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Abstract: Reliable methodology for service orders
prediction can significantly improve the quality of
business strategy. It is very important to identify the
seasonal behavior in order data to correctly predict
customer demand and make appropriate business
decisions. There are several methods to model and
forecast time series with seasonal pattern. This paper
compares seasonal naive, Holt – Winters seasonal,
SARIMA and neural networks methods in order to
evaluate their performance in prediction of the future
values of time series that consist of the monthly orders
in a small IT company.

methods are presented. Section 3 discusses experimental
results. In section 4 concluding remarks are provided.
2. Methods and materials
2.1. Orders data
In this research we have used a small IT company’s
monthly service orders data from the period July, 2010 March, 2013. Visualization shows growth trend (Fig. 1)
and seasonality (Fig. 2, Fig. 3): orders volume increases
in July, August, and November. Seasonality can be due:
 Heating season: the end of the heating season
reduces consumer’s expenses on heating and as
a result customers bring computers to perform
preventive maintenance or to repair older
failures.
 Holidays: during holidays a number of
different accidents, such as dropped or wet
computers, increases.
 Summer season: more failures due to the
computers overheating as well as computers
left outside during the rain.
Of course, other factors can influence it as well.

Keywords: orders prediction, time series.
1. Introduction
Orders forecasting is an essential tool for business
management which enables to make more efficient
decisions in allocation of company’s resources,
planning employment needs, targeting and satisfying
customer needs and etc. Usually, such information is
analyzed as time series that often exhibit seasonality.
Different approaches, such as regression analysis [1, 2],
exponential smoothing [2, 3], moving average [4, 5],
Box – Jenkins methodology [1, 6] and more
sophisticated modeling techniques such as artificial [2,
6], fuzzy logic [3, 7] or evolving [8] neural networks,
are used for orders prediction. Our goal is to analyze
different methods for modeling and forecasting time
series with seasonal behavior.
This research focuses on the monthly orders forecasting
of a small IT company and applies seasonal naive,
exponential smoothing, SARIMA methods and also
simple neural network in order to find the most
appropriate methodology for orders prediction.
The remainder of the paper is organized as follows. In
section 2 data collection, problem formulation and used

All models were developed using data from the period
July, 2010 - February, 2013. The observation from
March 2013 was used to measure performance.
2.2. Problem formulation
( - time horizon)
Predict future monthly orders
by using the previous monthly orders data: , , … , .
Three different time horizons are chosen: 1, 3 and 12
months.
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Fig. 1. Monthly orders

Fig. 2. Seasonal plot

Fig. 3. Seasonal subseries plot
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2.3. Loss function

1

In order to evaluate performance of different models
we decided to use the mean absolute error (MAE) [9]
and mean absolute percentage error (MAPE) [9]. MAE
was selected due to its simplicity – easy to understand
and calculate and MAPE was selected because this
measure is not inclined to respond to the increase of
time series values. Let denote the th observation and
denote predicted value. Then the forecast error is
equal to
.

100
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.
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2.6. Seasonal ARIMA model

.

A seasonal ARIMA model (SARIMA) [9] is an
extension of ARIMA model and is denoted as an
, where is the order of the
, ,
, ,
autoregressive part, is the order of the differencing,
is the order of the moving-average process,
is the
order of the seasonal autoregressive part, is the order
of the seasonal differencing,
is the order of the
seasonal moving-average process and is the period of
the seasonality. SARIMA model in general form is:

(3)

As mentioned above we used the observation from
March 2013 as one of evaluation criteria:
;
where
orders and

→

|

(2)

and mean absolute percentage error
1

;

, is
where
| is predicted value at the time
the smoothed value at the time ,
denotes trend
denotes seasonal component at ,
component at ,
0
1 is the smoothing parameter, 0
1 is
the smoothing parameter for the trend, 0
1 is the
smoothing parameter for the seasonal component and
is the period of the seasonality. Values for the
smoothing parameters can be estimated by minimizing
the sum of the squared errors:
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,
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Mean absolute error can be found using formula
1

(11)

,

(4)

is a real value of March, 2013 monthly
is forecasted value.

1

1

μ

;
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2.4. Seasonal naive method
where

is backshift operator:
;
 μ is average of series
;
⋯
;

1

⋯
;
1
,
,

1
⋯
;

⋯
.
1
,
,
Akaike’s Information Criterion (AIC) [9] was used in
order to select the most appropriate order of an ARIMA
model. In the general case, the AIC is

A simple method is to forecast (seasonal) data. In this
case, each forecast is equal to the last observed value
from the same season of the year, e.g. the same month
of the previous year.
;

(5)

where is the index of the last observation, is time
horizon,
1 /
1 and is the period.
2.5. Holt - Winters seasonal method

2

Holt-Winters seasonal method [9] can be used for
forecasting data with trend and seasonal components.
There are two variations to this method: additive and
multiplicative. Model form for the additive method is:
,

|

,
1

,
;

1

,

(16)

2.7. Neural networks

(7)
(8)
(9)

Neural network [10] is a structure composed from an
input layer, one or more intermediate layers and an
output layer, each consisting of several neurons. Each
neuron inputs are combined using a weighted linear
combination:

while for the multiplicative:
|

;

where is the number of model parameters and is the
maximized value of the likelihood function. The
preferred model is the one with the lowest AIC value.

(6)

1

2 ln

(10)

;
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Table 1. Results of model fitting

,
1, … , are inputs,
,
1, … , are
where
is a threshold value.
corresponding weights and
Transfer function is used to calculate output value:

Model
Seasonal naive
Holt - Winters (A)
0.4,
0.3,
1
Holt - Winters (M)
0.8,
0.1,
0.5
2,0,7 0,2,2
Neural network

(18)

.

The most common transfer function is a sigmoid [10]:
1
1

.

(19)

,
0, … , are evaluated using
The parameters
training data: in the beginning all weights take random
values which are then updated using the observed data.

In this case we have constructed neural network with 4
inputs and one intermediate layer consisting of 4
neurons (see Fig. 4). Prediction of monthly orders is
based on the previous four months data:
Input
Aug.
Sept.
Sept.
Oct.
…
…

Oct.
Nov.
…

19.36

42.55

31/54%

10.42

23.35

1/0.02%

22.64

47.39

50/86%

1.26
2.21

1.89
4.6

3/0.05%
7/0.12%

Results show that Seasonal naive method has high MAE
and MAPE values and forecast results are very
inaccurate (31 orders mismatch). It leads to the
conclusion that Seasonal naive method is not suitable
for orders prediction, so the method will not be further
analyzed. In order to find the most appropriate
parameters values for both Holt – Winters method
variations we have used a grid-based optimization [11].
Results show that additive Holt – Winters method is far
superior to the multiplicative in terms of the accuracy
measures. Also, it is easy to see that this method most
accurately predicts orders for March while
model has the lowest MAE and
2,0,7 0,2,2
MAPE values. The order of SARIMA model was
identified using the following procedure:
1. Finding a list of models with minimal AIC value.
2. Selection of the model with the lowest values of
accuracy measures (MAE and MAPE).
3. Model validation: apply Box-Ljung test [12] to
determine whether residuals are random and
Dickey – Fuller test [12] to ascertain whether
residues are stationary.
Neural network also has small loss functions values but
the prediction of March is not very accurate in
comparison with other methods.
Selected models were used to forecast monthly orders
for 1, 3 and 12 months ahead, see Table 2 for results.

Fig. 4. Scheme of a constructed neural network

July
Aug.
…

Accuracy measures
MAE
MAPE

Output
Nov.
Dec.
…

Neural network was trained using 80% of the data (26
observations) and tested using the rest.

Table 2. Forecast for orders
Model

3. Experimental results

Holt - Winters (A)
0.4,
0.3,
1
2,0,7 0,2,2
Neural network

Experiments can be divided into two parts: appropriate
model selection and forecasting. See Table 1 for models
performance.

Forecasts values (month)
1
3
12
69

81

101

93
64

105
64

109
88

Results show, that seasonal ARIMA model forecast is
the most optimistic while neural network is the most
pessimistic. Furthermore, prediction obtained from the
neural network does not have the growth trend (see Fig.
7). Therefore, neural network shows very high accuracy.
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Fig. 5. Holt - Winters forecast

Fig. 6.

, ,

, ,

forecast

Fig. 7. Neural network forecast
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Analyzing the result from Holt - Winters forecasting
(see Fig. 5) it is easy to see that prediction has a
growing trend but the range of prediction interval is
wide, so this model is more appropriate for the first
steps prediction.
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4. Conclusions
Data analysis shows that orders data has trend and
seasonal components: orders volume increase in July,
August, and November. Based on this assumption we
chose to use seasonal naïve, Holt - Winters seasonal,
SARIMA and neural network methods. Results show
that seasonal naive method is not suitable for orders
prediction. Holt - Winters method with the set of
parameters
0.4,
0.3,
1 is the most
accurately predicts orders for March, 2013 but the range
of prediction interval is wide, so this model is more
appropriate
for
the
short
term
prediction.
model has the lowest MAE and
2,0,7 0,2,2
MAPE values, and its forecast has the strongest growing
trend. Neural network also has small loss functions
values but prediction obtained from this method does
not include the growth.
A more detailed investigation should be performed in
order to estimate the application of neural networks in
orders prediction, e.g. development of a more
sophisticated model with different number of inputs or
hidden layers. Furthermore, we are planning to test
models on new data and apply different methodology:
de-seasonalize the data before applying forecasting
methods and then to re-seasonalize the forecasts.
Moreover, we plan to perform separate analysis of
business and consumer service orders, because business
orders may show sudden jumps due to an agreement
with bigger company (it is not really common and
predictable), while consumer dynamics should be more
regular.
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