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ABSTRACT. Although there is considerable interest in the advance bookings model as a forecasting
method in the hotel industry, there has been little research analyzing the use of an advance booking
curve in forecasting hotel reservations. The mainstream of advance booking models reviewed in the
literature uses only the bookings-on-hand data on a certain day and ignores the previous booking data.
This empirical study analyzes the entire booking data set for one year provided by the Hotel ICON in
Hong Kong, and identifies the trends and patterns in the data. The analysis demonstrates the use of an
advance booking curve in forecasting hotel reservations at property level.
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INTRODUCTION

Revenue management (RM) in the hospital-
ity sector is concerned with revenue maximiza-
tion through the manipulation of room rates
offered to customers (Sanchez & Satir, 2005).
Implicit in managing revenue is the pricing of
different room types, inventory control, alloca-
tion of stock to different distribution channels,
and forecasting demand. It is widely accepted
that RM is inextricably associated with forecast-
ing room demand (Andrew, Cranage, & Lee,
1990; Anderson & Xie, 2010; Cranage, 2003;
Cross, 1997; Cross, Higbie, & Cross, 2009;
Helsel & Cullen, 2006; Kiely, 2008; Law,
1998, 2004; Orkin, 1998; Schwartz & Cohen,
2004; Upchurch, Ellis, & Seo, 2004;
Weatherford, Kimes, & Scott, 2001; Yuksel,
2007) and the development of a good

forecasting system is vitally important for suc-
cessful RM implementation (Talluri & Ryzin,
2005).

Forecast of future demand is important because
the forecast helps make important decisions in
RM. Many studies have developed algorithms
based on some kind of correlation (usually nega-
tive) between price and quantity demanded to help
make decisions regarding the acceptance (or rejec-
tion) of bookings by guests, and room rates offered
by hotels (Badinelli, 2000; Baker & Collier, 1999,
2003; Bitran & Mondschein, 1995; Choi & Cho,
2000; Lai & Ng, 2005; Rest & Harris, 2008).
Obviously, the appropriateness of such decisions
depends on the accuracy of demand forecasting.

As illustrated by Weatherford and Kimes
(2003), many of the forecasting studies in hotel
RM have their origin in the airline industry, such
as those by Sa (1987) and Lee (1990). Lee (1990),
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for example, differentiates between historical
bookings model and advance bookings model in
the airline industry, which later serve as the basis
of much discussion in hotel forecasting.

In the historical bookings model, the focus is
on the final bookings of a particular flight at
various points in the past. Researchers study the
data which represent final bookings on flight
days in the past, assuming that such data reveal
cyclical trends and seasonal variations over a
period of time. The past behavior of a time
series is examined in order to infer something
about its future behavior. The historical book-
ings model uses time series analysis to forecast
final bookings for a particular flight on a parti-
cular day (or week or month) in the future.

In the advance bookings model, researchers
consider the bookings already made on the par-
ticular flight for which a forecast of bookings is
required. For departed flights, the booking data
are already complete; whereas for flights sched-
uled in the future, the booking data are only
partially complete. In trying to predict the
incomplete portions of future bookings for a
particular flight, the advance bookings model
uses the bookings-on-hand on a certain day
before departure and uses a sample of booking
data from previous departures of the same flight
number to estimate the bookings-to-come.

While the application of the advance bookings
model in the airline industry is well developed, its
application in the hotel industry is limited. This
study investigates the analysis and application of
the advance bookings model in the hotel industry.
Specifically, the advance bookings data of the
Hotel ICON for one year are analyzed, and the
purpose of the study is to identify and examine
the booking patterns and trends, use the advance
bookings curve to forecast hotel reservations, and
provide insights into the application of the
advance bookings model in the hotel industry.

LITERATURE REVIEW

Forecasting in the Airline Industry

This literature review focuses on booking
data based on forecasting in the airline industry.
Adams and Vodicka (as cited in Weatherford &

Kimes, 2003) developed short-term forecasts
for just one week before departure using fairly
simple estimates and an average of segment
class reservations in the airline business.
L’Heureux (as cited in Weatherford & Kimes,
2003) discusses the classical “pickup” method
to determine the average of reservations picked
up between different reading days for departed
flights for a particular day of the week to fore-
cast the future pickup between the same reading
days for the same flight number on the same
day of the week in the future. Sa’s (1987) study
examines distribution plots of reservations in
airline by fare class. The first reservation data
retrieved for any flight refers to a period that
corresponds to 28 days before departure. From
there on, snapshots are taken for every seven
days. That is to say, each flight will be analyzed
in five 7-day periods, from day 28 to boarding
day. Analyses are made in terms of reservations
up to a particular period (or bookings-on-hand)
and the expected number of reservations still to
come (or bookings-to-come). The study
observes these two related but distinct variables
in terms of shape, means, and standard devia-
tion, and finds that bookings-on-hand do not
exhibit good explanatory power when forecast-
ing final bookings via bookings-to-come.

Lee (1990) studies the available booking data
of a typical airline database and differentiates
between historical bookings model and advance
bookings modeling. Based on current and past
data-on-hand, the researcher estimates a statis-
tical model and fits a model to the known past
observations. Once a model is fitted to the data,
the researcher predicts future (unknown) values
given the current data-on-hand. Producing an
accurate forecast requires the use of estimation
modeling and intelligent extrapolation. There
are two types of modeling. The first type is
the synthetic booking curve model, which
attempts to describe the shape of the booking
curve based on a sample of advance booking
data from previous departures of the same flight
number. The booking curve is synthesized from
an approximation to its shape and other exogen-
ous factors. The second type of advance book-
ings model is the time series of advance
bookings model, which expresses total bookings
a certain number of days before departure as a
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time series of total bookings at earlier points in
the booking history of all flights with the same
flight number and exogenous factors.

Forecasting in the Hotel Industry

From its origin in the airline industry nearly
60 years ago, RM has expanded to other hospi-
tality industries, notably lodging (Anderson &
Xie, 2010). Researchers in hotel RM have fol-
lowed the line of thought in airline RM in the
last 25 years. Relihan (1989) and Kimes (1989)
were among the earliest researchers in hotel RM
to treat booking data as booking curves or
threshold curves. Threshold curves represent
reservations-on-hand that a hotel expects in
relation to the number of days before arrival.
If the current reservations-on-hand fall outside
the stated range, then the hotel should adjust the
room rates either upwards or downwards to
maximize revenue.

Weatherford and Kimes (2003) describe
seven forecasting methods, and test and com-
pare them using reservations data from Choice
Hotels and Marriott Hotels. The seven forecast-
ing methods are simple exponential smoothing;
moving average methods; linear regression;
logarithmic linear regression; additive method;
multiplicative method; and Holt’s double expo-
nential smoothing. They conclude that the best
forecasting method varies according to property,
rate category, and length of stay, and that pickup
methods and regression produced the lowest
error, while the booking curve and combination
forecasts produced fairly inaccurate results.
Schwartz (2006) argues that hotel booking is
remarkably different from what is described by
the traditional approach to modeling consu-
mers’ purchase cycle because of the advance-
booking nature, and an in-depth understanding
of the process and its determinants is essential
in sustaining the effectiveness of an RM system.
Schwartz (2008) further notes that with the
online booking revolution the advance-booking
behavior characteristics are not yet fully under-
stood, and the author demonstrates how the
shape and pattern of the time-before-the-date-
of-stay determines the forecasting model predic-
tions. The implications of consumers making

last-minute travel arrangements on marketing
strategy and RM are also discussed by Dacko
(2004).

Of particular interest to this study is the
advance booking method. Schwartz and
Hiemstra (1997) developed an extrapolative
forecasting model by focusing on the shape
of past booking curves, and compare four
models of forecasting. Chen and Kachani
(2007) continue with advance bookings mod-
eling and find that using exponential smooth-
ing, eight weeks of history provide forecasts
of the lowest error, while four weeks of his-
tory provide the best expected revenue from
optimization. Phumchusri and Mongkolkul
(2012) use actual booking data to show that
booking information and the date of stay are
essential in predicting final room demand.
Their regression model yields the lowest fore-
cast error, especially for the short-term fore-
casting, when compared with traditional
forecasting methods.

Rajopadhye, Ghalia, Wang, Baker, and Eister
(2001), on the other hand, simulate the process
of hotel reservation requests using a Poisson
distribution to forecast occupancy. They apply
the Holt–Winters smoothing method to the
simulated booking data and forecast the demand
for rooms for each arrival day. The forecast is
based on past observations, with recent obser-
vations being given more weight and observa-
tions further in the past given less weight. The
limitation of the study is that it relies on simu-
lated arrivals and simulated cancelations for the
analysis, and the model is not supported by
empirical study. It is noted that Rajopadhye
et al. (2001) forecast unconstrained hotel room
demand, which is the number of rooms that can
be sold if there are no capacity or pricing con-
straints. The assumption of unconstrained hotel
room demand probably has its origin in the
airline industry. It is reasonable and functional
for an airline to forecast unconstrained demand
because it has the option and flexibility to
change the number of flights and type of aircraft
to match demand. It is, however, questionable
to make such assumptions in the context of the
hotel industry. In the case of room demand and
supply, a hotel does not have much leeway to
change the room inventory to match demand,
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therefore forecasting unconstrained demand in
the hotel industry is not as meaningful as in the
case of the airline industry.

In fact, the hotel industry believes that
booking pickup is one of the most acc-
urate prognosticators of future performance
(Rubicon, 2010), and it has been reported that
the average hotel reservation lead time is
36 days for leisure travel and 21 days for
business travel (HotelNewsNow, 2012).
According to the American Hotel & Lodging
Association (AHLA, 2006), knowing the typi-
cal percentage of business that books in a
certain window prior to arrival is important
because appreciating when business actually
starts to book will assist in determining how
far in advance of the day of arrival restrictions
should be placed. Furthermore, today’s trave-
lers are increasingly booking their itineraries
days in advance, not weeks or months ahead,
and the industry is most interested in how to
beat the incredible shrinking hotel booking
window (Mourier, 2011).

While it seems that there is considerable
interest in the advance bookings model
among academics and the industry, there has
been little research analyzing booking data in
detail and making use of the model for fore-
casting (Zakhary, Gayar, & Atiya, 2008). This
is partly due to the fact that (airline) reserva-
tions data are confidential (Sa, 1987), and the
same can be said of hotel booking data.
Discussion with industry practitioners also
reveals that common practice in forecasting
involves the use of only current bookings-on-
hand and tends to ignore previous booking
data. This could be due to the use of highly
complex algorithms in some advance bookings
modeling and the belief that the past booking
pattern has little relationship with the future
booking pattern.

This study analyzes the trends and patterns in
the booking data made available by the Hotel
ICON, and explores how the findings can be
used in forecasting. The researchers understand
that the trends and patterns identified are unique
to a particular hotel, and the findings cannot be
generalized. Nonetheless, the analysis demon-
strates a more in-depth understanding of
advance bookings modeling, and explores a

forecasting method which is based entirely on
bookings-on-hand data.

ADVANCE BOOKINGS MODEL

Defining Booking Data

The advance bookings model is based on
booking data of a hotel. Hotel booking data
are the number of rooms reserved by guests
over a period of time, for example, 90 days or
60 days before a certain day, and we call this
Day 0. In a normal situation, reservations
increase as the hotel approaches Day 0. The
reservations pickup rate varies from hotel to
hotel, and from period to period, depending on
macro factors and micro factors. If macro fac-
tors such as the economy in a particular source
market and its exchange rate are favorable, the
bookings by guests from that source market are
likely to be strong. If micro factors such as hotel
pricing and promotions are effective, the book-
ings received are likely to increase quickly. In
other words, the bookings-on-hand are a good
indicator or reflection of all the macro and
micro factors. Therefore it can be argued that
the bookings-on-hand subsume all the factors
affecting room occupancy, and such effects
will carry through over the entire booking per-
iod. If a booking trend based on the advance
bookings-on-hand can be estimated or estab-
lished, it could be a good indicator of final
room occupancy.

A characteristic of using booking trend as an
indicator of final room occupancy is that the
resulting forecast is specific to a particular
hotel, and not the total demand for all hotels
in a destination. Of course one can aggregate
the forecasts of all hotels to arrive at total
demand in a destination if needed.

Advance Bookings Modeling

The advance bookings model considers the
increase in the number of reservations over a rela-
tively short period of time, usually days, for a
particular day in a hotel. Researchers assume that
the number of reservations in a hotel increases
gradually and use additive or multiplicativemodels
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to forecast room occupancy in the future. The
following methods have been applied in advance
bookings models (Weatherford & Kimes, 2003):

● Linear regression methods assume that
there is a correlation between the current
number of reservations-on-hand (Day n)
and the final number of reservations
(Day 0):

Forecast@Day 0 ¼ aþ b

� bookings@Day n

● Logarithmic linear regression methods
also assume a different relation between
the current number of reservations-on-
hand (Day n) and the final number of
reservations (Day 0):

Log Forecast@Day 0ð Þ ¼ aþ b

� Log bookings@Day nð Þ

● The additive method adds the current book-
ings to the average historical pickup in book-
ings from the reading day (Day n) to the
actual night of the stay (Day 0):

Forecast@Day 0 ¼ bookings@Day n

þ average pickup Day n to Day 0ð Þ

● The multiplicative method multiplies the
current bookings by the average historical
pickup ratio in bookings from the reading
day (Day n) to the actual night of the stay
(Day 0):

Forecast@Day 0 ¼ bookings@Day n

� average pickup ratio Day n to Day 0ð Þ

We note that all of the above methods use
only the bookings-on-hand on a certain day
(bookings@Day n) and ignore the booking
data before Day n, and try to estimate the book-
ings-to-come based on some other historical
data. This practice assumes that future bookings
on a particular day depend only on the current
number of bookings-on-hand, not on how the
bookings-on-hand were generated. In statistics,

this is known as the Markov property, which
states that the probability of any particular
future behavior of the process, given its cur-
rent state, is not altered by additional knowl-
edge concerning its past behavior (Lee, 1990).
The practice of assuming the Markov property
in advance bookings modeling has its origin
in the airline industry (Bertsimas & Boer,
2005; Haerian, Homem-de-Mello, & Mount-
Campbell, 2006; Lee, 1990; Littlewood,
1972). Haerian et al. (2006), for example,
developed a booking process model which
assumes that requests for seat reservations
follow a homogeneous Poisson process,
meaning that the Poisson parameter is con-
stant and therefore time independent.

This study analyzes the empirical booking
data of a hotel, identifies the trends and pat-
terns identified in the booking data, and uses
its advance bookings curve to forecast hotel
reservations.

RESEARCH DATA AND METHOD

Research Data

Hotel ICON is a 262-room teaching and
research hotel owned by The Hong Kong
Polytechnic University, Hong Kong, operated
on a commercial basis (Tse, 2012). The book-
ing data provided by the hotel covers the 12-
month period September 1, 2011–August 31,
2012. There are 366 days during the 12-
months period, and for each day, there are 91
data corresponding to final occupancy (on Day
0) and the number of rooms reserved ranging
from 1 day to 90 days prior to arrival.
Mathematica is the software used to analyze
the data.

Table 1 presents the set of data made avail-
able to the researchers. The figures in row 90
are the reservations 90 days before Day 0, the
figures in row 3 are the reservations 3 days
before Day 0, and the figures in row 0 are the
final occupancies. For example, for August
31, 2012, the number of rooms reserved
90 days out is 32, the number of rooms
reserved 3 days out is 207, and the final
occupancy is 238.
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DATA ANALYSIS

Distribution Analysis

Using the analysis method by Sa (1987), we
examine the distribution of 90-days bookings in
each of the 366 days in seven-day intervals. For
each day in the data set, we first retrieve the
booking data corresponding to seven days
before Day 0, and from there on, snapshots are
taken for every seven days. In other words, the
bookings each day are analyzed in 12 seven-day
intervals and there are 12 views of bookings-on-
hand corresponding to 7, 14, 21, 28, 35, 42, 49,
56, 63, 70, 77, and 84 days before Day 0. We
conduct the same analysis for bookings still to
come in terms of percentage of final room occu-
pancy, and obtain the corresponding 12 views of
bookings-to-come. Figure 1 shows the distribu-
tion plots of bookings-on-hand and bookings-to-
come in seven-day intervals. The bookings-on-
hand and bookings-to-come distribution plots for
each interval are put side by side for comparison.
We find that the distributions by and large are
normal during the six weeks period before Day
0, and as expected, the central tendency of book-
ings-on-hand moves to the right and the central
tendency of bookings-to-come moves to the left
as Day 0 approaches.

Analysis of Trends and Patterns

We further study the distributions by
looking at the means and standard deviations

of the bookings-on-hand and bookings-to-come,
which are shown in Table 2.

While we expect to see the overall trend of
bookings-on-hand increase as Day 0 approaches,
the following patterns can also be observed:

1. The pickup is rather modest between
84 days and 56 days before Day 0, and
the pickup is much faster between 56 days
and 7 days before Day 0.

2. Almost 80% of the bookings appear in the
two months before Day 0.

3. The booking window of 28 days before
Day 0 accounts for more than half
(54.4%) of the bookings.

4. The standard deviation is relatively large
in the early days, meaning that the book-
ings received then fluctuate considerably.

We repeat the same analysis for each day of the
week and find that the same trend appears every
day of the week (Appendix). By plotting all the
bookings-on-hand against the number of weeks
before Day 0, we can visualize the trends in the
booking data (Figure 2). We notice that the
booking trends on Friday and Saturday stand
out among the seven days of the week. Not
only do Friday and Saturday exhibit higher
final occupancy and bookings-on-hand through-
out the 90 days, the percentage of bookings-to-
come is consistently lower than the averages.
This is an indication of the pattern that bookings
on Friday and Saturday are stronger and pickup
quicker.

TABLE 1. Number of Rooms Booked 1 – 90 Days Before Each Day Between September 1, 2011,
and August 31, 2012

Number of days
before Day 0

September 1,
2011

September 2,
2011

September 3,
2011

…
August 29,

2012
August 30,

2012
August 31,

2012

90 12 11 9 … 31 31 32
89 12 11 9 … 31 31 32
88 12 11 9 … 31 31 33
: : : : … : : :
3 206 248 245 … 174 189 207
2 207 247 244 … 183 206 214
1 213 245 244 … 201 214 232
0 207 243 244 … 206 220 238
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FIGURE 1. Distribution Plots of Bookings-On-Hand and Percentage of Bookings-To-Come
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FIGURE 1. Continued
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FIGURE 1. Continued
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The findings that there are clear trends and
patterns in the booking data lead us to question
the common industry practice of using current
bookings-on-hand and ignoring the booking
data beforehand in forecasting. This practice
assumes that future bookings on a particular
day depend only on the current number of
bookings-on-hand, not on how the bookings-
on-hand were generated. Discussion with
experienced marketing management profes-
sionals in the hotel industry reveals that the

justification for ignoring past booking data in
forecasting is that the pickup rates at different
times are different and thus the booking data in
early days or weeks bear no relevance in fore-
casting. We shall illustrate with an example
below that this justification does not hold and,
in fact, the booking data in earlier weeks can
sometimes be very useful in forecasting.

Consider the 90-days bookings-on-hand data
for October 3, 2011. We look at the increase of
room reservations each week before Day 0

TABLE 2. Distribution of Bookings-On-Hand and Bookings-To-Come for 366 days

Days before Day 0 Bookings-on-hand Percentage of Bookings-to-come

Mean Standard deviation Mean Standard deviation

84 27.4 23.2 87.0 10.4
77 32.1 24.9 84.8 11.1
70 37.1 27.0 82.4 12.1
63 42.8 29.5 79.6 13.1
56 50.6 32.6 76.0 14.2
49 58.8 34.4 72.1 14.8
42 68.4 37.1 67.5 15.8
35 80.0 39.0 62.0 16.4
28 96.0 40.8 54.4 16.5
21 114.8 41.3 45.5 15.8
14 139.5 42.0 33.7 14.6
7 167.9 38.5 20.1 10.7
0 209.8 36.4 0 0

FIGURE 2. Booking Trends: Overall and By Day of Week
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(Table 3), and plot them against the number of
the week in Figure 3.

It is interesting to note that while the pickup
rates in different weeks are indeed different,
the data roughly follow a linear trend
between weeks 5 and 12 (see Figure 3).
Mathematically, it means that the bookings-
on-hand at week t can be closely approximated
by a quadratic function by regression on the
booking data. Extending the regression to the
full data set, we obtain a quadratic function of
the form

Y tð Þ ¼ at2 þ btþ c;

where Y(t) represents the forecast bookings-on-
hand at (90 – t) days before Day 0, and a–c are
coefficients obtained by regression.

Establishing the Booking Trend

Based on the above finding and using regres-
sion on the booking data for October 3, 2011,
the best fit quadratic function is given by

Y tð Þ ¼ 0:0487t2 � 2:0295tþ 34:315;

where Y(t) represents the forecast bookings-on-
hand at (90 – t) days before Day 0, and we call
this the booking trend approximation. Figure 4
shows that the booking trend approximation fits
the entire bookings-on-hand data for October 3,
2011 quite well.

The fact that the booking trend approxima-
tion fits the entire bookings-on-hand data for
October 3, 2011, quite well gives us the con-
fidence to try to use the quadratic function for
forecasting purposes.

Using the Booking Trend for Forecasting

Assuming that we are now 30 days before
October 3, 2011, we are trying to forecast the
final occupancy. We noted earlier from the dis-
tribution plots that the bookings during the first
four weeks constitute only about 20% of the
final occupancy, with a relatively large standard

FIGURE 3. Weekly Increase of Room Reservations for October 3, 2011

2 4 6 8 10 12
Week

10

20
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40
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TABLE 3. Pickup of bookings for October 3,
2011

Days before
Day 0

Week
number

Bookings-
on-hand

Increase of bookings
from previous week

84 1 14 14
77 2 25 11
70 3 25 0
63 4 28 3
56 5 29 1
49 6 33 4
42 7 39 6
35 8 59 20
28 9 82 23
21 10 120 38
14 11 162 42
7 12 210 48
0 13 241 31
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deviation, therefore the data in the first
four weeks are not expected to behave consis-
tently with the rest of the data. Hence, we try to
derive another quadratic function with data
from t = 30 to t = 60. We use t = 30 because
we want to avoid the abnormality in the data in
the first four weeks, and we use t = 60 because
we are now (90 – t) or 30 days before Day 0.
Applying this reasoning to the bookings-on-
hand data for October 3, 2011, we have the
quadratic function

Y tð Þ ¼ 0:0696t2 � 4:825tþ 112:249;

which is shown in Figure 5.
In order to illustrate how well this quadratic

function estimates the final occupancy, we plot
the curve Y(t) together with the entire bookings-
on-hand data set in Figure 6. The close approx-
imation means that the quadratic function
obtained from the data from t = 30 to t = 60
can provide a good forecast.

FIGURE 4. Bookings-On-Hand Data for October 3, 2011, and the Booking Trend Approximation
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FIGURE 5. Booking Trend Approximation With Booking Data From t = 30 to
t = 60 for October 3, 2011
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We then repeat the regression procedure for
each of the 366 days, using the booking data
between t = 30 and t = 60, thus obtaining a
quadratic function Y(t) for each day. For the
purpose of forecasting, if the forecast value of
Y(90) is greater than the room capacity (262) of
the hotel, we will take the forecast to be 262.

Following such a procedure, we find that
among the 366 days there are 79 days in
which the forecast value is within 10% of the
actual occupancy, and 39 days in which the
forecast value is within 5% of the actual occu-
pancy. Since one would expect the accuracy to
increase if we use data closer to Day 0, we
repeat the forecasting for booking data two
weeks and one week out respectively. We also
calculated the mean absolute percentage error
(MAPE) for these forecasting horizons. The
analysis confirms that the accuracy of the fore-
casting increases (or the error reduces) as book-
ing data closer to Day 0 are used, and the
findings are summarized in Table 4:

We would like to point out that in the
above regression procedure, care must be
taken to avoid overfitting. Overfitting can
occur if the degree of the fitting polynomial
is too high or too much booking data are used
in the regression. For example, Schwartz and
Hiemstra (1997) applied regression with poly-
nomials of degree four on booking data start-
ing at 120 days before arrival. The results
were mixed and unimpressive. To demonstrate
the possible consequence of such overfitting,
we calculate the MAPE of the regression with
the following two models: (1) degree four
polynomial using data from t = 54 to t = 84,
and (2) degree two polynomial using data
from t = 1 to t = 84.

1. Although a higher degree polynomial has
more flexibility (it can go up and down
more often) in fitting the data, it can also
be easily affected by a few abnormal data,
thereby affecting the forecast. The model
with degree four polynomial, using data
from t = 54 to t = 84, produces a MAPE
equal to 18.1, almost twice as much as our
model.

2. We have already observed that the booking
data for the first few weeks account for a
very small percentage of the total booking
and have a larger variation. Trying to fit the
curve to these data may also lead to over-
fitting. The model with quadratic polyno-
mial, using data from t = 1 to t = 84,

FIGURE 6. Entire Bookings-On-Hand and Booking Trend Approximation With Booking Data From
t = 30 to t = 60 for October 3, 2011
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TABLE 4. Accuracy of Forecasting Using
Different Data Sets

Using data
four weeks
out t = 30
to t = 60

Using data
two weeks
out t = 46
to t = 76

Using data
one week
out t = 54
to t = 84

Error within 5% 30 94 131
Error within 10% 68 168 225
Mean absolute

percentage
error

33.9 15.3 9.7
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produces a MAPE equal to 16, about 65%
higher than that of our model.

Table 5 summarizes the results found in (1)
and (2) above.

It should be pointed out that the accuracy
could be further improved if the outliers were
removed from the data set. Judgment should be
exercised when deciding whether to (1) remove
the outliers altogether or (2) wait until booking
data closer to Day 0 are available. One should
not make forecasts based on a booking trend
which looks unreasonable, such as a downward-
sloping curve.

CONCLUSION

While advance bookings modeling is an
accepted forecasting method in the hotel indus-
try, there has been little research analyzing
booking data in detail. This is partly due to
the fact that hotel reservations data are confi-
dential and difficult to obtain. This study ana-
lyzes the trends and patterns in the empirical
booking data made available by the Hotel
ICON, and explores how the findings can be
used for forecasting final occupancy.

We first examined the data based on 90-days
bookings-on-hand and bookings-to-come. The
clear trends and patterns identified in the data
set lead us to believe that we should make more
and better use of the booking data despite the
fact that the data are several weeks out and the
pickup might vary from day to day and week to
week. We question the industry practice of

using only the current bookings-on-hand and
ignoring previous booking data in forecasting.
This common practice assumes that future
bookings on a particular day depend only on
the current number of bookings-on-hand, not on
how the bookings-on-hand were generated. The
analysis of the Hotel ICON booking data set
shows that the assumption may not hold, and
the trends and patterns identified in the booking
data in earlier weeks can sometimes be very
useful in forecasting. In fact, in many cases,
the previous booking data is found to follow
quite closely a booking trend which is identified
as a quadratic function.

After identifying the booking trend as a
quadratic function, we illustrate how the book-
ing trend can be used for forecasting final occu-
pancy with some degree of accuracy. Accuracy
improves as we use booking data closer to the
day for which we try to forecast the occupancy.
An important point is that this forecasting
method can be adopted by any hotel on the
understanding that the regression function
might not be quadratic in other situations and
the booking window might vary. We also
demonstrated the problem of overfitting in
the regression model. Since the booking
windows vary according to different sectors
(HotelNewsNow.com, 2012) in the hotel indus-
try and are shrinking fast (Mourier, 2011), one
should explore the optimal data set interval to
be used in the regression for specific markets
and sectors.

Admittedly, the trends and patterns identified
in the analysis are unique to a particular hotel
and cannot be generalized. Nonetheless, the
analysis demonstrates a more in-depth under-
standing of advance bookings modeling, and
explores a forecasting method which is entirely
based on bookings-on-hand data. This study
shows that advance bookings data analysis
gives hotel management a better appreciation
of when business actually starts to book and
helps them determine how far in advance of
the day of arrival restrictions should be placed.

One advantage of using advance bookings
data to forecast room demand is that the data
are always available. In fact, in the case of a new
hotel when there is little historical data and an
absence of data going back several years,

TABLE 5. Accuracy of Forecasting Using
Different Regressions and Data Set

Degree of
regression
polynomial

4 2 2

Booking
data used

t = 54 to
t = 84

t = 1 to
t = 84

t = 54 to
t = 84

Mean
absolute
percentage
error

18.1 16 9.7
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booking data such as 60 days out and 90 days
out are the only reliable data available. It is up to
the hotel to capture the reservations pickup data,
conduct the analysis, and make its own forecast.
Anderson and Xie (2010) stress the need for
further development in the application of prop-
erty-level RM and pricing, and this study, to a
certain extent, has addressed this need.

With the convenience and competitive pri-
cing information made available by the
Internet, more consumers tend to wait and
make their booking decisions at the last minute.
This behavior has made booking windows nar-
rower and the ability to read advance booking
data accurately is more important than ever. The
forecasting method explored in this study does
not replace conventional methods but supple-
ments them by contributing to the understand-
ing of the changing behavior of booking data,
particularly within a relatively narrow booking
window. We intend to compare the new method
with conventional methods in advance bookings
modeling when more data are made available.
In the future, we intend to study the behavior of
advance booking data by room type and book-
ing channel. We believe that analyzing the data
by room type would help differentiate the beha-
vior of different types of guest, and analyzing
the data by booking channel would help to
understand online distribution, which has
become increasingly important.
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APPENDIX

Bookings-on-hand and bookings-to-come for
Monday

Days before
Day 0

Bookings-on-hand Percentage of
bookings-to-come

Mean Standard
deviation

Mean
(%)

Standard
deviation

84 25.3 20.9 86.9 10.0
77 29.4 21.8 84.8 10.4
70 33.1 23.6 82.8 11.6
63 38.0 24.9 80.2 12.4
56 43.3 25.6 77.4 12.7
49 51.6 27.7 73.1 14.0
42 59.7 29.7 68.7 15.1
35 71.4 31.9 62.9 15.6
28 86.0 34.6 55.5 16.1
21 102.0 35.7 47.2 15.5
14 125.1 37.2 35.3 14.5
7 151.3 34.6 21.6 11.3
0 193.2 35.0 0 0

Bookings-on-hand and bookings-to-come for
Tuesday

Days before
Day 0

Bookings-on-hand Percentage of
bookings-to-come

Mean Standard
deviation

Mean
(%)

Standard
deviation

84 24.6 22.0 87.4 10.1
77 29.2 24.2 85.1 11.2
70 32.9 25.6 83.2 12.1
63 38.3 27.6 80.4 12.8
56 44.5 29.5 77.2 13.7
49 52.4 32.4 73.1 15.0
42 60.9 35.5 68.7 16.3
35 71.8 36.8 63.2 16.5
28 86.3 39. 1 55.9 16.8
21 102.2 39.8 47.6 16.3
14 124.1 41.5 36.6 14.9
7 149.1 36.9 23.6 10.8
0 195.9 41.7 0 0

Bookings-on-hand and bookings-to-come for
Wednesday

Days before
Day 0

Bookings-on-hand Percentage of
bookings-to-come

Mean Standard
deviation

Mean
(%)

Standard
deviation

84 26.2 20.8 86.9 9.5
77 31.1 23.9 84.6 10.9
70 35.9 25.1 82.1 11.5
63 42.2 27.5 79.0 12.4
56 48.9 30.6 75.7 13.6
49 56.3 32.3 72.0 14.0
42 66.0 36.3 67.2 15.4
35 76.6 37.9 61.9 16.0
28 92.1 40.3 54.3 16.3
21 109.1 40.9 45.7 15.7
14 130.4 42.7 34.9 15.2
7 156.3 37.3 21.7 11.4
0 200.4 40.0 0 0
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Bookings-on-hand and bookings-to-come for
Thursday

Days before
Day 0

Bookings-on-hand Percentage of
bookings-to-come

Mean Standard
deviation

Mean
(%)

Standard
deviation

84 28.4 22.5 86.5 10.1
77 33.3 24.6 84.2 10.9
70 39.2 26.6 81.3 11.8
63 44.7 29.0 78.9 12.5
56 53.5 33.4 74.7 14.3
49 61.8 36.2 70.7 15.0
42 71.8 40.2 66.0 16.3
35 83.8 42.0 60.4 16.7
28 99.6 44.0 53.0 17.0
21 118.0 43.7 44.0 16.5
14 141.6 43.6 32.9 15.2
7 168.9 37.6 19.5 10.9
0 209.6 34.7 0 0

Bookings-on-hand and bookings-to-come for
Friday

Days before
Day 0

Bookings-on-hand Percentage of
bookings-to-come

Mean Standard
deviation

Mean
(%)

Standard
deviation

84 29.3 25.3 87.3 10.8
77 34.2 26.4 85.1 11.2
70 40.1 29.4 82.6 12.5
63 46.8 33.0 79.8 13.8
56 56.5 37.7 75.7 15.4
49 65.5 38.7 71.7 15.6
42 76.2 40.3 67.1 16.0
35 88.7 42.8 61.7 16.7
28 106.5 43.7 54.0 16.9
21 129.1 42.9 44.1 16.2
14 157.3 41.6 31.9 14.7
7 191.2 35.1 17.1 9.9
0 230.3 27.9 0 0

Bookings-on-hand and bookings-to-come for
Saturday

Days before
Day 0 Bookings-on-hand

Percentage of
bookings-to-come

Mean Standard
deviation

Mean
(%)

Standard
deviation

84 30.5 27.1 87.0 11.4
77 35.5 28.3 84.9 11.9
70 41.7 31.5 82.2 13.3
63 48.3 34.7 79.4 14.6
56 58.3 38.4 75.2 16.0
49 66.5 39.5 71.7 16.5
42 77.0 41.0 67.1 17.0
35 90.5 42.6 61.3 17.7
28 108.6 43.1 53.6 17.8
21 131.5 40.7 43.8 16.2
14 161.0 37.9 31.3 14.2
7 194.1 30.5 17.1 9.9
0 234.0 21.5 0 0

Bookings-on-hand and bookings-to-come for
Sunday

Days before
Day 0

Bookings-on-hand Percentage of
bookings-to-come

Mean Standard
deviation

Mean
(%)

Standard
deviation

84 26.9 24.2 86.9 11.1
77 31.5 25.5 84.7 11.6
70 36.2 27.4 82.4 12.6
63 41.6 29.2 79.7 13.6
56 49.3 30.9 76.0 14.0
49 57.0 32.3 72.3 14.6
42 66.9 34.3 67.4 15.7
35 77.5 36.3 62.2 16.3
28 93.2 36.3 54.6 15.9
21 111.0 36.6 45.9 15.2
14 136.6 35.7 33.3 13.5
7 164.0 32.3 19.8 9.6
0 204.3 29.5 0 0
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