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Abstract

We propose a methodology for the calculation of the price elasticity of demand in the hotel

industry. The paper emphasises in the correct specification of the functional form using a Box-

Cox transformation, and a Panel Data structure. Several statistical tests are used through all the

work in order to ensure efficient and unbiased estimators. Finally we develop a case study in

the Colombian hotel sector where we apply our methodology to estimate the price elasticity of

demand dividing by customer type, time and room type. Our methodology seems to fulfil the

lack of a rigorous methodology in Revenue Management areas for the estimation of the price

elasticity of demand.
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1 Introduction

We propose a rigorous econometric methodology for the calculation of the Price Elasticity of De-

mand (PED) in a hotel company. Talluri & Van Ryzin (2004) explain how the importance of the

estimation of the PED in hotel companies lies in its relation with Revenue Management (RM), in

particular with the pricing area. We use different statistical tests and techniques to ensure unbiased

and efficient estimators, and a Panel Data structure to model hotel characteristics such as: Room

type, customer type and seasonality. The contribution of this work is a methodology that ensures

efficient and unbiased estimators exploiting the intrinsic business structure of the hotel industry.

Also, we develop a case study from the bookings database of a Colombian hotel, which for confi-

dentiality reasons we are not allowed to give details.

We briefly describe some important works mostly of them in economics concerning the PED in

different markets. Bjorndal et al. (1994) made an econometric model for the demand of salmon

in Finland, they used a constant elasticity function (derivable from a log-log demand function).

Nevertheless their estimations do not meet explicitly the requirements of Ordinary Least Squares,

carrying to biased and inefficient estimators. We consider that the constant elasticity assumption is

not realistic, and a more flexible framework will fit reality better.

Quillian (2009) developed en econometric model for the estimation of the elasticity in the airline

industry. This paper is important in the RM area, mainly because it is one of the first works that

try to formalize a methodology for the estimation of the PED. However the use of constant price

elasticity functions is not robust enough.

Fan & Hyndman (2010) developed a constant and linear elasticity model for calculating the PED

in the South Australia electric market. This work is farther more realistic than the one proposed by

Quillian (2009), but the main inconvenience is the lack of formality and rigorousness in the correct

specification of the econometric model. Finally Granados et al. (2012) emphasise in the correct

specification of the econometric model, and propose several tools to correct biased and inefficient

estimators. This paper, among with several books in econometrics, provides the theory necessary to

propose a correct methodology for the estimation of the PED.In Section 2 we present the methodol-

ogy proposed to estimate the PED. In Section 3 we develop our case study using the methodology

developed in Section 2. In Section 4 we present conclusions and future work.
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2 Methodology

We propose a set of steps to estimate the PED using an econometric model. This methodology

ensures unbiased, consistent and efficient estimators. Also, it uses a Panel Data structure based on

the characteristics of the hotel industry.

2.1 Understanding the hotel and the data

The first step in the estimation of the PED in a hotel company must be the study of the hotel itself.

How long ago has the hotel been in operation? What type of customers does it have? Through

which channels are the bookings made? How many types of rooms does it provide? What is the

availability of rooms?. These questions allow us to understand better the nature of the operations

and construct the methodology. The historical information of a hotel is a time series so the treat-

ment necessary to understand this type of data is different from those used in a transversal cut.

The first step consists in understand the data. Rosales et al. (2013) identify four components that

must be understood before any regression model is built. The first one is the trend, this component

represents the long run behaviour of the data.The second one is the cycle, this component captures

the oscillations among the trend. The third component is the seasonality, this component is similar

to the cycle except that it happens periodically. Finally the last component is the noise, this com-

ponent captures the uncertainty of the time series which makes it an stochastic process.

The frequency in which the data is given is also an important factor. The PED obtained in the

econometric model gives a measure of demand responsiveness only in the periods in which the

time series is analysed. For example if the demand observations are daily, the PED will indicate

how demand changes due to daily price moves.

2.2 Econometric technique

We consider that the technique that best fulfils the diversity that emerges from the hotel sector is

data panels. This data structure is useful to build one econometric model for each type of customer

but robust enough for using it in every type of room and date. In order to explain this data structure

lets introduce some notation: Define C as the set of all different type of customers, R as the set of

all type of rooms, and T as the time set. Similarly we define Ditc,∀i ∈ R, t ∈ T,c ∈C as the demand
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of room type i, at a period t from a customer type c and Pitc as the price paid for room type i at

period t from customer type c. With this information we build the following data structure:

Ditc = f (Pitc)+ εitc ∀i ∈ R, t ∈ T,c ∈C (1)

The panel is built as |C| different two-dimensional grids each one representing the historical infor-

mation for each customer type.

2.3 Explanatory Variables

As every econometric model the idea is to estimate a relationship between the demand, the price

and a set of different explanatory variables. The econometric model may have others explanatory

variables rather than the price. In cases in which the set of possible candidates to explanatory

variables is small the problem can be solved using high R2 coefficients in the regressions and

significant t-tests. However Gujarati (1995) explains how if the set of variables is large, decisions

based in high R2 coefficients or significant t-tests may lead to inefficient and biased estimators.

2.4 Functional form

The functional form captures the way in which the dependent variable is affected by the indepen-

dent variables. The literature provides different functional forms that can be used to test the model

including: linear, logit and logarithm. The functional form captures specially the effect on price

over the demand, not the effect of other explanatory variables which may only change the inter-

cept of the regression. We will use the test proposed by Ramsey (1969) to identify if a model is

wrong specified due to its functional form. Also different information criterion proposed by Akaike

(1974), and by Schwarz (1978), that rank the different functional forms and allow us to chose the

one with lower criterion. This technique must be done carefully, Gujarati (1995) expalins how if

the estimators do not fulfill the assumptions of the Ordinary Least Squares methodology the results

are useless.

On the other hand there is a way of choosing a correct functional form using only one estimation.

Box & Cox (1964) propose a transformation that captures all of the common functional forms,

using a Maximum Likelihood (ML) estimation it is possible to conclude which functional form fits
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the econometric model. The Box-Cox transformation is presented as follows:

Dλ−1
λ

= β0 +β1[
Pθ−1

θ
]+ ε (2)

After the ML estimation using a statistical hypothesis we determine which functional form is better.

We present some of the most common combinations of parameters λ and θ:

λ under H0 θ under H0 Functional form

1 1 Linear

1 0 Lin-Log

0 1 Log-Lin

0 0 Log-Log

The are many more possible combinations in the functional form, but in the case none of the

functional forms adjust the data it is recommended to use the box cox transformation with the

estimations of λ and θ given by the ML estimation.

2.5 Panel Data analysis

Rosales et al. (2013) identify at least four advantages in the implementation of Panel Data. First,

the observations repeated through time vanish the cycles in the series, which is useful for testing

long run theoretical models. Second, it allows to solve endogenous econometric problems caused

by omitted variables period by period. And finally permits to find undetectable effects that other-

wise are not possible to identify. On the other hand Baltagi (2008) prove that the accuracy of the

estimators increase while using Panel Data.

Gujarati (1995) and Rosales et al. (2013) describe three techniques that can be implemented in

order to estimate the PED in a Panel Data. These are: Grouped Least Squares, Random Effects and

Fixed Effects.

2.5.1 Grouped least squares

The Grouped Least Squares (GLS) technique consists in the estimation assuming no difference

between groups and time. The idea is to understand the error noise of the regression model, if the
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error is white noise there is no effect of time or groups in the model. We will use the Breusch-Pagan

test proposed by Breusch & Pagan (1979) to determine if the error is not white noise and if there is

an effect from time and groups.

H0 : The error is white noise

We build the Lagrange Multiplier (LM) to test our hypothesis.

LM =
nT

2(T −1)
(
∑

n
i=1(∑

T
t=1 eit)

2

∑
n
i=1(∑

T
t=1 e2

it)
2
−1)2 ∼ χ

2
1 (3)

If the null hypothesis is rejected it is necessary to consider effects from the groups and time.

2.5.2 Random Effects

If the error term in the GLS estimation is not white noise we need to understand how the groups

and the time can affect the econometric model. The first technique we are going to discuss is

called Random Effects (RE). RE assume that the effects caused by time (index t) and groups (index

i) are randomly distributed among the observations. Since they are random, the effects can not

be understood as jumps in the y-intersect of the demand curve. Gujarati (1995) describes RE as

oscillations around a stationary mean as follows:

Dit = f (Pit)+(β+υi)+(γ+ εt) ∀i, t (4)

The methodology to estimate this econometric model is quite more complicated, for a detail expla-

nation about the methodology see Gujarati (1995).

2.5.3 Fixed Effects

Fixed Effects (FE) assumed that individual effects caused by groups and time can be assumed as

jumps in the y-intersect. This can be done easily using dummy variables for time periods (e.g.

months) and depending on the room type.

Dit = f (Pit)+∑
i

βiRi +∑
t

βtMt (5)

Where Ri is a dummy variable being 1 if room type is i and 0 other wise, and Mt is a dummy

variable being 1 if time period is t and 0 other wise. FE offers an easier manner to estimate the

econometric model since the estimation can be done using OLS or ML.
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2.5.4 Selecting the appropiate effects

Hausman (1978) proposed a test to identify differences between the estimators found using RE

and those found with FE. The idea is to determine a measure of the distance between these two

estimators.

H0 : Use Random Effects

Ha : Use Fixed Effects

( ˆβ f e− β̂re)
2

Var( ˆβ f e− β̂re)
∼ χ

2

Where β f e corresponds to the estimators obtained using fixed effects and βre the estimators

obtained using random effects.

2.5.5 The Price Elasticity of Demand

Once we have specified a correct econometric model using the demand and the price for each

room type at each time observation, we can find an estimator of the PED starting from the demand

function as follows:

Definition The Price Elasticity of Demand as a function of price is:

ε(P) =
∂ f (P)

∂P
P

f (P)
(6)

Where f (P) corresponds to the demand function obtained before.

3 Case study

We will develop a case study using the historical daily bookings from a hotel in Bogotá Colombia.

This hotel has 2 different types of customers that we will denote Corporative and Non-Corporative

customers. Corporative customers normally achieve a loyalty with the hotel, which means it has

access to a variety of discount packages including nights, food and drinks consume and trans-

portation. These customers demand large amounts of hotel rooms for short stays, specially for

corporative events (e.g. congress).
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Non-Corporative customers behave differently, they usually demand a lower amount of hotel rooms

(commonly one room per booking) and stay for longer durations. However, Non-Corporative cus-

tomers may be Business men that demand hotel rooms for a short stay in the city.

3.1 Understanding the hotel and the data

In order to achieve stationary estimators of the PED, Gujarati (1995) explains the need of stationary

time series. To observe if the data is stationary the simplest way is by a graph, if the long term mean

and volatility seem to behave constant the decision taker can assume a weak stationary 1, which is

enough in practice to ensure stationary estimators.

3.2 Data Structure

Once we have stationary historical data, the next step is to build the Panel Data. Here we first

present the original structure of bookings and an algorithm to construct the Panel Data. Even

tough different hotel companies may handle a different data base almost all of them fall in to this

same framework. The data base is divided in columns with the following information: Booking

ID, Name and last name, Price in USD per night, Length of stay, Nationality, Date, Room type,

Customer type. An algorithm to build the Panel Data is presented as follows:

1Gujarati (1995) defines weak stationary as a property of a time series that have constant first and second moments,

unlike strong stationary which has all of its moments constant.

8



Data: List of bookings

Result: Panel Data for the econometric model

B← array of bookings.;

while Bookings in list do

Create object with variables listed before ;

add(B,object) ;

end

for c ∈C do

for r ∈ R do

createPanel(c,r, B);

end

end
Algorithm 1: Algorithm to create the Panel Data

The algorithm of createPanel(c,r,B) is described as follows:

Data: c← Customer type,r← Room type, T ← time horizon.

Result: Panel Data for the specific combination of customer type and room type.

for t = 1 to T do

Bt = {b ∈ B : Customer type = c, Room type = r and time= t};

return Cardinality of Bt

end
Algorithm 2: Algorithm to create individual panels

3.3 Econometric estimation

The first step consists of specifying a correct functional form for the demand, in order to do this

we estimate a Box-Cox model using the method of Maximum Likelihood. It is important to notice

that in this step the decision maker should use only those variables that rely in the economic theory

since larger regressors incorporate more complexity in the ML estimation. We will use the demand

and the price since the objective is to understand the functional form behind their abstract behaviour

and not the correct estimation of the elasticity.

With the estimation of the parameter several statistical packages also run several hypothesis
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Customer type λ̂ θ̂

Non-Corporative
0.6189 -0.0913 2

(0.8831) (0.0285)

Corporative
0.2132 0.1134 3

(0.9140) (0.0342)

Table 1: Estimations of the Box-Cox transformation

tests with some combinations of the Box-Cox formula, we found that in both cases the hypothesis

λ = 0,θ = 1 is not rejected. According with these the functional form we will use from now on is

the following:

log(Dit) = β0 +β1Pit + εit (7)

Several statistical packages provide routines that help manage time series. Mostly of them provide

established algorithms in the estimation of panel data structures.

As we explained in the last section the correct specification of the functional can be done using the

RESET test. The results for both types of customer are the following:

Customer type P-value of the RESET test

Non-Corporative 0.6369

Corporative 0.0852

Table 2: RESET test for the functional form

Which means that under a significance of 0.05 both functional forms are well specified.

2 pvalue < 0.95
3 pvalue < 0.99
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3.4 Elasticity Estimation

3.4.1 Grouped Least Squares

Once we have a correct functional form for both types of customers, the next step is to use GLS

and identify the behaviour of the errors using the Breush-Pagan test. The estimations using GLS

and the Breusch-Pagan test for each customer type are the following: Once we have the estimations

Customer Type Regressor Coefficient Standard Deviation

Non-Corporative Price -0.0017 0.0006

Non-Corporative Intercept 1.8403 0.1010

Corporative Price -0.0143 0.1206

Corporative Intercept 1.4322 0.1517

Table 3: Estimations using GLS

of the GLS the next step is the Breusch-Pagan (BP) test, the objective of this test is to determine if

the errors are white noise. Lets remember that if the errors are not white noise the estimation using

GLS is not valid. These evidence suggest that there is a measurable effect from the time set and/or

the group set that affects the behaviour of the error.

Customer type P-Value of the BP TEST

Non-Corporative 0.0000

Corporative 0.0000

3.4.2 Random Effects and Fixed Effects

The estimation using RE and FE for both type of customers give us the following results:
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Customer Type RE (β1) FE (β1) P-value Haussman test

Non-Corporative -0.0018133 -0.0018018 0.3742

Corporative -0.0012427 -0.0012254 0.0848

Table 4: Estimation using random and fixed effects

3.4.3 Results

Since the functional form of the demand is of the form log(D) = β0 +β1P is not difficult to show

that the PED of the demand is of the form ε(P) = β1P which means that from both customers

the elasticity curves are: −0.001833× P and −0.0012427× P. The elasticities curves are the

following:

Figure 1: Elasticity curves for Corporative and Non-Corporative customers

Translating our estimation into prices (e.g. USD 50) give us values of −0.09 and −0.0621

which means that an increase in 1 dolar (2 percent) would lead to a decrease of 0.18 Non corporative

clients and 0.12 corporative clients.

3.5 Robustness of the estimators

In this section we tested the robustness of the estimators found before. We used information of

the six months after the end of our database, and found the PED using only this information. The
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objective is to compare both estimations using a t-test to compare both means. The PED calculated

for the last 6 months has the same assumptions concerning functional form, relevant variables and

fixed/random effects. The results are the following:

Customer type Original data β New data β p-value t-test difference of means

Non-Corporative -0.0018018 -0.0017034 0.547

Corporative -0.0012427 -0.0012344 0.165

According to these results, we accept the hypothesis that the two estimators (Those from the

Original and the New data) are not statistically different from each other. In both cases the robust-

ness of the estimators is large enough to predict the behaviour of the customers months after the

original estimation.

4 Conclusions

In this paper we presented a methodology for the calculation of the Price Elasticity of Demand in a

hotel company. The methodology seems to fulfil the lack of formality in the existing literature and

exploits the internal structure of the hotel business in order to calculate a PED for each dimension

of the sector (e.g. room type, customer type, date).

We presented a case study in which we calculated the PED for their daily demand. We found

that the price was the only significant variable affecting the room demand. Our results show that the

demand is inelastic for both type of customers (Non-Corporative and Corporative), this result sug-

gests that the current prices are under a probable optimum in which the revenue could be increased

by increasing the price per room. The estimations of the PED are useful as input parameters in pric-

ing and allotment algorithms widely used in RM Talluri & Van Ryzin (2004). The future work may

consist in including non-parametric 4estimations of the demand. This will allow to capture non-

linear relations between demand and price that standard functional forms may not capture. This

would lead to a more complete methodology for the calculation of the price elasticity of demand.

4Gujarati (1995) defines a non-parametric estimation as a statistical estimation that do not assume the data or

population have any characteristic structure or parameters

13



References

Akaike, H. (1974, December 06). A new look at the statistical model identifica-

tion. IEEE Transactions on Automatic Control, 19(6), 716–723. Retrieved from

http://dx.doi.org/10.1109/tac.1974.1100705 doi: 10.1109/tac.1974.1100705

Baltagi, B. (2008). Econometric analysis of panel data. John Wiley & Sons Ltd. Retrieved from

http://eu.wiley.com/WileyCDA/WileyTitle/productCd-EHEP000952.html

Bjorndal, T., Salvanes, K. G., & Gordon, D. V. (1994). Elasticity estimates of farmed

salmon demand in spain and italy. Empirical Economics, 19(3), 419-28. Retrieved from

http://EconPapers.repec.org/RePEc:spr:empeco:v:19:y:1994:i:3:p:419-28

Box, G. E. P., & Cox, D. R. (1964). An analysis of transformations. Journal of the Royal Statistical

Society. Series B (Methodological), 26(2), 211–252.

Breusch, T. S., & Pagan, A. R. (1979). A Simple Test for Heteroscedas-

ticity and Random Coefficient Variation. Econometrica, 47(5). Retrieved from

http://www.jstor.org/stable/1911963

Fan, S., & Hyndman, R. J. (2010). The price elasticity of electricity demand in

south australia (Monash Econometrics and Business Statistics Working Papers No. 16/10).

Monash University, Department of Econometrics and Business Statistics. Retrieved from

http://EconPapers.repec.org/RePEc:msh:ebswps:2010-16

Granados, N. F., Kauffman, R. J., Lai, H., & chi Lin, H. (2012). A la carte pricing and price

elasticity of demand in air travel. Decision Support Systems, 53(2), 381-394. Retrieved from

http://dblp.uni-trier.de/db/journals/dss/dss53.htmlGranadosKLL12

Gujarati, D. N. (1995). Basic econometrics (Third ed.). New York, NY: McGraw Hill.

Hausman, J. A. (1978). Specification Tests in Econometrics. Econometrica, 46(6), 1251–1271.

Retrieved from http://dx.doi.org/10.2307/1913827 doi: 10.2307/1913827

14



Ramsey, J. (1969). Tests for specification errors in classical linear least-squares regression analysis.

Journal of the Royal Statistical Society. Series B (Methodological), 31(2), 350-371. Retrieved

from http://www.jstor.org/stable/2984219

Rosales, R., Perdomo, J., Morales, C., & Urrego, J. (2013). Fundamentos de econometra inter-

media: teora y aplicaciones (Second ed.). Bogotá, BOG: University of the Andes, Faculty of
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