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Abstract: "Revenue management" systems are extensively utilized across various industries today. One of the primary
pillars of revenue management lies in demand estimation, which predicts the demand for products and services.
Understanding customers and their preferences forms the cornerstone of demand estimation, and this understanding is
acquired through solving the "customer type discovery" problem. Recently, this problem has been addressed using the
"genetic" meta-heuristic method. In this research, we propose solving this problem utilizing the "memetic" meta-heuristic
method, employing alternative approaches to identify the neighborhood. By evaluating real data from five hotels, we
demonstrate that our method offers the first viable solution to the problem, resulting in a total of 10.5% fewer iterations
compared to the "genetic" method.
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Extended Abstract

1- Introduction

Earnings management systems are in use in many
industries. Maximum profit or revenue can be achieved
using revenue management systems and this is a result of
the deregulation of the US airline industry in 1978 [1].
Profit management helps in making important business
decisions that directly affect the purchasing behavior of
customers and consequently the business revenue.
Finding customer demand is known as “demand
estimation” and this prediction describes which customers
will come and which products they will buy [2-5]. The
product offering decision is known as "bundle
optimization" which considers what products should be
available to customers in a specific time period [6-9].
Pricing strategy is a term used to refer to the procedure that
determines dynamic pricing policies and their relationship
to revenue management [10-12]. "Demand estimation" is
one of the most important stages of the profit management
process. At this stage, we should have a clear view of
customers and their list of product preferences.

The amount of demand for each product in a period of time
can be found by obtaining two main data "products
available for sale" and "types of customers"; Therefore,
demand estimation may directly depend on finding exact
types of customers. As mentioned, finding exact customer
types among all factorial types is classified as NP-hard
problems [16]. Note that "Sales Transactions" and
"Product Availability" over a period of time are the only
available data in this problem, and customer types must be
inferred from this data. The name of this problem is
"discovery of customer type".

2- Methodology

The problem of "customer type discovery" is investigated
with many mathematical approaches. Most of these
researches use "choice-based demand estimation" models
[16-18]. Recently, the idea of using meta-heuristics to find
customer types was presented by Haj Mirzaei et al [19].
They presented a genetic algorithm to find suitable
customer types from 5 real hotel datasets and solved the
problem of customer type discovery.

Finding an acceptable solution using this approach is time-
consuming and may not be suitable for some business
applications that require immediate results. The use of
"local search" algorithm can provide faster solutions, and
the connection of "local search" and "genetic" algorithm
can help for "faster convergence". The present research is
an attempt to find the first acceptable solution to the
customer type discovery problem with the least possible
generation in meta-heuristic algorithm. The main idea of
this will be through the use of "local search" with the
genetic algorithm. In this research, different local search
approaches will be presented, so that by using them in the
local search of the memetic algorithm, we can obtain the
first acceptable solution of the problem faster (by reducing
the number of generations) compared to the genetic
algorithm.

After entering the type of customer in a time period, the
customer chooses the product with the highest rank from
his list of preferences in that period. If the customer cannot
buy a product, he chooses the zero product and leaves the
market. The customer entry rate in each period is discrete
and homogeneous with a probability of 0 <A < 1, which is
considered the same in all periods. The term "consistency"
is used because no one can truly tell which type of
customer entered a period. Therefore, we can only find out
which type of customer is compatible.

Evolutionary Algorithms (EA) are suitable for cases like
customer type discovery problem. As mentioned in the
literature review section, genetic algorithm has recently
been able to perform better than mathematical approaches
for problem solving. Pure evolutionary algorithms are
more efficient in searching the problem space when
combined with other techniques, such as local searches
[25]-[27]. Therefore, the use of neighborhood makes it
possible to use local search together with the genetic
algorithm [19]. The memetic algorithm is a combination
of genetic and memetic evolution We will use them in this
research [28].

3- Results and discussion

For the evaluation, we will use the dataset of five
Continental hotels located in the United States. This
dataset mainly consists of travel information of people
who have booked rooms for business purposes. This
dataset is publicly available and used as a benchmark for
the customer type discovery problem. The data span is
from March 12, 2007 to April 15, 2007, which includes 34
days [23]. Reservations are made through various channels
such as travel agencies, hotel operators, personal visits and
hotel websites. To evaluate the efficiency of our local
search approaches, we implemented the mentioned three
approaches with the memetic algorithm and compared it
with the genetic method [19].

For both approaches (memetic and genetic), we have
created an initial random population with a number of 25.
The test is to show the speed of convergence in the initial
phase (convergence of the population from unacceptable
solutions to acceptable solutions). In this test, when the
first acceptable solution is created, we have prevented the
algorithm from continuing. Each experiment was repeated
30 times and the average results were reported. The results
can be seen in Table (2).

4- Conclusion

If we consider each customer type as a preferred list of
products, discovering customer types is the first step in
estimating product demand and one of the first steps in
pricing strategy. If sales transactions and product
availability data are used, finding customer types with
meta-heuristic methods is challenging due to lack of data.
In some applications, finding the first acceptable solution
in a short time is more challenging than finding the optimal
solution.
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1 | Generate random initial population
2 | Local search

3 | Fitness evaluation

4 | Repeat until (termination condition)
5 Single-point crossover
Reproduction operators
Local search

Fitness evaluation

Survival selection
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