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Abstract

We investigate the within site purchase and search behavior of online customers visiting one
of the largest European online travel agencies. Using a dynamic two stage model of purchase
incidence and carrier choice we study how price uncertainty affects consumer purchase behavior.
We find that current and future category value along with visitors’ browsing experience and
search effort are important predictors of purchase incidence. We find that consumers are
forward looking and learn about the distribution of prices as they search. Spatial price variation
results in greater search, while the number of flight options positively influences purchase
incidence. Customers who search actively have a lower purchase threshold, however, customers
who exit without making a purchase are less likely to purchase in subsequent visits to the
website. Furthermore, expected expenditure and flight characteristics are key determinants of
airline choice. Both observed and unobserved heterogeneity in search behavior are also found to
influence purchase decisions. Tests of predictive ability also validate the proposed search model
compared to a model without pre-purchase behavior. We also discuss important implications
for website managers.
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1 Introduction

Revenue management (or yield management) systems are today the standard pricing mech-
anism in many markets characterized by perishability and capacity constraints (Desiraju and
Shugan,1999). These include markets for air tavel, hotel bookings, and car rentals, all of sig-
nificant economic impact not only offline but especially online. In recent years the internet has
become a preferred source of information and transaction in such markets. Recent studies reveal,
that the internet is the most frequently used medium for travel research (“The Traveler’s Road to
Decision”, 2009) and that it is expected that one third of the world’s travel sales will be made online
by 2012 (PhocusWright, 2011).

The increase in importance of online search and online purchases in markets where pricing is
set by revenue management systems is likely due to the ease in searching for alternatives and in
obtaining updated information on prices and availability online. The internet has indeed lowered
search costs and allowed customers to search while prices, and availability, change continuously, a
result of the algorithms at the core of these pricing mechanisms. In addition, the use of the internet
has also opened new research opportunities as rich datasets on detailed consumer behavior become
available that track both consumer search and their purchases.

With this study we contribute to the literature on revenue management systems by investigating
the impact of such complex pricing strategies on consumer search and purchase behavior. It is our
goal to understand how consumers cope with the significant uncertainty caused by such systems as
prices change dynamically during the day, how consumers form their expectations, and what is the
impact of their search effort on purchase. To the best of our knowledge, there is a lack of research
that investigates such issues and that takes into account consumer search and purchase behavior
when facing revenue management systems (Desiraju and Shugan,1999).

Hence, the primary aim of this study is to understand the impact of the significant spatio-
temporal price dispersion introduced by revenue management systems on the purchase behavior of
customers. We do so by jointly modeling search and purchase behavior using a novel and detailed

panel data of online search and purchase from a large online travel agent. We use a flexible modeling



approach that does not impose a-priori restrictions on consumer search and purchase behavior.
Instead we exploit our rich data to draw inferences regarding preferences, and estimate a two stage
dynamic model to study the within site purchase and search behavior of online customers.

In this two-stage dynamic model consumers decide whether to make a purchase now or to
continue searching and, conditional on purchase incidence, consumers select the airline carrier
for their travel. We assume consumers have dynamic price expectations regarding ticket prices,
whereby sophisticated consumers update their expectations based on observed prices. Expected
future prices influence the expected value of future travel options, and as a result, expectations
are allowed to impact the decision to continue searching or not. We test for alternative models
of expectation formation, including temporally rising prices and rational price expectations. In
addition, by including covariates capturing what a visitor is exposed to during browsing and the
actions taken at the site, we measure how information gathered and search effort impact their
purchase incidence decisions. Finally, and very importantly, we exploit the richness of our panel
data and account for observed and unobserved heterogeneity, and correct for endogeneity, the latter
often disregarded from models of consumer search.

Our empirical findings suggest that pre-purchase behavior is a key determinant of purchase
outcomes and that ignoring search behavior can lead to misleading inferences. In addition, ignoring
consumer pre-purchase behavior from all site visitors (including casual browsers who never purchase
at the site) compromises the predictive power of the model. Hence, in the context of online search
for travel related products, ours is one of the first papers that highlights the need to include all
browsers in a model of search, whether or not they are also purchasers.

We also find evidence that consumer decisions are dependent on future category value and
elements of the search environment significantly impact their behavior. In line with existing theories
of consumer search (Lanzetta, 1963, Stigler, 1961) our dynamic two stage model indicates that
consumers search in order to resolve uncertainty; we observe that when the available choice set
is large, consumers appear more confident and search less, however, when there is greater price
variation in the available options they search more. In addition, we find that search effort also

impacts a consumers decisions to search, site visitors are more likely to make a purchase the more



actively they search within a short span of time as these customers appear to have higher search
costs. However, customers that exit the website have a lower chance of making a purchase on
subsequent visits. Furthermore, consumers use current prices to form expectations of future prices
and dynamically update their price expectations.

The remainder of the paper is organized as follows. Section 2 summarizes the relevant literature;
Section 3 provides an overview of the air travel industry and the its spatiotemporal price variation
and Section 4 presents the rich dataset used. We present the model and key modeling assumptions
in Section 5, and Section 6 summarizes the estimation approach. Finally, our main findings are
presented in section 7 and in Section 8 we provide our conclusions and propose areas for future

research.

2 Literature

There are three streams of literature relevant to this study: (1) literature on revenue management

systems, (2) literature on search behavior, and (3) literature on online search and purchase behavior.
Revenue Management

Pricing under revenue management regimes is a complex phenomenon constrained by two factors
“perishability”and “capacity” constraints (Desiraju and Shugan, 1999). Considering the case of
air-travel, where yield management first started, perishability stems from the fact that once a
flight departs the seats can no longer be sold. Capacity constraints on the other hand, arise from
the physical limitations on the number of people who can be accommodated on a single aircraft.
The combination of perishability and capacity constraints has driven airlines to adopt complex
revenue management pricing systems to profitably fill each aircraft to capacity (Wardell, 1989).
These revenue management strategies introduce significant temporal price variation. Research in
operations management finds that in a normal day, fares can be updated up to 200,000 times in
a travel agent’s computerized reservation system (Hopper, 1990). For a specific flight prices can

change as often as seven times during a single day (Etzioni et. al., 2002).



Revenue management systems are today adopted in a variety of markets and industries, all of
which are characterized by these same issues of perishability and capacity constraints including
hotel bookings and car rentals. The basic idea of these systems is to continuously monitor demand
(through for example centralized booking systems, which are at the center of the technology devel-
opment) and adjust pricing to maximize the yield of each seat, each room or even each car (Boyd
and Bilegan, 2003). For example, in the case of air travel, if the likelihood of selling a ticket at
full price increases the number of seats available at lower fares decrease, and hence prices increase.
Previous evidence shows that these systems have lead to significant increases in profitability that
far outweigh their cost (Davis, 1994).

Because the algorithms behind these systems are so vital, existing research in the field of revenue
management has thus far focused on the optimal pricing strategy of firms and their demand forecast
(e.g., Dana, 1998, and Perakis and Sood, 2006). However, most of this work has assumed that
consumers arrive as a stochastic process and do not endogenise consumer behavior based on firm
pricing. For instance, Ben-Akiva (1987) and Sa (1987) forecast demand for flights using regression
and time series models based on advanced and historical bookings data. Recently, efforts have
been made to develop choice-based revenue management models, whereby discrete choice models
are used to forecast consumer demand (e.g. Talluri and van Ryzin, 2002). For example, Ferguson
et. al., (2011) use a two step approach to propose a choice-based revenue management system and
estimate their model using bookings data. They do not consider search and pre-purchase behavior.
Similarly Vulcano et. al. (2010) use data for bookings made by customers at an airline but their data
lack information on consumer search and arrival processes which they simulate. These models still
assume myopic customers and do not consider search. As a result, strategic waiting by customers
has largely been ignored.

Boyd and Bilegan (2003) note that the main challenge for revenue management systems is to
effectively use the information contained in consumer purchase requests, as eventually airlines would
like to charge each customer their willingness to pay. Therefore, it is important to study consumer
pre-purchase and purchase behavior to develop holistic insights into consumer willingness to pay.

Elmaghraby and Keskinock (2003, p. 1,298) stress the importance of understanding of consumer



behavior in revenue management “An important element that is largely missing, both in most of
the academic literature and price optimization software, is the consideration of strategic customer
behavior.” This need is made even more significant if we consider the extreme price variability arising
from revenue management, that creates added incentives for search, there is the need to better
understand the implications of complex pricing strategies on consumer search behavior (Desiraju
and Shugan,1999).

Our study aims to address this gap in the literature by formally modeling consumer search
and purchase behavior by predicting demand based on consumer search effort and reaction to the

dynamic search environment.
Consumer Search Behavior

Our work also draws on the literature on consumer search models. According to the theoretical
literature on consumer search, consumers continue to search as long as the benefits accruing from
search exceed its costs (Stigler, 1961). The benefits from search have been cited as a better product
or lower prices, while the costs comprise the time and effort involved in the search process. There
are two types of search models (Baye et al. 2007): (1) simultaneous search (Stigler, 1961) and (2)
sequential search models (Weitzman, 1979).

According to the theory of sequential search, consumers decide to stop or continue search if the
marginal benefits of search outweigh the marginal costs of additional search. According to Morgan
and Manning (1985) sequential search models are optimal if customers have perfect recall and have
no time preference, this makes traditional sequential models problematic in markets with high price
volatility and limited recall. The theory of simultaneous search or fixed sample search, on the other
hand, assumes that consumers determine the size of the consideration set based on their search
costs prior to actual search.

Empirical work in marketing has studied consumer search behavior and tested alternative search
theories (e.g., Fox and Hoch, 2005; Gauri et. al., 2007). A large body of work investigates consumer
response to promotions and price changes through purchase acceleration or delays and stockpiling

(e.g., Neslin et. al, 1985; Mela et. al., 1998). Another stream of research studies spatial search



across stores and suggests that that price sensitive consumers often cherry pick across stores to
find the best deals (e.g. Putrevu and Ratchford, 1997; Fox and Hoch, 2005). Talukdar and Sudhir
(2007) jointly study spatial and temporal search in the context of grocery purchase and measure
search effectiveness in terms of the resulting monetary savings. Similarly, Fox and Hoch (2005)
and Ratchford and Srinivasan (1993) also estimate savings emanating from search. Finally, a
significant stream of research has studied consideration set formation and tested alternative models
(e.g. Chiang et al., 1999; Mehta et al., 2003; Van Nierop et. al., 2010).

A limitation of the extant literature is the breadth of industries studied: most authors research
search in the context of grocery shopping (Gauri et al., 2007; Fox and Hoch, 2005; Urbany et
al., 1996) and durable goods markets (e.g., Ratchford, 1993; Conslik et. al., 1984; Sobel, 1984).
Though temporal price variation is an important market force in these industries (e.g., promotional
activity or price decreases due to the sequential introduction of new product generations), the level
of price changes and price uncertainty is not as extreme as in the case of industries and markets
subject to revenue management systems. Very few studies look at services and other more complex
products subject to extreme price variability. Honka (2012) is a notable exception. This author
studies search and switching behavior of consumers in the market for auto insurance by jointly
estimating search costs, consideration sets, and switching costs. A key limitation of the study is
that consumers decide on the policy to buy prior to search, a more realistic approach would involve
consumers selecting policy characteristics while simultaneously searching for policies. In addition,
Honka (2012) assumes that consumers have rational expectations about prices for all companies in
the market, as we show later such an assumption would not be feasible for a market characterized

by high levels of price variability.
Online Search Behavior

Compared to offline markets, consumers can search online stores with little time and effort:
the internet has reduced the cost of searching. In addition, online commerce can track website
visitors and observe their search behavior, something that had been either difficult or too expensive

to engage in offline. An inherent advantage of the internet is the availability of detailed data on



consumer browsing and purchase patterns.

There is a well established tradition in marketing that explores consumer browsing behavior in
online markets. There is evidence that purchase conversion is influenced by page design (Mandel
and Johnson, 2002), number pages requested and time spent at the site (Sismeiro and Bucklin,
2004), and frequency of site visit (Moe and Fader, 2004). Studies in this tradition model browsing
and purchase decisions as independent events or use browsing and search as covariates of the venal
purchase probabilities. For instance, Moe and Fader (2004) use a stochastic approach to model
purchase conversion and are unable to capture how purchase outcomes could be influenced by user
actions while searching. In addition, previous studies of online search do not incorporate the impact
of prices on a consumer’s decision to purchase or continue searching.

Recently, empirical research on online consumer search behavior has received renewed attention
as a means of better understanding consumer preferences and measuring search costs and their
impact on consumer behavior. Researchers in this tradition have imposed structural assumptions
regarding the search process to identify search costs given data limitations. For example, Kim et al.
(2010), using aggregate view rank data from Amazon.com, model consumer search for camcorders
as a sequential process. The authors assume that consumers are aware a priori of the distribution of
prices and that the aggregate viewer rankings are based on individual-level optimal search sequences
and compute reservation values to determine the optimal stopping rule. These assumptions are
reasonable in the durable goods industry with limited uncertainty, though not so in a context with
extreme uncertainty. In addition, the absence of actual search data makes some of the identification
assumptions restrictive.

In a related study Santos et.al. (2012) empirically test sequential and simultaneous search
models using individual level browsing and purchase data for online books. Their study rejects the
sequential search model with a priori known price distributions. They use the parameters of their
search model to estimate demand elasticities for online books and find no evidence that observed
prices influence future decisions to search. However, Santos et. al. (2012) base their finding on
transaction prices as their dataset does not contain prices observed at each search occasion. This

is a significant limitation and could explain why the authors do not observe any effect of observed



price on information search. The authors note that their choice of books does not have general
application as they study a homogenous product category with fairly limited price variation across
the few dominant sellers and even over time. In contrast, the industry we study is characterized by
high levels of price volatility.

In light of the growing importance of online travel purchase, academics are beginning to take
interest in the pre-purchase behavior of online travel purchasers. In a recent study on consumer
search for air travel, Nair et. al. (2010a) analyze the determinants of consumer’s choice of travel
website, browsing time and purchase. Nair et. al. (2010a) only observe data for the final transaction
prices but not prices from other competing websites. Due to this data limitation the authors cannot
determine the impact of prices observed during search on purchase outcomes, nor how consumers
search for price information online.

In a related study Koulayev (2010) estimates demand for hotels by estimating a structural model
of sequential online search on a data set from an aggregator site that does not record bookings but
records clicks on hotel links. Instead of modeling a booking, the authors model hotel clicks by
consumers. The authors assumed that by clicking on a hotel, consumers reveal a preference for
that hotel. However, this can be a misleading assumption as consumers may click in order to
gather more information and does not indicate necessarily a preference and much less an actual
booking. Koulayev (2010) estimates the search cost distribution though the data includes one single
observation per individual.

One of the significant limitations of recent work is that data is often at a different level at which
theory has been developed or aggregated in some way. This poses specific problems as authors need
to develop a link between the different level of analysis and impose strong assumptions in order for

their structural models to hold at all levels, including the one at which data is collected.
3 Spatial and Temporal Price Variation

Travel related online businesses have historically accounted for 40% of the revenue from e-

commerce (Combes and Patel, 1997). In addition, to being a leading e-business, the market for travel



in general and air travel in particular is characterized by price uncertainty arising from complex
revenue management systems. The data we will use to investigate consumer search behavior in
a context of revenue management systems is a dataset from an Online Travel Agent (OTA) that
contains the searches and bookings of consumers in the market for airline tickets over several months.
We believe this is an ideal setting for this work. In this section we highlight the nature of price
uncertainty across time and across carriers stemming from the revenue management systems in the
context of air travel.

Temporal Price Variation

Conventional wisdom says that consumers should buy airline tickets early (the earlier one buys
the tickets, the cheaper they will be) or perhaps just before the airplane departs (last minute
deals).! In reality, revenue management systems cause pricing patterns that are far more complex
than what conventional wisdom leads us to believe. For example, many firms now limit last minute
deals (sometimes offering these through very specialized channels) just because last minute travels
tend also to be business travels and hence less price sensitive. The algorithms behind the systems
will allow price changes depending on demand conditions and on how many bookings or reservations
are made.

To demonstrate this point, we present in Figure 3.1 the average posted prices for flights operating
on two domestic European routes with a set departure date. Figure 3.1 dispels the traditional view
that prices always increase as the departure date approaches. In fact, ticket prices do not follow
a deterministic trend, making it difficult for consumers to make precise predictions about future
prices. Figure 3.1 also highlights that prices may be more volatile for some flights compared to others
depending on the particular supply and demand conditions, but that prices do change significantly
over time till the departure date. It is this significant price variability over time that could lead
consumers in the market for air travel to become more strategic and react differently to prices and

change their search behavior.

1We conducted experiments with 30 MBA students at Yale SOM, and asked them to plot the relation between
price and days till departure for flights from New York to L.A. The vast majority of respondents plotted upward
sloping graphs as they expected prices to rise closer to the departure date. A few respondents also indicated a drop
in prices due to last minute deals.



Figure 3.1: Temporal Price Variation
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Spatial Price Variation

In addition to the temporal variation in prices, there is also evidence of spatial price variation
stemming from price dispersion across airlines operating on a particular route. Within a given
website customers need to resolve the additional uncertainty associated with different carriers of-
fering different prices for the same travel itinerary. In Figure 3.2 we show the variation in average
price (adjusted for distance) across airlines 15 days prior to departure. Despite controls for time to
departure and distance we observe that the average price for some carriers is lower when compared
to others (we present further details of price variability across carriers in detail in the data section).

Hence, customers who search for air travel online face both spatial and temporal price variation.

Figure 3.2: Average Price/Km for Flights with 15 Days to Departure
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Another possible dimension of spatial price uncertainty is price variability across alternative
OTAs While prices vary over time, there is limited price dispersion across competing OTAs. To
empirically test the degree of variability in prices across competing OTAs, we compared average
ticket prices at two leading OTAs, Orbitz and Travelocity. Once a day from 17th September, 2008
until 30th September, 2008, we requested quotes for flights with exactly the same attributes (i.e.,
the same destination and departure and arrival date) from both websites. The flights included in
this experiment were from New York to Las Vegas and New York to Washington D.C. departing
1st October, 2008 and returning on the 6th October, 2008. Our online searches took place at the
same time of the day. Figure 3.3 and 3.4, exhibit the prices observed at the two OTAs during our

experiment.

Figure 3.3: Comparison Of Minimum Ticket Price For Flight From New York To Washington D.C Departing On
1st October 2008 And Returning On 6th October 2008
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We find that prices do not vary substantially across agents and both OTA websites provided very
similar prices. This exploratory finding could explain the limited consumer search across websites
that previous research has previously reported (e.g., Johnson et al., 2004). Indeed, previous studies
emphasize this somewhat puzzling fact: that the level of search across websites tends to be very
limited, despite the apparently low search costs in the online world. One possible explanation at
least in the context of air travel is that the uncertainty in prices across websites is also very limited.
Consumers seem to have to solve mostly two uncertainty problems: price variation over time and

price variation across carriers.
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Figure 3.4: Comparison Of Minimum Ticket Price For Flight From New York To Los Angeles Departing On 1st
October 2008 And Returning On 6th October 2008
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4 Data

For the purpose of this study we analyze site centric data from one of the largest European travel
operators in the world.? The OTA has chosen to remain anonymous. In addition to the main travel
website, the OTA operates price comparison sites which direct online traffic to the main ticketing
website. The data set is novel and unique as it includes a complete record of pre-purchase behavior
of consumers. We study the browsing and purchase behavior of users registered with the OTA
and its subsidiaries. This enables us to identify repeated search by the same individual over our
period of analysis. The data includes customers® logging into the main OTA website and customers
directed from price comparison sites, shop bots and search engines. Lack of across OTA data is
not a limitation as there is evidence of limited across site search. Smith and Brynjolfson (2001) in
their study of online shop bots show that 70% of consumers repeatedly visit a single site. More
recently, Santos et. al. (2012) in their study of consumer online purchase and browsing behavior
for books, find that consumers visited the same store 76% of the time within a week and up to
90% of the time the same store was visited within the same day. Santos (2012) also report based
on comscore data that of customers who visited more than one store was 27% in 2002 and 33% in

2004, therefore, across site search activity is limited.

2http://www.eurodestination.com/Flights%20& %20Airlines /european-low-cost-airlines-guide.html
3We use customers, consumer and visitor interchangeably.
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Consumers searching the website or any of the affiliated sites are quoted prices from pre con-
tracted airline carriers. Customers can search for departure cities, arrival cities and travel dates.
We define the combination of route?, dates and number of travelers as a single search request. Af-
ter consumers request a flight the search engine displays the multiple options available. Consumers
then have the option to select a flight and checkout, redefine the search criteria or exit the website.
Every time consumers change the trip specification a new search request is generated.

The size of the data set required considerable effort in synchronizing the consumer specific data
with the extensive flight information from the search engine. Careful analysis was required to filter
out information not pertinent to the search model. Site visitors comprised both individual con-
sumers and travel agents. The purpose of this study is to analyze the search patterns of consumers
who search tickets for their personal travel, therefore, we excluded the booking activity of travel
agents to avoid biases arising from their bulk purchasing activity (1.1% of all bookers were travel
agents). To ensure that we observe all the search activity related to a specific booking, we consid-
ered flights searched during the month of March 2006, reserving the initial three months of online
activity for variable initialization and search behavior in April for predictive analysis. The data
reveals that bookings were made within 31 days of departure, and 50% of all bookings were made
between 1-13 days to departure.

We removed all searches with incoherent search fields (e.g., departure dates after arrival dates)
and instances where consecutively requested destinations were more than 400 miles apart.® For
such requests we could not know if mistakes had been made or if a consumer simply changed his
travel plan. For example, if a consumer initially requested flights from New York to Boston and
thereafter switches to Las Vegas to Boston or even switches to Las Vegas to Chicago we cannot
be entirely certain of the consumer’s intent. In addition, we select twelve domestic routes® which

generate 90% of all domestic flight requests” (domestic routes are those for which departure and

4For round trips, a route is a combination of arrival and departure cities.

5In the European context 400 miles is a significant distance.

SA route is defined as a combination of departure and arrival city pairs.

"Domestic bookings provide several advantages; we avoid currency conversions and we do not need to include the
information of connecting flights, which could influence substantially the quality of the product. Furthermore, we
minimize country specific effects because domestic flights are predominantly booked by residents of a single country
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arrival city are within the primary country of activity of the OTA website under analysis). 8

We included 8 airlines in our final estimation sample.? Not all carriers operated on each route
and the number of carriers for a given itinerary changed across time depending on seat availability.
On average consumers had a choice between 2.6 airlines, with a minimum of 2 and a maximum of
4 carriers operating on a particular route. Air travel is a complex product with flights operating
several times a day, including each flight option displayed to a customer in a choice model is not
trivial. In the interest of tractability we combine the flights operated by an airline into one option.
On average 2.2 different flights were displayed for each carrier.! The final price per carrier was
computed as the average price across all flights operated by the carrier.!’ We find price variation
amongst airlines for flights with similar characteristics. Table 1 presents the average price across
carriers and their market share. Carriers 5 and 6 have the highest market share and most frequently
enter a consumer’s consideration set. At a given search occasion customers on average observe a

standard deviation of 28 Euros for a flight on a particular date on a given route.

Table 1: Prices and Market Share Across Airlines

Frequency of Average Market Share

Carrier Availability Price %
Carrier 1 4,080 123.49 15.74
Carrier 2 734 100.42 4.05
Carrier 3 1,618 128.73 5.93
Carrier 4 707 57.17 5.04
Carrier 5 9,903 134.67 24.09
Carrier 6 5,196 117.69 25.55
Carrier 7 876 100.46 4.24
Carrier 8 6,560 131.25 15.35

The final data set comprises of 18,136 search requests generated by 5,087 site visitors. 2,776

8The OTA we study sells more than 40 different routes. However, the bulk of the business is concentrated around
the top 12 routes for which information was collected. By focusing on domestic flight we avoid currency conversions
and we do not need to include the information of connecting flights, which could influence substantially the quality
of the product. Furthermore, we minimize country specific effects because domestic flights are predominantly booked
by residents of a single country.

9We removed carriers that were never purchased during the period under analysis. Since the excluded carriers were
part of the consumers’ consideration set, these carriers were used to compute variables measuring price variability
and options for each search request.

10A maximum of 15 flights were displayed for a carrier while 20% of the time a single flight was operated by a
given carrier.

HFor round-trips, we first computed the average price for each leg of the journey and then computed the sum for
the two legs to arrive at the final price per carrier.
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site visitors made at least one purchase during the period under analysis.

4.1 Search Behavior

The data reveals that most site visitors exited or made a purchase after 4.9 search requests.
Visitors who made no purchase exited after 3.9 search requests on average while customers who

purchased at least once made search 5.3 requests on average (see Table 2).

Table 2: Summary of Search Behavior

Visitors Purchasers
Mean Std. Dev Mean Std. Dev
No. Searches per visitor 4.90 3.81 5.22 4.01
No. Purchases per visitor 2.76 3.30 3.76 3.33
No. Search Sessions 3.04 2.32 3.58 2.44
No. Requests per Session 3.87 2.96 4.14 3.07
No. Date Changes 2.67 3.32 3.64 3.39
No. Route Changes 0.48 1.23 0.57 1.37

Since we cannot observe the actual time site visitors spent searching we decompose search
into search sessions to get a better understanding of how actively customers searched. In line
with previous literature on consumer browsing behavior, a new search session begins if a request
is made after an idle period of 30 minutes or more (Sismeiro and Bucklin, 2004; Cateledge and
Pitkow,1995). Table 2 summarizes the search behavior of all visitors and purchasers at the website.
Table 2 highlights the fact that on average purchasers searched more actively within a session
compared to all visitors. There is also evidence of consumer heterogeneity in the amount of search,
while approximately 25% of the sample made 2 search requests, a few customers made more than

10 search requests (see Figure 4.1).
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Figure 4.1: Distribution of Number of Search Requests
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Visitors in our sample on average started 3 new search sessions, which means that on average
customers searched for over 1.5 hours. Within each session customers made 3.87 requests on average.
We also find that 50% of repeat search takes place on the same day. Our detailed data set allows
us to observe what costumers requested at each occasion. The data reveals that customers tried to
find better deals by changing their travel dates as opposed to their route. 70% of the visitors did
not change route, while only 7% of visitors did not change dates. Hence, the data indicates that

customers were aware of the variability in prices and changed dates to find better deals.

As is the case with online search data our data is limited in terms of demographic information
about customers Brynjolfsson et al. (2010). We can only distinguish customers on the basis of their
observed search behavior, for the purpose of our study this is not a serious limitation as our focus

is on identifying consumer search preferences.

The data reveals that customers do not always purchase the lowest price option available. Ap-
proximately 56% of the purchase occasions consumers purchased at the lowest session price. This is

inline with observed industry behavior, according to PhoCus Wright (2004) 60% of airline customers
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Figure 4.2: Degree of Flexibility
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purchase at the lowest price. This pattern highlights the need to focus on pre-purchase behavior
to understand how in addition to price sensitivity, the search environment, search effort and flight

characteristics influence consumer preferences.
5 Modeling Approach

Our modeling approach is premised on the fact that a visitor’s decision to purchase or search
is a function of underlying preferences and the search environment. Our primary purpose is to
predict and understand online purchase behavior within a website, for a product characterized by
high levels of price volatility.'? We use our individual level data on both observed choice sets and

search behavior to inform our model of pre-purchase and purchase behavior. '3

12

We do not model the decision to select a website as this has already been explored by extant literature (Nair et. al.,
2010a). Since there is evidence that across site search is limited, we focus on the dynamics of search within a site
and its implication for OTAs.

13

In our context the traditional sequential search model is not directly applicable. Given the large number of flight
options displayed to customers it is unrealistic to assume consumers have unlimited recall, similarly, given the as the
options available to customers could be unavailable in subsequent search requests.
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At a given search occasion we assume that site visitors are looking for a flight which is a
combination of a specific route and travel date. Site visitors are aware of the most suitable flight in
terms of flight characteristics and may have carrier preferences but are uncertain about the price.
We therefore, assume that when searching consumers are looking for the best price and trying
to resolve price uncertainty. Unlike traditional sequential search models (e.g. Kim et. al., 2010)
site visitors do not decide whether they will search for an additional carrier, rather they search
for a combination of date and route and are unaware of the number of flight options that will be
displayed as a response of their request. Site visitors vary in terms of their flexibility for date and
route preferences and the amount of search they are willing to undertake. Our random coefficients
approach allows us to capture this heterogeneity.

We model a site visitor’s decision to make a purchase, as a two stage process. In the first stage,
the visitor has the option to (i) make a purchase, (ii) make another search request at the website
or another website. Visitors decide based on the information gathered, future price expectations,
search effort and flight characteristics. In the second stage, given the decision to make a purchase,
visitors decide which airline to choose. The two stage decision process can be summarized in Figure
5.1.1% The two stage approach separates the decision to purchase and carrier choice, which as we
show below are affected by different factors. By jointly estimating the choice and incidence decisions
we avoid the problem of endogenous choice sets, as we estimate carrier choice conditional on the
decision to purchase. Since, prices in the airline industry change frequently, options searched in one
search may no longer be available in the next search,'® therefore, we do not use a consideration set
approach to model the size of a consumers choice set.

The purchase probability of carrier j at occasion t is given by

PI'(j) = Pl'(jlpurchase) - P! (purchase) (5.1)

Whereby, the probability that visitor h chooses carrier j at search occasion t is the product of

14The hierarchy of the decision tree is purely analytical, the consumer could make the brand choice decision before
deciding to purchaser and vice versa.

15Koulayev (2010) in his study of consumer search for hotels notes that considering a single search decision is
advantageous as in markets with rapidly changing prices, consumers may not be able to record prices in their
previous search requests.
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Figure 5.1: Two Stage Decision Process

Purchase Incidence

No Buy Buy

Carrier Choice

the probability of purchase incidence and the conditional choice probability. We describe the two

stages in greater detail in the following sections.

5.1 Purchase Incidence
At a given occasion t visitor h’s indirect utility of making a purchase is defined as:
Vit = Unt + €nt (5.2)
where Up; has the following specification:

Unt = M1 I Vit + A2 EIVip1 + spe + Ont + Vht (5.3)

We assume the outside option of no purchase to have a utility of 0. The visitor continues searching

if utility from buying now is less than the utility from postponing purchase ( i.e. Ul < 0 ).
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The indirect utility of buying now, Uy is based on the category value of purchase I'V};, expected
future utility of buying later EIV}41, search effort sy, information gathered during search 6, and
observed heterogeneity ;.

We assume the error term ep; to have an extreme value i.i.d distribution which gives us the

following closed for expression for the probability of purchase:

exp(Vit)

Pl (purchase) = ——— 2
t (p ) 1 +exp(Vht)

(5.4)

Since consumers are looking for the best available flight, the decision to purchase now vs. later
depends on the current and future category value. IVj; is the inclusive value parameter which
captures the attractiveness of making a purchase based on carrier specific characteristics and price.
Formally, I'Vy; =In ) j e*rit | where upj; is the deterministic component of the utility of visitor h’s
indirect utility of carrier j at occasion t. In addition, we assume a visitor’s decision to buy now vs.
later depends on his expected future utility. The term EIV},; 41 denotes the expected future value
of purchasing at occasion t+1. Analogous to IV, EIVy41 is similar to the inclusive value term,
except the utility is based on future price expectations.'® Formally, EIVy1 = In Y. j eBuniie1) we
describe the future price expectations in detail in section 5.2. We expect current category value to
have a positive impact on purchase incidence while higher expected future value is likely to result
in a delay in purchase.

A visitor’s decision to stop search may depend on the strong preference for the viewed products
or due to underlying search costs. It is therefore, difficult to disentangle the two effects (Koulayev,
2010). We use our rich data set on consumer search behavior to inform our estimates of the
heterogeneity amongst customers regarding search costs. We assume that individual search decisions
are reflective of their underlying search cost distributions. Therefore, we include the following search

actions taken by individuals as determinants of purchase incidence.

16

‘We assume that flights are fairly homogenous and the best option consumers are looking for is the cheapest flight.
Therefore, we abstract away from expectations regarding the future draw of airlines that the consumer will see in
the search request.
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snt = al'Sess + alyReq Sess + alf ADatey; + o ARoutep, (5.5)

In the context of online search the main search costs include the time spent browsing and the
effort involved in changing the search criteria, i.e. changing route and date. We include the number
of search sessions (Sess) as determinant of purchase incidence. This allows us to better understand
the temporal element of search. Site visitors who allow considerable time to pass between their
searches experience temporal price variation. We expect most purchases to result within a single
search session as visitor’s are likely to be more targeted on gathering information. When customer’s
return after 30 minutes the variability in prices may increase the degree of uncertainty and may deter
purchase. We use the number of search requests made within a session (Req_Sess), as a measure

17 The number of requests is a better measure of

of a visitors involvement in the search process
the time spent searching as it is not affected by noise associated with consumers attending to other
activities while their browser is left open. The more searches made without idle time also shows that
the visitor places a high value on time and therefore, might have higher costs of search compared
to someone who devotes more time to search. We also include variables capturing whether site
visitors changed route or travel dates while searching (A Datep; and ARoutey,;). We expect casual
browsers with low search costs to change their route more frequently as they do not have concrete
travel plans, while changing travel dates suggests consumers are looking for cheaper alternatives.
Traditionally it has been stressed that consumers search to reduce uncertainty regarding the
item to be purchased (e.g. Hansen, 1972) and the greater the uncertainty the higher will be the
amount of search (Lanzetta 1963). To capture the impact of uncertainty arising from price volatility,
on consumer search we employ a measure of price variance; we include the standard deviation in

ticket prices for each search request as a covariate in our model. For each leg of the journey we

compute the standard deviation in response prices displayed to customers. In line with behavioral

17 Sismeiro and Bucklin (2004) also divide consumer search into similar session in their study of online browsing
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theorists we consider the following specification for dps:
One = P one + phng (5.6)

We include o,; to capture the impact of spatial price variation on the amount of search. Param-
eter np is the average number of flight options for each carrier displayed to customers after each
request.'® Punj and Staelin (1983) find that the amount of information influences consumer search
decision. We posit that consumers search in order to expand their choice set, therefore, the more
options visitors are displayed the less likely they are to continue searching.

Several psychologists and behavioral theorists study the impact of individual characteristics,
previous experience, environmental variables, time availability and size of the consideration set
on the patterns of consumer search (e.g., Urbany et al. 1989; Beatty and Smith, 1987; Lanzetta,
1963). vp,¢ denotes individual characteristics, we include the following variables to capture observed

heterogeneity in consumer search behavior:

11
Ynjt = OVOT Aps + 05 Tripn; + 0 Experiencens + o Day Reqn: + Z ol Routeyy; (5.7)
i=1

where:

OT Ay = 1 if customer was directed from the main travel agency website, 0 otherwise,

Tripps = 1 if customer is searching for a round trip, 0 otherwise,

FExperiencer; = 1 if prior booking experience within the past 1 year, 0 otherwise,
Day Reqp, = 1 if customer searched between 8 a.m and 6 p.m, 0 otherwise,
Routep;= dummies indicating route requested

01 — 05; = parameters to be estimated

Demographic variables have often been used to control for consumer heterogeneity, however we had

18We also included the total number of flight options as a covariate, however the average options provides better
fit.
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very sparse data on demographics.!? Instead we include variables capturing observed heterogeneity.
Observed differences in consumer behavior is a more accurate control for consumer heterogeneity
than demographics, as it is likely that customers within a household may exhibit considerable
variation in search behavior. Another advantage of our observed heterogeneity variables is the fact
that they change over time. For instance, if at one occasion the consumer searches during the day
but on the next occasion he logs on during the night, we are able to account for this difference in

behavior.

5.2 Carrier Choice

At each search occasion the visitor has the option to select between several differentiated airline
carriers. We assume that consumers have certain brand preferences for carriers operating on their
selected routes. Since multiple flights are operated by a single carrier on a given route and date
combination, we aggregate the flights to the carrier level. We consider the following specification

for flight characteristics which influence consumer’s carrier choice:

Upjt = E;L + B Pyji + By Flight Durationy;; + B4 Flex Timep (5.8)

Carrier choice depends on consumers’ inherent preference for carriers measured by carrier specific
fixed effects & Jh, the average price of the carrier Py, and carrier characteristics. Following principles
of utility maximization we expect the flight with the highest utility to be chosen. The total utility
from a particular carrier is the sum of the deterministic component and an unobserved component

such that:

Unt = Upt + €pjt (5.9)

The unobserved component of utility denoted by i.i.d error term €. which gives us the following

9The lack of demographic data is not specific to our data set. This is a characteristic of most online data sets as
noted by Bucklin and Sismeiro (2009).as noted
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conditional choice probability of carrier j being selected at occasion .

exp(v?t)

Zj exp(v;’t)

We include the average ticket price for each carrier operating on the searched route and date as

Pl (jlpurchase) = (5.10)

a measure of expected expenditure in the carrier choice utility. In addition, consumers may select
different carriers based on the availability of non stop flights. Therefore, we include a measure of
the average flight duration for each carrier Flight Durationyj:.*° The variable is computed as the
total time taken for the journey, for round trips this variable is the sum of the travel time for both
legs of the journey. A priori we expect customer’s would prefer carriers with shorter journey times.
We also include a flight time dummyFlex_Timey ; to capture the convenience of the flight, for
instance consumer’s might prefer flights during the day as it is easier to commute to the airport, as
opposed to flights in early in the morning or late at night. Hence, we expect flights with convenient
times will be preferred by customers. Table 3 provides summary statistics for covariates used in

the model

Table 3: Summary Statistics for Covariates

Variable Mean  Std. Dev. Min Max
Price 125.45 56.47 18 975
Avg. Session Price 136.99 54.97 18 739
Standard dev. In Prices 24.20 30.41 0 866
Days to Departure 13.36 8.67 1 31
No. Flight Options 2.36 1.13 1 15
No. Search Sessions 3.04 2.32 1 17
No. Requests per Session 3.87 2.96 1 26
Flight Duration in hours 2.39 0.83 1 5
Search in Day Dummy 0.58 0.49 0 1
Previous Booking Experience 0.08 0.50 0 15
Customer directed from OTA 0.15 0.36 0 1

We further define the expected future utility at time ¢ + 1 as follows:

20Carriers with more non-stop flights on the route would have lower average flight duration.
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E(upjit1) = §]h + BYE(Phji1) + BYE(Flight Durationpjii1) + BYE(FlexTimepjir1) (5.11)

We assume that consumers only form expectations regarding prices for the flights they have
observed. Therefore E(Flight_Duration;iy1) = Flight _Durationj; and E(Flex_Timeji1) =

Flex_Timej;, i.e. carrier characteristics do not change across time.2!

Thus, at a given search
occasion consumers decide whether they would purchase the available options at Pjj; or whether
they would continue searching to consider E(Pj;¢+1) in the future, given that flight characteristics

remain the same. We outline alternative models of expectation formation in the following section.

5.3 Price Expectations

Following Zhang (2012) we model expected future price as a reference price that influences the
purchase incidence decision. Unlike traditional reference price models we do not formulate expecta-
tions for current purchase decisions, instead we build expectations for future prices. We assume that
visitors form expectations of future prices informed by past experience and information gathered
during search. We compare three alternative methods of expectation formation; expectations with

learning, rising price expectations and rational price expectations.

5.3.1 Price Expectations with Learning

We assume that consumers search in order to learn about the price process and they update
their expected price after every search request ¢, where t = 1,...Ty. T} denotes the number search
requests for each individual.2? As search progresses consumers update their price expectations such
that:

E(Pn) = aB(Pe™) + (1 — a) Py (5.12)

21Zhang et. al. (2012) make similar simplifying assumptions regarding feature and display for packaged goods,
and only allow consumers to form expectations regarding future prices.

22Tt should be noted that price expectations are made for each trip, when a consumer searches a new trip after
making a booking t is set to 0. Hence, T}, is the number of search requests made for a particular trip by visitor h.
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learn

For each search request E(P;f{") is computed as the weighted average of the price expectation

J
in the last request and the current price where « is the weight assigned to prior price expectations.??
Customer recall is considered to be a first order Markov process, this assumption is in line with
(Montgommery et. al., 2004) who define the browsing of customers to be dependent on only the
last decision and not the entire history. At the initial search request we assume consumers have
some beliefs about the price of a ticket based on their past booking experience. Since we cannot
trace consumer behavior for more than a period of 2 months (as cookies are deleted) we use the

extensive bookings data base to estimate the relation between price, time till departure, seasonality,

weekend, routes and carrier specific effects

11 11
fﬁ"k = wo+wi Departure;y+wsWeekend + E wo i Month;jp +wiaCarrierjy+ E wiatk Routeyjy

i=1 k=1
(5.13)
where ¢/ = 1...T" is the occasion at which a booking for carrier j was made. We estimate the
coeflicient vector based on information on transaction prices for flights booked in July 2004 till April
2006. 145,829 bookings were used to estimate the coefficients of the price equation. Based on the
estimated parameters we predict the initial price estimate for each visitor’s first search request for a
particular trip. Hence, the reference price for each user at the first search occasion is the predicted
value (E(P,ZSC{T”) = P?f\"k) . The initial price expectation allows customers to have a prior belief

about the prices before they begin the search process.?*

5.3.2 Rising Price Expectations

It is a common belief that airlines charge higher prices for tickets purchased only a few days

23 We use grid search to estimate the optimal value of o the weight placed on previous prices vs. current prices.

search provide better fit.

24Predicted prices were also used to define the initial price expectation for the first time a carrier appeared in
search results. For instance, if carrier 2 appeared for the first time on search occasion 3, the initial price expectation
is defined by the predicted value.

26



prior to departure as the demand for these customers is relatively inelastic (Carlton and Perloff,
2000) and the cheapest seats are the ones to be sold first (Pender and Baum, 2000). Therefore,
in line with these beliefs we assume that waiting and not buying can result in price increase from
one search occasion to the next. To incorporate these rising price expectations we assume that
consumer expectations about rising prices are drawn from a truncated normal distribution, where

the truncation point is set as the current price for each carrier observed by the searcher.

E(P}3351 | Prje) = f(Paj, 05, Prjt) (5.14)

¢(ﬁhj 7(7]2‘)

T8 Pyl Hence, at every occasion consumers expect prices to

where f(Ppj,0; Phji) =

r

increase in future. Therefore, E(P, jt

e

+1) > Phjt.% We assume that consumers form an expectation
about the price on the next search occasion based on the prices they observe in the current search.
It should be noted that while consumers expect prices to increase in future, they are sophisticated
enough to adjust their price expectations downwards if they see a decline in the price. For instance,
if consumers saw a price of $50 at occasion t = 1, he would expect that at ¢ = 2 the expected price
would be greater than $50, i.e.E(P,I}‘;e) > $50 . However, if at ¢ = 2 the observed price was $30,
the consumer will adjust his expectation such that E (P,f;ge) > $30. For each carrier the moments of
the distribution were based on the mean of all searched prices and the standard deviation in these

prices.26

5.3.3 Rational Price Expectations

Under the rational price expectations specification, we assume that consumers know the dis-

tribution of prices. This assumption has been frequently made in models of consumer search (e.g.

25

Koulayev (2010), makes a similar assumption regarding price expectations for ordered search results for hotels. In
Koulayev’s (2010) model consumers cannot observe the prices on the second page, therefore, they make an assumption
regarding the prices on the next page of results, before deciding whether to click or not.

26 We also used the extensive bookings database to compute the moments but did not find any statistical difference

between the two measures.
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Kim et. al., 2010). We assume that visitors have prior knowledge about the relation between price
and flight attributes. We further assume that consumer expectations are based on their past book-
ing experience. We establish the relation between prices time till departure, seasonality, weekend,

routes and carrier specific effects.
E(P,Zj‘-lffl”“l) = PlP°F(Departure, Weekend, Month, Carrier, Route) (5.15)

We use the observed booking prices to estimate the parameters defining the relation between
prices and flight characteristics. We use Eq. 5.13 to establish the link between prices and flight
characteristics, based on this relation consumers can determine the expected future price of the

flights they have observed in the current search request.
6 Estimation

We use a hierarchical bayesian approach to simultaneously estimate the incidence and choice
models. We use the Markov Chain Monte Carlo (MCMC) sampling to generate draws from the
posterior densities of model parameters. For the random coeflicients distributions, we use the
normal distribution as the prior and the inverse Wishart distribution for the variance. Our choice of
hyper parameters is based on weak priors allowing the data to drive the results. The simultaneous
estimation approach ensures that covariance is allowed among the incidence and brand choice
parameters. We use 10,000 iterations for burn in and an additional 1,000 iterations to determine

the posterior distribution of parameters.

6.1 Endogeneity

The error term &p,;; in the carrier choice equation (Eq. 5.9) may contain unobserved factors
that influence prices and consumer choice. The presence of endogeneity can seriously bias estimates
of discrete choice models (see Andrew and Curim (2010), for a discussion of the importance of
accounting for endogeneity in disaggregate multi stage models of demand). In the case of airlines,

factors like seasonal demand or fuel price hikes might affect the price, while these factors would have
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been observed by air carriers when setting price, the researcher needs to account for the impact of
these unobservables on price. Another source of endogeneity could be that the error term includes
flight characteristics such as the choice of the airport, which may be positively correlated with the
price variable due to airport taxes. Therefore, by accounting for endogeneity we take care of these
factors. Our paper is one of the few papers that accounts for endogeneity in multi-stage decision
models. We use a two stage instrumental variable approach in which the first stage we regress P;

on a set of instruments Z;; and flight characteristics X, i.e.,

Pjs = ¢o; + 0125 + ¢3jX;-t + vj¢ (6.1)

The instrument Z;; is the mean price of of all other available carriers as instruments (Pj¢).
In addition we use the flight characteristics X }t which have not been included in the final choice
model to account for any omitted variable bias. X ;t includes weekend dummy, days till departure,
journey distance month and route dummies. In the second stage the predicted priceP;;jt is inserted

in equation (5.6) such that the carrier choice utility is defined as :

Upje =& + BfP;;jt + BgFlightiDumtionhjt + 5§Flex7Timehjt (6.2)

The predicted price is free form any endogeneity bias arising from the correlation between un-
observed factors and the error term. To the best of our knowledge ours is the first paper which
accounts for endogeneity in a model of consumer pre-purchase behavior. In models with more com-
plex sequential search models where error terms enter the model in a non-linear way accounting for
price endogeneity is not straight forward and it has been assumed that the unobservable component

of utility is uncorrelated with the error term (e.g. Koulayev, 2010 and Kim et. al., 2010).
7 Empirical Results

In this section we report the main empirical findings and compare the predictive ability of the

proposed model. We estimate different specifications of the expected price; constant reference prices,
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expectations with learning, rising price expectations, and rational expectations a base model with
no search, as well as a base model with no search . In addition, we calibrate the model on the entire
sample of site visitors and a purchaser only data set. By estimating the alternative benchmark
models we are able to empirically measure the gains from our proposed modeling approach. Table
4 presents a comparison across the three specifications for price expectations.

Comparison of in sample fit based on Bayesian Information Criterion (BIC) across the three
expected price specifications suggests that the model with consumer learning best explains the
observed search behavior. The weight attached to current session prices () was estimated as
0.7, indicating consumer give more weight to current prices when forming expectations. It is not
surprising that the model with rational price expectations is the worst performing in terms of fit,
due to the uncertain prices in the airline industry, prices seldom conform to straight forward price
rules, therefore, expectations that link future prices to flight characteristics is the least accurate
model.

To check the robustness of our results we compare the full search model with a base model
without search and the search model calibrated on a a subset of purchasers. Table 5 presents the
base model without search, the final model calibrated with all site visitors (full search model with
learning) and a model calibrated on the sub set of purchasers. Model comparison based on the
BIC suggests that our proposed model of search better explains consumer behavior compared to
the benchmark model without search. Comparison of the base model and the full search models
highlights that ignoring consumer pre-purchase behavior results in poor in sample fit and an under-
estimation of the impact of price. In addition, the model estimated on a subset of purchasers has
an insignificant price coefficient. Due to the differences in sample size we cannot directly compare
the purchaser only and visitor model. We conduct tests of predictive ability of the two models in
hold out samples and present the results in section 7.3. In the following sub sections we present

an overview of the main results for purchase incidence and carrier choice based on the full search
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Table 4: Comparison of Model of Price Expectations

Rational Expectations

Rising Price Expectations

Expectations with Learning

97.5% Confidence

97.5% Confidence

97.5% Confidence

Estimates Interval Estimates Interval Estimates Interval
Incidence Parameters
Inclusive Value 0.724 0.7197 0.7285 0.891 0.8863 0.8951 1.043 1.0377 1.0469
Expected Future Value 0.407 0.4025 0.4120 0.169 0.1641 0.1735 -0.097 -0.1014 -0.0924
No. of Searches in
Session 0.084 0.0783  0.0886 0.086 0.0803  0.0908 0.082 0.0778 0.0876
No. of Sessions -0.165 -0.1699 -0.1604 -0.164 -0.1685 -0.1589 -0.166 -0.1700 -0.1605
Flex Date 0.218 0.2135 0.2232 0.218 0.2132  0.2231 0.217 0.2127 0.2211
Flex Route -0.058 -0.0627 -0.0539 -0.059 -0.0637 -0.0550 -0.060 -0.0640 -0.0552
Standard Deviation -0.046 -0.0507 -0.0398 -0.046 -0.0510 -0.0400 -0.045 -0.0500 -0.0401
Flight Options 0.609 0.6041 0.6138 0.609 0.6043 0.6142 0.609 0.6049 0.6140
Previous Experience 0.066 0.0610 0.0703 0.068 0.0634 0.0728 0.069 0.0645 0.0730
Round Trip -0.267 -0.2718 -0.2626 -0.315 -0.3198 -0.3104 -0.326 -0.3308 -0.3215
Day Request 0.100 0.0952  0.1042 0.103 0.0985 0.1074 0.105 0.1007 0.1094
Intercept -2.710 -2.7152 -2.7063 -2.609 -2.6143 -2.6052 -2.575 -2.5790 -2.5706
Choice Parameters
Intercept Carrier 1 0.370 0.3641 0.3749 0.369 0.3635 0.3746 0.371 0.3649 0.3769
Intercept Carrier 2 -0.229 -0.2347 -0.2239 -0.274 -0.2798 -0.2690 -0.323 -0.3280 -0.3175
Intercept Carrier 3 0.247 0.2421 0.2536 0.289 0.2839 0.2953 0.334 0.3283  0.3401
Intercept Carrier 4 -0.183 -0.1886 -0.1771 -0.186 -0.1915 -0.1802 -0.207 -0.2125 -0.2016
Intercept Carrier 5 -0.032 -0.0368 -0.0262 -0.088 -0.0930 -0.0826 -0.119 -0.1232 -0.1128
Intercept Carrier 6 0.711 0.7058 0.7168 0.842 0.8366 0.8476 0.952 0.9471 0.9567
Intercept Carrier 7 0.872 0.8662 0.8768 0.782 0.7770  0.7876 0.758 0.7524 0.7624
Price -0.009 -0.0167 -0.0014 -0.009 -0.0166 -0.0003 -0.011 -0.0177 -0.0040
Flight Duration -0.277 -0.2822 -0.2722 -0.292 -0.2969 -0.2871 -0.300 -0.3053 -0.2954
Day Flight -0.092 -0.0972 -0.0863 -0.108 -0.1132 -0.1023 -0.115 -0.1202 -0.1097
Log-Likelihood -44,122.00 -44079.000 -44,045.00
BIC 44,288.70 44,245.70 44,211.70
N 18,136 18,136 18,136
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Table 5: Comparison of Full Search Model and Benchmark Models

Base Model Full Search Model Purchaser Search Model
97.5% Confidence 97.5% Confidence 97.5% Confidence
Estimates Interval Estimates Interval Estimates Interval

Incidence Parameters
Inclusive Value 0.726 0.7253 0.7266 1.043 1.0377 1.0469 0.958 0.9512 0.9653
Expected Future Value -0.097 -0.1014 -0.0924 -0.155 -0.1608 -0.1478
No. of Searches in Session 0.082 0.0778 0.0876 0.136 0.1271 0.1444
No. of Sessions -0.166 -0.1700 -0.1605 -0.163 -0.1719 -0.1555
Flex Date 0.217 0.2127 0.2211 0.059 0.0518 0.0669
Flex Route -0.060 -0.0640 -0.0552 -0.039 -0.0464 -0.0315
Standard Deviation -0.045 -0.0500 -0.0401 -0.059 -0.0670 -0.0505
Flight Options 0.609 0.6049 0.6140 0.626 0.6187 0.6343
Previous Experience 0.867 0.8657 0.8673 0.069 0.0645 0.0730 0.101 0.0937 0.1084
Round Trip 0.011 0.0098 0.0114 -0.326 -0.3308 -0.3215 -0.051 -0.0589 -0.0431
Day Request -0.655 -0.6553 -0.6539 0.105 0.1007 0.1094 0.105 0.0974 0.1120
Intercept 1.283 1.2825 1.2836 -2.575 -2.5790 -2.5706 -1.448 -1.4540 -1.4406
Choice Parameters
Intercept Carrier 1 0.116 0.1149 0.1170 0.371 0.3649 0.3769 0.461 0.4525 0.4709
Intercept Carrier 2 -0.109 -0.1102 -0.1084 -0.323 -0.3280 -0.3175 -0.332 -0.3408 -0.3227
Intercept Carrier 3 0.202 0.2008 0.2027 0.334 0.3283 0.3401 0.273 0.2632 0.2819
Intercept Carrier 4 -0.563 -0.5637 -0.5619 -0.207 -0.2125 -0.2016 -0.352 -0.3610 -0.3432
Intercept Carrier 5 -0.025 -0.0262 -0.0243 -0.119 -0.1232 -0.1128 -0.063 -0.0709 -0.0550
Intercept Carrier 6 0.645 0.6439 0.6457 0.952 0.9471 0.9567 0.915 0.9065 0.9228
Intercept Carrier 7 -0.217 -0.2180 -0.2163 0.758 0.7524 0.7624 0.756 0.7465 0.7642
Price -0.001 -0.0020 0.0004 -0.011 -0.0177 -0.0040 0.004 -0.0095 0.0170
Flight Duration 0.022 0.0209 0.0224 -0.300 -0.3053 -0.2954 -0.450 -0.4578 -0.4416
Day Flight -0.084 -0.0845 -0.0828 -0.115 -0.1202 -0.1097 -0.106 -0.1140 -0.0973
Log-Likelihood -47,355.00 -44,045.00 -43,378.00
BIC 47,433.45 44,211.70 43,538.93
N 18,136 18,136 12,917
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model with learning.

7.1 Purchase Incidence

The final estimates and confidence intervals for the preferred model are presented in Table 5 col-
umn 2. Overall the estimated parameters have the expected signs. Visitor actions are significantly
impacted by current and future category value. When consumers expect higher future utility they
are likely to forgo purchase on the current search occasion. On average we find that consumers
current category attractiveness measured by the inclusive value parameter has an estimated coeffi-
cient of 1.043 while future category attractive has a coefficient of -0.097. This result suggests that
a decline in current prices have a greater impact on current purchase incidence compared to an
equally large discount in the future. This behavior is consistent with theories of discounted utility,,
as consumers value a gain at present more than a gain in the future.

The results suggest that search effort is an important determinant of purchase incidence. We
find that the number of 30 minute search sessions have a negative impact on purchase incidence.
This is an interesting finding which suggests that customers who return to the website repeatedly
over time may have low search costs and spend more time searching. We regard this as proclivity
for temporal search. However, the number of searches within a session has a positive impact on
incidence, this indicates that consumers are more likely to make a purchase the more they search.
When customers search repeatedly without delay they are actively involved in the search task
and are hence, more likely to make a purchase. Moe and Fader (2004) find similar evidence that
purchase incidence is higher the more time customers spend browsing the site. Concentrated search
within a short span of time captures consumer behavior directed towards increasing the number of
travel options, we regard this behavior as spatial search. We also find evidence that changes in the
requested trip influences purchase incidence. Customers who change dates appear more likely to
purchase as customers with serious purchase intent often change their dates to find better prices,
such behavior is therefore indicative of spatial search. On the other hand, visitors who frequently
change their destination appear to be casual browsers without concrete travel plans and are less

likely to purchase. Comparing the magnitude of the effect of route and date changes we find that
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date changes have a larger impact on purchase incidence than route changes.

The above results regarding the impact of browsing behavior on search costs suggests that
greater spatial search is reflective of high search costs and increases purchase incidence, while
temporal search is indicative of low search costs and hence reduces the likelihood of purchase
conversion. This is a powerful result for OTA’s who can improve purchase conversion by targeting
visitors engaged in spatial search.?

In line with the widely accepted view that consumers search more in the presence of uncertainty
(e.g. Lanzetta, 1963; Urbany et. al., 1989), we find evidence that consumers search in order to
resolve uncertainty. The negative coefficient for standard deviation in observed prices indicates that
consumers tend to search more when there is greater spatial variation in prices. When consumers
observe volatility in product value, consumers would like to be more confident before deciding to
purchase, hence the purchase threshold is higher. Despite the control for the number of options seen
by customers, variance in price reduces the incidence of purchase. For site visitors flight options
have a positive impact on purchase. While customers are averse to the variation in prices, greater
variety reduces the need to invest time in search as they feel more confident regarding their purchase
decision. Figure 7.1 shows the joint distribution of the coefficient on uncertainty and the parameters
measuring the impact of search effort. Visitors who do not purchase due to uncertainty also have

a positive coefficient for the number of searches within a session.

We also find that search behavior is affected by observed consumer heterogeneity. Customers
searching for round trips tend to search more as they spend time finding the best flight option
for both legs of the journey. Some customers search through price comparison sites while other
customers directly log on to OTAs. Our results indicate that customers directly visiting the OTA
are less likely to book a flight, perhaps customers are more confident about purchase when they
are directed from price comparison websites. The dummy for search during the day is positive and

significant, this implies that customers with a serious purchase intent log on during the day (between

27 Ellisson and Ellison (2009) find that obfuscation strategies can be used by firms to increase the search costs of

consumers to reduce the price sensitivity and the amount of search.
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Figure 7.1: Joint Distribution of No. Searches in Session and Uncertainty
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8 am and 6 pm). This is valuable information for OTA’s, by introducing price variation across times
of the day OTA’s could take advantage of the difference in purchase incidence by timing of search.
In line with Nair et. al. (2010a) we find that prior purchase behavior at a site is a determinant of
current purchase. Consumers who have purchased at the website before are more likely to purchase
again, hence site loyalty is an important determinant or purchase incidence.?® We also tested the
impact of time till departure on search behavior, but found no evidence that customers are affected
by the time constraint. This suggests that customers normally start search when they are certain
about their travel plans and there is no evidence that customers who start searching in advance

will search more than customers who begin search closer to the date of departure.

7.2 Carrier Choice

Table 4 indicates that there is considerable variation in the estimates for the carrier dummies,
this indicates that some airlines are preferred over others. Figure 7.2 shows the distribution of
consumer preferences for the various carriers. Carriers 2, 4 and 5 were generally quite unpopular
amongst site visitors while Carrier 6 and 7 are normally preferred. This suggests consumers place
great importance to carrier quality in addition to price and other observed flight characteristics.

In accordance with our expectation, when prices are high there is a greater financial risk asso-
ciated with purchase, hence customers are less likely to purchase when prices are high (Punj and
Staelin, 1983). Comparison of the price coefficient across various models in Table 5 reveals that the
consumer price sensitivity is underestimated when search is not modeled. While the coefficient on
price is positive but insignificant in the purchaser only model highlighting the fact that including
all site visitors in the estimation sample improves model reliability.

We also find that customers prefer flights with short duration as indicated by the negative

coefficient on the flight duration parameter. However, carriers with arriving and departing flights

28Tn line with earlier studies of revenue management, which suggest that airline customers normally fall into two
categories, business and leisure (e.g., Dana, 1998), we tested for the impact of trip type on purchase incidence,
but found no difference in search patterns across the two groups. We specifically tested whether the behavior of
leisure customers (i.e. customers searching for flights on weekends and customers traveling with children), behaved
differently from business travelers. However, we found these variables to be insignificant and were dropped from the
final model. Number of passengers also did not influence search behavior.
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Frequency

Figure 7.2: Distribution of Carrier Preferences
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operating during different timings of the day are not preferred.

7.3 Model Validation

Out of Sample fit

We test the predictive ability of our proposed model using out of sample tests. We use the
data on consumer search from April 2006, to test the predictive power of our model. The hold out
sample comprised of 2,840 search requests and 757 purchases generated by 1,126 site visitors.

Table 6 presents a summary of the predictive accuracy for the hold out sample. According to
Table 6, the full search model calibrated on all site visitors correctly predicts purchase incidence
approximately 78% of the time, while the model calibrated on purchasers has a hit rate of 58%
and the model without search is the worst performing with a hit rate of 28%. Similarly, the visitor
model is more accurate than the purchaser model in predicting purchase incidence compared to the

base model and the model calibrated on a subset of purchasers.

Table 6: Out of Sample Hit Rate

Base Model Full Model  Purchaser Model
Purchase prediction (%) 26.76% 80.30% 37.30%
Hit rate (%) 27.46% 77.68% 57.99%

Note: We use a 0.5 probability cutoff, i.e. a purchase is predicted when the
probability is at least 0.5

Based on out of sample hit rates we conclude that the full model (including both purchasers
and visitors who do not make a purchase), has greater predictive power. The superior predictive
ability of our preferred model highlights the need to include site visitors who do not purchase in
models of consumer behavior. The behavior of site visitors who do not purchase contains valuable
information which can enable firms to better predict purchase incidence. Several recent studies of
consumer search behavior have been limited by the availability of data on non-purchasers and have
performed a conditional analysis of search as they have studied the search behavior conditional
on the customer eventually making a purchase (e.g. Honka, 2010; Kim et. al., 2010; Nair et. al.,

2010a).
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We further test the ability of our proposed model to accurately target customers. Figure 7.4
presents lift charts for the full search model, model without future price expectations and the
base model. To create the charts we sorted the purchase probabilities for all holdout visitors, as
predicted by the models. We then took the 10% of all (holdout) visitors with the highest predicted
probability and predicted how many would make a purchase. This procedure was then repeated
for 20% of the visitors, 30%, and so on. We then plotted the fraction of online purchases that each
model would have been able to capture at different targeting percentages. Our proposed modeling
approach, the full search model, outperformed both the base model and the model without future
price expectations in terms of lift. The lift lines corresponding to the full search model are always
above all others, Figure 7.4 shows that by targeting the best 30% of all holdout web site visitors
we are able to capture about 67% of online buyers if we use the full search model. The base model
perform poorly and only captures 26% of buyers. This suggests that including search in the model
is essential to accurately predict consumer behavior. We further find evidence that consumers form
future price expectations as the model without future category value only captures 57% of online

buyers.
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Figure 7.3: Lift Charts for Purchase Prediction (Comparison of Model with Search and Without
Search)
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Similarly, we find that casual site visitors contain valuable information that can help inform web
site managers to better target customers. Figure 7.5 compares the performance of the proposed
model estimated on all site visitors and a purchaser only sample. Again the model calibrated on

all site visitors performs better than the conditional purchaser only model.
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Figure 7.4: Lift Charts for Purchase Prediction (Comparison of Model calibrated on Purchasers
and Visitor)
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8 Conclusion

We present a joint analysis of consumer search and purchase behavior for a product categorized
by high levels of price uncertainty. Complex revenue management pricing algorithms introduce
uncertainty in prices across time and across airlines, as a result consumer search behavior in such
dynamic environments is likely to differ from behavior in more stable industries. However, little
is known about the impact of revenue management pricing on consumer behavior. Ours is one of
the few studies which attempts to understand the impact of this spatio-temporal price uncertainty
on consumer purchase behavior. We apply a flexible modeling approach to a rich data set on the
browsing and purchase behavior of a large panel of of customers visiting a leading European OTA.
Our two stage model of incidence and choice does not impose restrictions on the search behavior

of visitors, instead we use covariates based on information gathered and consumer actions at the
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website to answer how consumers cope with the significant price uncertainty, how consumers form
their expectations, and how search effort impacts purchase.

Our empirical results highlight the importance of pre-purchase behavior as a predictor of pur-
chase incidence. We find that ignoring pre-purchase behavior results in misleading estimates and
poor fit. In the context of online search for travel related products, ours is one of the first papers
which highlights the need to incorporate visitors who do not purchase in a model of search. Tests of
out of sample predictive power conclude that the full search model calibrated on all site visitors has
greater predictive power compared to models estimated on a sample of purchasers. This suggests
that the behavior of non purchasers includes important information that can help improve purchase
conversion.

Our results suggest that consumers are forward looking and use observed prices to dynamically
update their price expectations. These price expectations in turn determine the anticipated future
utility of travel options. When expected future value is high consumers are more likely to wait
and continue searching, however when expected future value is low consumers are more likely to
make a purchase. However, in line with theories of discounted utility visitors place greater value on
current utility compared to future utility. Our dynamic two stage model confirms that uncertainty
results in greater search, we find that spatial price variation makes visitors less confident about
the purchase decision resulting in greater search, while the more options available to customers
the more confident they are about the decision and less time is spent searching. Consumer search
costs as reflected by the investment in search effort are also important determinants of purchase
incidence. In line with existing studies (e.g. Moe and Fader, 2004), consumers are more likely to
make a purchase the more actively they search, however, once customers exit the website there is
a lower chance of making a purchase on subsequent visits. Customers who change dates frequently
are more likely to purchase at the website while customers who change routes do not exhibit serious
purchase intent. Our detailed data coupled with a flexible modeling approach allows us to account
for heterogeneity in customer behavior as well as possible endogeneity.

Our within site analysis of consumer information search has managerial relevance for OTAs in

particular and online businesses in general. While researchers are often limited by the availability
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of data, OTAs have access to detailed browsing and purchase data. Hence, OTAs can use their
extensive database to incorporate the search behavior of non-purchasers to better predict purchase
incidence as proposed by our research. In addition to improvements in prediction, managers can use
our findings to identify the determinants of a consumer’s decision to continue or abandon search.
We find that consumers are less likely to purchase in the presence of price variation across carriers,
OTAs could alter the flights displayed to customers to reduce the price variation across carriers.
From a website managers perspective improvements in forecasting and even small increments in
purchase conversion can result in considerable growth in sales revenues.

Furthermore, our findings regarding frequency of search have important implications for OTAs.
Our results suggest that consumers who actively search within a short span of time are more likely
to purchase while purchase likelihood declines when customers resume search after a 30 minute
interval. Currently, OTAs do not target customers while they are actively browsing, instead follow
up emails and weekly newsletters with special offers are sent to encourage repeat visit. According
to our findings conversion rates can be improved if websites take measures to increase customer
involvement during the time they are actively searching. For instance, OTA could display special
offers or recommend flights to customers who frequently change their travel dates. Since travel is
not an impulse purchase, customers start active search once they are certain of their plans, therefore
targeting active customers at could be more profitable for OTAs than sending weekly email alerts
to all customers.

Our study has certain limitations. Our existing analysis focuses on a single product category,
however OTAs sell several complimentary product categories. It would be insightful to explore how
consumer search influences basket choice decisions. While Nair et. al. (2010b) study consumer
basket, choice across travel portals, their analysis is limited as they do not observe the impact of
prices observed during search. Future research could extend our methodology to a incorporate
basket choice in a multi-stage model of within site search. Another limitation of the present study
is the lack of information regarding consumer behavior at competitor sites. By augmenting the
existing data set with details on consumer behavior at other sites, a more holistic model accounting

for both within and across site search could be calibrated.
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