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Abstract—Sharing economy platforms for accommodation
sharing offer a more flexible supply-demand model compared to
traditional hotels that own a fixed number of rooms. However,
this flexibility can cause uncertainty and become a challenge if
not managed dynamically. An important task for such platforms
is forecasting future daily occupancy in a certain area, with
sufficient lead time so that they can reach out to new hosts
and secure more rooms in time for peak demand. We developed
such a forecasting solution for AsiaYo, the largest Chinese
language online accommodation sharing platform. We evaluate
and compare various forecasting algorithms, including statistical
and machine learning methods, using two years of data from
AsiaYo on occupancy in different cities. The empirical results
show that the occupancy is highly dependent on the weekday, city,
and holidays. We show the strengths and weaknesses of different
methods in terms of required accuracy level, computation time,
and flexibility.

I. INTRODUCTION

Accommodation sharing platforms such as AirBnB have

been growing in popularity globally. In contrast to traditional

hotels, the platforms do not own or run the accommoda-

tion, but rather help facilitate between B&B-type property

owners and guests. AsiaYo is a start-up that provides an

online platform for travelers bounded to Asia to select their

desirable place to stay. As a third party OTA (Online Travel

Agency) platform, they do not possess rooms but instead must

collaborate with hosts. AsiaYo competes with other similar

OTAs to provide optional channels for hosts reaching out to

more customers.

Due to fluctuations in daily demand in different loca-

tions, the platform often experiences accommodation short-

ages, which might lead to lost revenues and potential guest

dissatisfaction. It is therefore useful if they can forecast such

shortages with sufficient lead time. We address this challenge

by developing a forecasting system that provides daily occu-

pancy forecasts in different cities, with a lead time of 28 days,

thereby allowing AsiaYo to reach out to new potential B&B

owners to increase supply on dates with forecasted shortages.

More formally, our goal is to forecast 28-days ahead daily

room occupancy (Ft+28) in each city, using historical bookings

data. We use a roll-forward approach, where models are

updated daily with the new data. Figure 1 illustrates this

process.
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Our paper contributes to the literature on occupancy de-

mand forecasting by evaluating and comparing a variety of

time series forecasting methods in the new realm of shared

economy time series. Such data differ from more traditional

hotel occupancy data and are affected by a variety of new

sources of heterogeneity. We consider methods that range in

terms of parametric-to-nonparametric, computational intensity,

scalability, and interpretability. We show the strengths and

weaknesses of different methods in terms of required accuracy

level, computation time, and flexibility.

The paper proceeds as follows: Section II describes related

research on forecasting tourism demand. Section III introduces

the data from AsiaYo and the pre-processing steps we have

taken. Section IV describes four types of time series forecast-

ing methods, explaining the different variations we considered.

We describe and discuss the results in Section V. Section VI

concludes and considers limitations and future directions.

II. FORECASTING TOURISM DEMAND LITERATURE

Time series forecasting is extremely popular in forecasting

tourism demand. Witt and Witt focused on forecasting tourism

demand, and argued that methods like spatial models and time

series models are the ones mostly used by researchers for

tourist demand forecasting [1]. Various data are used for such

purpose, trying to capture information as early as possible.

Khadivi and Ramakrishnan used Wikipedia Usage Trends

(WUTs) to forecast tourism demand at the trip planning stage

and showed that using WUT time series improve the accuracy

of tourism demand forecasts [2]. Tourism can be domestic or

international. Mamula forecast the international tourist flows

from Germany to Croatia and noted the importance of mod-

eling and forecasting tourism demand and all its components,

especially when there is a lack of systematic research on the

international tourism markets [3]. Tourism demand forecasting

is often based on data from hotels. Weatherford and Kimes

Fig. 1. Forecasting daily occupancy with 28-day lead time
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collected data on eight hotel rate categories, seven length of

stay categories and two hotels and applied seven different

methods of forecasting on their data to find the most accurate

procedure with the lowest error for forecasting the number of

arrivals [4]. They argued that the pickup method and regression

procedures are the best models. The pickup method is one of

the most common methods used in reservation-based data. Its

main idea is to estimate the increments of bookings (to come)

and then aggregate these increments to obtain a forecast of

total demand to come [5]. Using demand data for five star

hotels in Ankara, Turkey, Yuksel [6] introduced a novel way

to include intangibles and human judgment in additional to

numerical data for decision-making. He showed that applying

this forecasting and adjustment process to monthly hotel data

produces demand forecasts that help management avoid crises

arising from demand fluctuations. Our study is situated in the

tourism forecasting literature, but the sharing economy context

makes it different because B&B room supply is dynamic over

time, variable across cities, and more uncertain compared

to occupancy at a specific hotel or aggregated in an entire

country. Given the literature and these challenges, we consider

a variety of popular time series forecasting methods and al-

gorithms, including exponential smoothing, linear regression,

ARIMA, and neural networks (see Section IV).

III. DATA DESCRIPTION AND PRE-PROCESSING

AsiaYo provided us with two years of bookings data, with

orders starting from January 1, 2016 to December 31, 2017.

Each booking includes a booking ID, time stamp of booking,

and information about the B&B location (country and city),

check-in date and check-out date. We first transformed the

transactions data by converting the check-in and check-out

information into daily time series of total room occupancy

in each city (see Figure 2). The series all exhibit strong

day-of-week seasonality, but different cities have different

magnitudes, trends, auto-correlation, and extreme peaks.

A. Data Exploration

Comparing length-of-stay and advance booking statistics

in the different cities reveals significant differences between

stays in Taiwan and in Japan. Since the data does not have

the guests’ location information, based on conversations with

AsiaYo we made the assumption that most stays in Taiwan are

domestic and most stays in Japan are international. Under this

assumption, it is reasonable that bookings in Taiwan cities are

typically for shorter periods and with shorter advance booking

duration (domestic tourism) compared to Japan (international

tourism).

B. Derived Variables

We created several derived variables to capture some of

the observed patterns: day-of-week indicators (DOW ) and

Holiday indicators are based on information extracted from the

date and external calendars. We also created lagged occupancy

predictors (Occt−k), reflecting total bookings for k days before

the day of prediction t. Another important derived variable is

Fig. 2. Daily occupancy in different cities in Taiwan (a) and Japan (b). All
series exhibit strong day-of-week seasonality, but different magnitudes, trends,
autocorrelation, and peaks.

the 28-day ahead cumulative occupancy for day t+28 on the

day of forecasting t (Cum28t), which reflects “total bookings

for stays on day t + 28, 28 days in advance”. For example,

if on May 1 (t) we are forecasting occupancy on May 29

(Occt+28), then Cum28t is the total bookings for stays on

May 29 as of May 1. In contrast, Occt is the total bookings

for stays on May 1.

All these predictors are available at the time of prediction

t, which is 28 days prior to a given date. We developed our

forecasting solution for the top 5 cities in Taiwan and top 4

cities in Japan.

C. Data Partitioning

All methods were trained on data from 2017/01/01 to

2017/11/06 and predictive performance was evaluated on the

validation (holdout) period 2017/12/04 to 2017/12/31. The

validation window was set to 28 days due to the need for

28 forecasts and the short overall series (which we needed for

training). We set the seasonal naive method as our benchmark,

where the naive forecast is the value from 28 days ago

(Ft+28 = Occt).

IV. FORECASTING METHODS

We examined four types of time series forecasting methods

from the statistics and data mining approaches: exponential
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smoothing, linear regression, auto-regressive integrated mov-

ing average (ARIMA) models, and neural networks. These are

the most popular methods used in practice and in competitions

such as the M-competitions [7], [8]1 We studied in depth

multiple variations of linear regression models, due to their

simplicity, explainability, scalability, and ability of incorpo-

rating external information [9], [10]. We benchmarked these

methods against seasonal naive forecasts.

The following four forecasting methods were trained and

validated by daily roll-forward approach with training pe-

riod from 2017/1/1 to 2017/12/3 and validation period from

2017/12/4 to 2017/12/31.

A. Exponential Smoothing

Because daily occupancy data is highly seasonal, we con-

sider Holt-Winter’s exponential smoothing method that cap-

tures seasonality. This algorithm expands on simple exponen-

tial smoothing (SES), which is a weighted average of all the

past values, with higher weight for recent values. The k-step

ahead SES forecasting equation is given by:

Ft+k = αyt + α(1− α)yt−1 + α(1− α)2yt−2 + ... (1)

where 0 ≤ α ≤ 1 is the learning rate. SES is useful in series

that have only a level and error, but no trend or seasonality.

Holt-Winter’s exponential smoothing captures local trend

and local seasonality patterns by using three updating equa-

tions for Level, Trend, and Seasonality, respectively:

Lt = α(yt − St−M ) + (1− α)(Lt−1 + Tt−1) (2)

Tt = β(Lt − Lt−1) + (1− β)Tt−1 (3)

St = γ(yt − Lt−1) + (1− γ)St−M (4)

where α, β, γ are smoothing parameters that control how fast

the algorithm learns level, trend, and seasonal patterns over

time, respectively. At time t, the k-step ahead forecast is gen-

erated by combining the estimates of these three components

via the forecasting equation:

Ft+k = Lt + kTt + St+k−M (5)

The exponential smoothing family also includes algorithms

that capture multiplicative trend and seasonality, algorithms

that capture only trend, only seasonality, etc. [9]. We used

an automated selection algorithm (function ets in R) that

selects among the entire exponential smoothing family the

most suitable algorithm for forecasting Ft+28 for each city.

1In the M3 Competition [7], where 3003 time series were to be forecast, the
two most popularly used methods by contestants were exponential smoothing
and ARIMA. Some contestants ensembled a linear regression model with
other methods such as naive forecasts (random walk). In the recent M4
Competition [8], with 100,000 series, several machine learning algorithms
were used including neural nets, yet pure ML methods performed poorly,
with none of them being more accurate than the combination benchmark.
Of the 17 most accurate methods, 12 were combinations of mostly statistical
approaches and one combined ML and statistical models.

B. Linear Regression Models

We modeled Occt as a function of the derived variables

in a few different ways. The different approaches attempt to

capture the strong day-of-week seasonality.

• Basic Model: Occt+28 is the outcome variable and is

modeled as a function of the predictors DOW (to capture

day-of-week seasonality), Holiday (to capture holidays),

running index t = 1, 2, 3, . . . (to capture a linear trend),

and Cum28t (the cumulative bookings for day t+28 on

the day of forecasting).

• Lagged Model: The Lagged model is similar to the

basic model, with the addition of predictors that cap-

ture lagged values of cumulative occupancy in the pre-

vious 7 days (Cum28t−1, Cum28t−2, . . . , Cum28t−7)

and lagged values of the Occupancy series in the previous

7 days (Occt−1, Occt−2, . . . , Occt−7).

• Differencing Model: In this model, we first take lag-

7 differences of the original Occupancy series (Dt =
Occt − Occt−7) and then use a linear regression model

for the outcome variable Dt+28 as a function of all the

predictor variables.

• Separate Models: An alternative way to handle the

strong day-of-week effect is to train separate models.

We therefore trained 3 linear regression models: one

for Fridays, a second for Saturdays, and a third for the

remaining days (Sundays-Thursdays). In each of these

models, the outcome is Occt+28 and the predictors are

Holiday, t (trend), and cumulative occupancy on day t
(Cum28t).

C. Neural Network

We used the predictors in the above basic linear regression

model as input predictors of a feed-forward neural network

with the following attributes (using R’s nnetar function):

• Single hidden layer

• Automated selection of optimal number of non-seasonal

lags (p); seasonal lags set to P=1 (default)

• (p+ P + 1)/2 nodes in the hidden layer (default)

• Sigmoid activation function

• Ensemble of 5 runs of the algorithm

D. ARIMA Models

A non-seasonal ARIMA(p, d, q) model is given by:

y
′
t = c+ φ1y

′
t−1 + φ2y

′
t−2 + ...+ φpy

′
t−p+

θ1εt−1 + θ2εt−2 + . . .+ θqεt−q + εt
(6)

where

• y
′
t is the d-differenced Occt series at time t (Dt)

• εt is white noise at time t
• p = order of the autoregressive part

• d = degree of first differencing involved

• q = order of the moving average part

We also considered a seasonal-ARIMA model of the form

ARIMA(p, d, q)(P,D,Q)m.

We used the auto.arima() function in R, which uses a varia-

tion of the Hyndman-Khandakar algorithm [11] that combines
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unit root tests, minimization of the AICc and MLE to select

p, d, q, P,D,Q, and estimates the resulting ARIMA model.

V. RESULTS AND DISCUSSION

To evaluate the performance of different algorithms, we

examined two types of plots: (1) time plots of the actual

vs. forecasted time series along with the time plots of the

forecast errors series, and (2) side-by-side box plots of the

forecast errors. We examined these separately for the training

and validation (holdout) periods. Figure 3 displays these plots

for City A in Taiwan (TW City A) and City A in Japan (JP

City A).

We found that performance of different algorithms was

better for different cities. For example, the neural net (R

package nnetar) worked best for TW City A, providing the

most precise forecasts both in the training and validation

periods; In contrast, for JP City A the neural net performed

best on the training period, but the linear regression (R package

lm) performed better on the validation period (Figure 3).

Given the very strong day-of-week patterns, we examined

several approaches for improving the linear regression models.

One approach included day-of-week indicator variables, a

second included lags, a third used differencing operations, and

a fourth approach modeled Fridays and Saturdays separately

from other days. Comparing these different approaches, the

best results on training and validation periods were obtained

by only using day-of-week indicator variables (basic), and

those were comparable to modeling weekdays vs. Fridays vs.

Saturdays separately (separate), although the separate models

achieved lower extreme errors (Figure 4). We note that al-

though the differencing model (”Diff”) performed best on the

training period, its performance on the validation period was

highly variable and inferior (see bottom-most validation error

line chart).

Finally, the above results were compared for all other top

cities in Taiwan and Japan, resulting in similar conclusions

(Figures 5 and 6): For Taiwan cities, neural net performed

best, and linear regression was second best (but with larger

extreme errors) on training and validation periods. For Japan

cities, neural net and linear regression performed equally well

on training and validation periods. An important difference

between the two algorithms in all Taiwan cities is that linear

regression tended to over-forecast in the validation period,

whereas the neural net under-forecasted. This is important due

to the different impact and cost of over- vs. under-forecasting.

Our results have one important limitation: Given the data

available to us, we used 11 months (Jan-Nov) for training and

the remaining month of December for validation. This limits

the generalizability of our results in two ways: First, although

we also examined performance on the training set, true holdout

results are only available for December. December also poses

a special challenge as a validation period, due to the New

Year holiday that has unusually high peaks on Dec 29-30.

Second, with only one year of data, it is very difficult to

model occupancy on holidays, since each holiday seems to

have its own magnitude and behavior. Hence, with more years

Fig. 3. Performance of different algorithms for TW City A (a) and JP City A
(b). For each city, top 3 panels show training performance of all algorithms
and bottom 2 panels show validation performance. For TW City A, the neural
net (nnetar) gave the most precise forecasts in both training and validation
periods; In contrast, for JP City A, nnetar performed best on the training
period, but linear regression (lm) performed better on the validation period.
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Fig. 4. Performance of different linear regression approaches for capturing
day-of-week seasonality for TW City A (a) and JP City A (b). For each city,
top 3 panels show training performance of all linear models and bottom 2
panels show validation performance. On average, basic approach performed
best in both cities on training and validation periods.

of data we can better evaluate performance as well as improve

forecasts on holidays.

While exponential smoothing and operations such as differ-

encing allow capturing non-parametric trends and seasonality,

our “basic” and “separate models” regression models included

a linear trend term. While for most series a linear trend seems

reasonable, for a few Japan cities perhaps a quadratic trend is

a better approximation. This is one direction for future work.

We note the importance of evaluating and comparing per-

formance by considering more than just single metrics such as

RMSE. As our figures show, it is important to know not only

the magnitude of the errors, but also when they occur. Large

errors on holidays have a different meaning and implication

than on non-holidays. Over-forecasting has different implica-

tions than under-forecasting (in a sharing economy context,

under-forecasting might be more damaging as guests’ trust will

be lost if their bookings are eventually canceled). The side-

by-side box plots highlight not only variability of the forecast

errors, but also extreme errors - for example, in Figure 3 we

see that ARIMA, ETS and seasonal naive have several extreme

positive and negative forecast errors, unlike linear regression

and the neural network. This visualization in combination with

the line plots can help communicate and discuss with the

domain experts issues of extreme forecast errors.

In terms of personal data use, our results show the level of

accuracy achievable with very basic data: the time stamp and

daily bookings in each city. We did not use any user-specific

data nor any other type of personal information on the guest or

host beyond the check-in and check-out dates and the visited

city. It is possible that further information (such as the guest’s

origin) can help improve accuracy. Moreover, the occupancy

data provides information on supply, but not on demand. An

interesting future direction is to incorporate data on demand,

such as search volume for accommodation in each city on

certain days, similar to [12] and [13].

Another future direction, especially useful in the case of

many time series, is applying the approach suggested by [10]

for clustering a large collection of time series using Model-

Based partitioning (MOB) [14]. Each resulting cluster has

series with similar temporal patterns and external informa-

tion, thereby requiring only one linear model per cluster for

forecasting all the series. Using the AsiaYo data, we can use

the above approach by integrating external information such

as weather or holiday dates to cluster the series and forecast

series in each cluster using a single linear model instead of

individual models for every single series.

VI. CONCLUSION

We developed, evaluated, and compared several forecasting

algorithms and approaches in order to create an automated

system for forecasting daily occupancy in many different

cities with a 28-day lead time. The solution must be scalable,

flexible, and simple in order for a sharing economy company

to adopt it for forecasting occupancy in each of many cities

on a regular basis.
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Fig. 5. Performance of different algorithms for 4 other Taiwan major cities. For each city, top 3 panels show training performance of all algorithms and
bottom 2 panels show validation performance. Neural net performed best, linear regression is second best (but with larger extreme errors) on training and
validation periods for all cities.
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Fig. 6. Performance of different algorithms for 3 other Japan major cities. For each city, top 3 panels show training performance of all algorithms and bottom
2 panels show validation performance. Linear regression (lm) and neural net perform best (and are nearly identical) on training and validation periods for all
cities.
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We found that for cities in Taiwan, the dominating signal

is the weekly seasonality (Fridays vs. Saturdays vs. other

weekdays). A single-layer neural network performed best on

the training and validation periods, with a “basic” linear

regression performing similarly, but with larger magnitude

extreme errors. We were able to improve the linear regression

results by modeling separately Fridays/Saturdays/Sun-Thurs.

For cities in Japan, the basic linear regression performed best

on the validation period, while the neural network seems

to overfit - it performed best on the training period but

worse on the validation period. We note that the regression

and neural net performances surpassed not only the seasonal

naive benchmark, but also traditional forecasting methods such

as ARIMA and exponential smoothing. One possible reason

is the very strong seasonality which in combination with

holidays “confuses” these extrapolation methods; another is

the ability to incorporate external information such as holidays

and cumulative occupancy into linear regression and neural

nets.

Our results showed that shared-economy occupancy is

highly dependent on the weekday, city, and holidays. We

showed the strengths and weaknesses of different methods

in terms of required accuracy level, computation time, and

flexibility.
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