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Chapter 1

Introduction

This paper is divided in two parts. The �rst part describes the theoretical as-
pects of fuzzy logic and the theory behind fuzzy logic prediction systems. At
the end of the �rst part an example of a fuzzy logic prediction sytem is given,
including the modelling steps. The chapters 2 and 3 together are the �rst part,
where chapter 2 describes the fuzzy logic theory in general and chapter 3 the
theory of fuzzy logic prediction systems. The second part, which is chapter 4,
is an application of the techniques described in the �rst part. The second part
describes the development of a fuzzy logic prediction system for online hotel
bookings. Finally, chapter 5 comes up with the conclusions and recommenda-
tions with respect to fuzzy logic prediction and the developed system for hotel
bookings.

The main goal of this paper is:

Provide information about the fuzzy logic concept and fuzzy logic prediction in

general. And develop a fuzzy logic prediction system for an online hotel booking

company.

Companies always bene�t from accurate predictions. These predictions will help
to improve their customer service level and maximalize pro�t. To predict the
hotel bookings fuzzy logic prediction is used, a so-called expert system. This
expert system makes use of expert rules, which contain fuzzy statements. An
example of an expert rule is IF "price is low" AND "number of visitors is high"
THEN "number of bookings is high". A statement as "price is low" is a fuzzy
statement because it is not clear when a price is low or not. Fuzzy logic models
this fuzziness mathematically.

Besides predicting, fuzzy logic prediction systems are suitable to determine bot-
tlenecks within a system. The hierarchical structure of a fuzzy logic prediction
system makes is possible to determine in what manner, and what variables,
in�uence the prediction. This is explained in chapter 4.
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Chapter 2

Fuzzy logic1

Natural language consists of many statements which are not clear, vague, or
fuzzy. �Today is a warm day� and �John is tall� are fuzzy statements because
subjectivity plays a role in this. Someone might classify John as being tall in
case John is over 175 cm, while someone else considers John tall only when he
is over 190 cm. Similar things occur when classifying a day as a warm day.
Di�erent classi�cations of the same instance makes the classi�cation process
fuzzy; boundaries of fuzzy data cannot be sharply de�ned. Statements as �It
is over 20 ◦C� and �John is over 190 cm� are easy to verify and does not lead
to discussion of the result. Having a set of length of people and constructing a
subset of people who are over 190 cm is also easy. Fuzziness comes around when
one would create a subset of tall people out of the set of peoples length; deciding
whether a person is tall or not might be a di�cult issue. De�ning people over
190 cm as being tall gives a clear subset of tall people. It might be interesting
to take all peoples length into consideration and assign a membership degree to
each length, with respect to the subset of tall people. Such a set is a fuzzy set
and Lot� A. Zadeh presented the modelling of fuzzy concepts in 1965.

2.1 Membership functions

According to Zadeh natural language is a matter of degree [8]. Therefore it is not
possible to assert a true or false to statements such as �Today is a warm day�. If
the statement is �It is over 20 ◦C� and we denote the temperature in degree Cel-
sius with x, a subset A can be formalized with {x | x ∈ 〈−273.15,∞) , x > 20}
(where -273.15 is the lowest temperature possible, e.g. 0 K). Warm cannot be
de�ned as an ordinary subset of temperature. Clearly 33 ◦C and 35 ◦C are
both warm, but 35 ◦C is warmer than 33 ◦C. Zadeh came up with the idea that
membership of a fuzzy set should not be on a 0 or 1 basis, but rather on a 0 to

1This chapter is partly based on the �rst three chapters of [5]
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1 scale, that is, the membership should be an element of the interval [0, 1]. An
ordinary, or crisp, subset A of a set U is determined by its indicator function
1A is de�ned by

1A(x) =

{
1

0

if x ∈ A
if x /∈ A

Whereas a fuzzy subset of a set U is a function

U → [0, 1]

Because an indicator function can take only value 0 or value 1 and the domain
boundaries of a fuzzy subset are also 0 and 1, it is obvious that ordinary subsets
are a special case of fuzzy subsets. It is common to refer to a fuzzy subset simply
as a fuzzy set. Let A be the subset of a set U , than the membership function
µA assigns a degree of membership to each member of U . For example: let U
be the set of maximum temperatures for each day on a certain period and A
the subset of �Warm days�, than the membership function µA can be de�ned as

µA(x) =


0

x−10
15

1

if x < 10

if 10 ≤ x < 25

if 25 ≤ x

�

����

���

����

�

� � �� �� �� �� �� �� �� �� ��

Figure 2.1: Membership function for "warm day in The Netherlands"

For people in The Netherlands this would be an acceptable membership func-
tion. People living in a warmer climate, say Mexico, would de�ne a di�erent
membership function. This membership function could be

µA(x) =


0

x−20
15

1

if x < 20

if 20 ≤ x < 35

if 35 ≤ x
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Figure 2.2: Membership function for "warm day in Mexico"

Figure 2.1 and �gure 2.2 are examples of the most common membership func-
tions: piecewise linear functions. Although piecewise linear functions are used
most of the time, many di�erent functions can be used. Another membership
function for a warm day in The Netherlands could be de�ned as follows, see
�gure 2.3.

µA(x) =


0

√
x−10√
15

1

if x < 10

if 10 ≤ x < 25

if 25 ≤ x

�

����

���

����

�

� �� �� �� �� �� �� �� �� �	 �
 �� �� �� �� �� �� �� ��

Figure 2.3: Another membership function for "warm day in The Netherlands"

To de�ne a membership function, one must have knowledge about the topic the
membership function concerns. In case of the example "warm day" a meteo-
rologist would be the right person to de�ne the membership function. Such a
person is called an expert. Although experts are experienced at their �eld, they
can have di�erent opinions about how a membership function should be de-
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�ned. Thus, the way membership functions are de�ned depends on the persons
personal opinion.

The degree of membership of an element of a set should be viewed as a measure
how well this element belongs to a certain subset. Although this degree of
membership is within the interval [0, 1], it is not the same as probability.

2.2 Alpha-cuts and fuzzy quantities

2.2.1 Alpha-cuts

Let A be a fuzzy subset of U , and let α ∈ [0, 1]. The α-cut of A is simply the
set of those u ∈ U such that membership function µA ≥ α. All that is needed
to make this de�nition is that the image of the mapping A be in a partially
ordered set. A partially ordered set A is a set with a binary relation ” ≤ ”
which satis�es the following three properties:

1. Re�exivity: a ≤ a for all a ∈ A.

2. Antisymmetry: if a ≤ b and b ≤ a for any a, b ∈ A, then a = b.

3. Transitivity: if a ≤ b and b ≤ c for any a, b, c ∈ A, then a ≤ c.

2.2.2 Fuzzy quantities

Denote F(U) as the set of all fuzzy subsets of U and R as the set of real numbers.
The elements of F(R), that is, the fuzzy subsets of R, are fuzzy quantities. It
is possible to perform the arithmetic operations of addition, substraction, mul-
tiplication and division on fuzzy quantities. Performing arithmetic operations
on R is the same as performing the corresponding operations on R viewed as a
subset of F(R). For the operations addition, substraction and multiplication is
the same in R as in F(R); for these operations fuzzy quantities can be treated
as real numbers. Compared to division in R, division in F(R) is di�erent, espe-
cially when dividing by 0. In R a real number can not be divided by 0, in F(R)
it is possible. Recall that R is viewed inside F(R) as the indicator function 1{r}
for elements r of R. The following proposition holds

Proposition 1.1 For any fuzzy set A, A/1{0}is the constant function whose

value is µA(0)

Thus 1{r}/1{0} is the constant function 0 if r 6= 0 and 1 if r = 0.
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2.2.2.1 Fuzzy numbers

Fuzzy numbers are special classes of fuzzy quantities. A fuzzy number is a
fuzzy quantity A that represents a generalization of a real number r. Intuitively,
µA(x) should be a measure of how well µA(x) approximates r, and certainly one
reasonable requirement is that µA(r) = 1 and that this holds only for r. Figure
2.4 shows an example of the fuzzy number 10

�

����

���

����

�

� � � �� �� �� �	

Figure 2.4: A fuzzy number 10

In this case the membership function of the fuzzy number 10 has a triangular
shape. The shape does not have to be triangular, various kinds of shapes are
allowed. The de�nition of a fuzzy number captures which shapes are allowed
for a fuzzy number. A fuzzy number is a fuzzy quantity A that satis�es the
following conditions:

1. µA(x) = 1 for exactly one x.

2. The support {x | µA(x) > 0} of A is bounded.

3. The α-cuts of A are closed intervals.

2.2.2.2 Fuzzy intervals

Ordinary intervals are sharply de�ned. The boundaries of an ordinary inteval
are clear and therefore it is easy to determine whether a real number is in an
interval or not. In contrast to ordinary intervals, uncertainty plays a role in
fuzzy intervals. Fuzzy quantities on a fuzzy interval [a, b] have value 1 on [a, b]
and the other de�nining properties of fuzzy intervals should be like those of
fuzzy numbers. In a formal de�nition a fuzzy interval is a fuzzy quantity A
satisfying the following:

1. A has value 1.

2. The support {x | µA(x) > 0} of A is bounded.
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3. The α-cuts of A are closed intervals

Figure 2.5 shows an example of the membership function for the fuzzy interval
[2, 4]

�
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� � � � � � 	

Figure 2.5: A membership function for the fuzzy interval [2, 4]

The de�nitions of fuzzy numbers and fuzzy intervals are very similar. Where
the shape of a fuzzy number is not restricted to a triangular one, the shape of
a fuzzy interval does not have to be trapezoidal. It can be any shape as long as
it satis�es the de�nition.
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Chapter 3

Fuzzy prediction

Several methods exist to predict an output variable with di�erent input vari-
ables. A common used technique is regression analysis. Any regression analysis
requires a set of assumptions such as linearity, normality and homoscadacity [3].
Furthermore, regression techniques are not capable of digesting linguistic fuzzy
data. The fuzzy set theory allows the user to include unavoidable imprecision in
the data records. Fuzzy inference is the actual process of mapping with a given
set of input variables and output through a set of fuzzy rules. The essence of
the modelling is to set up relevant fuzzy rules. General structure of a fuzzy sys-
tem is shown in �gure 3.1. �en and Altunkaynak [4] set up the following steps
which are necessary for succesful application of modelling through a general
fuzzy system:

1. Fuzzi�cation of the input and output variables by considering appropriate
linguistic subsets such as high, medium, low, heavy, light, hot, warm, big,
small.

2. Construction of rules based on expert knowledge and/or the basis of avail-
able liteature. The rules relate the combined linguistic subsets of input
variables to the convenient linguistic output subsets of input variables to
the convenient linguistic output subset. Any fuzzy rule includes state-
ments of "IF...THEN..." with two parts. The �rst part that starts with
IF and ends before the THEN is referred to as the predicate (premise,
antecedent) which combines in a harmonious manner the subsets of in-
put variables. Consequent part comes after "THEN" which includes the
convenient fuzzy subset of the output based on the premise part. This
implies that there is a set of rules which is valid for a speci�c portion of
the inputs variation domain. The input subsets within the premise part
are combined most often with the logical "and" conjunction whereas the
rules are combined with logical "or".
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3. The implication part of a fuzzy system is de�ned as the sharping of the
consequent part based on the premise (antecedent) part and the inputs
are fuzzy subsets.

4. The result appears as a fuzzy subset and therefore, it is necessary to
defuzzify the output for obtaining a crisp value that would be required by
the administrators or engineeers.

Figure 3.1: General structure of a fuzzy system

3.1 Simulating the behavior of experts

In many models the relation between variables is described by means of rules
formulated by experts. For example the expert rule

IF length mother = "tall" AND length mother = "tall" THEN length child = "tall"

describes the relationship in length between father, mother and child. In order to
make the model more precise the linguistic terms will be modelled as fuzzy sets.
The membership functions belonging to these fuzzy sets must be speci�ed as
carefully as possible, because they will decisively inluence the valuation process.

The design of the membership functions can be done by an expert. The knowl-
edge and experience of the expert is important in this process; good knowledge
and much experience contributes to an accurate membership function. An pi-
lot study at the Institute of Statistics and Mathematics of the University of
Frankfurt am Main described procedures that are able to simulate the evalua-
tion behavior of experts quite accurately, see [2]. These procedures are based
on quantiles of the data of the fuzzy system. Where an expert determines the
location of the 0-cut and 1-cut for a membership function, in the procedures of
the pilot study these locations are obtained by the quantiles of the data. The
pilot study developed three methods to simulate the behavior of experts.

Suppose we want to subdivide a variable into three categories (e.g. "low",
"normal" and "high"). Each category has its own membership function. The
shape of these membership functions is de�ned with help of quantiles of the
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data. The �rst method of the pilot study uses the 0.25-, 0.375-, 0.625- and 0.75-
quantiles to locate the 0-cut and 1-cut for a membership function, see �gure
3.2.
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Figure 3.2: First method to simulate behavior of expert

The second method uses the 0.375-, 0.4375-, 0.625- and 0.75-quantiles to locate
the 0-cut and 1-cut for a membership function, see �gure 3.3.
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Figure 3.3: Second method to simulate behavior of expert

The third method uses the 0.375-, 0.4375-, 0.5625- and 0.625-quantiles to locate
the 0-cut and 1-cut for a membership function, see �gure 3.4.

3.2 Example: ice cream demand prediction

To describe how the fuzzy prediction process works we make use of a simple
example. We want to predict the ice cream demand for an country on basis of
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Figure 3.4: Third method to simulate behavior of expert

the percentage of people having vacation, with respect to the number of citizens
in the country, and the temperature. For convenience both variables will be
subdivided into three categories with piecewise linear membership functions,
see �gure 3.5.
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Figure 3.5: Membership functions of temperature and percentage of people on
vacation

For the expert rules of this example, see table 3.1.
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Rule No. temperature percentage of people on vacation ice cream demand

1 cold low low

2 cold normal low

3 cold high normal

4 normal low low

5 normal normal normal

6 normal high normal

7 warm low normal

8 warm normal high

9 warm high high

Table 3.1: Expert rules ice cream demand

Suppose the temperature is 30 ◦C and 20 percent of the people is on vacation.
These values result in a membership degree of 1 for "warm temperature" and
"normal percentage of people on vacation", all the other membership functions
have membership degree 0. Only the eighth rule of table 3.1 is active for these
values. Consequently the prediction of ice cream demand is high with a support
of 1.

In the range where the membership degrees are in (0, 1) more than one rule
is active at the same time. Such situations need another approach than the
situation where only one rule is active. Now suppose the temperature is 12
◦C and 38 percent of the people is on vacation. For temperature the category
"cold" has a membership degree of 0.6 and the category "normal" one of 0.4.
For percentage of people on vacation the category "normal" has a membership
degree of 0.2 and the category "high" one of 0.8. Now the rules 2, 3, 5 and 6
are active at the same time. All rules have membership degrees for the input
variables that are in (0, 1) and therefore a method must be applied to assign
a membership degree to the output variable. Rommelfanger examined various
operators and came to the conclusion that the minimum operator should be
used [6]. Applying the minimum operator to these rules assigns the following
membership degrees to the output variable ice cream demand:

rule 2 : min (µtemperature cold, µvacation normal) = min (0.6, 0.2) = 0.2
rule 3 : min (µtemperature cold, µvacation high) = min (0.6, 0.8) = 0.6
rule 5 : min (µtemperature normal, µvacation normal) = min (0.4, 0.2) = 0.2
rule 6 : min (µtemperature normal, µvacation high) = min (0.4, 0.8) = 0.4

The output variable "ice cream demand" is also subdivided into three categories;
"low", "normal" and "high". None of the rules 2, 3, 5 or 6 predicts a high
ice cream demand, only rule 2 predicts a normal ice cream demand and the
other three rules predict a normal ice cream demand. Since there is only one
value which contributes to the ice cream demand category "low", there is no
aggregation of the evaluations of the rules to be done. Rommelfanger examined
di�erent aggregation methods and suggests the use of the algebraic sum. The
algebraic sum is de�ned as

∑n
i=1 xi −

∏n
i=1 xi for n > 1.
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The algebraic sum for the evaluation values of rules 3, 5 and 6 is 0.6 + 0.2 +
0.4− 0.6× 0.2× 0.4 = 1.152. To obtain the �nal evaluation values of the output
variable, the aggregated values of the input variables have to be normalized.
By doing so the �nal evaluation value for ice cream demand category "low" is

0.2
0.2+1.152 = 0.15, for category "normal" 1.152

0.2+1.152 = 0.85 and for category "high"
0

0.2+1.152 = 0.
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Chapter 4

Hotel booking prediction

This chapter handles a case about prediction of hotel bookings by means of fuzzy
prediction. The hotel bookings are done online at the web store of weekendje
weg (http://www.weekendjeweg.nl). The number of reservations depends on
several factors. Think about the price of a booking in combination with the
month of the year; during Christmas and summer people are willing to pay a
high price for a hotel room and in other cases they will not accept high prices.
Because the reservations are done online, the web tra�c is also an indicator for
the number of bookings. Web tra�c exists of several variables which will be
described later on.

The accuracy of a fuzzy prediction system depends on the variables which in-
cludes the system, the expert rules and the membership functions. These have
to be chosen carefully in order to achieve a high accuracy. The fuzzy predic-
tion system is made with the two variables price and web tra�c, and also the
variables that concern web tra�c.

In contrast to modelling of a fuzzy system as described in chapter 3 and illus-
trated in �gure 3.1, the output will not be defuzzi�ed. The modelling process
and the results are described in the next paragraphs.

4.1 The data set

In order to predict the hotel room reservations we used the price and the web
tra�c, which is again subdivided into other variables. The data is collected over
a period of three years (years A, B and C) on a monthly basis. To build the
fuzzy logic model and to tune the di�erent parameters years A and B are used
as training data. To test the �nal model year C is used as test data.

Each variable in the data set has 36 di�erent values, for every month one over
a period of three years. These values are presented as percentage of the yearly
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average or as the percentage of the average for three the same months in three
di�erent years. For example when the price for a hotel room is 60 euro in year
A and the yearly average is 50 euro, then the percentage is 120%. When the
price in January for year A is 60 euro, year B is 50 euro, year C is 70 euro,
then the percentage is 60

(60+50+70)/3 × 100% = 100% for January of year A. The

model to predict the hotel room reservations includes the following variables:

• percentage of month average price over years ABC

• percentage of month average year visits

• percentage of month average year bouncerate

• percentage of month average year new visits

• percentage of month average year time on site

• percentage of month average pages per visit

These six variables are the input variables which predict the output variable
percentage of month average reservations over years ABC. Only the �rst variable
is about price, while the others concern web tra�c. Bouncerate is the ratio
between the number of times a visitor of the site immediately leaves the site
after entering it and the number of times the site is visited. A visit is "new"
when someone visits the site for the �rst time during a day.

4.2 Model building

To build a model with a high accuracy, that is, predicts the output value very
well, one has to think carefully about the choices that have to be made. The
choices are about which variables to include, how to de�ne the membership
functions and how to set up the expert rules. These choices are fundamental
steps to the fuzzy prediction model and its accuracy.

The data set contains the variables which are important for the model. Five out
of six input variables have to do with web tra�c. The input of these variables
have to be aggregated in order to obtain fuzzy quantities for the categories of
web tra�c. Consequently the web tra�c and price have to be aggregated to
obtain fuzzy quantities for the output variable. Figure 4.1 illustrates the model
structure for the hotel booking prediction.

Once the variables are included in the system, their membership functions can be
de�ned. Each variable is subdivided into three categories: "low", "normal" and
"high". Furthermore the membership functions are piecewise linear functions.
De�ning a membership function can be done on basis of experience, on basis
of the data or a combination of both. The university of Frankfurt am Main
described a method to describe the behavior of experts quite accurately on

16



Figure 4.1: Model structure hotel booking prediction

basis of the data by means of quantiles, see [5]. We used this method, which is
described as the �rst method in section 2.1, to de�ne the membership functions.
Recall that only year A and B are used for this, the data of year C will be used
as test data. The 0.25-, 0.375-, 0.625- and 0.75-quantiles are used for the 0-cut
and 1-cut. For the 0-cut and 1-cut of the membership functions, see table 4.1.

variable normal / low low / normal high / normal normal / high

% visits 94% 99% 103% 108%

% bouncerate 94% 97% 105% 108%

% new visits 96% 98% 100% 105%

% time on site 94% 96% 103% 105%

% pages per visit 94% 97% 102% 105%

% price over years ABC 98% 101% 103% 104%

Table 4.1: 0-cut / 1-cut membership functions

To clarify table 4.1 a graph of the membership functions of percentage of month

average year visits is shown in �gure 4.2.
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Figure 4.2: Membership functions of percentage of month average year visits

Finally the expert rules can be set up. According to �gure 4.1 only web tra�c
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and price are needed to predict the reservations. Although web tra�c consists of
several variables the expert rules for reservations can be done using web tra�c
and price only. These two variables have to be aggregated in order to obtain
a fuzzy output for the reservations. During model building it turned out that
when using three categories for reservations there was not enough subtlety in the
output; minor changes in the input results in major changes in the output or the
other way around. Therefore the output variable reservations is subdivided into
�ve categories: "low", "normal minus", "normal", "normal plus" and "high".

Many di�erent expert rules for the output variable can be made. The expert
rules used for this fuzzy prediction system are made with common sense, see
table 4.2.

Rule No. price over years ABC web tra�c reservations

1 low low normal

2 low normal normal plus

3 low high high

4 normal low normal minus

5 normal normal normal

6 normal high normal plus

7 high low low

8 high normal normal minus

9 high high normal

Table 4.2: Expert rules for reservations

The fuzzy quantities for the three categories of web tra�c are the result of ag-
gregating the �ve variables that concern web tra�c. To predict the performance
of web tra�c the expert rules have to be set up. Again these rules are made with
common sense. We choose to make one table which includes only two variables
and one table with 25 rules which includes all the variables. After training the
model on the training data (years A and B) one table will be chosen for the �nal
model. For the expert rules for web tra�c based on two variables, see table 4.3.

Rule No. visits bouncerate web tra�c

1 low low normal

2 low normal low

3 low high low

4 normal low high

5 normal normal normal

6 normal high low

7 high low high

8 high normal high

9 high high normal

Table 4.3: Expert rules for web tra�c
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For the expert rules based on all �ve variables concerning web tra�c, see table
4.4.

Rule No. visits bouncerate new visits time on site pages per visit web tra�c

1 low low normal

2 low normal low

3 low high low

4 normal low high

5 normal normal normal

6 normal high low

7 high low high

8 high normal high

9 high high normal

10 high high high high

11 normal normal normal normal

12 low low low low

13 high low low

14 high normal low

15 low high high

16 low low low low low

17 normal normal normal normal normal

18 high high high high high

19 high high high

20 high low normal

21 low high normal

22 low low low

23 low low low

24 normal normal normal

25 high high high

Table 4.4: Expert rules for web tra�c

Having tables 4.3 and 4.4 we can make two fuzzy prediction models. The pre-
dictions for the training data are most accurate for table 4.4, hence this table is
included in the �nal model. For the results of the model analysis, see table 4.5.

# table 4 best 8
# table 5 best 14
# no di�erence 2

# minimal di�erence 4
# minimal di�erence AND table 4 best 3
# minimal di�erence AND table 5 best 1

Table 4.5: Results model analysis
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Table 4.5 shows clearly that table 4.4 predicts the reservations the best. Al-
though the predictions are not always accurate, they give a good indication.
Furthermore it gives good insight what, and in what manner, a�ects the predic-
tion; price or web tra�c. Once the �nal model is known, the performance can
be checked on the test data (year C).

4.3 Performance analysis

During model building a �nal model is chosen. The structure and variables of
this model is shown in �gure 4.1, the membership functions belonging to the
input variables in table 4.1, and the expert rules in table 4.2 and table 4.4. To
analyze the performance of this model, the model is tested on the test data. See
table 4.6 for the results.

month of percentage of month average predicted membership degrees reservations

year C years reservations over years ABC low normal minus normal normal plus plus

1 99% 0 0 0 0.97 0.03

2 92% 0 0 0.67 0.33 0

3 83% 0 0 0 1 0

4 99% 0 0 0.14 0.29 0.57

5 99% 0 0.10 0.28 0.39 0.23

6 87% 0 0.01 0.34 0.60 0.05

7 94% 0 0 0.57 0.43 0

8 88% 0 0 0.45 0.55 0

9 94% 0 0.12 0.32 0.56 0

10 102% 0 0 0.29 0.71 0

11 97% 0 0 0.11 0.72 0.16

12 100% 0 0 0.20 0.31 0.49

Table 4.6: Predictions for reservations year C

Although the fuzzy logic prediction model predicts the reservations for years
A and B fairly well, the predictions for year C are not close to the observed
value. Possible explanations will be discussed in chapter 5 Conclusions and

recommendations.

Besides the predictions for the reservations the model is useable as a tool to
determine the bottlenecks in a company. The model is built out of the compo-
nents price and web tra�c, where web tra�c is a variable aggregated out of �ve
others. For example, when percentage of month average price over years ABC

is 100%, percentage of month average year visits is 96%, percentage of month

average year bouncerate is 102%, percentage of month average year new visits

is 100%, percentage of month average year time on site 106% and percentage of

month average pages per visit is 102%, the system predicts an output which is
illustrated in �gure 4.3.
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Figure 4.3: Reservations prediction

A closer look on the membership degrees of web tra�c and price reveals which
components have to be improved to obtain a higher reservation level. See �gure
4.4 for the graphs of the membership degrees for price and web tra�c.
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Figure 4.4: Membership degrees price and web tra�c

Table 3 tells us that a low price and high web tra�c results in a high reservation
level. To improve the situation in �gure 4.3, the price has to decrease and
the web tra�c has to increase. Web tra�c is the result of aggregating �ve
variables that concern web tra�c. Figure 4.4 shows clearly how the input of
these variables contribute to web tra�c.
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Chapter 5

Conclusions and

recommendations

This paper describes the fuzzy logic concept and the fuzzy logic prediction
system in general. The fuzzy logic prediction system is applied to hotel bookings
which are done online. With this system we want to predict the reservations for
hotel rooms on basis of the variables price and web tra�c.

Although the developed model predicts the reservations fairly well for the train-
ing data, the predictions for the test data are clearly not accurate. An explana-
tion could be that not the right decisions are made during model building or that
fuzzy logic prediction is not an adequate method to predict hotel reservations.
The decisions made during model building are: the variables to be included, the
de�nition of the membership functions and the set up of the expert rules. All
these decisions are not done by an expert, but made with common sense. The
help of an expert would make the model more complete. It would make sense
to extend the model with economic data and weather data such as economic
growth, purchasing power and temperature. Most likely this will inrease the
accuracy of the model. The membership functions are made by means of the
quantiles of the data as described by [5]. Perhaps an other choice of the quan-
tiles will lead to an increase of the accuracy, or a completely other approach for
the de�nitions of the membership functions will do. Also an enhancement of
the expert rules will lead to an increase of the accuracy.

A fuzzy logic prediction system makes use of a hierarchical structure of the
variables. Because of this hierarchical order the bottlenecks within a system
can be revealed. The system we made makes use of the variables price and
web tra�c, where web tra�c is aggregated out of �ve other variables. Without
knowing the input of these �ve variables the performance of web tra�c can be
analyzed. A comparison of web tra�c and price shows in what manner these
variales in�uence the reservations.
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We think the idea to model fuzzy statements mathematically is a good starting
point to build a prediction system. Especially when there are only linguistic
variables available this method is a good choice. The membership functions
that model the fuzzy statements can describe this fuzziness in a proper way.
Problems can arise in the process of de�ning a membership function. How to
catch the fuzziness of a variable in a mathematical function is not always clear
and may need knowledge of an expert. Also the set up of the expert rules is
a task which preferably must be done by an expert. Systems get easily too
complex to set up the expert rules with common sense only. Having in mind
earlier succesful studies of fuzzy logic prediction, see [3, 4, 6, 7], and provided
that the fuzzy prediction model is built optimally, the predictions for the hotel
reservations will be quite accurate.
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