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ABSTRACT
Understanding air travel choice behavior of air passengers
is of great significance for various purposes such as travel
demand prediction and trip recommendation. Existing ap-
proaches based on surveys can only provide aggregate level
air travel choice behavior of passengers and they fail to pro-
vide comprehensive information for personalized services. In
this paper we focus on modeling individual level air travel
choice behavior of passengers, which is valuable for recom-
mendations and personalized services. We employ a proba-
bilistic model to represent individual level air travel choice
behavior based on a large dataset of historical booking records,
leveraging several key factors, such as takeoff time, arrival
time, elapsed time between reservation and takeoff, price,
and seat class. However, each passenger has only a limited
number of historical booking records, causing a serious data
sparsity problem. To this end, we propose a mixed ker-
nel density estimation (mix-KDE) approach for each pas-
senger with a mixture model that combines probabilistic es-
timation of both regularity of the individual himself and so-
cial conformity of similar passengers. The proposed model
is trained and evaluated via the expectation-maximization
(EM) algorithm with a huge dataset of booking records of
over 10 million air passengers from a popular online travel
agency in China. Experimental results demonstrate that
our mix-KDE approach outperforms the Gaussian mixture
model (GMM) and the simple kernel density estimation in
the presence of the sparsity issue.

CCS Concepts
•Mathematics of computing → Kernel density esti-
mators; •Computing methodologies→Mixture mod-
els; •Information systems → Recommender systems;
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1. INTRODUCTION
Nowadays, it is convenient to travel by plane for taking

holidays, visiting friends or business purposes. It is reported
by Civic Aviation Administer of China that there are over
38 million people travel by air during May 2016 in China
[1], which is almost 10% increase compared with the same
month of 2015. Understanding air travel choice behavior
of air passengers is of great significance for various applica-
tions such as travel demand prediction, trip planning and
recommendation.

Existing approaches for understanding air travel choice
behavior typically rely on revealed preference and stated
preference data from passenger surveys [2, 6]. These sur-
veys help to investigate air passengers’ preference and to
estimate a few valuable metrics, e.g., value of travel time
savings, willingness-to-pay. Such approaches, however, can
only provide aggregate level air travel choice behavior of
passengers, which fails to provide comprehensive informa-
tion about individuals.

With the widespread prevalence of the Internet and on-
line payment tools, people usually reserve their flights in ad-
vance at online travel agencies, such as www.expedia.com,
www.ctrip.com, and www.qunar.com. When a passenger
plans to reserve a flight online, he often considers several key
attributes of a flight (e.g., airline, aircraft type, takeoff time)
according to personal preference or background (e.g., em-
ployment). The online flight reservation system then stores
the booking record, which contains fare, destination, airline
carrier choice, seat, aircraft type, flight time, number of con-
nections, takeoff time and arrival time of the trip. With an
ever-increasing dataset of flight booking records available
in these online travel agencies, there is an unprecedented
opportunity to understand individual level air travel choice
behavior.

In this paper, we focus on understanding individual level
air travel choice behavior of air passengers which greatly im-
pacts the way how one books flights upon a huge dataset of
online reservation records of flights collected by a popular
online travel agency in China. More specifically, this pa-
per aims at developing an accurate probabilistic model for
each air passenger, characterizing several key factors, such
as takeoff and arrival time, elapsed time between reservation
and takeoff, price, and seat class.

However, modeling air travel choice behavior at the indi-
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vidual level is faced with several challenges. Firstly, it is a
multi-variate modeling problem since the choice behavior is
characterized by a number of key factors, e.g., fare, flight
time, etc. Secondly, little study exists for modeling the air
travel choice behavior at the individual level. Widely used
parametric distribution functions, e.g., Gaussian distribu-
tion, Poisson distribution, are inappropriate for this choice
behavior modeling. Thirdly, each passenger has only a lim-
ited number of historical booking records. It is observed
with our dataset that a passenger has on average as few as
5 booking records per year, which leads to a serious data
sparsity problem.

To this end, we address the problem based on a mixed
kernel density estimation approach that leverages not only
his own regularity but also social conformity with “similar”
air passengers. Regularity of an individual passenger is re-
garded as his own preference on air travel choice behavior
while social conformity indicates that one’s choice behav-
ior is influenced by other “similar” passengers possibly due
to their similar backgrounds or experiences. The proposed
method is inspired by the intuition above: 1) For each air
passenger, we first employ a non-parametric density estima-
tion method to model his air travel choice behavior, in order
to grasp his own regularity hidden in his own historical air
travel trips. 2) To address the data sparsity problem, we
further introduce a probabilistic estimation upon “similar”
passengers to represent the conformity property, also based
on kernel density estimation. This part is called coarse-level
estimation. 3) We propose mix-KDE that builds a proba-
bilistic model which combines the individual’s kernel den-
sity estimation and coarse-level estimation. The proposed
method is then trained via the expectation-maximization
(EM) algorithm and evaluated with a huge dataset of book-
ing records of over 10 million users of a popular online travel
agency in China. Main contributions of this paper are sum-
marized as follows:

• We introduce the air travel choice modeling problem
as a multi-variate modeling problem and then point
out the data sparsity issue.

• We propose a novel mix-KDE model that utilizes both
regularity and social conformity of air travel choice
behavior and then train the model via a huge dataset
of online reservation of flights.

• Experimental results demonstrate that our mix-KDE
approach outperforms the GMM and the simple kernel
density estimation in the presence of data sparsity. In
addition, we further offer some visualization on the
proposed model.

The rest of the paper is organized as follows. We describe
the air travel choice behavior modeling problem in Section 2.
In Section 3, we extract some related features in the dataset.
Then, we discuss the proposed mix-KDE approach in Sec-
tion 4 and 5. Then, experimental results are given in Sec-
tion 6. Literature review is provided in Section 7. Finally,
we conclude our paper in Section 8.

2. AIR TRAVEL CHOICE BEHAVIOR MOD-
ELING PROBLEM

In the section, we first explain the heterogeneity of pas-
sengers via several simple observations and then offer the

Table 1: Summary of notations.

Notation Meaning

i Passenger id, often used as subscript

k Record number, e.g., the k-th record
of a passenger, often used as subscript

tri,k, t
f
i,k, t

a
i,k Reservation time, takeoff time (flight

time), arrival time

cdi,k, c
a
i,k Departure city, arrival city

pi,k, ρi,k Price, price discount

si,k Seat class, i.e., {Y=economy, F=first
class, C=business}

ai, gi Age, gender of a passenger

fi Frequency of taking flights, i.e., aver-
age number of flights in a year

αi Elapsed time between reservation and
takeoff, i.e., tfi,k − t

r
i,k

βi Time difference between two consecu-
tive flights, i.e., tfi,k − t

f
i,k−1

Di The set of reservation records of pas-
senger i

Day(·), Hour(·) Day of a date, hour of a day

Days(·) Number of days of time difference

(·) or avg(·), std(·) Average, standard deviation over a
passenger

Ent(·) Entropy function, often used to mea-
sure diversity of a parameter

Prop(·) Proportion function, often used to
measure proportion of a parameter

problem description in the end of this section. Main nota-
tions and their meanings used in the paper are summarized
in Table 1.

2.1 Heterogeneous air travel choice behaviors
Air passengers usually have their own preferences towards

various reservation options (e.g., reservation time) or service
attributes (e.g., airline, seat, aircraft type, price discount),
all of which are recorded by their booking records. Diversity
in air passengers’ choice behavior is generally due to personal
backgrounds (e.g., demographics, employment) and experi-
ences (e.g., past trips).

We offer an example that explains different passengers
have rather different preferences on various options with
some statistical information. As shown in Table 2, each row
offers a kind of statistical information of passengers (i.e., A,
B and C), and average or standard deviation over randomly
selected 10,000 passengers. In the first row, we can see that
three passengers have various air travel frequencies, from
10 to 30 flights per year. In addition, passenger C shows
smaller ρ and α, which indicates that passengers C prefers
lower price discounts and reserves his tickets much later. In
spite of more frequent flights of passenger C, time difference
between two consecutive flights, βi, of passenger C is longer
than that of passenger B as shown in the bottom row. This
happens when passenger B takes most of his flights in a
short time period while passenger C travels at more evenly
distributed time points in a year.
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Table 2: Comparison of statistical information.

Passenger A Passenger B Passenger C Avg10000 Std10000

fi 10 20 30 14.219 5.340

ρi 0.844 0.821 0.762 0.667 0.130

αi 3.425 4.527 1.852 8.123 3.638

βi 15.786 8.697 11.691 21.643 6.676

Figure 1: Comparison of preferences on takeoff days and takeoff hours.

Besides, their preferences on takeoff days and takeoff hours
are displayed in Fig. 1. In the left figure, a takeoff day is
classified into three types (the rationale of classification is
shown in Subsection 3.2 later) and then the proportion of
each type is computed for these passengers. The figure in
the right reflects their preferences on different takeoff hours.
Passenger A prefers taking a flight in the afternoon while
passenger B shows much more preferences on flights at 11
a.m. Different distributions on takeoff days or takeoff hours
are probably due to their different employments and profes-
sions.

From the observations above, we can conclude that dif-
ferent air passengers show different preferences upon each
option and thus have different air travel choice behaviors.
Consequently, we aim to model the air travel choice behavior
at the individual level, i.e., proposing a probabilistic model
for each air passenger.

2.2 Problem description

Definition (Personalized air travel choice behavior
modeling problem) Suppose the dataset of booking records
D = ∪iDi, where i is the identification of one air passenger,
collects N air passengers’ historical air traveling records.
Each record, di ∈ Di, contains a set of factors, x = (x(1), x(2),

· · · , x(m)). The air travel choice behavior modeling problem
is to derive a probability density model,Mi(x), for each air
passenger i that fits the data Di as much as possible.

3. FEATURE EXTRACTION
In the section, we describe several key factors that have

great impact on air travel choice behavior of an air passen-

ger. We summarize these factors into three aspects, i.e.,
reservation factors, flights factors and passenger factors.

3.1 Reservation factors
When a passenger books a ticket on a travel agency for

his air trip, some reservation factors that reflect his prefer-
ence are introduced, e.g., elapsed time between reservation
and takeoff α, and time difference between two consecutive
flights β. To explore these factors, we randomly choose
10,000 passengers and derive statistical results upon their
historical flights.

We plot the empirical PDF of α in the left picture of
Fig. 2. We can observe that people have various preferences
on their reservation time, ranging from less than a day to
more than a month. We further observe that most flights are
reserved 0.85×24 ≈ 20 hours in advance of takeoff time. The
average number of days between reservation time and take-
off time varies from passenger to passenger. For example,
price-sensitive people are likely to book their flights early
in order to get cheap tickets while business people usually
book flights late due to urgent business trips.

Another plot in Fig. 2 shows distribution of time differ-
ences between two consecutive flights. The most popular β
is 2.7 days which is consistent with round-trip tickets during
short holidays of three days such as Labor’s Day. However,
longer elapsed time (e.g., longer than a week) between two
consecutive flights happens since they belongs to two differ-
ent air trips.

3.2 Flight factors
Takeoff day is an important factor when booking a flight.

We plot a heat map of the number of air passengers in dif-
ferent days from December 1, 2013 to November 30, 2014 in
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Figure 2: Empirical PDF of α and β.

Fig. 3. It is clear that there are four peaks during the whole
year. The first two peaks appear at late January and early
February. The period between the two peaks is correspond-
ing to the Chinese Lunar New Year holidays. People often
travel to their hometowns for family reunion before holidays
and then go back to the cities where they work after hol-
idays. Similarly, another important festival in China, the
National Day holiday (usually from October 1 to October
7) generates another two peaks. During the National Day
holiday, people usually go for sightseeing as well as visit their
families. Apart from the most two important holidays, there
were also some other holidays, e.g., Tomb-sweeping Day at
early April, which also saw a higher density of passengers.
In addition, we can also see from the figure that there is
a periodical pattern with a period of 7 days. For instance,
during December 2013, in the day of 7th, 14th, 21st and
28th show lighter color than that of others, indicating much
smaller numbers of passengers in these days. Above all, the
takeoff day factor is reasonably described by a categorical
value of {H=Holiday, W=Workday and E=weekEnd (ex-
cluding holidays)}.

Price discount is another factor that affects air travel choice
behavior of passengers. Empirical PDF of discounts based

Figure 3: The numbers of passengers at different
days in different months.

on historical records of randomly selected 10,000 passengers
is plotted in Fig. 4. The most common discount is more than
0.9 and discounts are usually larger than 0.4. The PDF line
has local peaks at “integral points” because price discounts
are generally given by integral numbers, e.g., at a 30% dis-
count instead of 21% off.

3.3 Passenger factors
Impacting factors related with passengers themselves may

also affect their air travel choice behavior, e.g., age and gen-
der. In Fig. 5, we plot proportion of flights with respect
to passengers’ ages. It is obvious that age is a significantly
important factor since it is closely related with people’ em-
ployment, financial conditions or leisure time.

To sum up, these features are extracted as impacting
factors in air travel choice behavior models, including α,
Day(takeoff time), Hour(takeoff time), seat class and price
discount. Note that passenger factors are not included be-
cause we aim to construct individual behavior models. Pas-
senger factors are employed to model social conformity in
Section 5 later.

Figure 4: Empirical distribution of price discount.

614



Figure 5: Empirical distribution of flights in differ-
ent groups of ages.

4. INDIVIDUAL LEVEL AIR TRAVEL
CHOICE BEHAVIOR MODEL

In the section, we introduce kernel density estimation (KDE)
to model the air travel choice behavior for each passenger.
Firstly, the preliminaries of KDE are given. Then, we per-
form a data-driven bandwidth determination scheme to de-
rive a density model for each passenger.

4.1 Kernel density estimation
Kernel density estimation is a kind of non-parametric es-

timation that attempts to estimate the underlying density
directly from data without assuming a particular form of the
underlying distribution. The histogram is regarded as the
simplest kind of non-parametric density estimation. How-
ever, the histogram still has two “parameters” to determine:
bin width and starting point of the first bin. What is worse,
the histogram ignores the importance of each individual
sample and only counts the number of samples that falls in
a particular bin. To overcome the drawbacks of histogram,
a smoothing kernel function is introduced to replacing the
fixed-width bins, thus introducing kernel density estimation.
The kernel function is a probability distribution function
G(u) that satisfies the following condition, i.e.,∫

x∈RD

G(x)dx = 1, (1)

where D is the dimension of x.
Thus, the kernel density estimation is as follows:

g(x) ∝
∑
k

G(
x− x(k)

h
), (2)

where h is called bandwidth.

4.2 Bandwidth selection
The selection of bandwidth is a crucial problem in density

estimation. Either too small or too large bandwidth would
degrade the performance of estimation result.

In our problem, we employ the kernel density estimation
as follows. Generally, we choose the commonly used Gaus-

sian function as the kernel function. For each air passenger i,
the model gi(x) is generated by its own booking records Di.
Instead of choosing a numerical bandwidth parameter using
a commonly known rule [13], we employ a data-driven band-
width selection method, i.e., finding the best bandwidth that
maximizing likelihood via cross validation. In the cross val-
idation process, the model is fitted to part of the data, and
then it is evaluated by a specific metric that measures how
well this model fits the remaining data. The bandwidth that
fits data best is chosen. For each air passenger i, suppose
the selected bandwidth is ĥi, its density estimation is

gi(x) ∝
∑

x(k)∈Di

G(
x− x(k)

ĥi

). (3)

The coefficients in gi(x) is easy to compute by normalizing
the summation of gi(x) to 1.

5. TACKLING SPARSITY PROBLEM WITH
MIXTURE MODELS

In the section, we point out the data sparsity problem and
address the problem via a mix-KDE approach that builds
a mixture model for each passenger. Each component in
the mixture model is either the individual’s kernel density
estimation or coarse-level estimation from a population of
individuals sharing similar behavior with the passenger.

5.1 Sparsity problem
Since a lot of air passengers only have a few records (less

than 30 records during 2 years), we regard these passengers
as inactive ones. For example, if a passenger only bought 3
tickets in two years in the dataset (which is probably because
the dataset only covers a small part of her/his air trips), the
air passenger is regarded as inactive. Since the air travel
choice behavior of inactive passengers is rather random and
noisy, we only consider active ones in the paper. We plot the
number of records for active air passengers in Fig. 6. We can
see that a large proportion of passengers have less than 50
records. Therefore, even for active passengers, these records
are not sufficient to generate accurate density models. This
is because only thirty or fifty points are not enough to gen-
erate an accurate density model. We call this problem the
sparsity problem in the paper.

5.2 Measuring difference between passengers
We extract several statistics from historical booking records,

in order to explain the differences between each pair of indi-
vidual air passengers. We call these statistics profile vector
of an air passenger and all fields included in the profile vector
are listed in Table 3.

Commonly known distance measures such as Euclidean
distance can be employed to evaluate the differences between
profile vectors. Furthermore, profile vectors are normalized
at each dimension for simplicity. For example, profile vec-
tors of three air passengers are given in Table 4. From Ta-
ble 4, we can see that passenger A and passenger B prefer
booking economy seats than passenger C, and B usually
plans his trips earlier than the other two. The pairwise
distance is then computed according to Euclidean distance
based on normalized profile vectors which is shown in Table.
5. The distance measures the difference between air passen-
gers. The longer the distance is, the more difference the pair
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Table 3: Fields in the profile vector

Name Notation Meaning

Travel
frequency

fi Number of air trips per year

Seat prefer-
ence

Prop(si,· =
Y )

Proportion of taking econ-
omy seats

Travel time
preference

Prop(ti,· =
W )

Proportion of traveling at
workdays

Travel plan
preference

αi,· Average days between reser-
vation time and takeoff time

Travel dura-
tion prefer-
ence

βi,· Average days between cur-
rent flight and last flight

Diversity of
destinations

Ent(cai,·) Information entropy for
destinations

Age ai Age of a passenger

has. The results show that B and C are the most similar
among all pairs.

We further offer a scatter plot of profile vectors of 10,000
air passengers in Fig. 7. The seat preference and travel time
preference are chosen to plot scatter points. The density of
each dimension is also shown in subplots of Fig. 7. From the
figure we can see that a large proportion of people prefer
economy seats. However, the preference on travel time is
more diverse than seat preference.

5.3 Mixture models
Finite mixture models are a family of probability distri-

bution functions of the form

M(x; p, θ) =

c∑
k=1

pkgk(x; θk), (4)

where x is a d-dimensional random variable, p = [p1, p2, · · · , pc],
and θ = [θ1, θ2, · · · , θc], with pk being the mixture propor-
tions, gk being the component densities, with gk parameter-

Figure 6: Number of air passengers vs. Number of
flights (It only shows active passengers).

Table 4: Examples of profile vectors

ID Profile vector Normalized profile vector

A (10.0, 1.0, 0.7, 3.35,
15.628, 1.4, 30)

(0.167, 1.0, 0.7, 0.056, 0.781,
0.267, 0.429)

B (20.0, 1.0, 0.825,
4.525, 8.643, 1.475,
48)

(0.333, 1.0, 0.825, 0.075, 0.432,
0.281, 0.686)

C (30.0, 0.933, 0.8, 1.9,
11.647, 0.766, 45)

(0.5, 0.933, 0.8, 0.032, 0.582,
0.146, 0.643)

Figure 7: A scatter plot of profile vectors with only
two fields of seat preference and travel time pref-
erence. The top and the right subplots show the
density of each dimension, respectively.

ized by θk, c is the number of components. The mixture
proportions are non-negative and

∑c
k=1 pk = 1.

Apart from regularity of each passenger modeled in Sec-
tion 4, we introduce the idea of social conformity to address
the sparsity problem. Specifically, air travel choice behavior
is correlated with other “similar” passengers. Similar pas-
sengers can simply be interpreted as passengers with similar
preferences, e.g., living in the same city, preferring a spe-
cific airline, etc. The aforementioned profile vectors can be
employed to choose similar passengers. Then, the influence
of similar passengers constitutes other components in the
mixture models.

In our method, we determine the components via the dis-
tance between passengers. Consider a 2-component mixture
model of passenger i, where the first component is generated

Table 5: Examples of distance of profile vectors

Pair of passengers Distance

(A,B) 0.481

(A,C) 0.475

(B,C) 0.278
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by the booking records of his own, the other component is
generated by the records from other similar passengers. For
more complicated models with more components, e.g., 3-
component mix-KDE, all the other component are generated
by a subset of similar air passengers. More specifically, the
second component is generated with passengers those have
a distance less than a threshold τ1, and the third component
is generated by the corresponding records of passengers with
a distance not less than τ1 and less than τ2. Suppose the
components are generated by D1(= Di),D2, · · · ,Dc. The
mixture models are written as follows:

Mi(x) =

c∑
k=1

pkgk(x; θk|Dk), (5)

where gk(x; θk|Dk) denotes gk is generated by dataset Dk, c
is the number of components.

5.4 Model training
Each component is solved by the kernel density estima-

tion, i.e., gk parameterized by θk is generated by Equa-
tion (3). Therefore, undetermined parameters are the mix-
ture proportions, pk, 1 ≤ k ≤ c. Expectation-Maximization
(EM) algorithm [17] is employed to solve the problem be-
cause it is simple to implement and converges quickly.

Suppose the observations used for training the models is
yj , 1 ≤ j ≤ n, where n is the number of observations used for
training models. In the EM framework for our problem, we
introduce unobservable component labels zkj(1 ≤ k ≤ c, 1 ≤
j ≤ n) as the “missing” data (hidden variables), where zkj is
defined as one or zero according to whether yj belongs to kth
component of the mixture models. The EM algorithm is an
iterative procedure with expectation (E-step) and maximiza-
tion (M-step). The details of the EM algorithm is shown in
Algorithm 1.

Algorithm 1 The EM algorithm for training models

Input: y = {yj |1 ≤ j ≤ n}, g = {gk|1 ≤ k ≤ c}, ε
Output: p = {pk|1 ≤ k ≤ c}
1: ∀k, pk ⇐ 1/c
2: ∀k, ∀j, zkj ⇐ 1

c
3: Llog ⇐ logL(p|g)
4: while TRUE do
5: L0

log ⇐ Llog

// E-step
6: for k = 1 to c do
7: zkj ⇐ pkgk(yj)
8: end for
9: s⇐

∑c
k=1 zkj

10: for k = 1 to c do
11: zkj ⇐ zkj/s // Normalize zkj since it satisfies that∑c

k=1 zkj = 1
12: end for

// M-step
13: pk ⇐

∑n
j=1 zkj/n

14: Llog ⇐ logL(p|g)
15: if |Llog − L0

log| ≤ ε then
16: break
17: end if
18: end while
19: return p

Table 6: Summary of the dataset

Name Description

Collection time Jan. 2013 to Nov. 2014

Number of air passengers 14,667,709

Number of records 99,308,782

Number of records per passen-
ger per year

5

6. EXPERIMENTS
In the section, we present experimental results of the pro-

posed model. First, we describe the dataset from an online
travel agency and list several baselines. Then, a commonly
used metric, log-likelihood, is computed to show the effec-
tiveness of the proposed model. Finally, we offer some visu-
alization results.

6.1 Dataset description
In our experiment, we use the dataset of an online travel

agency. The system of the online travel agency allows pas-
sengers to book various kinds of flights from different airlines
online. The dataset collects all booking records of domestic
flights from January 2013 to November 2014. Each booking
record contains the flight information and booking informa-
tion, including user id, flight number, booking time, airline,
takeoff time, arrival time, departure port, destination port,
price, price discount, seat class, passenger id, gender and
age. The details of the dataset are summarized in Table 6.

6.2 Experiment settings
Generally, the dataset is divided into two parts, from Jan-

uary to December 2013 and from January to November 2014,
for training and evaluation, respectively. The set of active
air passengers are chosen. In each run, we randomly choose
1,000 air passengers from the active passenger set. Log-
likelihood is used as the metric for each air passenger and
thus its average and standard deviation are collected. The
listed results are generated by averaging the results of 20
runs.

6.3 Evaluated models
To validate the effectiveness of the proposed model, we

evaluated its performance with the following counterparts.
Suppose the number of components in the mixture model
is denoted by c, and the bandwidth in kernel density esti-
mation is denoted by h. All the evaluated models are con-
structed at the individual level.

• GMM: Gaussian mixture model is a commonly used
model which employs the Gaussian distribution as the
distribution function for each component. Number of
components is chosen to be 2 or 3.

• fKDE: It is a fixed-bandwidth kernel density estima-
tion for each air passenger. The bandwidth h is set
according to the famous Silverman rule [13]. Gaussian
function is used as the default kernel.

• mix-KDE: This is the proposed model. It is a mixture
model whose individual component is expressed by ker-
nel density estimation. The bandwidth of kernel den-
sity estimation is determined by the cross-validation
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method. The default kernel is Gaussian kernel. In the
experiment, we only test the mixture model with two
components for simplicity, which is created with the
passenger’s own records and records of other passen-
gers that share similar behavior with the passenger as
a whole. Specifically, we set τ1 = 0.3 and randomly
choose 1,000 passengers from all those passengers sat-
isfying τ1 as the set used for the second component.

6.4 Evaluation results
Log-likelihood is computed based on Equation (6), i.e.,

logarithm of likelihood, logL. This metric shows how the
proposed model fits the evaluation data.

Definition (Likelihood) Suppose the observed data sam-
ples are denoted by Di, the proposed model isMi, the like-
lihood is equal to the probability of those observed samples
given the model. The equation is

L(Mi,Di) = P (Di|Mi). (6)

To evaluate the influence of impacting parameters, we
vary impacting parameters and compare their results. Two
models of GMM with different numbers of components (c =
2 and c = 3) are evaluated, which are denoted by GMM-2
and GMM-3, respectively. The bandwidth of kernel den-
sity estimation is chosen from 1, 1.5 or via cross-validation.
Thus, the model is written as model name with bandwidth,
for example, a mix-KDE method with a fixed bandwidth 1.5
is denoted by mix-KDE-1.5.

From evaluation results in Table 7, we can easily see that
the proposed method (mix-KDE-cv) outperforms other meth-
ods both in average or standard deviation in terms of log-
likelihood. GMM and fKDE have much larger standard de-
viations than that of the proposed method, which is prob-
ably because they can only fit some kinds of air passengers
while fails to provide accurate description for other kinds of
air passengers. In the table, we additionally offer the com-
parison results of GMM with different components. It is
reported that more components doesn’t necessarily improve
the performance according to the average of log-likelihood.
Furthermore, GMM with more components is more likely to
suffer from over-fitting.

Table 7: Evaluation results of log-likelihood

Method Average Std.

GMM-2 -24.982 67.209

GMM-3 -45.016 40.919

fKDE-1.5 -11.364 9.439

mix-KDE-cv -7.030 2.277

Table 8: Evaluation results of various bandwidths
Method Average Std.

fKDE-1 -13.178 21.103

fKDE-1.5 -11.364 9.439

mix-KDE-1 -8.423 1.241

mix-KDE-1.5 -9.523 0.981

mix-KDE-cv -7.030 2.277

Table 9: Evaluation results of different kernels
Kernel Average Std.

Gaussian -7.030 2.277

Exponential -8.267 1.220

Tophat -23.423 35.241

Epanechnikov -20.756 33.743

In the next group of experiments, we compare the evalua-
tion results of different models with different bandwidths. It
is shown in Table 8 that the proposed data-driven method (mix-
KDE-cv) improves the performance when compared to the
predefined and fixed bandwidth determination schemes. For
the fKDE model, larger bandwidth helps to improve the
accuracy, while for the mix-KDE model larger bandwidth
doesn’t necessarily improve the performance in terms of av-
erage accuracy. It is reasonable that points that is far from
the considering point may show different properties and it
should be excluded when computing the density.

In Table 9, we compare the results of mix-KDE-cv with
different kernels. The first two kernels, Gaussian and expo-
nential, outperform the other two. The method mix-KDE-cv
with tophat and epanechnikov kernels are different from the
first two since those two only take account of points within
the range of [−h, h] for estimation. It tells that sometimes
diverse air passengers are possible to provide useful infor-
mation. The method with the epanechnikov kernel performs
better than that with tophat kernel because the tophat ker-
nel ignores different importances of points and sets identical
weight for different points with [−h, h].

6.5 Visualization
In the following, we offer the visualization of two groups

of models from four different air passengers in Fig. 8 and
Fig. 9. Other fields except number of advanced days (i.e.,
α) and hour type (i.e., Hour(takeoff time)) are fixed. The
density of air travel choice behavior is shown in z-axis.

From the comparison in Fig. 8, we can conclude that both
air passengers usually book their flights within 5 days in
advance. Furthermore, the most frequent takeoff hour of
them is 1 p.m. (i.e., 13 in the two pictures). However,
the distributions of takeoff hours of these two passengers
are different; passenger in the left are more likely to take a
flights at night compared to his counterpart in the right.

In another groups of models shown in Fig. 9, the two air
passengers are more probable to book flights much earlier,
e.g., 10 days or more in advance, than those two in Fig. 8.
That is to say, those air passengers in Fig. 9 usually make
earlier travel plans. In another dimension of takeoff hours,
those two passengers also have different distributions. The
most frequent takeoff hour of them are 9 p.m. (i.e., 21 in
the left figure) and 2 p.m. (i.e., 14 in the right figure),
respectively.

7. RELATED WORK
In the section, we review the related work from the fol-

lowing three aspects and then point out their limitations.

7.1 High-level air travel behavior modeling
There exist a lot of studies, such as prediction of air travel

demand [12, 14, 3], air traffic control [8], analysis of air travel
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Figure 8: Visualization of models for a group of air passengers who usually book their flights within 5 days.
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Figure 9: Visualization of models for another group of air passengers.

trends [11, 7], which are conducted to boost the air travel
service market. These studies regard air passengers as a
whole and analyze their behavior at an aggregated level.
It is of great importance to airport operators or airlines,
which require high-level statistical information to plan their
space or investment for the aim of maximizing their profits.
However, it is not suitable to employ an aggregated level air
travel choice behavior model for online travel agencies which
probably benefit from accurate recommendations towards a
passenger.

7.2 Modeling with discrete choice models
In previous studies [2, 6, 5], revealed preference (RP) and

stated preference (SP) data are widely used. These two
kinds of data are generated by conducting surveys among
air passengers. These datasets are extensively studied with
the discrete choice models in [16, 4]. Modeling air passen-
gers’ behavior can be expressed as predicting individuals’
choices from a given choice set. The discrete choice model is

a commonly used mathematical model which describes and
predicts one’s choice from a finite set of alternatives. Each
individual passenger, also called the decision maker, follows
a decision rule to select a best item from all alternatives.
Decisions rules show preference to different attributes asso-
ciated with each alternative. In air travel choice behavior
modeling problem, the service attributes include price, take-
off time, seat and so on. Generally, the multinomial logit
model and the mixed logit model are used to express the
decision rules. However, survey data has its limitation since
people sometimes don’t understand their own behavior well
enough or reluctant to provide real and objective comments
about themselves.

7.3 Other studies of air travel behavior
Several other studies also consider understanding air pas-

sengers’ behavior, such as [10, 9, 15]. In [10], the authors
investigate the behavior of air passengers by highlighting
several import factors that may affect air passengers’ choice,
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which was called price elasticity. The work is a kind of ticket
pricing. In another work [9], the authors try to study how
to make a trade-off between airports and airlines in multi-
airport regions. Apart from price, non-price characteristics
such as airport access time, flight frequency are found to
closely affect choices of air passengers. Tam et al. consider
the behavior of air passengers on choosing their ground ac-
cess to airports [15]. Air passengers must reserve a period
of time, which is called safety margin, for their trips to de-
parture airports. The choice of their ground access modes
is also regarded as a kind of behavior of air passengers.

8. CONCLUSION AND FUTURE WORK
In the paper, we have studied the problem of modeling

the air travel choice behavior at the individual level with
historical booking records. We apply the kernel density es-
timation for individual-level modeling. To tackle the data
sparsity problem, a mix-KDE approach is proposed in or-
der to exploit the broader pattern from a population of in-
dividuals sharing similar air travel choice behavior. The
experimental results show the advantages and effectiveness
of our proposed mix-KDE approach over GMM and simple
kernel density estimation. Since the metric, likelihood, can
be used a rank criteria for ranking or sorting algorithms,
the proposed model could be easily used for recommender
systems or personalized services.

There still exist a few issues which help to improve the
proposed model. Bandwidth determination for multi-variate
kernel density estimation is complicated. Some existing stud-
ies have been conducted to tackle the problem from different
aspects. In our model, we did not take much consideration
of the shape when choosing the bandwidth. In addition, an
adaptive or local bandwidth determination method can be
investigated. We leave them for future work.
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