
 
 

Delft University of Technology

Dynamic Airline Booking Forecasting

van Ostaijen, Thom; Santos, Bruno F.; Mitici, Mihaela

Publication date
2017
Document Version
Accepted author manuscript
Published in
Proceedings of the 21st Air Transport Research Society World Conference

Citation (APA)
van Ostaijen, T., Santos, B. F., & Mitici, M. (2017). Dynamic Airline Booking Forecasting. In Proceedings of
the 21st Air Transport Research Society World Conference

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.

This work is downloaded from Delft University of Technology.
For technical reasons the number of authors shown on this cover page is limited to a maximum of 10.



i
i

“MM” — 2017/5/31 — 20:17 — page 1 — #1 i
i

i
i

i
i

Dynamic Airline Booking Forecasting
Thom van Ostaijen, ⇤, Bruno F. Santos ⇤ Mihaela Mitici ⇤ ,
⇤Air Transport and Operations, Faculty of Aerospace Engineering, Delft University of Technology, Kluyverweg 1, 2629HS Delft, The Netherlands

Air Transport Research Society World Conference

This paper proposes a model for dynamic booking forecasting using
a time-inhomogeneous Markov process. The transition probabilities
are estimated based on a combination of an empirical and a paramet-
ric distribution. This model is applied for flight booking forecasting,
where flight forecasts are updated on a daily basis over a time horizon
of up to 300 days before the day of departure. The distribution of
flight bookings over this time horizon, as well as the expected average
flight bookings are determined. Historical data of two years of flights
is used in our numerical analysis. The performance of our model is
compared with two classical forecasting methods: the additive pick-
up method and the historical average. We show that our proposed
model is up to 8% more accurate than the two classical methods
mentioned above. Moreover, by determining the distribution of the
flight bookings over a horizon of 300 days before departure, we pro-
vide additional information about the uncertainty around the flight
bookings.

Airline Booking Forecasting | Markov Processes |

Abbreviations: DBD, days-before-departure; BH, Bookings Horizon; KQ, Kenya Air-

ways; MC, Markov Chains; PU, Pick-up; HA, Historical Average; SSE,Error Sum of

Squares; LF, Load Factor; A/C, Aircraft

1. Introduction
Accurate forecasting of demand for a flight is key for revenue
management. The higher the accuracy of the booking forecast,
the higher the revenue that the airline can achieve. Studies on
the impact of forecasting accuracy on passenger revenues [1]
have shown that a 10% improvement in forecasting accuracy
can lead to a 0.5% to 3% increase in annual passenger revenue.
Forecasting for revenue management has, however, proven

to be a challenging task because of the dynamics and com-
plexity of the bookings process. Bookings are influenced by
many factors such as seasonality, group bookings, pricing dis-
counts [2]. Capturing such factors is essential for the accuracy
of the forecast. Moreover, most existing work on forecasting
for airlines provide only a single point forecast. Yet, expressing
demand only as a single point (e.g., expected value of bookings
for a specific day/month) was shown to provide insu�cient in-
formation [3] on the degree of uncertainty around the forecast
that could provide enhanced support for decision-making and
pricing schemes. Our work di↵ers from this in that we de-
termine the distribution of bookings. As an application, the
model is used for dynamic flight booking forecasting for a hori-
zon of up to one year before the day of departure. In doing so,
we consider daily updates for the bookings forecasts. We show
that our proposed model outperforms two classical forecasting
methods: the additive pick-up method [9] and the historical
average [8]. Moreover, we determine the distribution of flight
bookings for various time horizons.
Existing forecasting methods can be divided into three

groups [1]: historical bookings methods, advanced bookings
methods and combined bookings methods.
Historical bookings methods use only historical data to de-

termine forecasts. Within this framework, in [4] the expo-
nential smoothing approach was employed to forecasts flight
bookings. In [5], ARIMA time series and regression models
were developed. The regression models were shown to outper-

form the ARIMA models. Neural networks and Q-forecasting
were employed in [6] and [7], respectively.
Advanced bookings methods determine forecasts based on

current data regarding flights that have not yet departed. The
pick-up method is an advanced bookings method that deter-
mines the number of bookings to be picked up from a given
point in time to another time-point in the bookings process.
The classical pick-up method [8] is used to determine the num-
ber of bookings at the day of departure. The additive pick-up
method incorporates the most recent data by estimating the
pick-up in smaller increments [9]. The multiplicative pick-up
method [10] assumes future bookings to be proportional to
current bookings. The regression method [11] is also defined
to be an advanced bookings method. A regression model that
included the current bookings, external cause factors and ran-
dom error has been proposed [1].
The combined bookings methods use historical and current

data. A model combining a non-causative regression model
with a time-series model is introduced [12]. A full-information
model that combines final bookings in historical data and cur-
rent bookings data in advanced bookings data is employed
in [1], [13]. A weighted average forecast combining a short-
term with a long-term forecast for hotel reservations is pro-
posed [14].
When comparing the forecasting methods above, it is shown

that the performance of the analyzed methods depends on the
specific forecasting problem and the dataset used. However,
the advanced pick-up method is shown to have an overall good
performance and performs at least as well as the best method
found in most of the comparisons [10, 15–20].
The forecasting methods mentioned above determine the ex-

pected number of bookings at various future time moments.
However, the distribution of the bookings is not determined.
This provides additional insight into the spread of the future
bookings and, most importantly, enables the stochastic op-
timization of seat prices, seat allocation and booking limits,
which, in turn, provides support for enhanced profitability.
In the application of the airline industry the interval forecast

is the most used method to provide insight in the uncertainty
of bookings [21]. However interval forecasts yield less informa-
tion about the uncertainty of bookings than distributions [3].
The Markov process conditional probabilities can be used to
determine forecast distributions [22–24].
In this paper, we propose a dynamic booking forecasting

method that determines both the distribution and the ex-
pected number of bookings at various time points. Our model
is based on the theory of time-inhomogeneous Markov pro-
cesses. The model can be classified as an advanced bookings
method. As an application, we consider flight bookings fore-
casting, with a forecasting horizon of 300 days prior to flight
departure until the day of the departure. The forecast is up-
dated daily, i.e., as time passes, the distribution and expected
value of the bookings is updated for the remaining time hori-
zon. We compare the performance of our proposed model with
two classical forecasting methods, advanced pick-up method
and the historical average method. We compute the average
error of the forecast for several points along the horizon and
compare the relative performances of each method. Further-
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more, we assess the accuracy of the distributions obtained by
our proposed model using interval scores.

The remainder of the paper is structured as follows. In Sec-
tion 2 we define our model on dynamic booking forecasting.
In Section 3 we introduce the metrics employed to evaluate
the performance of our model. In Section 4 we briefly explain
two classical forecasting methods, the performance of which
will be compared with our proposed model. In Section 5 we
explain the case study considered. In Section 6 we show and
discuss the results. Conclusions and future work are discussed
in Section 7.

2. Methodology
In this section we first formulate the dynamic booking fore-
casting problem as a time-inhomogeneous Markov chain. We
then describe our approach to estimating the transition prob-
ability matrices of the Markov chain.

2.1. Model formulation.Let the Markov chain {Xt} denote
the number of net booking at t days before the flight depar-
ture, t 2 {N,N � 1, ..., 0}, with N the horizon over which we
forecast. The state space of {Xt} is C = {0, 1, ...,K}, where K
is the maximum number of bookings. Let ⇡t determine the dis-
tribution of bookings at time t, i.e., ⇡t = [P(Xt = 0),P(Xt =
1), . . . ,P(Xt = K)]T .

Let Pt,t�1 denote the transition probability matrix from
time t to time t � 1, with Pt,t�1 = [P i,j

t,t�1], i, j 2 {0, . . . ,K},
where

P i,j
t,t�1 = P (Xt�1 = j | Xt = i) .

Following Chapman-Kolmogorov equations, the distribution
of net bookings at time t� � is

⇡t�� =
�Y

l=1

Pt�l+1 · ⇡t,

where � 2 {1, ..., N � t}.
The expected number of net bookings at time t days before

flight departure is:

E[Xt] =
KX

i=0

⇡t(i) · i,

where ⇡t(i) denotes the i-th entry of the vector ⇡t.

2.2. Transition probability matrices Pt,t�1.The transition
probability matrices Pt,t�1 of the Markov process {Xt} are
estimated based on a combination of i) a direct estimation of
each subsequent net bookings as its relative frequency and ii)
estimating the increments (changes) in net bookings. In both
cases, to estimate Pt,t�1 we make use of all available data
regarding the bookings up to time t.

i) Firstly, we determine P̄ i,j
t,t�1 by directly estimating the

probability of each subsequent net bookings as its relative
frequency. This approach captures net bookings dependent
transitions.

However, this approach requires a very large dataset of ob-
servations of the net bookings to accurately estimate the tran-
sition probabilities. Moreover, in practice, this approach leads
to a large number of zero entries for Pt,t�1. To address this,
we next estimate the increments (changes) in net bookings.

ii) Secondly, we estimate the increments in the net bookings
Xt�1�Xt observed in the dataset from time t to t�1, follow-
ing the approach in [22]. Di↵erent from the direct estimation
of the transition probabilities, this approach assumes that the

increments Xt�1 �Xt are independent of the net bookings at
time t.

In contrast with [22], where the distribution of the incre-
ments is fitted to a normal distribution and a shifted Poisson
distribution, we maintained the initial distribution of the in-
crements since we numerically observed that this approach
leads to the lowest forecasting errors.

P i,j
t,t�1 is now estimated by combining P̄ i,j

t,t�1 and P̃ i,j
t,t�1 (see

Fig. 1). Here, we use a weighting factor ↵ 2 [0, 1] as follows,

P i,j
t,t�1 =

(
↵ · P̄ i,j

t,t�1 + (1� ↵) · P̃ i,j
t,t�1,

PK
j=0 P̄

i,j
t,t�1 6= 0,

P̃ i,j
t,t�1, otherwise.

(1)
for any i, j 2 {0, ...,K}.

Fig. 1. Determining Pt,t�1 by combining the direct estimation of transition
probabilities for net bookings with the estimation of changes in the net bookings [22].

3. Performance measures
To assess the performance of our model, we consider the Mean
Average Error (MAE) and Interval Scores.

a) Mean Average Error is the absolute average di↵erence
between the bookings forecast and the actual bookings. Let
MAE(t) denote the average absolute error at time t over m
forecasts [10], with

MAE(t) =
1
m

mX

k=1

���E
h
Xk

t

i
�Xk

t

��� . (2)

where Xk
t denotes the k�th bookings forecast at time t.

b) Interval Scores [25] quantify the quality of an interval pre-
diction. Let S↵(pu, pl, Xt) denote the prediction interval score
at time t for the (1� ↵) · 100% prediction interval, ↵ 2 (0, 1).
Then,

S↵(pu, pl, Xt) = (pu � pl) +
2
↵
(pl �Xt)1Xt<pl (3)

+
2
↵
(Xt � pu)1Xt>pu

where pu and pl are the upper and lower limit of the interval.
The lower the value of the interval score, the better the fore-

cast is defined. Since the interval score is non-dimensional, it
only be used as a relative and not as an absolute measure to
assess the performance of our proposed forecasting method in
varying configurations.

2 T.H.T. van Ostaijen
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4. Other forecasting methods
In this section, we describe two classical forecasting methods:
the additive advanced pick-up method and the historical aver-
age, which we will use for performance comparisons with our
forecasting method, introduced in Section 2.

4.1 Additive pick-up model.The additive pickup method [9]
determines the average of reservations picked up between dif-
ferent particular days to forecast the future pickup between
the same particular days for the same flight number in the
future.
Let Ut,t�1 denote the booking pick-up from time t to t� 1.

Let Xk
t denote the net number of bookings for flight k at time

t. Then,

Ut,t�1 =
1
n

nX

k=1

⇣
Xk

t�1 �Xk
t

⌘
, (4)

where n is the number of flights used from the dataset to ob-
tain the forecast.
The forecast of the final number of bookings, denoted by

X̂0, is:

X̂0 = Xt + Ut,0, (5)

where Xt is the most recent known net number of bookings
for the flight.

4.2 Historical average.Let X̂t denote the forecast of the net
number of bookings at time t and Xk

t the net number of book-
ings for flight k in the historical bookings dataset at time t [8].
Then

X̂t =
1
n

nX

k=1

Xk
t , (6)

where n represents the number of flights in the historical
dataset.

5. Case Study
We consider data on the number of bookings on a time horizon
of 336 days before departure for 2 flights (KQ101 and KQ512).
One flight operates daily to Europe, while the other flight flies
three times a week to Western-Africa. The Europe route has
204 seats in economy class and the Africa route 116 seats. A
summary of the characteristics of these two flights can be seen
in Table 1.

Table 1. Subset of flights used in the study to test the model

Flight A/C Type Market LF Flights in dataset
KQ101 B787-800 Europe High 731
KQ512 B737-700 West Africa Low 457

We consider the bookings data recorded in 2014, 2015, 2016.
Moreover, we consider only flights that operated with the same
aircraft type as the currently deployed aircraft.
Analyzing the data, the variance of the number of bookings

is significant. As an example, Fig. 2 shows that the number
of bookings for KQ101 at the day of departure varies between
90 to 220 bookings (mean 176, standard deviation 28.5). Sim-

ilarly for KQ512, the mean number of bookings is 66 with a
standard deviation of 14.5.

Fig. 2. The variance in the bookings data of KQ101 at the day of departure.

6. Numerical Results
In this section the numerical results using the model proposed
in Section 2 are shown. Bookings forecasts are made for 92
KQ101 flights that are planned to departure in the period 1st
of October 2016 - 31st of December 2016, and for 64 KQ512
flight planned to departure in the period 1st of August 2016 -
31st of December 2016. Firstly, the performance of the model
both in terms of accuracy and uncertainty modeling is ad-
dressed when considering various weighting factors ↵. We also
analyze seasonality trends in the flight bookings. In addition,
the results of a comparative study with traditional forecasting
methods are outlined.

6.1 Weighting factor ↵.The weighting factor ↵ determines
the relative weight that is given to the direct and increment
distributions used to calculate P i,j

t,t�1 in (1).
Table 2 shows the results for various ↵ that yield the best

performance with respect to MAE and interval scores. A more
detailed analysis is provided in Table 3.
For KQ101, ↵ = 0.8 leads to be the best performance with

respect to MAE and interval score, except for the short-term
forecast of 7 days where ↵ = 0.7 resulted in the lowest MAE
(see also Fig. 3).
For KQ512, Table 2 shows that larger values of ↵, i.e.,

↵ 2 {0.5, 0.8}, leads to the best performance with respect
to MAE for extended horizons of 300 and 100 days before de-
parture. Lower values ↵ < 0.5 lead to the best performance
with respect to MAE for shorter time horizons of less than 40
days before departure.

Fig. 3. MAE for flight KQ101 with a bookings horizon of 39 days.

T.H.T. van Ostaijen ATRS July 3
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Table 2. Summary of model calibration results
Setting yielding lowest MAE Setting yielding lowest int. score
across all observation points across all observation points

Horizon Model setting KQ101 KQ512 KQ101 KQ512

300
↵ 0.8 0.8 0.8 0.8

Dataset Seasonal DOW Seasonal Month & DOW

100
↵ 0.8 0.5 0.8 0.8

Dataset Seasonal DOW Seasonal DOW

39
↵ 0.8 0.2 0.8 0.8

Dataset Total set DOW Total set DOW

7
↵ 0.7 0.3 0.8 0.7

Dataset Total set Total set Seasonal DOW

Table 3. Results for various model settings expressed as a sum of MAE and interval score across the observation points.
MAE results across Interval score results
all observation points across all observation points

KQ101 KQ512 KQ101 KQ512

Sum
% compared

Sum
% compared

Sum
% compared

Sum
% compared

Horizon Parameter Setting with lowest with lowest with lowest with lowest

300

↵

0.2 235.2 +6.4 44.4 +3.5 3792.4 +30.8 853.7 +13.4
0.3 230.9 +4.5 44.0 +2.5 3464.3 +19.5 829.7 +10.2
0.5 225.0 +1.8 43.4 +1.1 3111.9 +7.3 791.8 +5.2
0.7 221.7 +0.3 43.0 +0.3 2948.1 +1.7 767.4 +2.0
0.8 221.0 - 42.9 - 2898.9 - 752.7 -

Dataset

Total Set 221.0 +6.3 43.4 +4.9 2898.9 +13.8 791.8 +7.2
DOW 219.6 +5.6 41.3 - 2865.2 +12.4 780.0 +5.6

Seasonal 208.0 - 42.4 +2.6 2548.2 - 777.6 +5.3
Month-DOW 211.5 +1.7 45.0 +8.9 2825.2 +10.9 738.6 -

100

↵

0.2 149.4 +31.9 71.0 +0.1 1888.1 +13.6 1156.8 +12.2
0.3 142.4 +25.6 71.0 +0.1 1821.3 +9.6 1117.7 +8.4
0.5 129.4 +14.1 70.9 - 1740.9 +4.7 1054.3 +2.3
0.7 118.0 +4.1 71.1 +0.3 1681.9 +1.2 1039.7 +0.9
0.8 113.3 - 71.3 +0.5 1662.1 - 1030.7 -

Dataset

Total Set 113.3 +0.6 70.9 +9.1 1662.1 +1.8 1054.3 +0.5
DOW 131.1 +16.4 65.0 - 1736.8 +6.4 1048.7 -

Seasonal 112.6 - 71.9 +10.7 1632.2 - 1081.2 +3.1
Month-DOW 144.0 +27.9 76.2 +17.3 1933.0 +18.4 1200.8 +14.5

39

↵

0.2 120.5 +42.1 93.7 - 1460.9 +21.3 1317.5 +4.8
0.3 113.7 +34.0 93.9 +0.1 1398.1 +16.1 1301.4 +3.5
0.5 100.4 +18.4 94.3 +0.6 1297.9 +7.8 1278.5 +1.7
0.7 89.0 +5.0 94.7 +1.1 1232.6 +2.4 1259.8 +0.2
0.8 84.8 - 94.9 +1.2 1204.0 - 1257.4 -

Dataset

Total Set 84.8 - 94.3 +9.7 1204.0 - 1278.5 +3.0
DOW 101.0 +19.1 85.9 - 1288.2 +7.0 1241.1 -

Seasonal 90.7 +7.0 96.3 +12.0 1243.2 +3.3 1365.3 +10.0
Month-DOW 109.6 +29.3 91.5 +6.5 1380.2 +14.6 1353.4 +9.0

7

↵

0.2 37.6 +3.6 38.6 +0.5 507.6 +2.2 563.7 +0.7
0.3 37.0 +2.0 38.4 - 503.0 +1.2 564.6 +0.9
0.5 36.3 +0.1 38.5 +0.1 496.9 - 561.2 +0.3
0.7 36.3 - 39.2 +2.0 502.4 +1.1 559.8 -
0.8 36.5 +0.6 39.8 +3.7 510.7 +2.8 562.6 +0.5

Dataset

Total Set 36.5 - 38.5 - 510.7 +0.7 561.2 +5.8
DOW 36.7 +0.6 38.5 +0.1 507.4 +0.1 530.6 -

Seasonal 36.6 +0.3 42.1 +9.3 507.0 - 583.8 +10.0
Month-DOW 40.3 +10.4 50.1 +30.1 536.1 +5.7 647.9 +22.1

Table 2 also shows that both for KQ101 and KQ512 the
weighting factor ↵ leading to the lowest MAE does not neces-
sarily also lead to the lowest interval score.

Based on the results above, for the remaining analysis, for
KQ101, we consider ↵ = 0.8. For KQ512, we chose ↵ = 0.5
since resulted in a good performance in terms of MAE and
for the interval scores the setting is performing well both in
the first as in the second half of the horizon.

6.2 Seasonality. In this section we consider monthly seasonal
datasets, data of the same day-of-the-week (DOW) datasets
and datasets where the data has to fulfill both these charac-
teristics.

The performance of our proposed model for these di↵erent
datasets isdisplayed in Table 2.

For KQ101, Table 2 shows that using either monthly sea-
sonal datasets or the total set of data leads to the best perfor-
mance with respect to MAE and interval score. Table 3 also

shows that these two datasets lead to a better performance
than the DOW and Monthly & DOW combined datasets with
respect to MAE and interval score.

For KQ512, Table 2 shows that the DOW dataset eads to
the best performance with respect to MAE and interval score.
Table 3 also supports these findings. This finding is in line
with the knowledge that KQ101 is more dependent on the
seasons over the year because of holiday tourists and KQ512
more dependent on day of week because of business passengers
within Africa that show not much variation over the year.

6.3 Comparative performance analysis.The performance of
our proposed model (MC) outlined in Section 2 is compared
with two classical forecasting methods, historical average (HA)
and additive pick-up method (PU), which are outlined in Sec-
tion 4.

A summary of the results of the three methods (MC, HA,
PU) over all observation points is shown in Table 5. For each
time horizon, we considered 11 uniformly spread time points
V0, V1, . . . , V10 to show the performance of the models. For ex-

4 T.H.T. van Ostaijen
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ample, for a horizon of 300 days, we consider 11 time points,
uniformly distributed acrross the remaining 300 days before
departure. Table 4 shows the actual MAE’s of the considered
forecasting methods for each observation point.
For KQ101, our proposed method underperforms in com-

parison with the pick-up method in long-term forecasts of 200
and 300 days. However, for the remaining horizons our pro-
posed model yields the lowest MAE for most of the observation
points, as indicated in Table 5. Especially from 60 days or less
before departure, MAE for our proposed model improves sig-
nificantly in comparison with the pick-up method (see Fig.4
for an example). Nevertheless, in the first days of the forecast
horizon the pick-up method slightly outperforms our proposed
model as can be seen in Table 4.

Fig. 4. MAE for a forecast for flight KQ101 with a bookings horizon of 100
days.

For KQ512 the di↵erences in performance between the three
methods are much smaller. In the short-term, our proposed

model outperforms the other two methods. Exceptions are the
first days of the forecast horizon where the pick-up method
yields the lowest forecasting error (see Fig.5 for an example).

Fig. 5. MAE for flight KQ512 with a bookings horizon of 25 days.

A Kruskal-Wallis test [26] is used to test if the di↵erence
in performance of the three forecasting methods is significant
enough to state that one method is more accurate than the
other. The Null-hypothesis in this test is that the medians of
all the groups are equal. The significance level ↵ of 0.05 is
assumed.
For KQ101, Table 5 shows that a substantial number of

times our proposed model significantly yields the lowestMAE.
Especially for the medium term forecasts the hypothesis is re-
jected. For flight KQ512 the di↵erence in forecasting perfor-
mance between the methods is not significant enough. For
the long-term forecasts the hypothesis is only rejected for one
of the 11 observation points for our proposed model and the
pick-up.

Table 4. MAE for various forecasting horizons (bold numbers indicat the significant di↵erences)

MAE per observation point and per flight
KQ101 KQ512

Horizon Method V0 V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 V0 V1 V2 V3 V4 V5 V6 V7 V8 V9 V10

300
MC 0.8 8.4 13.4 16.8 22.1 25.0 29.5 28.3 26.3 22.8 14.5 0.1 1.5 1.3 1.4 1.3 1.7 3.2 5.9 4.6 11.1 9.2
HA 13.3 16.4 18.6 21.3 24.8 27.8 31.9 31.2 28.7 24.1 14.5 1.2 1.2 1.0 1.2 1.1 1.6 3.1 5.8 4.5 11.3 9.3
PU 0.4 7.6 12.5 16.4 21.8 24.6 29.2 27.4 26.0 23.7 18.7 0.1 1.7 1.6 2.0 1.9 2.2 3.4 6.1 4.5 10.8 8.8

200
MC 1.4 7.3 10.2 12.4 15.5 17.4 16.1 16.2 18.4 16.4 11.3 0.0 0.7 1.1 1.3 2.8 4.7 4.8 4.6 8.7 10.7 8.9
HA 23.1 24.2 26.5 28.6 31.1 31.7 29.7 27.9 25.7 20.6 14.2 1.1 1.1 1.5 1.5 2.9 4.7 4.8 4.6 8.7 10.5 8.7
PU 1.2 7.4 10.1 12.4 15.4 16.8 15.5 15.6 18.9 19.4 18.5 0.0 0.7 1.1 1.3 2.9 4.8 4.9 4.6 8.9 11.1 9.1

100
MC 1.7 4.9 6.3 9.2 10.5 12.8 14.3 14.0 14.4 12.7 11.8 0.6 1.3 2.6 4.1 4.5 5.4 7.1 8.9 9.5 10.8 10.2
HA 31.5 30.5 29.7 29.8 27.9 27.0 25.7 23.3 20.6 16.5 14.2 4.4 4.7 4.6 4.4 4.5 5.9 8.2 9.8 10.4 11.4 8.9
PU 1.5 4.4 6.9 10.0 12.5 15.5 18.0 19.3 21.9 23.9 24.7 0.5 1.2 2.6 4.1 4.4 5.2 7.0 9.0 9.6 11.0 10.8

60
MC 2.2 4.8 7.7 9.0 9.7 10.4 10.9 11.7 11.9 10.6 11.8 0.7 2.2 4.8 5.8 7.5 7.7 8.8 8.8 10.2 11.2 9.2
HA 27.9 27.7 27.2 26.3 25.0 23.3 21.2 19.2 16.7 13.9 14.2 4.6 5.1 7.8 8.2 9.7 9.8 10.1 10.1 11.0 11.4 8.9
PU 1.8 4.8 7.9 9.6 10.5 12.5 14.3 16.8 18.6 19.1 20.6 0.8 2.2 4.6 5.5 7.1 7.5 8.6 8.7 10.0 11.4 10.0

39
MC 2.8 4.7 5.6 6.8 7.9 9.2 10.3 10.6 10.2 10.7 11.9 1.5 3.0 4.5 6.0 7.5 8.3 9.2 10.4 12.0 12.8 10.7
HA 24.9 24.8 22.9 22.4 21.7 19.5 18.8 16.4 14.4 13.3 14.2 8.9 9.4 9.4 9.4 10.3 10.2 11.0 11.2 11.5 10.7 8.9
PU 2.1 4.3 5.7 7.6 9.1 11.7 13.5 15.3 15.5 17.4 18.6 1.5 3.0 4.6 6.2 7.7 8.5 9.7 10.9 13.0 14.0 12.0

25
MC 3.0 5.3 6.4 8.0 8.5 9.1 8.8 9.2 10.8 2.3 4.2 4.8 6.4 7.4 8.9 9.8 10.1 9.2
HA 21.2 21.9 19.5 18.9 17.2 16.5 14.4 13.4 14.2 10.1 10.3 10.2 10.5 11.0 11.4 11.5 10.7 8.9
PU 2.7 4.9 6.4 8.1 9.6 11.0 11.2 13.5 14.8 2.1 3.9 4.8 6.4 7.4 9.0 10.1 10.4 9.8

14
MC 3.9 5.3 6.7 6.1 6.5 7.6 8.3 10.0 2.9 4.3 5.5 7.1 7.2 8.6 9.6 8.9
HA 17.2 16.7 16.5 15.5 13.9 13.4 12.8 14.2 11.0 11.0 11.4 11.2 11.4 10.7 10.9 8.9
PU 3.5 5.4 6.8 6.7 7.9 9.5 10.2 12.1 2.6 4.0 5.6 7.3 7.8 9.3 10.8 10.4

7
MC 3.2 4.1 4.8 5.2 5.5 5.8 8.1 3.8 4.4 4.5 5.3 6.0 6.9 7.7
HA 13.9 13.4 13.4 13.3 12.8 13.0 14.2 11.4 10.7 10.7 10.7 10.9 9.5 8.9
PU 2.7 4.1 4.8 5.4 5.5 6.1 8.9 3.7 4.4 4.4 5.3 6.0 7.4 8.5
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From the Kruskal-Wallis test, for KQ101 the MAE obtained
using our proposed method were found to be significantly dif-
ferent from the MAE obtained using the other two methods.
The hypothesis that our proposed model performs better than
those methods is accepted for most of the horizons consid-

ered. Overall, our model leads to an improvement in MAE
of 8% than the pick-up method. For KQ512, however, the
significancy test indicated that the hypothesis is rejected, i.e.,
the di↵erences in the MAE obtained using the three di↵erent
forecasting methods are not significantly di↵erent.

Table 5. Summary of the results of the comparative study for MC, HA, PU.

Method with lowest MAE over observation points MAE improvement compared
Nr. times lowest Nr. times p<0.05 with other methods (%)

Horizon Method KQ101 KQ512 KQ101 KQ512 KQ101 KQ512

300
MC 2 1 0 1 - -
HA 0 7 0 1 +22.1 -0.8
PU 9 4 0 1 -9.3 +10.4

200
MC 4 6 1 1 - -
HA 0 5 0 0 +48.6 +16.0
PU 7 2 0 1 +2.6 +1.4

100
MC 9 3 5 0 - -
HA 0 1 0 0 +54.2 +21.8
PU 2 7 1 0 +18.8 -2.4

60
MC 9 3 5 0 - -
HA 0 1 0 0 +53.3 +25.9
PU 2 7 1 0 +17.1 -0.1

39
MC 9 7 6 0 - -
HA 0 3 0 0 +52.4 +24.1
PU 2 1 1 0 +15.2 +4.3

25
MC 6 6 2 0 - -
HA 0 1 0 0 +52.9 +33.3
PU 3 3 0 0 +10.1 -0.5

14
MC 7 6 0 0 - -
HA 0 0 0 0 +53.4 +36.4
PU 1 2 0 0 +9.3 +3.3

7
MC 4 5 0 0 - -
HA 0 0 0 0 +61.0 +45.7
PU 3 3 0 0 -0.1 +1.6

7. Conclusions
In this paper, we have developed a forecasting model based on
a time-inhomogeneous Markov process. We used the model to
investigate the performance relative to two classical forecast-
ing methods, additive pick-up method and historical mean.
Moreover, we obtained the probability distribution of the flight
bookings for a time horizon of up to a year defore departure.
The analysis was conducted using data of 2 years of departures
of 2 di↵erent flights.

Using our proposed model, the forecasting error was re-
duced, compared with other 2 classical forecasting models,
both in the case of long-term and in short-term forecasts.
Analysis per flight revealed that our proposed model outper-
formed the other two methods in the case of flights with a high
load factor (up to 8% lower forecasting errors). In the case of
flights with a low factor load, there was no significant reduc-
tion in the forecasting error between our model and the other

two classical approaches considered. Moreover, the forecast-
ing errors, when considering a time horizon of up to 100 days
before the day of departure, were significantly smaller when
using our proposed model.

An analysis of the model parameters indicated that improve-
ment in the model performance might be achieved when the
optimal parameter value is determined for every day along
the forecast horizon. A similar analysis of the model should
be conducted over multiple flights and horizons to verify this
hypothesis. Other future research should include a study on
the performance of the model when unconstrained data is used
as an input. This may have a significant impact on flights with
a high load factor.
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