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Abstract
The forecasting of demand or cancellations is highly important for efficient reve-
nue management in the hotel industry. Previous studies have mainly focused on the 
accuracy of the prediction of reservation number or cancellation rate on a specific 
accommodation or hotel chain; therefore, the application of the prediction to differ-
ent accommodations or under the behavioral change of customers in response to nat-
ural or human events is difficult without the re-estimation of the prediction model. 
Information of the customer behavioral trend on the accommodation reservations is 
necessary for the construction of a general forecasting model. In this study, we focus 
on one of the general trends of customer behavior, that is, the reservation timing and 
the time changes of the cancellation probability using the big data of the reservation 
records provided by an online trip agency in Japan. We showed that the reservation 
timing and cancellation probability can be decomposed by five and six exponen-
tial functions of the days until the stay and the days from the reservations. We also 
showed that the significant factors influencing the time changing patterns are the 
guest numbers per room for both reservation and cancellation, composition of guests 
in terms of the number and gender of guests, and the stay length for reservation. 
These findings imply that the customer behavior during accommodation reservation 
could be categorized into multiple motivational factors toward reservations or can-
cellations. Our results contribute to the construction of a general forecasting model 
on the accommodation reservations.
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1 Introduction

Forecasting is crucial for efficient revenue management [8, 28]. For the implementa-
tion of the pricing and capacity control, accurate prediction of the future demand, 
cancellation probabilities, or no-show rate is necessary. Various studies on fore-
casting have been conducted in the airline industry [5, 15]; nonetheless, such stud-
ies have recently been extended to other various industries, such as healthcare, rail 
industries, restaurants, convention centers, car rental agencies, cruise lines, golf 
courses, internet service, and the hotel industry [4, 8, 19, 30]

Until now, forecasting of various measurements of reservation has been exam-
ined [28, 29]. One of the targets of forecasting has been the final number of res-
ervations, that is, the number of reservations not cancelled on the day of the res-
ervation. Conventionally, the final number of the reservations has been predicted 
from the historically aggregated number of reservations [1, 15, 16]. Furthermore, 
the algorithms recently suggested tend to use the details of the reservations [30] 
that is also known as the passenger name record (PNR) format, a detailed booking 
data format including the detail of the customers standardized in the airline indus-
try [12]. Although these studies have mainly focused on the previous total demand 
that can be capped by the total number of rooms in the focal accommodations, the 
estimation of the true demand was also attempted [15, 18, 25]. Another important 
target of forecasting is the cancellation probability and no-show rate. Particularly, 
some studies investigated the factors related to the cancellation probabilities based 
on the PNR format [3, 9, 23]. These previous studies mainly focused on the forecast 
accuracy because of its influence on business profit; indeed, a 10% improvement in 
the forecasting accuracy on high demand flights can cause a 1.5–3.0% increase in 
revenue [15].

However, the studies focusing on the improvement of the accuracy have some 
limitations in terms of the application of the predictions, particularly on the fore-
casting in the hotel industry. First, most previous studies have focused only on a 
specific accommodation or hotel chains [8]. Because the estimation only from a 
few accommodations could be biased owing to the unique features of the focal 
accommodations such as the capacity or the local events around the accommoda-
tions, application of the outcomes to other accommodations without the re-esti-
mation and adjustment of the forecasts is hindered. Second, the forecasting based 
on the past data could not be applicable when the customers behaviors vary [28, 
31]. Particularly, the customer behavior varies drastically in response to various 
types of crisis [2, 7, 21], such as natural or human disaster, political instability, 
economic recession, or the spread of disease [10, 11, 17, 20, 26]. The importance 
of the understanding of such behavioral changes of customers has been often 
suggested [21], although a few studies have investigated forecasting under such 
situations.

These limitations are caused by the lack of basic information regarding the com-
mon behavioral patterns of customers in accommodation reservations. The net demand, 
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cancellation probabilities, or booking curve are the aggregation of the decision-making 
of customers; therefore, the understanding of the decision-making patterns of custom-
ers at each accommodation reservation is important for examining the common trends 
that can be widely applied to various accommodations and situations. However, only 
few studies have focused on the common behavioral patterns of customers in individ-
ual accommodation reservation. For representing the time change of the reserved seat 
numbers in airlines, Lee [15] proposed a stochastic model that explicitly assumes the 
occurrence of the new reservation and the cancellations that are represented as Pois-
son and binomial processes, respectively. However, Lee [15] focuses on providing the 
method and therefore, the observed customer behavioral patterns during reservation 
has been discussed to some extent. Modelling the choice of consumers based on the 
feature (such as, flight time, price, and refund) has been also conducted [6, 27]. The 
analyses of the reservation or cancellation behavior linked with the customer personal 
details based on the PNR format [3, 9, 23] might enable the understanding of the back-
ground of customer decision making; nonetheless, the main aim in these studies were 
the improvement of the prediction accuracy and so there little implications.

For investigating the behavioral trends of general customers on accommodation res-
ervations, in this study, we focused on big data, that is, the reservation records on the 
online travel agency (OTA). It contains extensive amounts of records for various types 
of accommodations, and therefore, such data are more suitable for the investigation of 
the general patterns or trends of customer behaviors compared with the detailed but 
narrow data, such as the dataset focusing only on specific hotel or hotel chain. Using 
the reservation records on OTA, in this study, we have focused on the time changes of 
the customer behavior on the accommodation reservations. In general, the reservation 
frequency or the cancellation rate tends to vary with the proximity of the date of the 
stay. This suggests that the motivation behind making new reservations or cancellations 
also vary with time. In other words, by investigating the general trends in the reserva-
tion timing or the time changes of cancellation probabilities, we can reveal the motiva-
tions triggering customer behavior during accommodation reservations.

Our aim in this study is to reveal the time changes of the reservation behavior of 
the consumers, that is, how long prior to the stay consumers make accommodation 
reservations, or how often and when the reservations are cancelled. Based on the 
PNR format accommodation reservation dataset obtained from an OTA in Japan, we 
decomposed the complicated reservation timing and the cancellation probabilities 
depending on the days until the stay in the accommodation into several elemental 
trends by fitting exponential functions. Moreover, using the reservation categories 
contained in the dataset, we also investigated the significant factors that influence 
the time changes of the customer behavior.

2  Materials and methods

2.1  Data

The PNR format accommodation reservation dataset was obtained from “jalan.
net” (https:// www. jalan. net), one of the largest online travel agents in Japan 

https://www.jalan.net
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[14]. All reservation records of the accommodations located in four prefectures, 
Miyagi, Aichi, Osaka, and Fukuoka, from December 28, 2015 to December 29, 
2019 were included in the analysis. The number of accommodations located in 
four prefectures (Miyagi, Aichi, Osaka, and Fukuoka) provided at jalan.net are 
318, 543, 629, and 575 (counted on “jalan.net” website on February 8, 2022), 
covering 46.2%, 55.9%, 42.2%, and 47.3% of the accommodations reported by 
the Japan Tourism Agency [13]. Each reservation record contains the reserved 
date, accommodation date, and cancelled date if the reservation is cancelled, and 
the reservation category listed in Table  1. Because the reservation records for 
the stay more than one year ahead is sufficiently rare (less than 0.0015% of all 
records), only the reservation records for the stay within 365 days are used for 
the analyses.

2.2  Reservation timing and cancellation probabilities

First, we focus on how many days the customers make a reservation in advance of the 
stay. The distribution of the new reservations x days prior to the stay features a mono-
tonically reduction curve for x (see dots in Fig. 2). Based on this characteristic, we sim-
ply assumed the probability distribution of the reservations made x days ahead of the 
stay that could be approximated by the sum of exponential functions for x and maybe a 
constant term. Accordingly, it could be represented as

where the model characteristics are represented by two subscripts, that is, the first 
subscript K denotes the number of exponential functions, and the second subscript 
(O or I) denotes the existence/absence of the constant term c.

We have assumed that the observed new reservation number during the focal time 
period follows the Poisson distribution whose expected occurrence number is the mean 
number of new reservations r =

∑

t=1…T

∑

x
R
Data

(t, x)∕T , where T is the number of 
days from December 28, 2015 to December 29, 2019, and x = 0…365 in our analyses. 
Accordingly, the likelihood function of RK,Z is as follows, where Z ∈ {O, I}:

where RData(t, x) is the observed number of accommodation reservations for the stay 
x days ahead during the time period t , and pmf (Poisson(k),m) denotes the prob-
ability mass functions of the Poisson distributions when the expected number of the 
event occurrence is k and the number of observed events is m . Note that RK,Z(x) 
determines the probability distribution of the new reservation for x days ahead and 
therefore 

∑

x=0…365
R
K,Z(x) is expected to equal one. For avoiding the complexity 

(1a)RK,O(x) =
K
∑

i=1

ai exp
�

−bix
�

,

(1b)RK,I(x) =
K
∑

i=1

ai exp
�

−bix
�

+ c,

(2)LR =
∏

t

∏

x

pmf
�

Poisson
�

rRK,Z(x)
�

,RData(t, x)
�

,
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of the estimation with parameter restriction, in the following estimation we did not 
explicitly restrict 

∑

x=0…365
R
K,Z(x) as one, however, we confirmed that it is very 

close to one (0.9992 for the best model).
The cancellation probabilities exhibit two peaks, that is, one is immediately 

after the reservation made and the other is few days prior to the stay (dots shown 
in Fig. 5). Therefore, we assumed that the cancellation probability of the reserva-
tion that is reserved y days ahead of the stay and cancelled x days ahead of the stay, 
could be approximated by the sum of exponential functions for x and exponential 
functions for y − x (that is, the number of days after the reservations). Accordingly, 
the cancellation probability of the existing reservations per day is represented as

where U denotes the number of exponential function of x, V denotes the number of 
exponential function of y − x , and the third subscript (I or O) denotes the existence/
absence of the constant term h.

We assumed that the observed new cancellation numbers during the focal time 
periods follow the binomial distribution whose expected occurrence probability is 
CU,V ,Z(x, y) , where Z ∈ {O, I} [Eqs.  (3a) or (3b)]; the trial number is the number 
of ‘surviving’ (not cancelled yet) reservation at the beginning of the day. Based on 
these assumptions, the likelihood function of the model CU,V ,Z is given by

where NData(t, x, y) is the surviving reservations x days ahead of the stay at the 
beginning of the day during the focal time period t that is the reservation y days 
ahead of the stay; MData(t, x, y) is the cancelled reservations x days ahead of the stay 
during the time period t that is the reservation y days ahead of the stay, respectively. 
Because we used only the reservation records for the stay within 365 days, in our 
analyses, y = 0…365 and x = 0…y. pmf (Binomial(n, p),m) denotes the probability 
mass functions of the binomial distributions when the number of observed events is 
m , the trial number is n , and the probability that an event occurs is p.

2.3  Estimation, cross‑validation, and confidence interval

For the estimation, the observed number of accommodation reservations RData , 
the number of surviving reservations NData , and the number of the cancelled res-
ervations MData are aggregated from all the given reservation records. The coef-
ficients of the model for the reservation timing,a1…K,b1…K , and c in Eqs. (1a) and 
(1b), maximizing the likelihood LR under the given subscripts K, Z, and RData 

(3a)CU,V ,O(x, y) =

U
∑

i=1

di exp
(

−eix
)

+

V
∑

j=1

fj exp
(

−gj
[

y − x
])

(3b)CU,V ,I(x, y) =

U
∑

i=1

di exp
(

−eix
)

+

V
∑

j=1

fj exp
(

−gj
[

y − x
])

+ h

(4)LC =
∏

t

∏

x

∏

y

pmf
�

Binomial
�

NData(t, x, y),CU,V ,Z(x, y)
�

,MData(t, x, y,)
�

,
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were estimated by the Nelder–Mead method. Similarly, the coefficients of the 
model for the cancellation probability per day,d1…U,e1…U, f1…V,g1…V , and h in 
Eqs. (3a) and (3b), maximizing the likelihood LC under the given subscripts U, V, 
Z,MData , and NData were computed via the Nelder–Mead method.

For the comparison of the performance among models with different sub-
scripts K, U, V, or Z, we applied k-fold cross-validation, as described here. The 
original reservation records are partitioned by the week defined in ISO 8601 (that 
is, partitioned into 209 sub datasets). We calculated the coefficients maximizing 
the likelihood LR and LC estimated using all sub datasets other than the i-th sub 
datasets as well as the estimated coefficients; accordingly, the likelihood of the 
i-th sub datasets and its Bayesian information criterion (BIC) [24] are calculated. 
The performance of each model is evaluated by the mean value of the BIC of the 
i-th sub datasets for i = 1…209.

The confidence interval of the model coefficients and the model estimation 
are computed by the bootstrap method as described here. The original reserva-
tion records are partitioned again into 209 sub datasets by week. The bootstrap 
sample is obtained by random sampling with replacement of the 209 sub data-
sets, and the model coefficients and the estimation of the model [that is, RK,Z(x) 
and CU,V ,Z(x, y) ] are obtained by maximum likelihood estimation. By repeating 
this process 100,000 times, the confidence interval of the model coefficients 
and the estimated reservation timing/cancellation probabilities of the model are 
computed.

2.4  Determination of remarkable reservation category

We determined the remarkable reservation categories from that provided in the 
dataset shown in Table 1 for predicting reservation and cancellation by comparing 
the model performances with the different combinations of reservation categories. 
To assess model performances using goodness-of-fit statistics, for example BIC, 
the datasets between models using different combinations of reservation catego-
ries should be the same. Here, we explain preparation of the dataset for assess-
ment. Consider the usage of “Guest Number” (GNM) category that classifies the 
number of guests in the focal record into three classes, that is, “Single,” “Pair,” or 
“More” than two guests. According to the GNM category, the reservation records 
are partitioned into three sub datasets, and for each sub dataset, the model param-
eters of the reservation timing can be estimated according to the maximum likeli-
hood estimation explained above. Represent the estimates of the probability of 
reservation made from the sub dataset of class � ∈ {Single,Pair,More} as R∗

�
(x), 

and that from the entire dataset (that is, the model estimate in the previous sec-
tion) as R∗(x) . Note that the number of exponential functions K and the existence/
absence of the constant term Z of R∗

�
(x) and R∗(x) are chosen following the best 

model of the analyses described in the previous section.
Using R∗

�
(x), the new model using the GNM category, R′

GNM , could be repre-
sented as
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where w ∈ {Single,Pair,More} is the GNM category of the focal reservation record, 
and �i,j is Kronecker delta:

Furthermore, the model that ignores the GNM category is

The likelihood function of a model R�(w, x) ∈
{

R
�
nocategory,R

�
GNM

}

 for the res-
ervation records partitioned by GNM category is given by

where R�
Data(w, t, x) is the number of new reservation for the stay x days 

ahead with GNM category w during the focal time period t , and r�(w) is 
the mean number of new reservations per class in GNM category w, that is, 
r̄�(w) =

∑

t=1....T

∑

x R
�
Data

(w, t, x)∕T .
By applying the k-fold cross-validation, we can compare the model perfor-

mance between R′
no category

 and R′
GNM

 . To measure the model performance, BIC 
is calculated using the likelihood function LR . If the mean value of the BIC of 
R′GNM in the k-fold cross-validation is smaller than that of R′

GNM
 , the use of 

GNM category improves the model performance.
This method could be extended for the use of multiple reservation categories. We 

have eight reservation categories (Table  1); therefore, there are  28 = 256 models 
depending on whether each of eight reservation categories are used for the estimation. 
We compare the performance of these 256 models as follows: represent the set of the 
classes in these reservation categories asW1,… ,W8 . Consider the model using q1…qN
-th of eight reservation categories. We represent the estimates of the probability of res-
ervation made from the sub dataset of class �q1

∈ Wq1
,⋯ ,�qN

∈ WqN
 as R∗

�q1
,…,�qN

(x). Accordingly, the model of the probability of reservation made x days ahead of the 
stay using the combination of q1…qN-th reservation categories, Rq1…qN

 , is written as

where w1,… ,w8 are the classes in each reservation category of the focal reserva-
tion record, that is, w1 ∈ W1,⋯ ,w8 ∈ W8 . The model that ignores any reservation 
category is

(5)R
�
GNM(w, x) =

∑

�∈{Single,Pair,More}

�
�,wR

∗
�
(x),

(6)�i,j =

{

1 if i = j

0 otherwise
.

(7)R
�
nocategory(w, x) = R∗(x).

(8)L
R

� =
∏

w∈{Single,Pair,More}

∏

t

∏

x

pmf
�

Poisson
�

r̄�(w)R�(w, x)
�

,R
�
Data(w, t, x)

�

,

(9)

Rq1…qN

�

w1,… ,w8, x
�

=
∑

�q1
∈Wq1

⋯

∑

�qN
∈WqN

�

�wq1
,�q1

×⋯ × �wqN
,�qN

× R∗
�q1

,…,�qN

(x)
�

,

(10)Rnocategory

(

w1,… ,w8, x
)

= R∗(x)
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Accordingly, the likelihood function of a model for the probability of reservation 
made x days ahead of the stay with all reservation categories R

(

w1,… ,w8, x
)

(which 
is either Rnocategory or Rq1…qN

 ) is expressed as

where RData

(

w1,… ,w8, t, x
)

 is the number of new reservations for the stay x days 
ahead with reservation category classes w1,…w8 during the focal time period t , 
and r(w1,… ,w8) is the mean number of new reservations with reservation category 
classes w1,… ,w8 , that is, r(w1,… ,w8) =

∑

t=1…T

∑

x
R

Data
(w1,… ,w8, t, x)∕T .

Similarly, we represent the estimated cancellation probability of the existing res-
ervations from the sub dataset of class �q1

∈ Wq1
,⋯ ,�qN

∈ WqN
 asC∗

�q1
,…,�qN

(x, y) , 
and that from the entire dataset (that is, the model estimate in the previous section) 
asC∗(x, y) . Again, note that the number of exponential functions U, V and the exist-
ence/absence of the constant term Z of C∗

�q1
,…,�qN

 are chosen following the best 
model of the analyses described in the previous section. Accordingly, the model of 
the probability of cancellation x days ahead of the stay cancelling y days of the stay, 
using q1…qN-th reservation categories, Cq1…qN

 , is written as

where w1,…w8 are the reservation category classes of the focal reservation record, 
that is, w1 ∈ W1,⋯ ,w8 ∈ W8 . The model that ignores any reservation category is

Accordingly, the likelihood function of a model for the probability of reserva-
tion made x days ahead of the stay with all reservation categories C

(

w1,… ,w8, x, y
)

 
(which is either Cnocategory or Cq1…qN

 ) is expressed as

where NData

(

w1,… ,w8, t, x, y
)

 is the surviving reservations whose reservation cat-
egory classes are w1,… ,w8 x days ahead of the stay at the beginning of the day 
during the focal time period t that is the reservation y days ahead of the stay, and 
MData

(

w1,… ,w8, t, x, y
)

 is the cancelled reservations whose reservation category 
classes are w1,… ,w8 x days ahead of the stay during the time period t that is the 
reservation y days ahead of the stay.

Applying the k-fold cross-validation, the mean value of the BIC of R and C 
derived from the likelihood function LR and LC , respectively, in the k-fold cross-
validation were calculated and compared among 256 models, that is, the possible 
combinations of reservation categories. We determined the remarkable factors as the 
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∏
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…
∏

w8∈W8

∏

t

∏

x
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(
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(

r
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w1,… ,w8
)


(

w1,… ,w8, x
))

,RData
(

w1,… ,w8, t, x
))

,

(12)
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�
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⋯
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�
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,�q1
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,�qN
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�

,
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(

w1,… ,w8, x, y
)

= C∗(x, y)
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LC =
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…
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w8∈W8
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t

∏

x
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(
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(

w1,… ,w8, t, x, y
)

, C
(

w1,… ,w8, x, y
))
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(

w1,… ,w8, t, x, y
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reservation category in the model whose mean BIC in the k-fold cross-validation is 
minimum.

3  Result

3.1  Estimation of the model for the reservation timing

First, we show the results of the estimation of the model for the reservation timing. 
Figure 1 shows the mean BIC of the model RK,Z with the variation in the number 
of exponential function K (horizontal axis) and the existence/absence of a constant 
term (red and blue, respectively). Regardless of the presence of the constant term, 
the mean BIC exhibits a clear valley shape whose bottom is K = 5, where the model 
without constant term features a smaller mean BIC than that with a constant term. 
Note that the mean negative log-likelihood shows a gradually decreasing trend, 
but is mostly flat at K > 5 (Figure  S1), indicating the sufficiently small accuracy 
improvement of the model estimation upon increasing the number of exponential 
functions at K ≥ 5.

The estimation of the best model R5,O , that is, the five exponential functions with-
out any constant term, (red curve in Fig. 2) show suitable fitting with the observed 
data (black dots on Fig. 2). The shape of the reservation timing seems to be divided 
into three phases, that is, x < 60, 60 ≤ x < 180, and 180 ≤ x. For the reservation made 
more than a half year ahead of the stay tend to exponentially increase with the 
days until the stay (Fig. 2b). The exponential growth of the reservation made is the 
same more than two months but less than a half year ahead of the stay, although the 
growth rate slows down (the slope becomes gentle at x < 180, as shown in Fig. 2b). 
Furthermore, the new reservation within two months until the stay exhibits faster 
growth than the other periods, and this growth continues until x = 0, that is, the prob-
ability of reservation made is highest for the stay on the same day.

Fig. 1  Performance of the reservation timing models. The mean BIC in the k-fold cross-validation for the 
model of the probability of reservations made x days ahead of the stay (panel a), and that with enlarging 
the y-axis (panel b). Horizontal axis shows the number of exponential functions K, and the colours indi-
cate the existence/absence of a constant term Z ∈ {I,O} (red and blue, respectively)
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According to the estimated coefficients of the best model (Table  S1), the 1st, 
2nd, and 4th exponential functions exhibit similar exponents (0.0283 ≤ bi ≤ 0.0364), 
while the exponents of the other two exponential functions are different in terms of 
the magnitude of order. Because the sum of exponential functions with similar expo-
nents with each other also shows a similar trend, hereafter we classify five expo-
nential functions into three groups, each of which is called as ‘Short-K’ (5th func-
tion, b5 = 1.389, so the mean days until the stay is 0.78), ‘Middle-K’ (3rd function, 
b3 = 0.2835, so the mean days us 3.53), or ‘Long-K’ (1st, 2nd, and 4th function, {b1, 
b2, b4} = {0.028, 0.032, 0.036}, so the mean days are 35.2, 31.2 and 27.5), respec-
tively (see Table S1). This classification can also be supported by the comparison 
of the model with less than five exponential functions (Figure S2), that is, the incre-
ment of the number of the exponential functions drastically improves the fitting until 
K ≤ 3, while the improvement of fitting seems to be limited for x < 180 at K = 4 and 
5, suggesting that the general trend tends to be fitted by three exponential functions.

Figure 3 shows the values of three groups of exponential functions. The growth 
of Short-K becomes remarkable on the reservation for the stay within next 3 days, 
while the growth of Middle-K becomes remarkable on the reservation for the stay 
within the next 3 weeks. The contribution of the Short-K, Middle-K, and Long-K 
account for one-third of the reservation for the stay on the same day individually. 
Interestingly, the estimated values of each of the three groups are highly robust (the 
99% confidential interval is sufficiently small in Fig. 3b).

3.2  Estimation for the model of cancellation probability

Next, we show the results of the estimation of the model for the cancellation prob-
ability CU,V ,Z . Figure 4 shows the mean BIC of the model CU,V ,Z with the change in 
the number of exponential functions of the days until the stay V (horizontal axis), the 
number of exponential functions of the days from the reservation U (vertical axis), 
and the existence/absence of the constant term (panel a and panel b). The mean BIC 
in the k-fold cross-validation becomes minimum at C4,2,O, that is, four exponential 

Fig. 2  Probability of the days of the reservations until the stay. a the data (black dots) and the estimation 
by the best model R5,O (red curve) of the probability of reservations made x days ahead of the stay, and 
b that with log-scale vertical axis. Pale red band indicates the 99% confidential interval computed by the 
bootstrap method
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functions of the days until the stay, two exponential functions of the days from the 
reservation without constant term. Note that the mean negative log-likelihood shows 
an almost flat shape when U > 4 and V > 2 (Figure S3), indicating that the accuracy 
improvement of the model estimation upon increasing the number of exponential 
functions becomes sufficiently small at U > 4 or V > 2.

Unlike the model of the reservation timing, the models of cancellation prob-
ability depend on two variables—the days until the stay x and the days from the 
reservation made to the stay y. Figure 5 shows the estimation of the best model 
C4,2,O (curves) and the observed data (dots) for different y values (colors). The 
estimated results clearly show two-peaks pattern of the cancellation probability, 
that is, immediately after the reservation made (that is, y = x ), the cancellation 
probabilities become high, but it declines rapidly within the next three weeks. 
This pattern is common, regardless of the days until the stay from the reserva-
tion y. Furthermore, the cancellation probability also increases with the days 
until the stay x decreases. This cancellation growth approaching the stay reaches 

Fig. 3  Exponential functions composing the best model of reservation timing. The stacked line plot 
(panel a) and the line plot (panel b) of the three groups of exponential functions. In panel b, the pale 
bands indicate the 99% confidential interval computed by the bootstrap method

Fig. 4  Performance of the cancellation probability models. The mean BIC in the k-fold cross-validation 
for the model of the probability of cancellation x days ahead of the stay that is reserved y days ahead of 
the stay. Star mark indicates the best model, that is, the model whose mean BIC is the minimum
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a peak around few days before the stay, and declines rapidly almost immediately 
before the stay.

According to the estimated coefficients of the best model (Table S2), the 1st 
and 4th exponential functions of the days until the stay have similar exponent 
(e1 = 1.109 and e4 = 1.107), while the exponents of the other exponential func-
tions have a different magnitude of order. Therefore, hereafter we classify four 
exponential functions of the days until the stay into three groups, each of which 
is called “Short-U” (the 1st and 4th functions), “Middle-U” (the 3rd function), 
or “Long-U” (the 2nd function), respectively (see Table S1). Similarly, we call 
the first and second exponential functions of the days from the reservation made 
as “Short-V” and “Long-V,” respectively.

Figure 6a shows the values of the five groups of exponential functions. The 
cancellation immediately after the reservation could be represented by two 
exponential functions; one exhibits remarkable influence until the next 5  days 
after reservation, while the other maintains the remarkable influence for approx-
imately three weeks. Furthermore, the cancellation nearing the stay is repre-
sented by three groups; Long-U shows an extremely slow reduction of the can-
cellation rate, while Middle-U shows a remarkable influence on the cancellation 
rate within 2 weeks. Interestingly, the coefficient of Short-U is negative, that is, 
this group contributes to the decrease in the cancellation rate within few days 
until the stay, causing the peak of the cancellation probability to approach the 
stay few days before the stay. The estimated values of each of the five groups 
are highly robust (the 99% confidential interval is sufficiently small, as shown in 
Fig. 6b and c).

Fig. 5  Daily cancellation probability of the reservation x days ahead of the stay reserving y days of the 
stay. The dots show the data of the cancellation probability of the reservation that is reserved y days 
ahead of the stay and cancelled x days ahead of the stay, and lines shows the predictions of the best 
model C4,2,O . Note that the cancellation probability is two-dimensional (i.e., x and y), we plotted only for 
selected five y values (y = 15, 30, 60, 90 and 120) indicated by colors of dots and lines. Pale band indi-
cates the 99% confidential interval computed by the bootstrap method
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3.3  Determination of the remarkable reservation category

Figures 7 and 8 show the performance of the model in terms of the reservation 
timing and cancellation probability with different combinations of reservation 
categories. For the reservation timing, the model using three reservation catego-
ries, that is, Guest type (GTY), Guest number per room (GPR), and Stay length 
(LNG), shows the minimum mean BIC in the k-fold cross-validation. For the 
cancellation probability, the model using only GPR shows the minimum mean 
BIC in the k-fold cross-validation. In both analyses, the mean negative log-like-
lihood always decreases upon adding a new category to the model, indicating 
that the accuracy of the model estimation by adding reservation category always 
improves, although the improvement is not sufficient for the penalty based on the 
increment of the model parameters (Figure S4 and S5).

Fig. 7  Model performance using different combinations of reservation category for the model of reserva-
tion timing. Each points indicate the mean BIC of the models using different combinations of reservation 
categories labelled next to the points. Colors indicate the number of different categories, and the lines 
indicate that the right model can be generated by adding a new category to the left model. The thickness 
of the lines indicates whether such an additional category can improve the model performance; thicker 
line improve



896 K. Ito et al.

1 3

4  Discussion

In this study, we revealed the general trends in the time changes of the customer 
behavior on the accommodation reservations. Regardless of the importance of the 
basic knowledge of customer behaviors for forecasting the revenue management, 
the general behavioral patterns of the customers on accommodation reservation 
have not been adequately studied. We showed that in the best model, the reserva-
tion timing was decomposed into five exponential functions of the days until the 
stay, and the cancellation probability was decomposed into four exponential func-
tions of the days until the stay and two exponential functions of the days from the 
reservation. We also chose the guest type, guest number per room, and stay length 
as the reservation categories that exhibit remarkable influence on the reservation 

Fig. 8  Model performance using different combinations of reservation category for the model of cancel-
lation probability. The meaning of lines and colors are the same as that in Fig. 7. Note that the models 
using more than four reservation categories are not shown, although their mean BIC is higher than that of 
the best model
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timing model, while only the guest number per room was chosen for the cancella-
tion probability model.

Our results afford important suggestions regarding the customer behavior during 
accommodation reservation. In the estimation of the reservation timing, the expo-
nents of the exponential functions were categorized into three groups (short-K, mid-
dle-K, and long-K), suggesting that there are three different trends of making reser-
vations. These three trends could be viewed as a reflection of the difference in the 
importance of the trips. For example, highly important schedules such as appoint-
ments with important business partners or family vacation are schedules defined in 
advance at the earliest possible. Furthermore, less important trips are scheduled after 
those whose schedules do not conflict with the more important schedules, that is, 
when there is a vacancy in the schedule. Hence, the reservations for the less impor-
tant schedules such as the solo short leisure travels or non-urgent business visits tend 
to be scheduled as the schedule date approaches. The three trends of the reservation 
timing might reflect that people classify their schedules into three levels according 
to the importance. Accordingly, the exponents of exponential functions suggest that 
decision making for the moderately important schedules is completed within three 
weeks ahead of the date, while that for the less important schedules are not made 
until three days before the stay.

Another possible explanation of the three trends in the reservation timing is the 
availability of alternative choices on the reservation. For example, if the trip purpose 
is to stay in an accommodation with unique features, or if the trip is scheduled dur-
ing the famous festival in the town, or if there are few accommodations in the focal 
town, it is difficult to find alternative accommodations. Therefore, the reservation 
might be made far ahead of the stay. Furthermore, in big cities we can easily find 
alternative hotels, particularly for business purpose, and therefore, the customers 
might tend to make their reservations immediately before the stay. The three trends 
might reflect the categorization of such availability into three levels.

The remarkable reservation categories in the reservation timing model (Fig.  7) 
might support the explanations presented above. The best model using the reserva-
tion categories was the guest type, guest per room, and stay length. The guest type 
tends to be related to the trip purpose, that is, leisure purpose must be common for 
couple or family classes, while the business purpose seems to be most appropri-
ate for single or other classes. Guest per room is also related to the business/leisure 
purpose, that is, one room for each person is common in trips within the business 
context. Such difference of trip purpose changes the importance of the trip and/or 
the availability of alternative choices. Similarly, the stay length seems to correlate 
with the importance of the trip and the substitution possibility of accommodations 
because a long-stay trip increases the probability of the accommodation being full 
on any day during the trip.

Similar discussions could be extended to explain the customers’ cancel behav-
ior. First, the cancellation probability is explained appropriately by the sum of 
two types of exponential functions, that is, the functions of the days from the 
reservations and those of the days until the stay. This suggests that (i) the fac-
tors causing cancellation would be different between the cancellations immedi-
ately after the reservations and those immediately before the stay, and (ii) the 
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cancellations can be explained only by these two factors regardless of the days 
between the reservation made and the stay. In other words, the customers’ cancel-
lation behaviors are independent of the number of days ahead of the stay that the 
reservation made.

The best model of the cancellation probabilities contains two exponential func-
tions of the days from the reservations, Short-V and Long-V, suggesting that the 
cancellations immediately after the reservations exhibit two different trends. One 
possible explanation of the cancellation could be attributed to whether the cus-
tomers themselves book the reservation. Once a reservation is made, the custom-
ers may cancel them for various reasons, such as, mistakes in the reserved plan or 
date, change to another better accommodation found after the reservation, cancel-
lation of vacations owing to business reasons, or failure of schedule adjustment of 
the traveling companions. Importantly, the cancellations due to the first two reasons 
are caused whilst the customers focus on planning the trip, while the cancellations 
owing to the last two reasons are caused after the customers share the travel informa-
tion with others. The difference of exponents between Short-V and Long-V can be 
explained by the fact that the cancellation caused by the customers themselves tends 
to occur within a short time (mostly within the next five days in Short-V) because 
the customers focus on the planning of the trip only for such durations, while the 
cancellations caused by others than customers exhibit a longer trend because the 
information of the trip shared after planning is mostly finished.

Furthermore, the best model of the cancellation probabilities contains three 
groups of exponential functions of the days until the stay, Short-U and Middle-U, 
and Long-U, suggesting that the cancellations immediately before the stay exhib-
its three different trends. Remarkably, Short-U shows a negative value regardless of 
the days until the stay, that is, Short-U represents the influence of reduction of the 
cancellation probability on the days within few days of the stay. This seems to be 
explained by the cancellation charge. Although the detail of the change amount is 
different among the accommodations, most accommodations impose a cancellation 
charge that increases particularly immediately before the stay. Short-U seems to rep-
resent the reduction of the cancellation for avoiding such a high cancellation charge.

The other two groups, Middle-U and Long-U, represent the increment of the 
cancellation probability as the stay date approaches, although the growth rate of 
Long-U is extremely slow (twice for approximately 92 days). These two trends with 
different growth rates could be explained by the difference of the cancellation rea-
sons. First, the accommodation reservation might be cancelled due to unexpected 
events that disturb the travel independent of the intension of customers, for example, 
natural or human disasters, injury or illness, or conflict with other more important 
schedules. Second, the accommodation reservation might also be cancelled owing to 
rescheduling by customers. For example, the customers might reconsider the sched-
ule of trip in response to weather forecast, health condition, or reassessment of the 
travel requirements. Because unexpected events could occur regardless of the days 
until the stay, while the rescheduling of trip generally occurs after the expectation of 
forecasts, the health conditions or the other tasks of customers are clear. Such differ-
ence might be reflected in the exponential functions with different components, that 
is, Long-U and Middle-U.
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Moreover, the exponent of Middle-U (e3 = 0.2962) is interestingly similar to that 
of Middle-K (b3 = 0.2385). This might represent the general pattern of the people 
managing their own schedules. According to our hypotheses, the customers tend to 
reconsider their own schedules over the next few weeks that increase the cancella-
tion probability within the next three weeks from the stay represented as Middle-U. 
Simultaneously, such reconsideration of the schedule causes the planning of other 
new trips that increase the booking of reservations within the next three weeks rep-
resented as Middle-K. In other words, three weeks might be the limit of the duration 
within which people can accurately predict and consider their own future.

Our analyses of the reservation categories reveal the important factors influencing 
the customer behavior on accommodation reservation. In the models for both reser-
vation timing and cancellation probability, GPR has been selected in the best model 
including the reservation categories. As we discussed above, GPR can be considered 
as the indicator of the relationship among guests, that is, the sharing of one room 
with multiple guests suggests friends or families, while the use of one room per per-
son suggests stay with less-related persons, particularly in business. This suggests 
that one of the most critical categories influencing the customers’ behaviors on both 
booking and cancelling reservation is whether the travel purpose is leisure or busi-
ness. Although the guest type (GTY) was selected in the best model for reservation 
timing, but not selected in that for cancellation, the single inclusion of the guest type 
exhibits suitable improvement of the model BIC, suggesting that the cancellation 
behaviors can be explained by the guest type suitably. Contrary to these, the stay 
length (LNG) is selected in the best model for reservation, but in the cancellation 
model, the inclusion of the LNG category type degrades the mean BIC. When the 
vacancy of the accommodations reduces, the reservation of long stay becomes con-
siderably more difficult than that for short stay because of the determination of the 
accommodation that has vacancy for all days of the stay. This might be the reason 
why the proportion of the timing of booking the reservation is strongly influenced 
by the stay length. Furthermore, the result that the LNG category is not selected 
indicates that the cancellation reason is independent of the stay length.

Moreover, the solitary inclusion of accommodation distance (ADS) or accom-
modation room number (ARN) improves negligibly or deteriorates the mean BIC 
of both reservation models and cancellation models. These suggest that the accom-
modation features have negligible influence on the decision making of customers. 
Similarly, the age of the reservation holders (AGE) and the existence/absence of a 
child (CHL) also exhibit negligible improvement of the BIC of the models. Interest-
ingly, these factors are strongly related with the guest type (GTY) that is selected 
as one of the three reservation categories for reservation model. Particularly, stay 
with the child is the definition of one of the GTY class “family.” This implies that 
the distinction of whether the focal reservation is made by family is not sufficient for 
improving the model performance, that is, there is a sufficiently large difference in 
behaviors during booking reservations among a single person, a couple, and other 
cases involving families.

The best model of the reservation probability contains five exponential func-
tions, three of which are categorized into Long-K. The role of these three func-
tions is the improvement of the fitting to the waving shape of the observed data 
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in x > 150, for example, the observed data seems to be higher around x = 180 and 
320 and lower around x = 240 compared with the exponential growth (Fig.  2b). 
These waving shapes might reflect the interval of the planning for the next trav-
els, that is, a relatively higher proportion of reservation around x = 180 and 320 
might be the reservation for the planning of the summer/winter vacation on win-
ter/summer or the vacation planning after the end of the vacation on the same 
season.

Although our analyses revealed the mass-level behaviors of customers during 
accommodation reservation; this is not sufficient for fully understanding the indi-
vidual-level behaviors. For example, customers might often cancel an accommo-
dation and make a reservation for another accommodation on the same day; but 
in our analysis, these two behaviors are recorded as two independent events, that 
is, one cancellation and one reservation made. In future work, further analyses 
of the reservation records linking with the user ID on PNR will be required for 
revealing the general trends of individual-level behaviors on the accommodation 
reservation.

Another important future work is the comparison of the customer behavior on 
the reservation focusing on different services. For example, the application of our 
method into the reservation records of other than hotel industries, for example, flight 
or rail tickets, healthcare, or restaurants, might exhibit different time change patterns 
on the customer behavior. The comparison of the customer behavior among different 
industries reveal human decision-making patterns pertaining to scheduling, and the 
response of customers to the difficulty of alternative choices, penalty of cancella-
tion, or the relative importance of those appointments. Indeed, Romero Morales and 
Wang [22] reported the time change of the cancellation probability depending on the 
days until the service provided in the airline ticket, but there results exhibit a gradual 
decreasing shape as the flight date approaches. This might represent the importance 
or the difficulty of alternative choices of flight tickets compared with the accommo-
dation reservations. Another possible future work will be the influence of the culture 
or nationality on the reservation behaviors. Although the OTA providing dataset for 
this study mainly provides its service in Japan, the comparison with the dataset of 
OTA on different countries might reveal the influence of culture or nationality on the 
decision-making patterns.

In conclusion, we revealed the general trends of the customer behaviors on the 
time change of the reservation made and cancellation. We have shown that the cus-
tomer behavior on the accommodation reservation could be categorized into mul-
tiple factors motivating reservations or cancellations. These findings facilitate a 
deeper understanding of the decision-making patterns of customers that could con-
tribute to constructing accurate forecasting models in the hotel industry. Moreover, 
our results contribute to the development of a general forecasting model that shall be 
widely applicable to various accommodations and situations.
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