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Role of Time Series Analysis in Forecasting Egg
Production Depending on ARIMA Model
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Abstract The goal of this study is to show the role of time series models in predicting process and to demonstrate the
suitable type of it according to the data under study. Autoregressive integrated moving averages (ARIMA) model is used as a
common and a more applicable model. Univariate ARIMA model is used here to forecast egg production in some layers
depending on daily data from the period of May to October 2018. Different criteria of the ARIMA model can be used to
choose the suitable one such as the coefficient of determination (R?), mean absolute error (MAE), root mean square error
(RMSE) and mean absolute relative percentage error (MARPE). Depending on these measures the autoregressive integrated
moving average model with ordering (2,2,1) is considered the best model for forecasting process. The model fit statistics such
as RMSE (331.520) which was low and the lowest BIC value (11.745) indicating that the model fit the data well. The high
value of R? (0.95) and MAPE (4.542) indicated a perfect forecasting model. Also, ARIMA model with ordering (1,2,2) is

good in prediction process.
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1. Introduction

Forecasting is a process to predict some of the future
events of a specified variable. It is an outcome of analysis of
past or present data. It is widely applied in many fields as it
has a major role in increasing profit [1]. Forecasting
techniques classified into qualitative and quantitative
methods.

A time series is a set of observations collected over time. It
aims to determine the behavior of the series, identify the
important parameters and forecast the future values of the
time series.

There are many classical forecasting methods (such as
exponential smoothing, regression and others) can be used
for prediction process of time series data. These methods
differ according to the data features, number of data and
presence of autocorrelation [2]. [3] presented what is called
autoregressive integrated moving averages methods
(ARIMA) model to predict the future values of the time
series data.

The most frequently used ones are autoregressive moving
average (ARMA), and autoregressive integrated moving
average (ARIMA) [4]. The ARIMA method is a technique
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used for building a good predicting model of time series data.

There are some advantages and disadvantages of the
model. The advantages of the ARIMA model were: it is a
suitable and proper method particularly incase of short term
time series forecasting [5]. Another advantage, it can elevate
the prediction accuracy while maintaining the parameters
numbers to a minimum. The major disadvantages was
difficulty in application compared to other models such as
exponential smoothing methods to understand [6].

The characters of ARIMA model are stationarity (mean
value or variance are constant over time), and the
coefficients and the residuals are independent and normally
distributed [7]. If the model is non-stationary, first
differences of the series can be made to produce a new time
series of successive differences (Y4, Y.). If first differences
do not achieve the stationarity, the second differences of the
series are taken and log transformation of the series also can
be applied.

As it is known that, the ARIMA model is consisted of
(p, d, q) where, p is the autoregressive parameters, d is the
number of differencing passes and g is the moving average
parameters.

There are many examples of application this model in
forecasting future production for many years such as [8] who
predicted Indian egg production for seven years.

2. Material and Methods

2.1. Source of Data
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The study was carried out using daily egg production data
obtained over 6 months, from May to October. Data were
obtained from a farm in Sharkia governorate. This farm
contain 9000 birds of BabCock BV-300 white egg laying
chickens breed. The birds were brought as newly-hatched
chicks at the beginning of the cycle (December 31, 2017) till
now. Firstly, birds fed on starter ration of broilers till 21 days
of rearing. Then the ration and its components changed to fit
egg production during the rearing period. As these layers
are highly producers, ARIMA technique is a good model in
predicting the future performance of this farm.

2.2. Statistical Model

For ARIMA model, there are four important steps
should be put in consideration to apply it. These steps
are identification, estimation, diagnostic checking and
forecasting. Model parameters were estimated using the
Statistical Package for Social Sciences (SPSS) package to fit
the ARIMA models in predicting egg production [8].

Identification step applied to achieve stationarity and to
build a suitable model using autocorrelation (ACFs), partial
autocorrelation (PACFs), and transformations (differencing
and logging). Estimation or specification step estimate
coefficients depending on least squares and likelihood
techniques such as AIC, BIC likelihood which introduced by
[9] and [10].

AIC = -2 log(maximum likelihood)+2k. 1)
SBIC = -2 log(maximum likelihood)+2klog(n).  (2)

Where k = p+g+1 (if model includes intercept) otherwise,
k = p+g. p and q are the model orders. The model
considered well if its AIC and SBIC value is low [11].

Table 1. Forecasts Accuracy Measuring Methods
Accuracy Measuring .
Methods Formulation
((Actual — Forecast) / Actual) x 100
MPE 100 A-F
MPF = —— ——t
MPE== 2= (3)
MAPE = (Absolute Value(Actual —
Forecast) / Actual) x 100
MAPE L
e
MAPE = -
2w @
RMSE = Sqrt(Avg(Power(Actual
RMSE -Forecast)))
RMSE = +/MSE (5)
MAE = Avg(Abs(Actual—Forecast))
MAE 1
MAE = 3 el (6)
=1
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ME=— -
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MSE MSE = ;Ze,‘ (8)
t=1

Error (e) = Actual — Forecast or e; = A; — F¢

Diagnostics step depending on examining the parameters
significance using charts, statistics, ACFs and PACFs of
residuals to determine the model fitting [12]. Non-significant
parameters can be removed from the model.

Forecasting step can be applied in prediction process after
checking the model in the previous steps.

There are many accuracy measures applied after model
selection helping in choosing the best model as mentioned
by [13]. These measures include root mean square error
(RMSE), mean absolute error (MAE), mean absolute
percentage error (MAPE), mean error (ME) and mean
percentage error (MPE). These measures are explained in
Table 1.

The Box-Jenkins method is a combination of the
autoregressive and the moving average methods, it is
known as ARIMA (Autoregressive Integrated Moving
Average) method [5].

Autoregressive process of order (p) is

Y= GotdprY i+ doY ot +dpY g 9)
where Y, is value of the series at time t, Y1,Yio...Yip
are dependent on the past values of the variable at specific
time points, &o,d1,Po,...,p, are the regression intercept
(coefficient) and ¢ is error part (not explained by model).

Moving Average (MA) Process of order ()

(10)

Where Y, is the value of the series at time t, 8g, 01, 6, 64
are the (weights) coefficients applied to &1, &2, &4
previous forecast errors and g is the residual error.

The general form of ARIMA model of order (p, d, q) is
Y= ot 1Y+ oY ot +dpY i, + & -0181-02 &9 -0q€i¢

11)

Autocorrelation and partial autocorrelation function.

Autocorrelation is a measure of the internal correlation
within a time series. It is a technique of detecting internal
relationship between values in a time series. Autocorrelation
measures linear relationship, in a similar way with normal
correlation.

The partial autocorrelation function (PACF) gives the
partial association of a time series with its own lagged
observations, adjusting for the observations of the time series
at all shorter lags. It unlikes the autocorrelation function (no
controlling for other lags).

This function introduces an important role in analysis
process. Its role is identifying the extent of the lag in an
autoregressive model. Box—Jenkins approach introduced this
function to model time series data. Plotting the partial
autocorrelation functions is helpful in detecting the suitable
lags p in ARIMA (p,d,q) model.

Y= 0ot & - 018 1-0262-+-0geq

3. Results and Discussion

3.1. Identification of ARIMA Model
ARIMA model can be designed after achieving a
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stationarity (constant mean and constant variance) to the
variable under forecasting by different transformation
methods. Figure 1 showed that the pattern of the data under
study were non-stationary and in this case transformation
process (differencing and logging) of the data is used to
become stationary data as shown in Figure 2.
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Figure 1. Time series plot of egg production of the farm under study

The values or the numbers of p and g of the model were
identified depending on the autocorrelation and partial
autocorrelation coefficients (ACF and PACFs) of various
orders of Y, . p and g values were calculated and presented in
Table 2 and Figure 3.
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Figure 2. Time series plot of egg production (stationary data)

Table 2. Auto Correlation Function and Partial Auto Correlation Function
of Eggs Production of the Farm under Study

Auto correlation Partial Auto Correlation

Lag Value Stand. error Value Stand. error
1 -0.607 0.082 -0.607 0.083
2 0.016 0.082 -0.558 0.083
3 0.190 0.082 -0.305 0.083
4 -0.165 0.081 -0.315 0.083
5 0.091 0.081 -0.221 0.083
6 -0.054 0.081 -0.292 0.083
7 0.117 0.080 -0.020 0.083
8 -0.159 0.080 -0.069 0.083

9 0.052 0.080 -0.137 0.083
10 0.099 0.080 -0.056 0.083
1 -0.150 0.079 -0.092 0.083
12 0.114 0.079 -0.039 0.083
13 -0.070 0.079 -0.122 0.083
14 0.078 0.078 0.037 0.083
15 -0.078 0.078 0.049 0.083
16 0.028 0.078 0.082 0.083
In the PACF chart, the number of lags exceeds 0.5

(positive or negative) was 2, and this suggested that (p order
can be 2). In the ACF chart, the number of lags above 0.5
was 1, and this suggested that (q order equal 1) with
difference equals 2.
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Figure 3. AFC and PACF of differenced and logged eggs production data

There were many ARIMA models which were suggested
to represent the data with the normalized BIC values as in
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Table 3. The most fitted model was with the smallest
normalized BIC value (11.745). Then the most suitable
ARIMA model was with the order (2,2,1). Also, ARIMA
model with ordering (1,2,2) is good in prediction process
with BIC value (11.749) followed by (3,1,1), (2,2,2) and
(3,2,1) of BIC values (11.782), (11.783) and (11.785)
respectively.

Table 3. Different ARIMA Models and the Corresponding Normalized
BIC Values

ARIMA (p, d, q) Normalized BIC Values
(2,2,2) 11.745
(1,2.2) 11.749
(2,2,2) 11.783
2,1,1) 11.824
(2,0,1) 12.653
(3.2,1) 11.785
(3.1,1) 11.782
(31,2 11.818
(3,0,1) 12.468
1,1,2) 11.854
(1,1,1) 11.818
(1,0,1) 12.414

3.2. Estimation of the Model Parameters

The parameters of (2, 2, 1) ARIMA model were presented
in Table 4. In this model, the P value of the constant was >
0.05 (0.178) and this indicated that the model fitted without
the constant. The other coefficients of AR and MA were also
in Table 4. The values of the coefficients and the standard
errors of AR and MA parameters were (-0.521 with 0.084 SE,
- 0.306 with 0.084 SE and 0.924 with 0.040 SE) respectively.
Their t values were (-6.199, -3.659 and 23.132). They were
significantly differ from zero as their P values were (0.000,
0.000357 and 0.000) for AR at lag 1 and lag 2 and MA
respectively. Then, this egg production model will be as
follows:

Y=-0.521Y . - 0.306Y ,+ 0.924¢,_| +&
Where Y, is the predicted amount of egg at time t.
Y, is the predicted amount of egg of one previous day.

Y, is the predicted amount of egg of two previous day.
-1 IS the previous one day residual.

(12)

Table 4. Parameters of the ARIMA Model (2,2,1) Fitted for Eggs
Production
Parameters Estimates SE Tvalue | Significance
Constant -1.720 1.270 -1.355 0.178
AR2 Lagl ®,=-0.521 0.084 -6.199 0.000
Lag2 ®,=-0.306 0.084 -3.659 0.000357
Difference 2 - - -
MAL1 Lagl 0,=0.924 0.040 23.132 0.000

The other model statistics which indicated fitting of the
model to the data were presented in Table 5. Higher R? value
(0.953) and higher MAPE value (4.542) with the lowest
normalized BIC (11.745) and lower RMSE value (331.520).
All these measures were a good indicator of fitting of the
model to the data well.

3.3. Diagnostic Checking of the Model

For checking the model adequacy the ACF and PACF of
the residuals were graphed. The graphs of these residuals
showed no specific information of the data appeared where
all the points were irregularly distributed around zero (no
systematic pattern) indicated that the model fitted was
adequate as in Figure 4.

The Ljung — Box (Q) statistic for testing of the residual of
the model [14]. This statistic with a value of 10.896 for 15 d.f
and its P-value equal 0.760 (the model was not significantly
different from zero) as in Table 5. Then, the null hypothesis
of white noise was accepted, and this meant that the model
fitted is adequate as it absorbed all information of the data.
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Figure 4. Residuals of ACF and PACF

Table 5. Estimated ARIMA Model Fit Statistics

Model statistics

Model Fit Statistics

Ljung-Box Q(18)

R-squared | RMSE | MAPE | MaxAPE MAE

MaxAE

Normalized BIC | Statistics | DF | Significance

0.953 331.520 | 4.542 52.677 244.589

1422.277

11.745 10.896 15 0.760

3.4. Using the Model in Forecasting Process

The actual and predicted values of egg production were
shown in Table 6 and Figure 5. Forecasting process with the

model (2,2,1) for forecasting i.e 8 days of future egg
production indicated a good fitting of the model for
prediction.
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Table 6. Statistics for Prediction of Egg Production

Time Forecast 95% Lower Limit 95% Upper Limit
1 6595.45 5943.78 7247.12
2 6596.42 5851.23 7341.61
3 6606.47 5777.85 7435.10
4 6561.03 5593.23 7528.84
5 6538.58 5459.48 7617.68
6 6518.00 5330.26 7705.74
7 6486.26 5180.45 7792.08
8 6456.62 5035.03 7878.21
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Figure 5. Actual and estimated eggs production

4. Conclusions

In this study the model of the best choice was ARIMA
model with the order (2, 2, 1) as its R squared value was 0.95
(high value) and it had the lowest BIC values between
the other models. It was noticed that egg production
would increase as this model give evidence about future
egg production. This model give information which are
important in decision making process related to the future
egg production in this farm. ARIMA model is a good model
in forecasting the future performance not only for this farm
but for egg producers all over the world.
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