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Article Information ABSTRACT

Chicken is one of the fastest-growing and most widely consumed animal protein sources
Received: May 12, 2026 globally, making price stability important for producers, consumers, processors, retailers,

and policymakers. However, feeding costs, disease outbreaks, seasonal demand, supply-chain
Accepted: July 21, 2026 disrt};ptiozls, and market uncertaintgygr contribute to nonlinear and volatile price mli))}zre}ments.
Published: August 20, 2026 Although several previous poultr}' p.ric.e studi'es have used traditional'linear models such

as ARIMA and SARIMA, there is limited evidence on the comparative performance of
time-series, machine-learning, and hybrid forecasting models for global monthly chicken
meat prices. Therefore, this study aimed to forecast global chicken prices by identifying
the most accurate model using comparative forecast evaluation metrics. Monthly chicken
price data, expressed in USD/kg, were obtained from the World Bank Commodity Price
Data “Pink Sheet” for January 1960 to February 2026. The study fitted Auto-ARIMA, ETS,
NNAR, Theta, STL+ETS, TBATS, equal-weight averaging, cross-validation error-weighted
averaging, and 14 hybrid models. Forecast performance was evaluated using ME, RMSE,
MAE, MPE, and MAPE. Results showed substantial historical price variation, ranging from
USD 0.30/kg to USD 2.72/kg, with a mean of USD 1.16/kg. Among the 22 fitted models,
NNAR performed best, producing the lowest RMSE, MAE, and MAPE values of 0.0189,
0.0122, and 1.014%, respectively. Among hybrid models, NNAR X STL was the most
accurate, indicating the value of combining nonlinear learning with seasonal decomposition.
The 30-month NNAR forecast suggested relatively stable prices with moderate fluctuations
through August 2028. These findings support the use of nonlinear forecasting tools for
poultry market planning, feed management, risk reduction, trade monitoring, and food
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affordability policy.

INTRODUCTION

Chicken is one of the most demanding and fastest-
growing animal protein sources globally driven by its
shorter production cycle, high feed conversion ratio,
greater cultural acceptability, relatively low price per unit
of protein intake (Kleyn ez al, 2021; Karlik e# al., 2018;
Macelline ¢ al, 2021; Damaziak ¢ al., 2019). In 2020,
40% of the global meat production was contributed
by poultry meat (FAO, 2023). The US. is the largest
producer of poultry meat, followed by China and Brazil
(FAO, n.d.). Global poultry production surged from 9
million tons in 1961 to 133 million tons in 2020 (FAO,
n.d.). In developing countries, approximately 80% of
rural farmers are engaged in raising poultry (FAO, n.d.).
One of the main drivers of this high production is strong
global demand, Chicken is a low fat, highly digestible
protein, and rich in polyunsaturated fatty acids, Vitamins
B1 and B6, and minerals such as iron, zinc, and copper
(Marangoni ef al, 2015; Stangierski & Lesnierowski,
2015). Because of these nutritional benefits, chicken
contributes substantially to food security. Chicken has
higher affordability, accessibility, and acceptability than
beef and pork meat (Damaziak e/ al, 2019; Barbut
& Leishman, 2022). broilers
marketable weight and size more quickly than cattle, pigs,

Hconomically, reach

and small ruminants such as goats and sheeps, making
poultry production more attractive to growers (Siegel,

2014; Ramukhithi ez al, 2023; Adaszynska-Skwirzyfiska
et al., 2025). From an environmental perspective, chicken
friendly

because it contributes to lower greenhouse gas emissions

production is considered environmentally
than cattle and other ruminants. Being non-ruminant and
monogastric, Chickens do not produce enteric methane
(de Vries & de Boer, 2010; Dunkley & Dunkley, 2013).

As chicken is a widely consumed source of animal protein,
having a significant role in livelihood, food security, and
nutrition, the chicken meat price is a concern across
the whole production system for farmers, processors,
marketers, consumers, and policymakers (Birhanu ez a/,
2023; Suganda e al., 2024). Chicken price forecasting is
essential for producers in deciding the number of birds
to raise, days to keep in the cage, the time of selling, and
feed and ration management (You & Hsich, 2018; Solano-
Blanco ¢ al., 2023; Pesti, 2023). From the consumer’s
perspective, a significant increase in chicken prices may
reduce consumption; therefore, addressing affordability
is important for policymakers and marketers (Lusk &
Tonsor, 2016; Birhanu e/ al., 2023). Price is important for
market regulators, in trade decisions and in introducing
possible market interventions (FAO, 2011; Pieters &
Swinnen, 2016; Brander e7 al., 2023). Forecasting chicken
prices is also beneficial for supermarkets and restaurants
in planning inventory and purchasing decisions, helping
to reduce food waste and stock outs (Arunraj ef al.; 2016;
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Kabadurmus ez al., 2023).

Most of the forecasting is found to be focused on crops
such as corn, cotton, wheat, and vegetables (Khadka ez
al., 2025; Sanwa et al., 2025). A few studies on poultry
prices have been estimated, but are location-specific and
heavily reliant on traditional models such as ARIMA
or SARIMA models, which are based on linear time-
series data (Wisodewo ef al., 2022; Sabroso et al., 2023;
Kontopoulou e al, 2023). However, several factors,
such as feed price uncertainties, seasonality, and disease
outbreaks, cause fluctuations in the price of chicken.
Thus, several machine learning approaches should be
considered for forecasting, which captures non-linear
and complex data as well (Pandit e# al, 2024; Sun e/ al.,
2023). Integration of traditional and machine learning
approaches builds hybrid models that improve forecasting
accuracy compared to single models approaches (KKhashei
& Bijari, 2011; Zhang, 2003; Sun ef al., 2023).

This study focuses on forecasting chicken prices by
comparing traditional time-series, machine-learning, and
hybrid forecasting models and determining the most
accurate model using evaluation metrics.

LITERATURE REVIEW

Chicken meat markets and the need for price
forecasting

The global chicken market is a complex system driven
by several forces of demand and supply, governed by
production efficiency, consumer preferences, disease
management, and other trade policies. In terms of
chicken production, the USA ranks first, followed by
Brazil and China (Uzundumlu & Dilli, 2023). In terms of
exports, Brazil was the leading exporter, exporting around
4.34 million tons of chicken to more than 150 countries
(Barros et al., 2021). The price fluctuation is affected
by feed costs- particularly, maize and soybeans (Ucak,
Yelgen and Ar1, 2023). In China, epidemics such as avian
influenza and African swine fever substantially worsened
not only the price volatility but also impacted different
parts of the production system, such as live chicken prices
and broiler chicken prices, with less impact on broiler
feed prices (Xie e/ al, 2024). Due to the COVID-19
pandemic, in Bangladesh, the price of poultry dropped
sharply during the first three months (February-April
2020), which later increased by about 40%, and chicken
eggs rose by 30%. However, this pandemic has resulted in
some enterprises shutting down early because of the rise
in feed costs, insufficient workforce, and reduced demand
(Amin ef al., 2023).

Traditional time-series models for chicken price
forecasting

To forecast beef, chicken, mutton, and overall production
of meat, ARIMA has been broadly used (Nouman &
Khan, 2014; Mgaya, 2019; Ozdemir ez al, 2025). This
model has been used to estimate poultry egg price
forecasting as well (Abdulhamid, Aliu, and Musa, 2020).
Trend, seasonality, and structural changes were identified

after plotting the historical data on chicken prices. To
determine the stationarity, the Augmented Dickey Fuller
(ADF) is used (Worden et al, 2018). If the series is
not stationary, differencing is applied, and selection of
ARIMA (p.d.q) or SARIMA (p.d.q) (B,D,Q)s is done
using AIC, BIC, ACF, or PACF (Hossain et al, 2019;
McCabe ¢ al., 1995; Zhang & Meng, 2023). Evaluation
metrics like ME, MAE, RMSE, MAE, MPE, and MAPE
were used to evaluate the forecast (Saigal & Mehrotra,
2012; Chicco ef al., 2021). Similatly, the ETS model was
used in forecasting mutton and chicken prices (Klaharn
et al., 2024; Abdallah & Gouda, 2025). It is useful when
the prices show a smooth trend or seasonal movement
(Hyndman ez al., 2002). However, if there is a non-linear
shock, ETS may not perform better (Hyndman ez al,
2008). Theta, STLM, and TBATS are less common in
the chicken price forecasting model. STL. model is used
when the dataset contains strong trend and seasonal
components while TBATS are used when data have
multiple seasonal patterns like weekly, monthly, or annual
cycles (Cleveland et al., 1990; Liu ez al., 2025; Zhang et al.,
2025).

The series is decomposed into long-term and short-term
components through Theta, while STLM decomposes
into trend, seasonal, and remainder using ST (Theodosiou,
2011; Yang et al., 2025). However, TBATS uses Box-Cox
transformation, ARMA errors, trend, and trigonometric
seasonal components (Elseidi, 2023; Chudo & Terdik,
2025)

Machine-learning approaches

Machine learning approaches like Neural Network
Autoregression model (NNAR) have been used in the
poultry industry to forecast future chicken prices based
on past chicken prices (Klaharn ef al, 2024). NNAR is
based on autoregression and an artificial neural network
(Daniyar ef al., 2023). As this model considers nonlinear
price trends, a neural network is widely used in agricultural
forecasting, as agricultural prices contain nonlinear
patterns and complex market behavior (Kmytiuk ez al,
2024). Historical chicken price data is used as an input
to feed-forward neural network in the NNAR model
(Sanwa ef al., 2025). However, this is more complex to
interpret than traditional series like ARIMA as internal
neural network weights are less interpretable. It is useful
in chicken price forecasting as factors such as feed cost,
production cycles, seasonal demand, disease outbreak,
and consumer preferences have nonlinear price patterns
(Zamani et al., 2024; Lawrence et al., 2008; Lee ¢t al., 2017).

Hybrid forecasting models

Several hybrid models, such as SARIMA-ANN, ARIMA-
NNAR, ARIMA-TBATS, etc., are applied in agricultural
price forecasting. Hybrid models combine forecasting
from two or more models. This is beneficial because
some models, such as ARIMA, capture linear structure
while models like NNAR capture nonlinear structure.
Similarly, models such as ETS capture trend/seasonality,
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STLM captures decomposed seasonal components, while
TBATS captures complex seasonality. When these models
are combined and forecasting is done, it gives meaningful
predictions. Thus, hybrid models improve the robustness
of the forecast.

MATERIALS AND METHODS

Data Source

The data presents a historical monthly price seties of
chicken meat, expressed in USD per kilogram, extracted
from World Bank Commodity Price Data “Pink Sheet”
for the period of January 1960- February 2026 to forecast
the future prices, globally.

Traditional time-series models for chicken price
forecasting

To forecast beef, chicken, mutton, and overall production
of meat, the ARIMA model has been widely used
(Nouman & Khan, 2014; Mgaya, 2019; Ozdemir e al.,
2025). It has also been applied to poultry egg price
forecasting (Abdulhamid ez 4/, 2026). Trend, seasonality,
and structural changes are identified through analysis of
historical data on chicken prices. To determine stationarity,
the Augmented Dickey-Fuller (ADF) is used (Worden e#
al., 2018). If the series is not stationary, differencing is
applied, and selection of ARIMA (p.d.q) or SARIMA
(p.d.q) PD,Q)s is carried out using AIC, BIC, ACE, or
PACF (Hossain ez al., 2019; McCabe ¢ al., 1995; Zhang
& Meng, 2023). Evaluation metrics like ME, MAE,
RMSE, MAE, MPE, and MAPE were used to evaluate
the forecast (Saigal & Mehrotra, 2012; Chicco 7 al., 2021).
Similarly, the ETS model is used in forecasting mutton and
chicken prices (Klaharn ef al, 2024; Abdallah & Gouda,
2025). It is useful when the prices show smooth trends
or seasonal movements (Hyndman ez /., 2002). However,
if there is a non-linear shock, ETS may not perform well
(Hyndman ez al, 2008). Theta, STLM, and TBATS are
less common in the chicken price forecasting model. STL
model is used when the dataset contains strong trend
and seasonal components while TBATS are used when
data have multiple seasonal patterns like weekly, monthly,
or annual cycles (Cleveland e al, 1990; Liu e al., 2025;
Zhang et al., 2025).

The series is decomposed into long-term and short-term
components through Theta, while STLM decomposes
into trend, seasonal, and remainder using ST (Theodosiou,
2011; Yang ez al., 2025). However, TBATS uses Box-Cox
transformation, ARMA errors, trend, and trigonometric
seasonal components (Elseidi, 2023; Chudo & Terdik,
2025)

Forecasting models

Auto. Arima Model

An autoregressive Integrated Moving Average (ARIMA)
model, developed by Box and Jenkins (1970), is a linear
time-series model that forecasts data at regular time
intervals. Itis useful when the series can be made stationary
through differencing It consists of autoregressive (AR),

integration (I),and moving average (MA). The AR and MA
terms are based on the strength of temporal correlation,
while the I term involves differencing a nonstationary
series into a stationary series (Zhang, 2018). ARIMA is
mainly used for univariate time series forecasting suitable
for predicting agricultural production, prices, trades, and
several other forecasting applications (Mehrmolaei &
Keyvanpour, 2016; Gaddi e/ al., 2025).

The general model of ARIMA is written as

Where:

ARDMA(pdg) ......... 1)

* p = Autoregressive order

* d= Number of differences needed for stationarity

* q= Moving average order (Zhang, 2018; Shumway and
Stoffer, 2017).
In terms of econometrics, it can be written following
Hyndman and Khandakar, 2008 as:
where:

#(BI1-BYyr=c+8(B)et ... (2

* B is the backshift operator

* p(B)represents sAR terms

* O(B)represents MA terms, and

* ¢_t is white-noise errof.
Error, Trend, Seasonal Exponential Smoothing (ETS)
model
The major application of this model lies when the
series has error, trend, and/or seasonality (De Livera,
2010; Crevits & Croux, 2016). This is widely used in the
agricultural sector for demand and price forecasting as
well as for estimating seasonal crop-market data.
The general model of ETS can be written as:
where:

[

ETS(E,T,S)........ (3)

* E= error type: (additive or multiplicative)
* T= trend type: (none, additive, damped, multiplicative)
* S= seasonal type: (none, additive, multiplicative)

A simple additive ETS model can be written as:

Vi = -Ii,t_l + bt—l + Stm + Efevernanan. (4)
Where:

e | tis level

* b_tis a trend, and

* s_tis seasonality

(Hyndman et al., 2002; Hyndman ez al., 2008)

Neural Network Autoregression (NNAR) model
This is widely used for non-linear and complex time series
forecasting (Almarashi ez al., 2024; Maleki ez al., 2024).
The general NNAR model is written as:

NNAR@D,K).ovvveeee (5)
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or for seasonal data:

NNAR®D, P k). (6)

where:
* p= number of non-seasonal lag inputs
* P= number of seasonal lag inputs
* k= number of hidden nodes
* m= seasonal frequency
An econometric NNAR model is:

Y = f(}"t—lyyt—b '"ryt—‘p) + Efeerinannnns (7)

where f(+)is a nonlinear function by the neural network
(Sanwa, ef al., 2025).

Theta model

The Theta model is used for a series with a trend
and for univariate forecasting. The original time
series is decomposed into different “theta lines,”
which are forecasted separately and then combined
(Assimakopoulos & Nikolopoulos, 2000). Higher and
lower theta values indicate short-term valuation and
smoother long-term behavior, respectively (Nikolopoulos
& Thomakos, 2019).

The general model of Theta Model is written as:

VIZ 00V Y,......... (8)

Where,
Y_tis the original series and
Z_t (0)is the transformed theta line (Fiorucci, 2016).

Seasonal Trend Decomposition using Loess and
Forecasting Model (STLM)

This model is mainly useful for data with strong seasonal
patterns. This model decomposes the series into trend,
seasonal, and remainder components using STL and
conducts forecasting for the seasonally adjusted data (Liu
& Zhang, 2024; Sohrabbeig & Musilek, 2023).

The general STLM model is:

where:

e T_t= trend component

* S_t= seasonal component

* R_t= remainder component
The seasonally adjusted component is then forecast using
models such as ARIMA or ETS:

SA:— = yr—St ........... (10)

Forecasts are obtained by forecasting SA_tand then
adding back the seasonal component (Cleveland e al,

1990).

Trigonometric seasonality, Box-Cox transformation,
ARMA errors, Trend, and Seasonal components
(TBATS model)

This model is used for complex seasonal time seties,

mainly used for high-frequency data having multiple
seasonality (Yu ez al., 2021).
A simplified structure of the TBATS model is:

HO =l by + T A (11)

where:
* y_t"((w) )= Box-Cox transformed series
o ]_t=level
e b_t= trend
* s_t= seasonal component
* d_t= ARMA error component
* = damping parameter (Zhao and Zhang, 2022).

Hybrid forecasting models
Several hybrid models, such as SARIMA-ANN, ARIMA-
NNAR, ARIMA-TBATS, etc., are applied in agricultural
price forecasting. Hybrid models combine forecasting
from two or more models. This is beneficial because
some models, such as ARIMA, capture linear structure
while models like NNAR capture nonlinear structure.
Similarly, models such as ETS capture trend/seasonality,
STLM captures decomposed seasonal components, while
TBATS captures complex seasonality. When these models
are combined and forecasting is done, it gives meaningful
predictions. Thus, hybrid models improve the robustness
of the forecast.
A general hybrid model combines forecasts from multiple
models:
?iibn d=\-’V1 yf:gl+W2yEEi+' ' '+Wk5?8—{1)1 .............. (12)

where:

o <y " 7t+h” N((F”) )= forecast from model i

e “w” _”1” = weight assigned to model i

S e W
The most common examples are L.

* ARIMA + ETS

* ARIMA + NNAR

* ETS + Theta

* ARIMA + ETS + NNAR + TBATS

* Equal weight hybrid

e CV weight hybrid (Bates &

Timmermann, 2000)

Granger, 1969;

Model evaluation metrics

Model evaluation metrics are used to compare predicted
values with the actual values that help to determine the
most accurate model.

Mean Error (ME):

It measures the average bias and reflects that if the value
is near to zero, the estimated forecasts are less biased
(Hyndman and Koehler, 2000).

Mean Absolute Error (MAE):

1
MAE = =% 1t (14)
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MAE expresses in the original unit of data and measures
the average absolute forecast error. The lower value of
MAE reflects better accuracy (Hyndman & Koehler,
2006; Hyndman & Athanasopoulos, 2021)

Root Mean Squared Error (RMSE):

RMSE = %Zeg ......... (15)

This metric is useful when large forecasting errors are
undesirable, with lower RMSE value reflecting higher
predictive accuracy (Hyndman & Koehler, 2000)

Mean Percentage Error (MPE):

MPE can be expressed as:

A positive MPE suggests that the model tends to under-
forecast, negative MPE indicates over-forecast, and MPE
close to zero means low average percentage bias (Hyndman
& Koehler, 2006; Hyndman & Athanasopoulos, 2021)
Mean Absolute Percentage Error (MAPE):

MAPE can be expressed as:

n
MAPE‘:EZ [ e (UD)
n t=1 ¥t

The lower MAPE indicates better forecast accuracy. For
example: If MAPE= 3%, it means that the forecast has
errors by about 3% on average. MAPE is not reliable
when the actual values are close to zero (Hyndman &
Koehler, 2006; Hyndman & Athanasopoulos, 2021).

AN (e;) RESULTS AND DISCUSSIONS
L AT 16) e o
T Table 1 represents the descriptive statistics of global
Table 1: Descriptive Statistics
Variable Minimum | Maximum | Mean Median | SD 25th Percentile 75th Percentile
Chicken price | 0.2974 2.7227 1.1627 1.1334 0.6050 0.6156 1.6367

monthly chicken prices. The mean monthly chicken
price was $1.16 per kg., with a standard deviation of
0.60, and the median price was $1.13. The prices varied

widely, ranging from the minimum price of $0.30 to
the maximum of $2.72, showing considerable variation
within the chicken prices over the series.

Monthly Chicken Price Time Series

Chicken price

1960 1980

2000 2020

Figure 1: Time series plot of monthly chicken prices (1960-2026)

Figure 1 shows an overall increase in monthly chicken
prices over time, reaching peak with pronounced
fluctuations, followed by a similar downward trend. As
the series is not linear or constant, having noticeable
dynamics in prices, multiple forecasting approaches
are considered when estimating the forecasted value.

To analyze and interpret the pattern of series, the data
is employed to decompose into trend, seasonal, and
irregular/random components.

Time-series decomposition and seasonal adjustment

Additive Decomposition of Monthly Chicken Prices
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Figure 2: Decomposition of an additive time series (1960-2026)

211

Page



Am. J. Econ. Bus. Innov. 5(2) 207-221, 2026

Seasonally Adjusted Monthly Chicken Prices

Seasonally adjusted price
[
.

-
L

1960 1980

2000 2020

Year

Figure 3: Seasonally adjusted monthly chicken prices (1960-2026)

The decomposition of additive time series was done
to categorize the series into trend, seasonality, and
remainder/noise components. This is done when the
size of seasonal fluctuations seems constant over time
series. The figure shows that in addition to random
variation, the series is affected by a structured time-based
pattern. Specifically, the long-run price trend is shown
by the trend component, while the within-year seasonal
movements is reflected by the seasonal component. The
other component, i.c., remainder, captures the irregular
fluctuations or movements of the series that are not
attributed to either of the components.

Y e L

Seasonal was done following the
decomposition to eliminate seasonal patterns that help
explain the fundamental trend in chicken prices (Figure
3). This seasonally adjusted plot explains the nonseasonal

variation in the series, which enables the evaluation of the

adjustment

persistence of chicken prices, once the seasonal effects
are removed. With this basic structure of a series, the
statistical properties of the series need to be assessed
through stationarity and autocorrelation diagnostics.

Preliminary diagnostics: Stationarity, ACF, and
PACF

IANE VI OWIIEIAL ITIIEY
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0751 0731
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& 0.501 5
= S
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Lag Lag

Figure 4: ACF and PACF of the original series

First-Differenced Monthly Chicken Prices
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Seasemally Differenced Monthly Chicken Prices
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To assess the stationarity of the monthly chicken price
series, the Augmented Dickey- Fuller (ADF) test was done
for the original series, first differencing, and seasonally
differenced series. For the original series, Dickey-Fuller
statistics were found to be -2.28, with a p-value of 0.406.
As the p-value is greater than 0.05 (significance level), it
indicates the failure to reject the null hypothesis of a unit
root. It indicates that the original monthly chicken price
series was non-stationary and requires transformation.

Following the differencing, the Dickey-Fuller statistic

given by the ADF test was -12.71, having a p-value of
0.01, signifying that the series after differencing was
stationary. Likewise, the Dickey-Fuller statistic for
seasonally differenced series was -8.53, with a p-value
of 0.01, indicating that the seasonally transformed series
was stationary. Thus, the non-stationary behavior of
the original monthly chicken price series was eliminated
through differencing,

Fitted models and estimated model structures

Table 2: Selected Fitted Time-Series Models for Monthly Chicken Prices

Model class | Selected model Model fit statistics/ information

ARIMA ARIMA (3,1,0) (1,0, 1) [12] | arl = 0.2583, ar2 = 0.0852, ar3 = —0.1721, sarl = 0.8493, smal =
—0.6873; 6> = 0.002847; log likelihood = 1200.26; AIC = —2388.51;
AICc = —2388.40; BIC = —2360.46

ETS ETS M, N, N) alpha = 0.9999; sigma = 0.0342; AIC = —83.51; AICc = —83.48;
BIC = —69.48

NNAR NNAR (25, 1, 13) [12] Average of 30 networks; 25-13-1 architecture; 352 weights; 6* =
0.0003572

THETA Theta model Implemented through Theta forecasting procedure; evaluated as a
standalone benchmark model

STL+ ETS | STL + ETS (M, N, N) STL decomposition combined with the ETS (M, N, N) model on
seasonally adjusted data

TBATS TBATS Fitted as a standalone candidate model for potentially complex
temporal structure

Note. ARIMA = autoregressive integrated moving average; ETS = exponential smoothing state spacee NNAR = neural network
antoregressiony STL. = seasonal-trend decomposition using Loess; TBATS = trigonometric, Box-Cox transformation, ARMA errors,
trend, and seasonal components; AIC = Akaifke information criterion; AICe = corrected Akaike information criterion; BIC = Bayesian

information criterion.

Auto- ARIMA, ETS, NNAR, Theta, STL+ETS, and
TBATS were fitted to the monthly chicken price series.
These six models were fitted to identify and quantify the
structural pattern of time series data.

The selected ARIMA model was ARIMA (3,1,0) (1,01)
[12]. It means that under the non-seasonal component, the
model uses three non-seasonal autoregressive (AR) terms,
differencing was performed once to achieve stationarity,
and there was no non-seasonal moving average (MA)
term. Under the seasonal component, the model uses
one seasonal AR term with no seasonal differencing and
one seasonal MA term. The seasonality repeats every 12
periods, as the data were in monthly terms.

Similarly, the other selected exponential smoothing
model is ETS(M, N, N). M means a multiplicative error
structure, while N, N indicates that the model has no

trend component and no seasonal component. Such a
simple exponential smoothing model with multiplicative
errors is appropriate for such a series that does not exhibit
a systematic seasonal pattern and whose level changes
over time.

To capture nonlinear trends in the series, a neural network
autoregression (NNAR) model is generally accepted,
which uses past lagged observations. The model selected
NNAR (25,1,13) [12], indicating the model with 25
non-seasonal lags, 1 seasonal lag, and 13 hidden nodes,
averaged over 30 networks, having a seasonality of 12
periods. NNAR model showed the smallest residual
variance compared to ARIMA and ETS.

Comparative forecasting performance of individual
and hybrid models

Table 3: Forecast Accuracy of Individual Models for Monthly Chicken Prices

Model ME RMSE MAE MPE MAPE

EQUAL 0.000878 0.045219 0.023073 0.063506 1.602095
CV.ERRORS 0.000901 0.046570 0.023592 0.064924 1.632182
AUTO.ARIMA | 0.000844 0.053158 0.025302 0.068887 1.717363
ETS 0.001884 0.059843 0.029313 0.165703 1.972675
NNAR 0.000057 0.018900 0.012225 —0.021187 1.013955
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THETA 0.001951 0.058532 0.032619 0.149202 2.390710
STL + ETS 0.001950 0.046779 0.022928 0.189208 1.609041
TBATS —0.000793 0.054130 0.026244 —0.053995 1.779021

Note. The best-performing model is bolded.

wer RMSE, MAE, and MAPE indicate better predictive performance. ME = mean

error; RMSE = root mean square error; MAE = mean absolute error; MPE = mean percentage error; MAPE = mean absolute

percentage error.

Table 3 compares six individual models, 2 all- modeling
averaging approaches, and 14 hybrid models to determine
the best model that accurately predicts the monthly
chicken price. Of all the fitted individual models, NNAR
was found to be the best. The second best model was
STLAETS, with RMSE= 0.047 and MAPE= 1.609,
followed by Auto ARIMA, performing moderately
with RMSE=0.053 and MAPE= 1.71. However, ETS,
THETA, and TBATS did not perform better than
NNAR, as they showed larger errors.

For model averaging, EQUAL and CV. ERRORS

Equal Weights

Chicken Price
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L
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approaches were adopted. The EQUAL approach
is performed by identically allocating weight to all
component models, while the CV. ERRORS uses cross-
validation error metrics that assign a lower validation
error and better performance.

The RMSE and MAPE for EQUAL were 0.045 and 1.602,
respectively, while those for CV. ERRORS recorded 0.047
and 1.632, respectively. Compared to CV. ERRORs,
EQUAL performed better, although neither outweighed
NNAR.
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Figure 7: Performance of the individual forecasting model (1960-2028)
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Hybrid Models

Table 4: Forecast Accuracy of Hybrid Models for Monthly Chicken Prices
Model ME RMSE | MAE MPE MAPE
Hybrid 1 (ARIMA X ETS) 0.001364 | 0.055075 | 0.026488 | 0.117295 | 1.792796
Hybrid 2 (ARIMA X NNAR) 0.000456 | 0.032887 |0.018383 | 0.022311 | 1.331492
Hybrid 3 (ARIMA X TBATS) 0.000026 | 0.052844 | 0.025257 | 0.007446 | 1.710266
Hybrid 4 (ARIMA X STL) 0.001397 | 0.048520 | 0.023233 | 0.129047 | 1.604866
Hybrid 5 (ETS X NNAR) 0.000990 | 0.035733 | 0.019806 | 0.071107 | 1.415843
Hybrid 6 (ETS X TBATYS) 0.000546 | 0.055881 | 0.027017 | 0.055854 | 1.821868
Hybrid 7 (ETS X STL) 0.001917 | 0.050808 | 0.024677 | 0.177456 | 1.698313
Hybrid 8 (NNAR X TBATS) —0.000383 | 0.033300 | 0.018771 | —0.039361 | 1.362323
Hybrid 9 (NNAR x STL) 0.001023 | 0.028956 | 0.016718 | 0.083272 | 1.238632
Hybrid 10 (TBATS X STL) 0.000578 | 0.047741 | 0.022911 | 0.067607 | 1.578769
Hybrid 11 (ARIMA X ETS X NNAR) 0.000945 | 0.040809 | 0.021401 | 0.069341 | 1.499258
Hybrid 12 (ARIMA X ETS X STL) 0.001559 | 0.050859 | 0.024482 | 0.141266 | 1.678775
Hybrid 13 (ARIMA X NNAR X STL) 0.000967 | 0.036314 | 0.019243 | 0.077451 | 1.373646
Hybrid 14 (ARIMA X ETS X NNAR X STL X |0.000800 | 0.043454 | 0.022037 | 0.067644 | 1.529303
TBATS)

Table 4 compares the performance of different hybrid
models used for forecasting monthly chicken prices
using ME, RMSE, MAE, MPE, and MAPE. ARIMA was
combined with ETS, NNAR, TBATS, and STL in Hybrid
1-4, respectively. From Hybrid 5-7, ETS was combined
with NNAR, TBATS, and STL, while Hybrid 8 and 9
combined NNAR with TBATS and STL, and Hybrid
10 combined TBATS and STL. Hybrid 11 combined
ARIMA, ETS, and NNAR, Hybrid 12 combined
ARIMA, ETS, and STL, Hybrid 13 combines ARIMA,
NNAR, and STL, and Hybrid 14 combines ARIMA,
ETS, NNAR, STL, and TBATS.

A Hybrid 1: ARIMA < ETS B. Hybrid 2: ARIMA « NNAR

In terms of the hybrid model, the hybrid of NNAR and
STL was found to be the best because of its lowest ME
(0.001023), RMSE (0.0289), MAE (0.016), and MAPE
(1.239). This shows that forecasted values through this
model were closest to the observed values because of
the smallest average forecasting error, better accuracy
percentage, and negligible systematic bias. Though the
negative value of ME and MPE tends to underpredict,
the strength is sufficiently small, which is unlikely to
affect the estimate.

G.Hybrid 7: ETS » STL H. Hybrid 8: NNAR » TBATS
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Figure 8: Performance of the hybrid forecasting models (1960-2028)

Interpretation of the best-fitting model

Table 5: Best-Fitting Forecasting Model for Monthly
Chicken Prices

Criterion Result
Best model NNAR
ME 0.000057
RMSE 0.018900
MAE 0.012225
MPE —0.021187
MAPE 1.013955

Of 22 models estimated, NNAR was found to be the
most precise model for forecasting monthly chicken
prices. The mean error (ME) of 0.000057 was extremely
small and close to zero, suggesting that the forecasting
was unbiased, which tends to give no overprediction
and underprediction. Similarly, the mean percentage
error (MPE) of -0.021187 was also almost zero, having
very little tendency towards underprediction, which is
negligible practically.

Likewise, the values of RMSE and MAE are 0.0189 and
0.0122, respectively, signifying low prediction errors
compared to actual monthly chicken prices. Additionally,
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as RMSE is highly sensitive to large deviations, a lower
value of RMSE further indicates that the larger forecast
errors were substantially limited. The MAPE value of
1.0140, it explains that the predicted value by this model
deviates from the actual monthly chicken prices by 1.01%,
suggesting an accurate forecasting model.

Thus, it implies that the series contains a nonlinear
temporal structure, which is modeled by the neural
network autoregressive model relative to other forecasting
techniques.

Forecasted monthly chicken prices

Table 6: Thirty-Month Point Forecast of Monthly Chicken Prices from the Best-Fitting NNAR Model

Forecast month Point forecast Lower 95% CI Upper 95% CI
Mar 2026 1.8433 1.8069 1.8811
Apr 2026 1.8713 1.8107 1.9292
May 2026 1.8670 1.7918 1.9362
Jun 2026 1.7691 1.6817 1.8469
Jul 2026 1.6833 1.5861 1.7742
Aug 2026 1.6453 1.5312 1.7487
Sep 2026 1.6541 1.5216 1.7891
Oct 2026 1.6468 1.5063 1.7848
Nov 2026 1.6652 1.5225 1.8082
Dec 2026 1.6066 1.4653 1.7597
Jan 2027 1.6098 1.4677 1.7592
Feb 2027 1.6415 1.4986 1.8052
Mar 2027 1.6437 1.4791 1.8319
Apr 2027 1.6670 1.5044 1.8768
May 2027 1.6624 1.5192 1.8868
Jun 2027 1.6656 1.5400 1.9046
Jul 2027 1.7010 1.5762 1.9796
Aug 2027 1.7087 1.5621 2.0204
Sep 2027 1.7425 1.5871 2.1000
Oct 2027 1.7553 1.5731 2.1651
Nov 2027 1.7967 1.5899 2.2143
Dec 2027 1.8199 1.5964 2.1696
Jan 2028 1.8172 1.5868 2.0906
Feb 2028 1.8124 1.5726 2.0343
Mar 2028 1.7956 1.5376 2.0277
Apr 2028 1.7919 1.5263 2.0643
May 2028 1.8111 1.5517 2.1083
Jun 2028 1.7923 1.5240 2.0811
Jul 2028 1.7691 1.5054 2.0589
Aug 2028 1.7529 1.4854 2.0585

The best-fitted NNAR model suggests that the monthly
chicken prices remain comparatively stable with slight
fluctuations over the prediction horizon.

In March 2026, the point forecasts begin at $1.8433, then
vary slightly in the subsequent months. Forecasted prices
for 2026 often fluctuate within a small range, falling from
$1.8713 in April and $1.8670 in May to around $1.6066
in December. This suggests that prices will likely soften
by the end of 2026, with $1.6098 in January, $1.6415 in
February, and $1.6670 in April, indicating no significant
structural break in the near future.

The model predicts a small recovery and some month-
to-month volatility starting in mid-2027. Prices are

expected to increase from 1.6656 in June 2027 to 1.8199
in December 2027, then to 1.8172 in January 2028 and
1.8124 in February 2028. Prices stay in a fairly stable
range, ending at 1.7529 in August 2028, despite a minor
subsequent easing. Therefore, rather than a rapid increase
or a long-term collapse, the projection path shows
ongoing oscillation around a moderate price level.

The results show the volatility in the global chicken price,
indicating a need for time-series forecasting models.
This variation may be reflected by variation in feed
costs, market demand, and disease outbreaks that affect
chicken markets. The selected model for ARIMA was
ARIMA (3,1,0) (1,0,1) [12], which indicates that after
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first differencing, chicken price depends on the price
in the previous three months without forecasting non-
seasonal moving average errors. The yeatly seasonality
was captured by the model, which indicates that the price
is related to previous year seasonal patterns and past

seasonal shocks. The selected ETS model was ETS (M,
N, N,), representing multiplicative forecast errors, with no
trend after smoothing and without a seasonal component.
The NNAR model selected was NNAR (25,1,13) [12],
implying that the model used 25 past price values, one

Thirty-Month Forecast of Monthly Chicken Prices from NNAR Model

Chicken price

1960 1980

2000 2020

Year

Figure 9: Thirty-Month Point Forecast of Monthly Chicken Prices from the Best-Fitting NNAR Model (1960-

2028)

seasonal lag, and 13 hidden neurons to capture nonlinear
patterns, with seasonality of 12 months for forecasting;
It suggests that chicken prices are driven by complex
nonlinear dynamics and that lagged monthly prices and
recurring seasonal effects from prior years strengthen the
future price predictions.

The NNAR was the most accurate forecasting model,
suggesting that the price series contains nonlinear
patterns that were captured more effectively by the neural
network-based NNAR model compared to traditional
linear models. Among the hybrid models, NNAR with
STL performed better. This may be because NNAR
captures nonlinear dynamics in price series, while STL
differentiates trends and seasonal patterns, and their
combination improves forecasting accuracy, relative to
other hybrid models. The non-linearity of chicken prices
is due to volatility, disease outbreaks, fluctuating seasonal
and festival-related demand, supply chain disruptions
caused by labor and market volatility, international trade
policies, and consumer preferences (Kharin ef al., 2023;
Zamani et al., 2024; Meilany et al, 2025; Sattar et al.,
2021; Unveren and Luckstead, 2020; Duangnate ¢/ al,
2025). The overall forecast by the NNAR model shows a
relatively stable pattern with slight fluctuation, indicating
short-term market adjustments and possible seasonal
variation.

Due and high price
fluctuations in chicken, for example, from $0.30 to $2.72,

to non-stationary behavior

the market faces significant risk, underscoring the need
for price forecasting. The findings suggest the adoption
of a nonlinear forecasting approach for the prediction
of chicken prices. The machine learning approach to
forecasting, such as NNAR, helps farmers, market

analysts, and policymakers plan production, rations,
and feed management based on precise chicken price
projections. The volatility of chicken prices also urges
the need to closely observe feed costs, as it has direct
correlation to overall chicken production costs. Thus,
an effective and efficient forecasting approach should
be adopted. The use of instruments such as insurance
and forward contracts could be encouraged, given the
substantial fluctuations in chicken prices. The forecasted
results encourage investment in different stages of
supply chains, such as the establishment of a processing
plant, cold storage, and marketing infrastructure. The
results also suggest that unexpected shocks such as
fuel costs, feed price spikes, and disease outbreaks like
avian influenza can affect the market price of chicken.
As chicken is an important protein source for many
individuals globally, the change in the price of chicken
also affects houschold affordability and ultimately affect
nutritional requirements in the long term.

CONCLUSION

Through a comparison of traditional time series, machine
learning approaches, and a hybrid forecasting model,
NNAR was found to be the most accurate model for
forecasting, with the lowest values of ME, MAE, RMSE,
and MAPE. Among the hybrid models, NNAR x STL
was found to be the best, as it combined nonlinear seties
with a seasonal component. The 30-month forecast of
chicken prices through the NNAR model reflects stability
with moderate fluctuations. Overall, NNAR and its hybrid
with STL were found to be the most effective models for
forecasting global chicken prices.




Am. J. Econ. Bus. Innov. 5(2) 207-221, 2026

@ salli

REFERENCES

Abdallah, I D., & Gouda, H. F (2025). Forecasting
sheep lamb productivity using short-term time series:
a comparison of ARIMA, ETS, and neural network
autoregressive models. Alexandria Jonrnal of 1 eterinary
Sciences, 87, 82. https:/ /doi.otg/10.5455/ajvs.265570

Abdulhamid, H., Aliyu, M. A., & Musa, A. (2025).
Analysis of egg price trends and forecasting in
Yobe State, Nigeria. Infernational Journal of Food
Science and Agriculture, 9(4), 441-452. http://dx.doi.
org/10.26855/1jfsa.2025.12.018ss

Adaszynska-Skwirzyniska, M., Szczerbiniska, D., & others.
(2025). Analysis of the production and economic
indicators of broiler chicken farming. Agriculture, 15(2),
139. https://doi.otg/10.3390/agticulture15020139

Almarashi, A. M., Daniyal, M., & Jamal, F (2024).
Modelling the GDP of KSA using linear and non-
linear NNAR and hybrid stochastic time series
models. PLOS ONE, 79(2), ¢0297180. https://doi.
org/10.1371 /journal.pone.0297180

Amin, M. R, Alam, G. M. M., Parvin, M. T., & Acharjee,
D. C. (2023). Impact of COVID-19 on poultry
market in Bangladesh. Heliyon, 9(2), ¢13443. https://
doi.org/10.1016/j.heliyon.2023.¢13443

Arunraj, N. S., Ahrens, D., & Fernandes, M. (2016).
Application of SARIMAX model to forecast daily
sales in food retail industry. International Journal of
Operations Research and Information Systems, 7(2), 1-21.
https://doi.otg/10.4018/IJORIS.2016040101

Assimakopoulos, V., & Nikolopoulos, K. (2000). The
theta model: a decomposition approach to forecasting.
International  Journal of Forecasting, 16(4), 521-530.
https://doi.otg/10.1016/S0169-2070(00)00066-2

Barbut, S., & Leishman, E. M. (2022). Quality and
processability of modern poultry meat. Awimals,
12(20), 2766. https://doi.org/10.3390/ani1 2202766

Barros, A., Novo, C. S., Feddern, V., Coldebella, A., &
Scheuermann, G. N. (2021). Determination of eleven
veterinary drugs in chicken meat and liver. Applied
Sciences, 11(18), 8731. https://doi.otg/10.3390/
app11188731

Birhanu, M. Y., Osei-Amponsah, R., Dessie, T., & others.
(2023). Smallholder poultry production in the context
of increasing global food prices: roles in poverty
reduction and food security. Animal Frontiers, 13(1),
17-25. https://doi.org/10.1093/af/vfac069

Brander, M., Bernauer, T., & Huss, M. (2023). Trade
policy announcements can increase price volatility in
global food commodity markets. Nazure Food, 4, 430—
439. https://doi.org/10.1038/s43016-023-00729-6

Chicco, D., Warrens, M. J., & Jurman, G. (2021). The
coefficient of determination R-squared is more
informative than SMAPE, MAE, MAPE, MSE and
RMSE in regression analysis evaluation. Peer| Computer
Science, 7, €623. https://doi.org/10.7717 /peetj-cs.623

Chudo, S. B, & Terdik, G. (2025). Modeling and
forecasting time-series data with multiple seasonal
periods using periodograms. Econometrics, 13(2), 14.

https://doi.otg/10.3390/econometrics 13020014

Cleveland, R. B, Cleveland, W. S, McRae, ]. E., &
Terpenning, 1. (1990). STL: A seasonal-trend
decomposition procedure based on LOESS. Journal
of Official Statistics, 6(1), 3—73.

Crevits, R., & Croux, C. (20106). Forecasting with robust
exponential smoothing with damped trend and
seasonal components. SSRN: KBI_1741 https://dx.
doi. org/10.2139/sstn, 3068634.

Damaziak, K., Stelmasiak, A., Riedel, ]., Zdanowska-
Sasiadek, Z., Buctaw, M., Gozdowski, D., Michalczuk,
M., & Gornowicz, E. (2019). Sensory evaluation
of poultry meat: a comparative survey of results
from normal sighted and blind people. PLOS ONE,
14(1), €0210722. https://doi.org/10.1371/journal.
pone.0210722

Daniyal, M., Tawiah, K., Muhammadullah, S., &

Opoku-Ameyaw, K. (2022). Comparison of
conventional ~modeling  techniques with  the
neural network autoregressive model (NNAR):

application to COVID-19 data. Journal of Healthcare
Engineering, ~ 2022(1),  4802743.  https://doi.
org/10.1155/2022/4802743

De Livera, A. M. (2010). Modeling time series with complex
seasonal patterns wusing exponential smoothing (Doctoral
dissertation, Monash University).

de Vries, M., & de Boer, I. J. M. (2010). Comparing
environmental impacts for livestock products: a review
of life cycle assessments. Livestock Science, 128(1-3),
1-11. https://doi.otg/10.1016/j.1ivsci.2009.11.007

Dunkley, C. S., & Dunkley, K. D. (2013). Greenhouse gas
emissions from livestock and poultry. Agricultural and
Food Analytical Bacteriology, 3(1), 17-29.

Elseidi, M. (2023). Forecasting temperature data with
complex seasonality using time series methods.
Modeling Earth Systems and Environment, 9, 2553-2567.
https://doi.otg/10.1007/s40808-022-01632-y

FAO, IFAD, IME, OECD, UNCTAD, WFP, World Bank,
WTO, IFPRI, & UN HLTE (2011). Price volatility in
Jood and agricultural markets: Policy responses. Food and
Agriculture Organization of the United Nations.

Fiorucci, J. A. (20106). Time series forecasting: advances on
Theta method (Doctoral dissertation, Thesis of Doctor
Degree in Statistics, May).

Gaddi, G. M., Chinnappa Reddy, B. V., & Jadhav, V.
(2025). Application of ARIMA model for forecasting
agricultural prices. Journal of Agricultural Science and
Technology, 19(5), 981-992.

Hossain, Z., Rahman, A., Hossain, M., & Karami, ]. H.
(2019). Over-differencing and forecasting with non-
stationary time series data. Dhaka University Journal of
Science, 67(1), 21-26. https://doi.org/10.3329/dujs.
v67i1.54568

Hyndman, R. J., & Athanasopoulos, G. (2021). Forecasting:
Principles and practice (3td ed.). OTexts. https://otexts.
com/ fpp3/accuracy.html

Hyndman, R. ], & Khandakar, Y. (2008). Automatic
time series forecasting: the forecast package for R.




Am. J. Econ. Bus. Innov. 5(2) 207-221, 2026

@oalli

Journal of Statistical Software, 27(3), 1-22. https://doi.
org/10.18637 /jss.v027.103

Hyndman, R. J., & Koehler, A. B. (2006). Another look at
measures of forecast accuracy. International Journal of
Forecasting, 22(4), 679-688. https:/ /doi.otg/10.1016/].
ijforecast.2006.03.001

Hyndman, R. J., Koehler, A. B., Ord, J. K., & Snyder, R.
D. (2008). Forecasting with exponential smoothing: The state
space approach. Springet. https://doi.org/10.1007 /978-
3-540-71918-2

Hyndman, R. J., Koehler, A. B., Snyder, R. D., & Grose,
S. (2002). A state space framework for automatic
forecasting using exponential smoothing methods.
International  Journal of Forecasting, 18(3), 439—454.
https://doi.otg/10.1016/S0169-2070(01)00110-8

Kabadurmus, O., Duman, G. M., & Kongar, E. (2023).
A data-driven decision support system with smart
packaging in grocery store supply chains during
outbreaks. Sizulation Modelling Practice and Theory, 120,
102603. https://doi.org/10.1016/j.seps.2022.101417

Kharin, S. (2023). Price transmission between maize
and poultry product markets in the Visegrad Group
countries: what is more nonlinear? _Agricultural
Economies — Czech, 69(12), 479—-491. https://doi.
org/10.17221/320/2023-AGRICECON

Khashei, M., & Bijari, M. (2011). A novel hybridization of
artificial neural networks and ARIMA models for time
series forecasting, Applied Soft Computing, 11(2), 2664—
2675. https://doi.org/10.1016/j.as0¢.2010.10.015

Klaharn, K., Ngampak, R., Chudam, Y., Salvador, R.,
Jainonthee, C., & Punyapornwithaya, V. (2024).
Analyzing and forecasting poultry meat production
and export volumes in Thailand: a time series
approach. Cogent Food & Agriculture, 10(1), 2378173.
https://doi.org/10.1080/23311932.2024.2378173

Kleyn, I J., & Ciacciariello, M. (2021). Future demands of
the poultry industry: will we meet our commitments
sustainably in developed and developing economies?
Waorld’s Poultry Science Journal, 77(2), 267-278. https://
doi.org/10.1080/00439339.2021.1904314

Kmytiuk, T., Majore, G., & Bilyk, T. (2024). Time series
forecasting of price of the agricultural products
using data science. Agricultural and Resource Economics:
International Scientific E-Journal, 10(3), 5-33. https://
doi.org/10.22004/ag.econ.355972

Kontopoulou, V. I, Panagopoulos, A. D., Kakkos, I., &
Matsopoulos, G. K. (2023). A review of ARIMA vs.
machine learning approaches for time series forecasting in data
driven networks. Future Internet, 15(8), 255. https://doi.
org/10.3390/£15080255

Kralik, G., Kralik, Z., Gréevi¢, M., & Hanzek, D. (2018).
Quality of chicken meat. In Awimal Husbandry and
Nutrition.  IntechOpen. https://doi.otg/10.5772/
intechopen.72865

Lee, M. A, etal. (2017). Analysis of consumers’ preferences
and price sensitivity to native chickens. Korean Journal
Jor Food Science of Animal Resonrces, 37(4), 556-568.
https://doi.otg/10.5851 /kosfa.2017.37.3.469

Liu, X., & Zhang, Q. (2024). Combining seasonal and
trend decomposition using LOESS with a gated
recurrent unit for climate time series forecasting.
IEEE  Acess, 12, 85275-85290.  https://doi.
org/10.1109/ACCESS.2024.3415349

Liu, X,, Li, Y., Wang, E, Qin, Y., & Lyu, Z. (2025).
Decomposition-reconstruction-optimization
framework for hog price forecasting: Integrating STL,
PCA, and BWO-optimized BiLSTM. PLOS ONE,
20(6), ¢0324646. https://doi.otg/10.1371/journal.
pone.0324646

Lusk, J. L., & Tonsor, G. T. (2016). How meat demand
clasticities vary with price, income, and product
category. Applied Economic Perspectives and Policy, 38(4),
673-711. https://doi.otg/10.1093/acpp/ppv050

Macelline, S. P, Chrystal, P. V,, Liu, S. Y, Selle, P. H.,
& Cowieson, A. J. (2021). The dynamic conversion
of dietary protein and amino acids into chicken-
meat protein. Awimals, 11(8), 2288. https://doi.
org/10.3390/ani11082288

Maleki, A., Nasseri, S., Aminabad, M. S., ¢ a/. (2018).
Comparison of ARIMA and NNAR models
for forecasting water treatment plant’s influent
characteristics. KSCE Journal of Civil Engineering, 22,
3233-3245.  https://doi.otg/10.1007/s12205-018-
1195-z

Marangoni, F, Corsello, G., Cricelli, C., Ferrara, N.,
Ghiselli, A., Lucchin, L., & Poli, A. (2015). Role of
poultry meat in a balanced diet aimed at maintaining
health and wellbeing: an Italian consensus document.
Food & Nutrition Research, 59, 27606. https://doi.
org/10.3402/fnr.v59.27606

McCabe, B. P. M., & Tremayne, A. R. (1995). Testing a
time series for difference stationarity. The Annals of
Statistics, 23(3), 1015-1028. http://wwwjstot.org/
stable/2242434

Mehrmolaei, S., & Keyvanpour, M. R. (2016, April).
Time series forecasting using improved ARIMA. In
2016 Arnficial Intelligence and Robotics (IRANOPEN)
(pp-  92-97). IEEE. https://doiotg/10.1109/
RIOS.2016.7529496

Mgaya, ]. F (2019). Application of ARIMA models
in forecasting livestock products consumption in
Tanzania. Cogent Food & Agriculture, 5(1), 1607430.
https://doi.org/10.1080/23311932.2019.1607430

Nikolopoulos, K. I., & Thomakos, D. D. (2019). Forecasting
with the theta method: Theory and applications. Wiley.
https://doi.org/10.1002/9781119320784

Nouman, S, & Khan, M. A. (2014). Modeling and
forecasting of beef, mutton, poultry meat and total
meat production of Pakistan for year 2020 by using
time series arima models. European Scientific Journal,
10(10), 285-296.

Ozdemir, F N, Dagdelen, U, & Turkyilmaz, D.
(2025). Long-term insights into regional trends and
forecasting in global sheep meat production. [APS:
Journal of Animal & Plant Sciences, 35(4), 1164. https://
doi.org/10.36899/JAPS.2025.4.0100




Am. J. Econ. Bus. Innov. 5(2) 207-221, 2026

@ salli

Pandit, P, Sagar, A., Ghose, B., Paul, M., Kisi, O,,
Vishwakarma, D. K., Mansour, L., & Yadav, K. K.
(2024). Hybrid modeling approaches for agricultural
commodity prices using CEEMDAN and time delay
neural networks. Scentific Reports, 14(1), 26639. doi:
https://doi.otg/10.1038/541598-024-74503-4

Pesti, G. M. (2023). The future of feed formulation for
poultry:toward more sustainable production of meat
and eggs. Animal Nutrition, 15, 71-87. https://doi.
org/10.1016/j.aninu.2023.02.013

Pieters, H., & Swinnen, J. (2016). Trading-off volatility
and distortions? food policy during price spikes.
Food Policy, 61, 27-39. https://doi.otg/10.1016/].
foodpol.2016.01.004

Ramukhithi, T. E, Materechera, S. A., & others. (2023).
An assessment of economic sustainability and
efficiency in small-scale broiler farms in Limpopo
Province: a treview. Sustainability, 15(3), 2030. https://
doi.org/10.3390/su15032030

Sabroso, L. M., & Bugarin, J. B. (2023). Price forecasting
of fully dressed chicken in the Philippines. Eurgpean
Journal of Economic and Financial Research, 7(2), 1-16.
https://doi.otg/10.46827 / ¢jefr.v7i2.1459

Saigal, S., & Mehrotra, D. (2012).
comparison of time series data using predictive data
mining techniques. Advances in Information Mining, 4(1),
57-66.

Sanwa, R. L. (2025). Forecasting global monthly cotton

Performance

prices: the superiority of machine learning and hybrid
models. Frontiers in Artificial Intelligence. https://doi.
org/10.3389/f1ai.2025.1628744

Sattar, A. A., Mahmud, R., Mohsin, M., Chisty, N. N,,
Uddin, M. H., Irin, N., Barnett, T., Fournie, G,
Houghton, E., Hoque, M. A., & Debnath, N. C.
(2021). COVID-19 impact on poultry production
and distribution networks in Bangladesh. Frontiers
in Sustainable Food Systems, 5, 714649. https://doi.
org/10.3389/fsufs.2021.714649

Shumway, R. H., & Stoffer, D. S. (2017). ARIMA models.
In *Time series analysis and its applications*. Springer.
https://doi.otg/10.1007/978-3-319-52452-8_3

Siegel, P. B. (2014). Evolution of the modern broiler and
feed efficiency. Annual Review of Animal Biosciences,
2, 375-385.  https://doi.otg/10.1146/annurev-
animal-022513-114132

Sohrabbeig, A., Ardakanian, O., & Musilek, P. (2023).
Decompose and conquer: time series forecasting
with multiseasonal trend decomposition using loess.
Forecasting, 5(4), 684-696. https://doi.otg/10.3390/
forecast5040037

Solano-Blanco, A. L., Figueroa-Garcfa, ]. C., & Garcia-
Ciceres, R. G. (2023). Production planning decisions
in the broiler chicken supply chain with growth
uncertainty. Operations Research Perspectives, 10, 100269.

Stangierski, J., & Lesnierowski, G. (2015). Nutritional
and health-promoting aspects of poultry meat
and its processed products. Worlds Poultry Science
Journal, 71(1), 71-82. https://doi.otg/10.1017/

S0043933915000070
Suganda, A., Suryadi, U,, & others. (2024). Fluctuations
and disparity in broiler and carcass price before,
during, and after COVID-19 pandemic in five broiler-
producing regions in Indonesia. Poultry Science, 103(4),
103548. https://doi.org/10.1016/j.0tp.2023.100273
Sun, F, Yu, X., & Lu, J. (2023). Agricultural product price
forecasting methods: a review. Agriculture, 13(9), 1671.
https://doi.otg/10.3390/agticulture13091671
Theodosiou, M. (2011).
quarterly time series using STL decomposition.
International Journal of Forecasting, 27(4), 1178-1195.
https://doi.otg/10.1016/j.jjforecast.2010.11.002
Unveren, H., Hovhannisyan, V., & Devadoss, S. (2020).
Comprehensive broiler supply chain model with

Forecasting monthly and

vertical and horizontal linkages: impac of US-
China trade war and USMCA. Journal of Agricultural
and Applied Economics, 52(4), 633—654. https://doi.
org/10.1017 /aae.2020.5

Uzundumlu, A. S., & Dilli, M. (2023). Estimating chicken
meat production of leading countries for 2019-2025.
Ciéncia Rural, 53(2). https://doi.org/10.1590/0103-
8478cr20210477

Ucak, H., Yelgen, E., & Ari, Y. (2023). The volatility
connectedness between chicken and selected crops.
Waorld’s Poultry Science Journal, 80(1), 55—73. https:/ /doi.
org/10.1080/00439339.2023.2252408

Wisodewo, M. D, Rosyid, H. A., & Taufani, A. R. (2022).
Forecasting chicken meat and egg in Indonesia using
ARIMA and SARIMA. Jurnal Informatika, 16(1), 8-18.
https://doi.otg/10.26555 /jifo.v16i1.a25416

Worden, K., Iakovidis, I., & Cross, E. ]. (2019). On
stationarity and the interpretation of the ADF
statistic. [n: Pakzad, S. (eds) Dynamics of Civil Structures,
Volume 2. Conference Proceedings of the Society
for Experimental Mechanics Series. Springer, Cham.
https://doi.otg/10.1007/978-3-319-74421-6_5

Xie, N., Zhu, Y., Liu, H., Ye, E,, & Liu, X. (2024). Impacts
of different epidemic outbreaks on broiler industry
chain price fluctuations in China: implication for
sustainable food development. Swustainability, 16(14),
6043. https://doi.otg/10.3390/5u16146043

Yang, T., Huang, L., Fu, P, Chen, X., Zhang, X., & He,
S. (2025). Combined multi-component composite
time series power prediction model for distributed
energy systems based on STL data decomposition.
Measurement, 253, 117299. https://doi.org/10.1016/j.
measurement.2025.117299

You, P-S., & Hsieh, Y.-C. (2018). A study of production
and harvesting planning for the chicken industry.
Agricultural Economies — Czech, 64(7), 316-327. https://
doi.org/10.17221/255/2016-AGRICECON

Yu, C, Xu, C, Li, Y, Yao, S, Bai, Y, Li, ], ... & Wang,
Y. (2021). Time series analysis and forecasting of the
hand-foot-mouth disease morbidity in China using an
advanced exponential smoothing state space TBATS
model. Infection and Drug  Resistance, 2809-2821.
https://doi.otg/10.2147/IDR.S304652




Am. J. Econ. Bus. Innov. 5(2) 207-221, 2026

@oalli

Zamani, O., Garza, B., Mallory, M. L., & others. (2024).
The effect of avian influenza outbreaks on retail price
premiums in the United States poultry market. Pou/try
Science, 103(9), 103941. https://doi.otg/10.1016/].
Psj.2024.104102

Zhang, G. P. (2003). Time series forecasting using a hybrid
ARIMA and neural network model. Newurocomputing,
50,  159-175.  https://doi.otg/10.1016/S0925-
2312(01)00702-0

Zhang, L., Wang, F., Wang, K., He, Z., Chen, C,, Liu, J.,
Wang, C., & Wang, Z. (2025). Improving agricultural
commodity allocation and market regulation: a novel
hybrid model based on dual decomposition and
enhanced BIiLSTM for price prediction. Frontiers
in Sustainable Food Systems 9, 1568041. doi: 10.3389/

fsufs.2025.1568041

Zhang, M. (2018). Time series: Autoregressive models ar, ma,
arma, arima. University of Pittsburgh.

Zhang, Y., & Meng, G. (2023). Simulation of an
adaptive model based on AIC and BIC ARIMA
predictions.  Journal of  Physics:  Conference  Series,
2449(1), 012027. https://doi.org/10.1088/1742-
6596/2449/1/012027

Zhao, D., & Zhang, H. (2022). The research on TBATS
and ELM models for prediction of human brucellosis
cases in mainland China: a time series study. BMC
Infections Diseases, 22, 934. https://doi.org/10.1186/
$12879-022-07919-w




