must provide different patterns of
generalization, thus the diversity plays a crucial role in the training process.
Otherwise, the ensemble, called also committee, would end up having the same
predictor and provide as good accuracy as the single one. It was proved that the
ensemble performs better when each individual machine learning system is accurate
and makes error on the different instances at the same time.

The goal of the study presented in this paper was twofold. Firstly, we would like to
investigate the usefulness of genetic neural networks and genetic fuzzy systems to
create ensemble models providing better performance than their single base models.
Secondly, we aimed to compared soft computing ensemble methods with a property
valuating method employed by professional appraisers in reality. The algorithms were
applied to real-world regression problem of predicting the prices of residential
premises based on historical data of sales/purchase transactions obtained from a
cadastral system. The investigation was conducted with a newly developed system in
Matlab to generate and test hybrid and multiple models of computational intelligence
using different resampling methods. The experiments allowed also for the comparison
of different approaches to create bagging ensembles with commonly used 10-fold
cross validation as well as with models providing the estimation of the resubstitution
error.

2 Methods Used and Experimental Setup

The investigation was conducted with our new experimental system implemented in
Matlab environment using Neural Network, Fuzzy Logic, Global Optimization, and
Statistics toolboxes [7], [12]. The system was designed to carry out research into
machine learning algorithms using various resampling methods and constructing and
evaluating ensemble models for regression problems. The main modules of the
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system are: data management, experiment design, experiment execution, and result
analysis and visualization. At the first stage of development particular emphasis was
placed on evolutionary neural networks and fuzzy systems. Partitioning methods
implemented so far comprise repeated holdout, repeated cross-validation and multiple
bootstrap where percentage of base dataset instances drawn to training sets can be
determined by a user while defining a data project. It is planned to extend our
experimental system to include random subspaces and other diversity creation
methods based on techniques of feature selection.

2.1 Expert’s Valuation Method

In order to compare evolutionary machine learning algorithms with techniques
applied to property valuation we asked professional appraisers to evaluate premises
using historical data of sales/purchase transactions obtained from a cadastral system.
In this section the pairwise comparison method used by the experts to estimate the
values of premises comprised in our dataset is described. The experts simulated
professional appraisers’ work in the way it is done in reality.

First of all the whole area of the city was divided into 6 quality zones: 1 - the
central one, 2 - near-medium, 3 - eastern-medium, and 4 — western-medium zones,
and finally 5 - south-western-distant and 6 - north-eastern-distant zones. Next, the
premises located in each zone were classified into 243 groups determined by 5
following quantitative features selected as the main price drivers: Area, Year, Storeys,
Rooms, and Centre. Domains of each feature were split into three brackets as follows.

Area denotes the usable area of premises and comprises small flats up to 40 m?,
medium flats in the bracket 40 to 60 mz, and big flats above 60 m°.

Year (Age) means the year of a building construction and consists of old buildings
constructed before 1945, medium age ones built in the period 1945 to 1960, and new
buildings constructed between 1960 and 1996, the buildings falling into individual
ranges are treated as in bad, medium, and good physical condition respectively.

Storeys are intended for the height of a building and are composed of low houses
up to three storeys, multi-family houses from 4 to 5 storeys, and tower blocks above 5
storeys.

Rooms are designated for the number of rooms in a flat including a kitchen. The
data contain small flats up to 2 rooms, medium flats in the bracket 3 to 4, and big flats
above 4 rooms.

Centre stands for the distance from the city centre and includes buildings located
near the centre i.e. up to 1.5 km, in a medium distance from the centre - in the
brackets 1.5 to 5 km, and far from the centre - above 5 km.

Then the prices of premises were updated according to the trends of the value
changes over 11 years. Starting from the beginning of 1998 the prices were updated
for the last day of subsequent years. The trends were modelled by polynomials of
degree three. The chart illustrating the change trend of average transactional prices
per square metre is given in Fig. 1.
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Fig. 1. Change trend of average transactional prices per square metre over time
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Fig. 2. Time windows used in the pairwise comparison method of experts’ estimation

Premises estimation procedure employed a two-year time window to take
transaction data of similar premises into consideration (Fig. 2).

1. Take next premises to estimate.

2. Check the completeness of values of all five features and note a transaction
date.

3. Select all premises sold earlier than the one being appraised, within current
and one preceding year and assigned to the same group.

4. If there are at least three such premises calculate the average price taking the

prices updated for the last day of a given transaction year.

Return this average as the estimated value of the premises.

Repeat steps 1 to 5 for all premises to be appraised.

7. For all premises not satisfying the condition determined in step 4 extend the
quality zones by merging 1 & 2, 3 & 4, and 5 & 6 zones. Moreover, extend
the time window to include current and two preceding years.

8. Repeat steps 1 to 5 for all remaining premises.

oW

2.2 Genetic Neural Networks and Genetic Fuzzy Systems

In our experiments we employed two basic evolutionary approaches to real-world
regression problem of predicting the prices of residential premises based on historical
data of sales/purchase transactions obtained from a cadastral system, namely genetic
neural networks (GNN) and genetic fuzzy systems (GFS). In both techniques we used
the same the input and output variables as did the experts in their pairwise comparison
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method described above, namely five inputs: Area, Year, Storeys, Rooms, Centre, and
Price as the target variable. The parameters of the architecture of GNN and GFS as
well as genetic algorithms are listed in Table 1.

Table 1. Parameters of GNN and GFS used in experiments

GNN GFS

Network type: feedforward backpropagation Type of fuzzy system: Mamdani

No. of input variables: 5 No. of input variables: 5

No. of neurons in input layer: 5 No. of input membership functions (mf): 3
No. of hidden layers: 1 No. of output mf: 3

No. of neurons in hidden layer: 5 Type of mf: triangular and trapezoidal

No. of rules: 15
Mf parameter variability intervals: +40%

Chromosome: weights of neuron connections Chromosome: rules and mf
Chromosome coding: real-valued Chromosome coding: real-valued
Population size: 150 Population size: 50

Creation function: uniform Creation function: uniform
Selection function: tournament Selection function: tournament
Tournament size: 4 Tournament size: 4

Elite count: 2 Elite count: 2

Crossover fraction: 0.8 Crossover fraction: 0.8
Crossover function: two point Crossover function: two point
Mutation function: Gaussian Mutation function: custom
No. of generations: 300 No. of generations: 100

Our GNN approach consisted in the evolution of connection weights with
a predefined architecture of feedforward network with backpropagation comprising
five neurons in an input layer and also five neurons in one hidden layer. Our
preliminary tests showed that we can use such a small number of neurons in one
hidden layer without the loss of prediction accuracy.

A whole set of weights in a chromosome was represented by real numbers. Similar
solutions are described in [15], [30]. In turn, in GFS approach for each input and
output variable three triangular and trapezoidal membership functions were
automatically determined by the symmetric division of the individual attribute
domains. The evolutionary optimization process combined both learning the rule base
and tuning the membership functions using real-coded chromosomes. Similar designs
are described in [5], [6], [17].

2.3 Dataset Used in Experiments

Real-world dataset used in experiments was drawn from a rough dataset containing
above 50 000 records referring to residential premises transactions accomplished in
one Polish big city with the population of 640 000 within eleven years from 1998 to
2008. In this period most transactions were made with non-market prices when the
council was selling flats to their current tenants on preferential terms. First of all,
transactional records referring to residential premises sold at market prices were
selected. Then the dataset was confined to sales transaction data of apartments built
before 1997 and where the land was leased on terms of perpetual usufruct. Hence, the
final dataset counted 5303 records and comprised all premises which values could be
estimated by the experts.
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Due to the fact that the prices of premises change substantially in the course of
time, the whole 11-year dataset cannot be used to create data-driven models.
Therefore it was split into subsets covering individual years, and we might assume
that within one year the prices of premises with similar attributes were roughly
comparable. The sizes of one-year data subsets are given in Table 1.

Table 2. Number of instances in one-year datasets

1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008
269 477 329 463 530 653 546 580 677 575 204

2.4 Subsampling and Other Methods Used for Comparison

A series of machine learning experiments was conducted over one-year datasets as
base original datasets separately to obtain three bagging ensembles, models providing
the resubstitution errors, and 10-fold cross-validation models. Moreover, the property
valuation experts built their models using the pairwise comparison method. As
a result following models were created and evaluated.

BaseBase — models learned and tested using the same original base dataset, no
resampling was used, their performance MSE(BaseBase) refers to the so called
resubstitution error or apparent error. The resubstitution errors are overly optimistic
because the same samples are used to build and to test the models. They were used to
calculate correcting components in the 0.632 bootstrap method.

BagBase — models learned using bags, i.e. bootstrap replicates and tested with the
original base datasets, it represents a classic bagging ensemble devised by Breiman.
The overall performance of the model MSE(BagBase) equals the average of all MSE
values obtained with test set for individual component models. The prediction errors
are underestimated since the learning and test sets overlap.

BagOoB — models learned using bags, i.e. bootstrap replicates and tested with the
out-of-bag datasets. The overall performance of the model was calculated as the
average of all MSE values obtained with test set for individual component models.
Due to the fact that training sets comprise on average 63.2 percent of all observations
the prediction errors tend to be overestimated.

.632 — model represents the 0.632 bootstrap method correcting the out-of-bag
prediction error using the weighted average of the BagOoB and BaseBase MSEs with
the weights equal to 0.632 and 0.368 respectively [8].

10cv — ten-fold cross validation, the widely used form of cv for obtaining a reliable
estimate of the prediction error. It is known that by growing the number of folds when
using k-fold cv the bias can be reduced but at the same time the variance is increased.

Expert — a model based on pairwise comparison approach developed by
professional property valuators, its performance was expressed in terms of mean
squared error of predicted and actual prices of residential premises.

In the case of bagging method 50 bootstrap replicates (bags) were created on the
basis of each base dataset with the number of instances equal to the cardinality of a
given dataset. As performance functions the mean square error (MSE) was used and
as aggregation functions averages were employed.
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3 Results of Experiments

The performance of six models, i.e. BaseBase, BagBase, BagOoB, .632, 10cv, and
Expert created by GNN and GFS in terms of MSE was presented in Tables 3 and 4
and compared graphically in Figures 3 and 4 respectively. The analysis of the results
is carried out separately for GNN and GFS because the experimental conditions did
not allow a fair comparison. It can be easily seen that the performance of the experts’
method fluctuates strongly achieving for some datasets, i.e. 1999, 2001, and 2008,
excessively high MSE values. The differences between BagBase and BagOoB are
apparent in favour of the former method. 10-fold cross validation which is often
employed as a method of evaluating single base models reveals worse predictive
accuracy than a classic bagging method with a whole original dataset as a test set, i.e.
BagBase. .632 - the corrected bagging technique provides better results than 10cv for
majority of datasets.

Table 3. Performance of models generated using genetic neural networks (GNN)

Dataset  BaseBase BagBase BagOoB  .632 10cv Expert

1998 0.01039 0.01085  0.01274  0.01188  0.01237  0.01262
1999 0.00785 0.00863  0.00930  0.00876  0.00875  0.01335
2000 0.00679 0.00709  0.00787  0.00747  0.00829  0.01069

2001 0.00434 0.00461 0.00499  0.00475  0.00712  0.01759
2002 0.00524 0.00544  0.00610  0.00578  0.00579  0.00760
2003 0.00594 0.00630  0.00650  0.00629  0.00670  0.00753
2004 0.00904 0.01053 0.01094  0.01024  0.01159  0.01049
2005 0.00610 0.00651 0.00673 0.00650  0.00682  0.00936
2006 0.00889 0.00897  0.00954  0.00930  0.00915  0.00905
2007 0.00426 0.00429  0.00464  0.00450  0.00518  0.00659
2008 0.00550 0.00576  0.00668  0.00624  0.00670  0.01400

Table 4. Performance of models generated using genetic fuzzy systems (GFS)

GFS BaseBase BagBase BagOoB  .632 10cv Expert
1998 0.01003 0.01106 ~ 0.01380  0.01241  0.01517  0.01262
1999 0.00902 0.00980  0.01099  0.01027  0.01081  0.01335

2000 0.00662 0.00834  0.01072  0.00921 0.00861 0.01069
2001 0.00483 0.00552  0.00647  0.00587  0.00623  0.01759
2002 0.00537 0.00637  0.00710  0.00647  0.00654  0.00760
2003 0.00662 0.00741 0.00791 0.00743  0.00788  0.00753
2004 0.01170 0.01079  0.01207  0.01194  0.01087  0.01049
2005 0.00666 0.00725 0.00826  0.00767  0.00811 0.00936
2006 0.01108 0.01031 0.01162  0.01142  0.01092  0.00905

2007 0.00587 0.00519  0.00605 0.00598  0.00621 0.00659
2008 0.00709 0.00713 0.00948  0.00860  0.00939  0.01400

The Friedman test performed in respect of MSE values of all models built over
eleven one-year datasets showed that there are significant differences between some
models in the case both genetic neural networks and genetic fuzzy sets. Average ranks
of individual models are shown in Table 5, where the lower rank value the better
model. In Table 6 the results of nonparametric Wilcoxon signed-rank test to pairwise
comparison of the model performance are presented. The zero hypothesis stated there
were not significant differences in accuracy, in terms of MSE, between given pairs of
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models. In Table 6 + denotes that the model in the row performed significantly better
than, - significantly worse than, and = statistically equivalent to the one in the
corresponding column, respectively. In turn, / (slashes) separate the results for GNN
and GFS respectively. The significance level considered for the null hypothesis
rejection was 5%. Main outcome is as follows: BaseBase models showed significantly
better performance than any other model but one BagBase for GFS, BagBase models
performed significantly better than any other model but one BaseBase which turned
out to be statistically equivalent. These two observations conform with theoretical
considerations. Expert models revealed significantly lower MSE than most of other

O. Kempa et al.

models except BagOoB, .632, and 10cv for GFS.
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Fig. 3. Performance of models generated using genetic neural networks (GNN)
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Fig. 4. Performance of models generated using genetic fuzzy systems (GFS)

Table 5. Average rank positions of models determined during Friedman test

Ist 2nd 3rd 4th Sth 6th
GNN  BaseBase (1.00)  BagBase (2.36) .632(3.00)  BagOoB (4.64) 10cv (4.64) Expert (5.36)
GFS BaseBase (1.64)  BagBase (1.91) .632 (3.45) 10cv (4.09) Expert (4.64) BagOoB (5.27)

Table 6. Results of Wilcoxon tests for the performance of GNN/GFS models

BaseBase BagBase BagOoB  .632 10cv Expert
BaseBase +/= +/+ +/+ +/+ +/+
BagBase -/= +/+ +/+ +/+ +/+
BagOoB -/ - -/ - —/= ~/= +/=
.632 -/- -/- +/+ +/= +/=
10cv —/= —/- ~/= /= +/=

Expert -/= -/= -/= -/=
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4 Conclusions and Future Work

The experiments, aimed to compare the performance of bagging ensembles built
using genetic neural networks and genetic fuzzy systems were conducted. Moreover,
the predictive accuracy of a pairwise comparison method applied by professional
appraisers in reality was compared with soft computing machine learning models for
residential premises valuation. The investigation was carried out with our new
experimental system implemented in Matlab designed to conduct research into
machine learning algorithms using various resampling methods and constructing and
evaluating ensemble models for regression problems.

The overall results of our investigation were as follows. The bagging ensembles
created using genetic neural networks as well as genetic fuzzy systems revealed
prediction accuracy not worse than the experts’ method employed in reality. It
confirms that automated valuation models can be successfully utilized to support
appraisers’ work. Moreover, the bagging ensembles outperformed single base models
assessed using 10-fold cross validation.

Due to excessive times of generating ensemble models on the basis of both genetic
neural networks and genetic fuzzy systems it is planned to explore resampling
methods ensuring faster data processing such as random subspaces, subsampling, and
techniques of determining the optimal sizes of multi-model solutions. This can lead to
achieve both low prediction error and an appropriate balance between accuracy and
complexity as shown in recent studies [2], [24], [25].

Acknowledgments. This paper was partially supported by Ministry of Science and
Higher Education of Poland under grant no. N N519 407437.

References

1. Bagnoli, C., Smith, H.C.: The Theory of Fuzzy Logic and its Application to Real Estate
Valuation. Journal of Real Estate Research 16(2), 169-199 (1998)

2. Borra, S., Di Ciaccio, A.: Measuring the prediction error. A comparison of cross-

validation, bootstrap and covariance penalty methods. Computational Statistics & Data

Analysis 54(12), 2976-2989 (2010)

Breiman, L.: Bagging Predictors. Machine Learning 24(2), 123-140 (1996)

Biichlmann, P., Yu, B.: Analyzing bagging. Annals of Statistics 30, 927-961 (2002)

5. Cordén, O., Gomide, F., Herrera, F., Hoffmann, F., Magdalena, L.: Ten years of genetic
fuzzy systems: current framework and new trends. Fuzzy Sets and Systems 141, 5-31
(2004)

6. Cordén, O., Herrera, F.: A Two-Stage Evolutionary Process for Designing TSK Fuzzy
Rule-Based Systems. IEEE Transactions On Systems, Man, And Cybernetics—Part B:
Cybernetics 29(6), 703-715 (1999)

7. Czuczwara, K.: Comparative analysis of selected evolutionary algorithms for optimization
of neural network architectures. Master’s Thesis, Wroctaw University of Technology,
Wroctaw, Poland (2010) (in Polish)

8. Efron, B., Tibshirani, R.J.: Improvements on cross-validation: the.632+ bootstrap method.
Journal of the American Statistical Association 92(438), 548-560 (1997)

9. Friedman, J.H., Hall, P.: On bagging and nonlinear estimation. Journal of Statistical
Planning and Inference 137(3), 669-683 (2007)

&~



332

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.
23.
24.
25.
26.
217.
28.

29.

30.

O. Kempa et al.

Fumera, G., Roli, F., Serrau, A.: A theoretical analysis of bagging as a linear combination of
classifiers. IEEE Transactions on Pattern Analysis and Machine Intelligence 30(7), 1293-1299 (2008)
Gonzélez, M.A.S., Formoso, C.T.: Mass appraisal with genetic fuzzy rule-based systems.
Property Management 24(1), 20-30 (2006)

Goéral, M.: Comparative analysis of selected evolutionary algorithms for optimization of
fuzzy models for real estate appraisals. Master’s Thesis, Wroctaw University of
Technology, Wroctaw, Poland (2010) (in Polish)

Graczyk, M., Lasota, T., Trawinski, B.: Comparative Analysis of Premises Valuation Models
Using KEEL, RapidMiner, and WEKA. In: Nguyen, N.T., Kowalczyk, R., Chen, S.-M. (eds.)
ICCCI 2009. LNCS (LNAI), vol. 5796, pp. 800-812. Springer, Heidelberg (2009)

Graczyk, M., Lasota, T., Trawinski, B., Trawinski, K.: Comparison of Bagging, Boosting
and Stacking Ensembles Applied to Real Estate Appraisal. In: Nguyen, N.T., Le, M.T.,
Swiatek, J., et al. (eds.) Intelligent Information and Database Systems. LNCS (LNAI),
vol. 5991, pp. 340-350. Springer, Heidelberg (2010)

Kim, D., Kim, H., Chung, D.: A Modified Genetic Algorithm for Fast Training Neural
Networks. In: Wang, J., Liao, X.-F., Yi, Z. (eds.) ISNN 2005. LNCS, vol. 3496, pp. 660-665.
Springer, Heidelberg (2005)

Kontrimas, V., Verikas, A.: The mass appraisal of the real estate by computational
intelligence. Applied Soft Computing 11(1), 443—448 (2011)

Krdl, D., Lasota, T., Trawinski, B., Trawinski, K.: Investigation of Evolutionary
Optimization Methods of TSK Fuzzy Model for Real Estate Appraisal. International
Journal of Hybrid Intelligent Systems 5(3), 111-128 (2008)

Krzystanek, M., Lasota, T., Telec, Z., Trawinski, B.: Analysis of Bagging Ensembles of Fuzzy
Models for Premises Valuation. In: Nguyen, N.T., Le, M.T., Swiag;ek, J. (eds.) Intelligent Information
and Database Systems. LNCS (LNAI), vol. 5991, pp. 330-339. Springer, Heidelberg (2010)

Lasota, T., Mazurkiewicz, J., Trawinski, B., Trawinski, K.: Comparison of Data Driven
Models for the Validation of Residential Premises using KEEL. International Journal of
Hybrid Intelligent Systems 7(1), 3—16 (2010)

Lasota, T., Telec, Z., Trawinski, B., Trawinski, K.: Exploration of Bagging Ensembles
Comprising Genetic Fuzzy Models to Assist with Real Estate Appraisals. In: Corchado, E.,
Yin, H. (eds.) IDEAL 2009. LNCS, vol. 5788, pp. 554-561. Springer, Heidelberg (2009)
Lasota, T., Telec, Z., Trawinski, B., Trawinski, K.: Investigation of the eTS Evolving
Fuzzy Systems Applied to Real Estate Appraisal. Journal of Multiple-Valued Logic and
Soft Computing (2011) (in print)

Lewis, O.M., Ware, J.A., Jenkins, D.: A novel neural network technique for the valuation
of residential property. Neural Computing & Applications 5(4), 224-229 (1997)

Lughofer, E., Trawinski, B., Trawinski, K., Kempa, O., Lasota, T.: On Employing Fuzzy
Modeling Algorithms for the Valuation of Residential Premises (2011) (to be published)
Martinez-Muiloz, G., Sudrez, A.: Out-of-bag estimation of the optimal sample size in
bagging. Pattern Recognition 43, 143-152 (2010)

Molinaro, A.N., Simon, R., Pfeiffer, R.M.: Prediction error estimation: a comparison of
resampling methods. Bioinformatics 21(15), 3301-3307 (2005)

Peterson, S., Flangan, A.B.: Neural Network Hedonic Pricing Models in Mass Real Estate
Appraisal. Journal of Real Estate Research 31(2), 147-164 (2009)

Polikar, R.: Ensemble Learning. Scholarpedia 4(1), 2776 (2009)

Schapire, R.E.: The Strength of Weak Learnability. Mach. Learning 5(2), 197-227 (1990)
Worzala, E., Lenk, M., Silva, A.: An Exploration of Neural Networks and Its Application
to Real Estate Valuation. The Journal of Real Estate Research 10(2), 185-201 (1995)

Yao, X.: Evolving artificial neural networks. Proc. of the IEEE 87(9), 1423-1444 (1999)



	Investigation of Bagging Ensembles of Genetic Neural Networks and Fuzzy Systems for Real Estate Appraisal
	Introduction
	Methods Used and Experimental Setup
	Expert’s Valuation Method
	Genetic Neural Networks and Genetic Fuzzy Systems
	Dataset Used in Experiments

	Results of Experiments
	Conclusions and Future Work
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




