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This study presents a cutting-edge approach to price forecasting for an online 
retail business in Turkey, utilizing a hybrid model that combines Empirical 
Mode Decomposition (EMD) with Auto Regressive Integrated Moving Average 
(ARIMA) models. A 900-day dataset, scraped from the website, underpins this 
analysis. A battery of fourteen metrics is employed to evaluate the forecasting 
performance, culminating in a statistically significant confirmation of the 
hybrid model's superiority over the standalone ARIMA model, as established 
by the Wilcoxon signed-rank test. In addition to this performance validation, 
our investigation unveils an intriguing association between category standard 
deviations and forecasting accuracy, with lower standard deviations 
correlating with higher forecasting performance. While acknowledging the 
study's limitations related to data collection constraints, this research bears 
wider significance for the entire supply chain, offering strategic insights for 
retailers and the potential for more detailed analysis with larger datasets. 
Moreover, it lays the groundwork for future studies involving dynamic ARIMA 
parameter determination, advanced EMD variants, and machine learning 
integration, enhancing its applicability to various time series contexts. The 
results are compared with machine learning algorithms, namely Neural 
Networks, Support Vector Regression, Regression Tree, Gaussian Process 
Regression, and the Generalized Additive Model. 
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1. Introduction 

Forecasting is one of the fundamental inputs to support planning decisions in retail chains [1]. In 
an era marked by the relentless evolution of e-commerce, understanding and forecasting retail price 
dynamics has become pivotal for both businesses and consumers alike. As online retail businesses 
proliferate, an intricate web of product categories emerges, each encapsulating a distinct set of 
market forces and consumer behaviors [2]. To grapple with the challenges posed by this dynamic 

 
* Corresponding author. 
E-mail address: mozcalici@gmail.com 
 
https://doi.org/10.31181/sdmap21202519  
 

© The Author(s) 2025| Creative Commons Attribution 4.0 International License 

http://www.dmap-journal.org/
https://doi.org/10.31181/sdmap21202519
https://creativecommons.org/licenses/by/4.0/


Spectrum of decision making and applications 

Volume 2, Issue 1 (2025) 314-354 

315 
 
 

landscape, this academic inquiry embarks on a rigorous exploration of retail price forecasting using 
advanced analytical tools. 

The focal point of this study is the comprehensive analysis of retail category prices, hinging on 
the deployment of an ARIMA model. Going beyond traditional methods, we augment the ARIMA 
framework with EMD, a technique that dissects time series data into its constituent components, 
enabling a more nuanced understanding of price fluctuations. Our research scrutinizes the 
performance enhancement brought about by the inclusion of EMD in the modeling process. 

The dataset underpinning our investigation encompasses the retail products of an online 
business, spanning 26 diverse categories, and spanning a time horizon of 893 days. This rich dataset 
serves as the foundation for the creation of 26 individual time series, each bearing unique insights 
into category-specific price dynamics. To ascertain the nonstationarity of these time series and their 
underlying components, we employ the Augmented Dickey-Fuller (ADF) test, a standard method in 
time series analysis. 

In pursuit of greater forecasting accuracy, we implement EMD to deconstruct these time series 
into their constituent components, thereby laying the groundwork for an augmented ARIMA-based 
modeling approach. This augmented model is meticulously designed to forecast future values for 
each component and residual, subsequently integrating these forecasts to yield the final output 
values. 
¢ƘŜ ƻǇǘƛƳƛȊŀǘƛƻƴ ƻŦ ǘƘŜ !wLa! ƳƻŘŜƭΩǎ ǇŀǊŀƳŜǘŜǊǎ ƛǎ ŀ ŎǊǳŎƛŀƭ ǎǘŜǇ ƛƴ ƻǳǊ ƳŜǘƘƻŘƻƭƻƎȅΦ ²Ŝ 

achieve this by carefully examining Bayesian Information Criterion (BIC) values, ensuring that our 
model is fine-tuned to yield the most reliable forecasts. 

Our evaluation of model performance extends to 14 different metrics, offering a comprehensive 
ǾƛŜǿ ƻŦ ǘƘŜ ƳƻŘŜƭǎΩ ŜŦŦƛŎŀŎȅ ƛƴ ŦƻǊŜŎŀǎǘƛƴƎ ǘƘŜ ŦǳǘǳǊŜ ŀǾŜǊŀƎŜ ǇǊƛŎŜǎ ŦƻǊ ŜŀŎƘ ŎŀǘŜƎƻǊȅΦ ¢ƘŜ ǊŜǎǳƭǘǎ 
unequivocally demonstrate that the integration of EMD significantly bolsters the forecasting 
performance of the single ARIMA model, lending statistical significance to this augmentation. 

Beyond this, our inquiry ventures into the relationship between the standard deviation of time 
series data and its impact on forecasting performance. To this end, we employ linear regression 
models, with the standard deviation of mean category prices as the independent variable and the 
performance evaluation metrics as the dependent variable. The results reveal a pronounced trend, 
with forecasting performance markedly superior in categories where the standard deviation is 
smaller, underscoring the pivotal role of price stability in forecasting accuracy. 

In a landscape where data-driven insights are the linchpin of effective decision-making, this study 
illuminates a pathway towards enhanced retail price forecasting. By juxtaposing ARIMA modeling 
with EMD and shedding light on the importance of standard deviation, we endeavor to provide a 
substantial contribution to the arsenal of tools available to researchers and practitioners navigating 
the complex world of online retail. 

With the entry of additional large players, increasing multichannel activities on the supply side, 
and the emergence of new store formats and market channels, retailers are facing heterogeneous 
and changing consumer preferences [3]. As a result, they are increasingly competing in both price 
and variety. 

Forecasting future values represents a pivotal domain within the realm of data science which 
involves building a model using past observations as a basis for forecasting future values [4]. The 
autoregressive integrated moving average (ARIMA) has been used in several fields for statistical 
analysis and data prediction, such as forecasting copper spot price [5], carbon price [6ς8], coal price 
[9,10], metal price [11], electricity price [12ς14], oil price [10,15,16], natural gas price [10], fuelwood 
price [17], stock price or index [18ς22], cryptocurrency price [19,23], exchange rate [24], inflation of 
various countries [25,26], timber price [27], agricultural future price [12,28,29], computer RAM price 
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[30], gold price [31], coffee price [32], uranium price [33], salmon price [34], rice price [35], 
algorithmic investment strategies [36], and so on. The one thing these studies have in common is to 
apply the ARIMA technique to successfully forecast the various time series that have an impact on 
ǇŜƻǇƭŜΩǎ ƭƛǾŜǎΦ 

In retailing industry demand [37ς40], sales [41ς44], timing of retail orders [45] and market share 
[46] forecasting is successfully applied. In a regression-based ML study [47] for retail price 
optimization leveraging product, competitor, and customer factors, Random Forest (94% accuracy) 
outperforms Decision Tree and Logistic Regression, enabling retailers to refine pricing strategies for 
maximum profit and competitiveness. Forecasting on the retail prices of various products which is 
also a time series are not studied in depth before. One of the main reasons for this could be the cost 
associated with tracking prices daily in the past. Nowadays, it has become possible to record retail 
product prices on a daily basis through the internet via automated systems such as web scraping. It 
is, thus, possible to collect and analyze a large amount of data. 

Although the ARIMA-based models are mainly suitable for linear time-series analysis [48], its 
performance can be further be improved by integrating with Empirical Mode Decomposition (EMD) 
technique [49ς52].  

A hybrid EMD-ARIMA method for time series forecasting is presented in this paper. The available 
data is treated as a time series and key features of past data are identified to forecast future values 
of the sequence using our approach. The advantages of decomposing time series with EMD and 
forecasting each component with ARIMA and then integrating the results to obtain final forecasting 
value includes, increasing performance in forecasting, a reliable financial time series forecasting tool 
and it does not require prior assumptions of the empirical data features since the model is derived 
from empirical data. In this study, the relationship between the standard deviation values of time 
series and their forecasting performance is also examined. As a result, as expected, higher forecasting 
performance is determined in time series with lower standard deviation values. 

Our contribution to the literature can be presented as follows: (1) Scraping web-based price data 
(similar to used in [53], (2) applying ARIMA method to the dataset to obtain forecasted prices, (3) 
apply EMD to dataset and for each IMF and residual apply ARIMA method and finally integrate the 
results to obtain more powerful price forecast, (4) analyze the relationship between standard 
deviation and forecasting performance of categories. 

The research questions to be answered in the study are as listed below: 
- Comparing the performance of ARIMA techniques with and without using EMD signal 

decomposition. 
- Analyze the relationship between standard deviation and forecasting performance. 
The remainder of the paper is organized as follows: following this introductory chapter, a review 

of relevant research is presented in chapter two. The third section is devoted to the basic principles 
of the methodology. The fourth section is devoted to the description of the dataset and the results 
of the analyses. Finally, the fifth section contains the concluding remarks. 

 
2. Literature review  
Lƴ ǘƻŘŀȅΩǎ ŘȅƴŀƳƛŎ Ŝ-commerce environment, where accurate forecasting of retail prices is of 

paramount importance, a thorough understanding of the existing body of knowledge is essential to 
make informed contributions. 

This section begins by reviewing the key studies that have laid the groundwork for price 
forecasting models. It then discusses recent developments and emerging trends in the field, covering 
both traditional methodologies and the latest approaches used in various studies. Through this 
research, we aim to build a solid theoretical framework underpinning our own innovative hybrid 
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model combining Empirical Mode Decomposition (EMD) and Autoregressive Integrated Moving 
Average (ARIMA) techniques. 

Claveria and their colleagues used survey expectations about a wide range of economic variables 
to forecast real activity by using evolutionary algorithms [54]. In their study, scatter diagrams where 
the x axis shows the standard deviation of GDP growth while the y-axis shows the forecast accuracy 
measures are presented. It shows that the scatter diagrams have positive slope which indicates that 
standard deviation and forecasting performance (smaller values) is positively related. 

Liu and colleagues employed EMD-recursive ARIMA method to develop a wind warning system 
to protect the running trains under strong crosswind along the Chine Qinghai-Tibet railway [49]. The 
results indicate that their proposed hybrid method has satisfactory performance when compared 
with single ARIMA model.  

Liu and colleagues employed EMD with various forecasting methods including ARIMA to predict 
the wind speed [55]. At the end of the study, they also report that hybrid models are increasing the 
performance of single models. Moreover, they report that ARIMA can effectively predict the low-
frequency sub-sequences after EMD.  

In their study, Cao and colleagues [56] presents a hybrid approach that integrates an extended 
ARIMA model, Empirical Mode Decomposition (EMD), and truncated Singular Value Decomposition 
(SVD) to predict multiple air quality indicators across several monitoring stations. Experimental 
results show that the proposed model surpasses state-of-the-art forecasting methods in both 
accuracy and time efficiency 

Wang and colleagues are employed EMD-ARIMA method to predict the traffic speed [57]. They 
tested the proposed method on four distinct scenarios. They evaluated the proposed hybrid method 
against the experimental data and compared with the results from the traditional models. As a result, 
they report that hybrid proposed method outperforms the traditional forecasting models.  

Abadan and Shabri applied hybrid EMD-ARIMA model to forecast the prices of rice in Malaysian 
Ringgit per metric ton [58]. It is reported that EMD increased the accuracy of the ARIMA forecasting. 

 Nasir and colleagues [59] proposes a novel hybrid LMD-SD-ARIMA-LSTM model to predict crude 
oil prices by decomposing the original data into stochastic and deterministic components, then 
integrating ARIMA and LSTM to capture both linear and nonlinear trends. The results show that this 
method achieves superior performance (lowest MAE and MAPE) in both short- and long-term 
forecasting compared to existing models, providing a valuable tool for informed decision-making in 
the global energy sector. 

Li and colleagues are applied the hybrid EMD-ARIMA method to predict the Shenzhen Growth 
Enterprise Market Price Index [51]. They reconstructed the IMFS to obtain high frequency, low 
frequency and residual sequences. Thus, they clustered the IMF and residual components to three 
clusters. Which enables a less complex variable set, in which they report that the hybrid method 
increased the prediction performance of the single ARIMA model.  

Wang and colleagues are employed the hybrid EMD-ARIMA and EEMD-ARIMA models for long-
term streamflow forecasting[50]. They compared the performance of the models and report that the 
best performing model is the EMD-ARIMA hybrid model, among the other models.  

Nuzhat and colleagues are employed the hybrid EMD-ARIMA method to forecast the medical 
tourism [52]. They report that proposed hybrid forecasting approach has outperforming 
characteristics.  

Yang and Lin combined EMD, ARIMA and SVR to forecast the stock indices [60]. In their proposed 
approach, the ARIMA model is employed to analyze the linear part of the original time series and 
EMD is used to decompose the dynamics of the non-linear part of the dataset.  At the end of the 
paper, it is reported that proposed approach is superior to other benchmark models.  
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Zhou and Huang applied the hybrid EMD-ARIMA model to predict the remaining useful life of 
lithium-ion batteries [61]. At the end of the study, it is reported that the proposed hybrid EMD-ARIMA 
method outperformed other benchmark models.  
.ǸȅǸƪǒŀƘƛƴ and Ertekin applied the hybrid EMD-ARIMA model with various variations to four 

different datasets including a financial time series namely GPD/USD [24]. At the end of the study, 
they report that, forecasting performance gets better if more stationary time series data is provided.  

Awajan and colleagues [62], proposed an enhanced EMD-ARIMA hybrid approach to forecast 
daily COVID-19 cases in Jordan by decomposing the data into IMFs and applying ARIMA to the low-
frequency components, ultimately outperforming other forecasting methods in predictive accuracy. 

In summary, these studies consistently report enhanced forecasting performance when 
employing hybrid models, with EMD-ARIMA often outperforming single models and benchmark 
approaches. Furthermore, the literature underscores the adaptability of hybrid models across diverse 
datasets and applications. The collective findings from these studies lay a robust foundation for our 
own research, which introduces a novel EMD-ARIMA hybrid model for price forecasting in the context 
of online retail. Building on the successes and insights of prior research, we aim to contribute to this 
growing body of knowledge by evaluating the performance of our hybrid model in the unique setting 
of retail category price forecastings. 

 
3. Methodology 
3.1 Auto-regressive integrated moving average (ARIMA) 

ARIMA, which stands for Auto Regressive Integrated Moving Average, is a popular statistical 
model used for analyzing and forecasting time series data. It is often considered one of the best 
models for time series data because of its ability to capture complex patterns and trends in the data 
[63]Φ ¢ƘŜ !wLa! ƳƻŘŜƭ ŦƻǊŜŎŀǎǘǎ ŀƴ ŀǎǎǳƳŜŘ ǾŀǊƛŀōƭŜΩǎ ŦǳǘǳǊŜ ǾŀƭǳŜ ǿƛǘƘ ǎŜǾŜǊŀƭ Ǉŀǎǘ ƻōǎŜǊǾŀǘƛƻƴǎ 
and random errors with a linear function [64].  

The ARIMA model consists of three main components: the AR model, the MA model, and the 
integration component. The AR model, or Auto Regressive model, is a time series model that uses 
past values of the variable being analyzed to forecast future values. The MA model, or Moving 
Average model, is a time series model that uses the error term from past predictions to forecast 
future values. The integration component is used to transform the data so that it becomes stationary, 
which is necessary for the AR and MA models to be effective. 

The ARIMA (p,d,q)  model has three main parameters that are used to control the behavior of the 
model. The first parameter is the autoregressive lags, denoted by ὴ. This parameter specifies the 
number of lagged values of the variable being analyzed that will be included in the model. The 
parameter "p" in the autoregressive (AR) model can be ascertained through the analysis of the Partial 
Auto-correlation Function (PACF) plot, which identifies the correlation between residuals and their 
lagged counterparts. The determination of the order of the AR term "p" is contingent upon the count 
of non-zero partial autocorrelations within the PACF plot.[65].  

The second parameter is the moving average, denoted by ή. This parameter specifies the number 
of lagged errors that will be included in the model. Autocorrelation Function (ACF) plot is used to 
ƛŘŜƴǘƛŦȅ ǘƘŜ a! ǘŜǊƳ άǉέΦ ¢ƘŜ !ǳǘƻŎƻǊǊŜƭŀǘƛƻƴ CǳƴŎǘƛƻƴ ό!/Cύ Ǉƭƻǘ ŜƭǳŎƛŘŀǘŜǎ ǘƘŜ ŘŜƎǊŜŜ ƻŦ 
association between the current observation in a time series and its preceding values. The lag at 
which the ACF ceases to exhibit significant non-zero autocorrelations signifies the order of the 
Moving Average (MA) term denoted as "q." [66]. 

These two parameters (ὴ and ή) can also be determined by AIC or BIC criteria. The ARIMA (p, d, 
q) model with a lower AIC or BIC value is a better model [67]. 
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 Finally, the third parameter is the order of differentiation, denoted by Ὠ. This parameter specifies 
the number of times the data will be differenced to achieve stationarity.  The first difference is 
defined as  
ώ ώ ώ  (1)  

 
The second difference is defined as; 

ώ ώ ώ ώ ώ ώ ςώ ώ  (2)  
 
Three parameters are shown as ARIMA (p, d, q) to represent the model. An ARIMA model can be 

expressed as in the equation; 
ώ ὧ •ώ Ễ •ώ ʀ‮ Ễ ‐‮ ‐ (3)  

 
where ώ is a stationary time series (which can be the d-time differenced series of the original 

non-stationary series - ώ), • are the parameters of the autoregressive terms, sretemarap eht era ‮ 
of the moving average terms and ‐ are the error terms.  
¢Ƙƛǎ ǎǘǳŘȅ ŀƛƳŜŘ ǘƻ ŘŜǘŜǊƳƛƴŜ ǘƘŜ ƻǇǘƛƳŀƭ ǇŀǊŀƳŜǘŜǊǎ ŦƻǊ ǘƘŜ !wLa! ƳƻŘŜƭΣ ǎǇŜŎƛŦƛŎŀƭƭȅ ǘƘŜ άŘέ 

parameter, which determines the order of differentiation, using the ADF test. The ADF test was run 
for three different models (a model without trend and constant, a model with constant, and finally a 
model with both constant and trend). If the series was found to not be stationary in any of these 
ƳƻŘŜƭǎΣ ǘƘŜ ƴŜȄǘ άŘέ ǾŀƭǳŜ ƛǎ ǘŜǎǘŜŘ ǳƴǘƛƭ ǘƘŜ ǎŜǊƛŜǎ ōŜŎŀƳŜ ǎǘŀǘƛƻƴŀǊȅΦ ¢ƘŜ άǇέ ŀƴŘ άǉέ ǾŀƭǳŜǎ ǿŜǊŜ 
also tested up to ŀ ǾŀƭǳŜ ƻŦ рΣ ŀƴŘ ǘƘŜ .L/ ǾŀƭǳŜ ƛǎ ŎŀƭŎǳƭŀǘŜŘ ŦƻǊ ŜŀŎƘ ŎƻƳōƛƴŀǘƛƻƴ ƻŦ άǇέ ŀƴŘ άǉέ 
ǾŀƭǳŜǎΦ ¢Ƙƛǎ ǊŜǎǳƭǘŜŘ ƛƴ ŀ ƳŀǘǊƛȄ ƻŦ .L/ ǾŀƭǳŜǎ ǿƛǘƘ ŘƛƳŜƴǎƛƻƴǎ ƻŦ рȄрΦ ¢ƘŜ άǇέ ŀƴŘ άǉέ ǾŀƭǳŜǎ ǿƛǘƘ 
the lowest BIC value were determined as optimal for the ARIMA model. 
 
3.2 Empirical mode decomposition (EMD) 

The EMD algorithm was introduced by Huang and his research associates [68]. This method 
involves the decomposition of intricate original signals into a set of Intrinsic Mode Functions (IMFs) 
characterized by varying amplitudes, along with a residual component. At its core, EMD facilitates 
the transformation of nonlinear and non-stationary signals into linear and stationary forms [69]. 

Each IMF must satisfy two conditions [70]: a) Within the entire dataset, it is imperative that the 
count of extrema and the count of zero-crossings exhibit parity, with a permissible variance not 
exceeding one b) The average value of the upper and lower envelopes, derived from the signal's 
maximal and minimal values, is constrained to zero, signifying that these envelopes exhibit local 
symmetry relative to the zero axis. 

The computational steps of the EMD are given as follows [68]: 
Step 1: Determine all the local extrema of the series הὸ , encompassing both local maxima and 

local minima. 
Step 2: Establish a cubic spline curve by connecting all the local maxima to create the upper 

envelope denoted as ה ὸ . Analogously, the lower envelope, denoted as ה ὸ, is constructed 

using all the local minima.  
Step 3: Determine the mean envelope ִי ὸ  by calculating it from the upper and lower 

envelopes using the following equation: 

יִ ὸ
ה ὸ ה ὸ

ς
 (4)  

 
Step 4: Extract the details using Equation 5. 

ὸשׁ ὸה יִ ὸ (5)  
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Step 5: Check whether ׁשὸ  is an IMF: (a) if ׁשὸ  is an IMF then set ꜟ ὸ  ὸ andשׁ
meantime replace הὸ  with the residual דὸ ὸה ꜟὸ ; (b) if ׁשὸ  is not an IMF, replace 
ὸה  with ׁשὸ  then repeat Steps 2ς4 until the termination criterion is satisfied. The following 

equation can be regarded as the termination condition of this iterative calculation: 

שׁ ὸ שׁ ὸ

שׁ ὸ
‭ Ὦ ρȟςȟȣȠὸ ρȟςȟȣȟά  (6)  

where ά  is the number of the wind speed data points, ‭ ƛǎ ǘƘŜ ǘŜǊƳƛƴŀǘŜŘ ǇŀǊŀƳŜǘŜǊΣ ŀƴŘ ΨƧΩ 
denotes the times of iterative calculation. In this study, the ‭ is set equal to 0.2. 

Finally, ὲ orthogonal IMFs are reconstructed by summation. 

ὸה ὍὓὊὸ ὸ (7)ד  

 
Step 6: The procedure of Steps 1ς5 is repeated until all the IMFs are found. 
Nonetheless, the Empirical Mode Decomposition (EMD) method is associated with a significant 

issue, as pointed out by Zhang and colleagues, which is commonly known as modal aliasing [70]. 
Modal aliasing refers to a situation in which signals characterized by distinct scales or frequencies are 
erroneously contained within the same Intrinsic Mode Function (IMF) component, or when signals 
with similar scales or frequencies are erroneously distributed across multiple disparate IMF 
components. 
 
3.3 White noise test 

The Ljung-Box test constitutes a statistical methodology primarily employed for assessing the 
presence of white noise within a given data series. In the context of this test, the null hypothesis 
posits that the data series is characterized by independent distribution, thus conforming to the 
attributes of white noise. In contrast, the alternative hypothesis challenges this assumption by 
proposing that the data series deviates from independent distribution and instead displays evidence 
of serial correlation, a characteristic suggesting temporal dependencies [71]. 

It is important to note that in the realm of time series analysis, the identification of white noise 
is a critical consideration. It serves as a fundamental prerequisite for the effective modeling of time 
series data. In essence, time series data can only be reasonably and accurately modeled when it 
exhibits departures from white noise characteristics, as the presence of temporal dependencies and 
serial correlation typically underlie the underlying dynamics of many real-world time series datasets 
[71]. 

 
3.4 Performance metrics pool 

In academic literature, a definitive and universally accepted criterion for evaluating models lacks 
consensus [72]. Number of performance evaluation metrics are developed.  Studies on forecasting 
financial time series have been reviewed, and fourteen metrics commonly used in these studies have 
been compiled. When the first four of these metrics take on higher values, the forecasting 
performance is better, while the remaining ten metrics perform better when they take on larger 
values. The metrics and their formulas are listed in Table 1. 
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Table 1 
Performance evaluation metrics pool 
Characteristics Name of the Metric Equation of the Metric 

Higher is Better 

Ὑ  ρ
В ὴǶ ὴ  

В ὴ ὴӶ
 

Adjusted Ὑ  
 

ρ
ρ Ὑ ὲ ρ

ὲ ύ ρ
 

Hit Ratio (HR) ὌὙ
ὲόάὦὩὶ έὪ ὬὭὸί 

ὲ
 

Directional Symmetry (DS) 
ὈὛ

ρ

ὲ
‘ 

‘  
ρȟ ὴ ὴ ὴǶ ὴǶ π

πȟέὸὬὩὶί
 

Smaller is Better 

Mean Absolute Error (MAE) 
ρ

ὲ
ȿὨȿ 

Mean Squared Error (MSE) 
ρ

ὲ
Ὠ 

Square-root of MSE (RMSE) 
ρ

ὲ
Ὠ 

Mean Absolute Relative Error (MARE) 
ρ

ὲ

Ὠ

ὴ
 

Mean Square of Relative Error (MSRE) 
ρ

ὲ

Ὠ

ὴ
 

Square-root of MSRE (RMSRE) 
ρ

ὲ

Ὠ

ὴ
 

Mean Absolute Percentage Error (MAPE) 
ρ

ὲ

Ὠ

ὴ
ρππ 

Mean of Square Percentage Error (MSPE) 
ρ

ὲ

Ὠ

ὴ
ρππ 

Square-root of MSPE (RMSPE) 
ρ

ὲ

Ὠ

ὴ
ρππ 

U-Theil 

ρ
ὲ
В Ὠ

ρ
ὲ
В ὴ

ρ
ὲ
В ὴǶ

 

ὴȠὨ ὴ ὴǶ 
ὴ: actual price for day Ὥ 
ὴǶ: predicted price for day Ὥ 
ὲ: number of days 
ὲόάὦὩὶ έὪ ὬὭὸί: correctly predicted price increase or decrease 
ύ : number of independent variable. 
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3.5 Proposed methodology 
The outline of the study is presented in Figure 1.  
 

 
Fig. 1. Flowchart of the study 

 
The steps of the study can be listed as follows: 

i. First, the prices and names of the products were scraped on the website every day for 
eight hundred ninety-three days. 

ii. The arithmetic average of the prices of the products on each day was calculated for each 
category. Thus, the time series was obtained as much as the number of categories. 

iii. The profiles of the time series are revealed with the help of descriptive statistics. In 
addition, whether the time series are stationary or not was examined with the help of the 
Augmented Dickey Fuller test. 

iv. Each time series is divided into two subsets. The last ninety observations were set aside 
to test the performance of the models, and with the training set containing the remaining 
803 days of data, the parameters of the models were determined, and the models were 
trained. 

v. The performance of two models was examined using the training set using two models: 
vi. Model 1. In this model, the next steps of the time series are estimated with the ARIMA 

model. The parameters of the ARIMA model were determined with the help of BIC. Using 
the forecasting scheme, forecasts were made for each day in the training set and the 
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results were compared with actual prices and forecast performance metrics in the pool 
were calculated. 

vii. Model 2. In this model, each time series is first separated into its components. EMD 
algorithm is used for this decomposition. Each category is divided into a different number 
of IMF and residual components. Then, for each component, the ARIMA model was run 
under the estimation scheme. The best p, d and q values for the components differ from 
each other in each category. Forecasts were collected for each component, thus 
forecasting the value of the category for the next day. After this stage, just as in Model 1, 
the actual values and the estimated values of Model 2 were evaluated by calculating the 
metrics in the pool. 

viii. In accordance with the first research question, the forecasting performances of Model 1 
and Model 2 were compared. Wilcoxon signed rank test was performed to test the 
differences. 

ix. Finally, the relationship between the standard deviation values of the categories and the 
estimation performance values was examined. 

Forecasting scheme is presented in Figure 2. The models are trained with the training set using 
optimized ARIMA parameters, and forecasting are made for the next day. Every day, new prices are 
added to the training vector, and thus, the number of data points in the training set increases over 
time. For example, the model is trained with a training vector containing 803 days for the first day of 
the test set, and a forecasting is made for the next day. For the last day of the test set, the model is 
trained with a training vector containing 892 days, and a forecasting is made for the last day. 

 

 
Fig. 2. Forecasting scheme 

 
4. Analysis 
4.1 Dataset description 

The dataset used in this study was scraped from one of the prominent shopping mall chains in 
Turkey that allows customers to buy groceries online. This website was a pioneer in this area, and as 
a result, other retail chains also started providing the option of online shopping. The data collection 
took place between November 6th, 2018, and April 26th, 2021, which covers a period of 893 days. 
The data was scraped for a total of 26 categories. 

Plots of the web-scraped data for two product categories namely fruit and cheese are presented 
in Figure 3. In figure the extent of the data missingness can be seen from the white gaps in the arrays. 
There are more missing values in the fruit category when compared with the cheese category. One 
of the reasons for this is that diverse fruits are made available for sale during various seasons.  
However, it is evident that a consistent number of products are introduced to the sale within the 
cheese category throughout the year. 
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(a) (b) 

Fig. 3. Web-scraped daily log-price data for products over time (a) Fruit Category (b) Cheese Category 

 
5ǳǊƛƴƎ ǘƘŜ ǇŜǊƛƻŘ ŜȄŀƳƛƴŜŘ ǿƛǘƘƛƴ ǘƘŜ ǎŎƻǇŜ ƻŦ ǘƘƛǎ ǎǘǳŘȅΣ ǘƘŜ ƴŀǘƛƻƴΩǎ ŜŎƻƴƻƳȅ ŜȄǇŜǊƛŜƴŎŜŘ ŀ 

phase of comparatively modest inflation rates. However, subsequent to the cessation of the data 
scraping period, disruptions transpired within the economic indicators, precipitating an escalation in 
the inflation rate and a depreciation of the Turkish lira vis-à-vis the US dollar. The deliberate decision 
to develop prediction models during a period of economic stability, coupled with the subsequent 
assessment of these models under conditions of elevated inflation, inherently engenders suboptimal 
predictive performance. Hence, the study was methodically executed, utilizing the dataset procured 
during the aforementioned interval to ensure the integrity and reliability of the predictive models' 
performance evaluations. 

After extracting price data for products in the categories, the average price was calculated for 
each category. This average price is the arithmetic mean of the prices of the products offered for sale 
in the category on that day. A box plot of the average price for each category is presented in Figure 
4. The first 21 categories consist of food and beverage products, while the last five categories consist 
of cleaning products. 

To examine the forecasting performance, the observations containing the last 90 days (January 
19, 2021 to April 26, 2021) were set aside. Thus, while the price information for 803 days (November 
6, 2018 to January 18, 2021) was used in developing the models, the last 90 days of observations 
were used to examine the out-of-sample performance of the developed models. 

Descriptive information about the categories for the training set is presented in Table 2. It is 
possible to create a similar table for the out-of-sample dataset as well. The table lists the number of 
unique products listed in each category, as well as the minimum, maximum, average, median price, 
and standard deviation of the price. In addition, the table includes the skewness and kurtosis values, 
as well as the JB statistics to test if the price distribution is normal. The Bakery and Patisserie category 
has the highest number of product types with 1,289 products, while the Sugar category has the 
lowest number of product types with only 48 products. The p-value from the JB test for products 
other than shaving supplies being lower than the 0.01 level indicates that the prices of these products 
are not normally distributed. The positive skewness values indicate that the right side of the 
distribution of the mean price is longer, meaning that there are few products with prices higher than 
the mean. 
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Fig. 4. Box plot of mean price for each category 

 
 

Table 2 
Descriptive statistics for training set 
Categories Number 

of SKUs 
Min Max Mean %25 Median %75 Standard 

Deviation 
Skew-
ness 

Kurt-
osis 

JB  
Statistics* 

Carbonated 
Beverage 

443 5.59 11.21 7.49 6.47 7.44 7.91 1.38 0.89 3 112.45 

Still Drink 789 4.73 7.78 6.05 5.57 5.94 6.58 0.66 0.25 2.42 20.78 
Mineral 
Water 

171 4.81 8.83 6.77 6 6.62 7.67 0.98 0.23 1.93 48.16 

Water 169 2.78 5.87 3.96 3.6 4.04 4.28 0.57 0.65 4.74 137.04 
Milk 363 5.83 10.11 7.81 7.35 7.76 8.18 0.77 0.42 3.54 31.01 
Instant 
Meal 

152 4.58 7.63 6.16 5.78 6.23 6.57 0.71 -0.37 2.47 29.55 

Frozen 
Food 

238 14.42 20.12 17.07 16.44 17.26 17.82 1.19 -0.3 2.76 14.89 

Vegetables 440 5.68 10.87 8.04 7.26 8.07 8.75 1.07 0.21 2.45 16.82 
Fruits 286 6.57 17.77 11.66 9.5 11.72 13.85 2.5 0.09 1.76 55.7 
Yogurt 318 6.89 10.89 8.21 7.55 8.05 8.71 0.88 1.12 4.27 233.58 
Egg 68 11.36 17.87 13.6 12.72 13.34 13.97 1.29 1.31 4.62 280.32 
Breakfast 625 17.37 22.87 19.72 18.82 19.37 20.23 1.17 0.87 2.86 105.28 
Olive 181 17.01 29.27 22.46 20.97 21.71 24.05 2.36 0.63 3.29 59.63 
Cheese 607 21.86 36.72 28.66 26.06 29.57 30.94 3.11 0.21 2.27 25.11 
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Table 2 
Continued 
Categories Number 

of SKUs 
Min Max Mean %25 Median %75 Standard 

Deviation 
Skew-
ness 

Kurt-
osis 

JB  
Statistics* 

Sugar 48 8.27 12.14 10.01 9.03 10.17 10.76 0.89 -0.3 1.77 66.64 
Salt and 
Spices 

372 8.64 21.17 11.75 9.32 9.64 12.49 4.15 1.45 3.36 206.33 

Bakery and 
Patisserie 

1289 7.02 10.64 8.72 7.8 8.61 9.57 0.9 0.1 1.62 69.49 

Liquid Oil 230 35.04 56.02 44.62 40.69 43.55 47.89 4.81 0.65 2.4 72.13 
White 
Meat 

266 10.91 28.04 18.11 15.81 17.63 20.26 3.11 0.59 2.9 49.06 

Meat Deli 438 28.24 53.6 40.6 36.63 39.07 44.15 5.75 0.4 2.31 39.67 
Fish 
Seafood 

134 22.47 55.32 39.63 34.09 37.7 46.02 6.95 0.43 1.91 67.87 

Oral Care 685 18.87 45.48 32.7 28.57 31.79 36.21 5.39 0.46 2.51 37.79 
Washing up 232 16.11 33.48 25.14 23.31 24.62 27.19 3.16 0.36 3.09 18.42 
Laundry 
Utensils 

98 32.5 87.31 54.03 43.33 50.66 62.87 13.42 0.41 2.32 40.43 

Washing 804 17.4 26.21 22.13 20.81 21.95 23.19 1.65 0.29 2.63 16.9 
Shaving 
Supplies 

351 20.17 53.47 36.29 32.38 36.47 40 6.4 0.01 2.98 0.04 

* All of the statistics are significant at 0.01 level except for the Category 26: Shaving Supplies 

 
4.2 Model 1 forecasting results 
4.2.1 Stationary inspection 

The stationarity analysis of the time series belonging to the fruit category was carried out. 
Graphics are presented in Figure 5. On the left side of the figure, the original series is depicted, while 
on the right side, a first-order differenced series is presented. 

It is understood from the graph in the upper left part of the figure that there is an upward trend. 
The series is not stationary. In the ACF graph just below, the autocorrelation does not reach zero. 
Therefore, the MA value (q) cannot be determined. In the PACF graph just below, it turns out that 
the correlation is zero after the second value. 

On the right side of the figure, there are cases where difference is taken at the first level. It is 
possible to say visually that the series becomes stationary when the difference is taken at the first 
level. It can be stated that the q value is determined as 5 from the ACF graph and the p value is 2 
from the PACF graph. 

Augmented Dickey Fuller test was used to test whether the time series is stationary. Three models 
(no constant and no trend, constant included and both constant and trend included) are run 
separately. The results are in Table 3. It turns out that few categories are stationary in the original 
version of the series. However, when the first difference is taken, it is understood that the time series 
of each category is stationary. Therefore, the analysis was continued by taking the first differences. 
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(a) (b) 

Fig. 5. ACF and PACF Graphs for Fruit category (a) level (b) first difference 

 
Table 3 
ADF unit root results for each category 
 Level 1st Difference 
 ADF Stats p values ADF Stats* 

Categories N C CT N C CT N C CT 
Carbonated Beverage -0.30 -2.81 -3.07 0.54 0.06 0.11 -32.12 -32.10 -32.09 
Still Drink 0.19 -2.84 -7.83 0.72 0.05 0 -40.54 -40.53 -40.52 
Mineral Water 0.07 -2.85 -8.50 0.68 0.05 0 -35.31 -35.29 -35.27 
Water -0.13 -2.86 -4.55 0.60 0.05 0 -29.48 -29.47 -29.45 
Milk 0.42 -3.14 -5.18 0.80 0.02 0 -32.95 -32.95 -32.93 
Instant Meal 0.62 -2.38 -5.36 0.85 0.15 0 -36.66 -36.68 -36.67 
Frozen Food -0.35 -4.76 -5.16 0.52 0.00 0 -32.30 -32.28 -32.26 
Vegetables -0.16 -4.33 -6.93 0.59 0.00 0 -34.68 -34.66 -34.64 
Fruits -0.64 -4.50 -12.16 0.42 0.00 0 -41.61 -41.59 -41.57 
Yogurt 0.42 -2.20 -5.81 0.80 0.21 0 -37.38 -37.38 -37.37 
Egg -0.05 -3.75 -5.41 0.63 0.00 0 -34.45 -34.44 -34.43 
Breakfast 0.17 -4.02 -7.80 0.71 0.00 0 -39.23 -39.21 -39.19 
Olive 0.58 -1.93 -5.60 0.84 0.33 0.00 -30.51 -30.52 -30.51 
Cheese 0.97 -1.19 -5.89 0.91 0.66 0.00 -37.42 -37.47 -37.46 
Sugar 0.36 -2.24 -3.11 0.78 0.19 0.11 -33.85 -33.84 -33.82 
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Table 3 
Continued 
 Level 1st Difference 

 ADF Stats p values ADF Stats* 

Salt and Spices -0.52 -1.96 -2.46 0.46 0.32 0.37 -27.28 -27.26 -27.23 
Bakery and Patisserie 0.34 -2.32 -7.61 0.78 0.17 0.00 -42.42 -42.42 -42.40 
Liquid Oil 0.15 -2.18 -5.31 0.71 0.22 0.00 -36.42 -36.40 -36.40 
White Meat -0.95 -6.81 -11.16 0.30 0.00 0.00 -39.14 -39.12 -39.10 
Meat Deli 0.35 -1.88 -6.44 0.78 0.35 0.00 -34.17 -34.17 -34.16 
Fish Seafood 0.14 -2.61 -6.24 0.70 0.09 0.00 -40.51 -40.51 -40.48 
Oral Care -0.56 -5.51 -5.51 0.45 0.00 0.00 -32.76 -32.75 -32.73 
Washing up -0.54 -7.07 -10.42 0.45 0.00 0.00 -35.27 -35.25 -35.23 
Laundry Utensils -0.81 -3.19 -3.38 0.35 0.02 0.06 -31.23 -31.22 -31.21 
Washing -0.12 -5.62 -10.68 0.61 0.00 0.00 -30.40 -30.38 -30.37 
Shaving Supplies -0.42 -4.54 -7.92 0.50 0.00 0.00 -32.81 -32.79 -32.77 
* for each category and for each model ὴ πȢπρ 
N: No Trend and Constant 
C: Include constant 
CT: Include constant and trend 

 
4.2.2 White noise test 

In order to assess the presence of white noise in the transformed time series, an application of 
the Ljung-Box Statistics is performed. The resulting p-values, are found to be below the predefined 
significance level of 0.05. This statistical comparison implies that the null hypothesis, positing the 
absence of serial correlation (white noise), is to be rejected. Consequently, the analysis indicates that 
the transformed time series does not exhibit characteristics of white noise. This, in turn, signifies the 
presence of underlying patterns or dependencies within the data, suggesting the feasibility of 
constructing a meaningful model for prediction and further analysis. [71].  
 
4.2.3 Determining optimal number of p and q 

Although it is possible to determine parameters with ACF and PACF graphics, it is preferred to 
choose the parameters with the lowest BIC value instead of specifying parameters with the help of 
graphics each time, since too many ARIMA models need to be run in the study. ARIMA models were 
run for fruit category with parameters p and q ranging from 1 to 5, and the resulting Bayesian 
Information Criterion (BIC) values have been reported in Table 4. The minimum BIC value is obtained 
when the AR degree (ὴ) is 2 and MA degree (ή) is 5.  

 
Table 4 
BIC values for different components of p and q (Fruit Category) 
  Q 

  1 2 3 4 5* 

P 

1 1851.551 1839.953 1796.074 1769.527 1773.025 

2* 1802.404 1796.287 1782.131 1772.333 1766.276 

3 1791.459 1869.110 1780.514 1768.926 1775.267 

4 1861.134 1858.864 1776.348 1771.361 1776.103 

5 1773.710 1775.101 1778.976 1782.460 1779.865 

* The best BIC value is obtained with p = 2 and q = 5 

 
The details of the ARIMA (2,1,5) model for the first forecasted day of fruit category is presented 

in Table 5. All of the coefficients are statistically significant at 0.10 level except for AR(2) coefficient.  
 



Spectrum of decision making and applications 

Volume 2, Issue 1 (2025) 314-354 

329 
 
 

Table 5 
ARIMA (2,1,5) Model for the fruit category for the first out-of-sample day forecast  

 Value Standard Error T Statistics P value 
Constant 0.0163 0.0084 1.9361 0.0529 
AR{1} -0.9006 0.2060 -4.372 0.0000 
AR{2} 0.0003 0.1659 0.0020 0.9984 
MA{1} 0.4340 0.2065 2.1018 0.0356 
MA{2} -0.4552 0.0768 -5.9234 0.0000 
MA{3} -0.1538 0.0832 -1.8485 0.0645 
MA{4} -0.3514 0.0446 -7.8828 0.0000 
MA{5} -0.1465 0.0719 -2.0379 0.0416 
Variance 0.4470 0.0117 38.2380 0.0000 

Effective Sample Size : 851 
Number of estimated parameters : 9 
LogLikelihood : -864.864 
AIC : 1747.73 
BIC : 1790.45 

 
Equation of the Fruit category for the first day of testing period; 
ώ πȢπρφσπȢωππφώ πȢπππσςχχώ πȢτστπʀ πȢτυυς‐ πȢρυσψ‐

πȢσυρτ‐ πȢρτφυ‐  
Equation of the Fruit category for the second day of testing period; 
ώ πȢπρφφπȢψωχφώ πȢππτωώ πȢτςψχʀ πȢτφρσ‐ πȢρτωυ‐

πȢστυρ‐ πȢρτυψ‐  
Equation of the Fruit category for the last day of testing period; 
ώ πȢπρφφπȢωυχσώ πȢπτχπώ πȢτωωπʀ πȢττυρ‐ πȢςρωυ‐

πȢσχςω‐ πȢρττπ‐  
The values of the parameters of the fruit category during the test set are shown graphically in 

Figure 6. According to the figure, although the values of the parameters took different values during 
the test process, they remained relatively stable. 

 
Fig. 6. ARIMA parameters during forecasting interval 

 
Actual values and forecasting values of the model are shown in Figure 7. The performance of the 

model in the last ninety days is important. because this period is defined as the out-of-sample period. 
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It is concluded from the graph that the actual values and the estimated values are close to each other. 
The difference between the actual price and the estimated price fluctuates within the range of ς. 

 
Fig. 7. Actual and forecasted price of the fruit category ς Model 1 

 
When the forecasted values of Model 1 and the actual values are examined visually, it is seen that 

the out-of-sample performance is successful. However, besides visual inspection, numerical 
measures of the metrics in the performance measurement pool listed in the table are also needed 
for comparison. In addition to the optimal p and q values for each category, performance measures 
are also included in Table 6. In Model 1, 26*90 = 2340 ARIMA analysis are run. 
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Table 6 
Performance metrics of ARIMA models 

ARIMA 
models 

p q 
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e
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Carbonated 
Beverage 

1 1 0.44 0.43 0.49 0.46 0.11 0.02 0.16 0.01 0.000 0.02 1.34 0.04 0.20 0.01 

Still Drink 1 1 0.52 0.51 0.48 0.46 0.11 0.02 0.14 0.01 0.000 0.02 1.46 0.04 0.19 0.01 

Mineral 
Water 

3 3 0.49 0.49 0.47 0.44 0.16 0.05 0.23 0.02 0.001 0.03 1.98 0.08 0.28 0.01 

Water 1 1 0.51 0.5 0.49 0.46 0.08 0.01 0.1 0.02 0.001 0.02 1.70 0.06 0.24 0.01 

Milk 1 1 0.50 0.49 0.43 0.38 0.14 0.04 0.21 0.01 0.001 0.02 1.45 0.05 0.22 0.01 

Instant 
Meal 

2 3 0.57 0.56 0.47 0.40 0.12 0.02 0.16 0.02 0.001 0.02 1.68 0.05 0.22 0.01 

Frozen 
Food 

2 1 0.56 0.56 0.43 0.39 0.26 0.14 0.37 0.01 0.001 0.02 1.49 0.05 0.22 0.01 

Vegetables 1 4 0.59 0.58 0.47 0.44 0.28 0.22 0.47 0.03 0.003 0.05 2.84 0.28 0.53 0.02 

Fruits 2 5 0.28 0.27 0.45 0.42 0.80 1.15 1.07 0.05 0.006 0.08 5.48 0.61 0.78 0.04 

Yogurt 2 1 0.70 0.69 0.45 0.43 0.16 0.04 0.21 0.02 0.000 0.02 1.60 0.04 0.21 0.01 

Egg 2 1 0.75 0.74 0.48 0.31 0.22 0.10 0.31 0.01 0.000 0.02 1.31 0.03 0.18 0.01 

Breakfast 1 4 0.14 0.13 0.43 0.39 0.41 0.29 0.54 0.02 0.001 0.02 1.87 0.06 0.25 0.01 

Olive 1 4 0.71 0.70 0.47 0.46 0.34 0.40 0.64 0.01 0.001 0.02 1.24 0.06 0.24 0.01 

Cheese 1 3 0.44 0.43 0.36 0.31 0.34 0.21 0.46 0.01 0.000 0.01 0.95 0.02 0.13 0.01 

Sugar 1 1 0.92 0.92 0.40 0.20 0.1 0.03 0.17 0.01 0.000 0.02 0.93 0.03 0.16 0.01 

Salt and 
Spices 

1 1 0.82 0.82 0.40 0.35 0.37 0.37 0.61 0.03 0.003 0.05 3.06 0.25 0.50 0.03 

Bakery and 
Patisserie 

2 1 0.42 0.42 0.37 0.34 0.15 0.03 0.19 0.01 0.000 0.02 1.47 0.03 0.19 0.01 

Liquid Oil 4 5 0.85 0.84 0.39 0.35 0.46 0.39 0.62 0.01 0.000 0.01 0.84 0.01 0.11 0.01 

White 
Meat 

5 4 0.31 0.3 0.35 0.34 1.18 2.28 1.51 0.05 0.004 0.06 4.84 0.40 0.63 0.03 

Meat Deli 5 5 0.86 0.86 0.45 0.40 0.69 0.93 0.96 0.01 0.000 0.02 1.32 0.04 0.19 0.01 

Fish 
Seafood 

2 1 0.31 0.3 0.33 0.29 0.84 1.42 1.19 0.02 0.001 0.02 1.63 0.06 0.24 0.01 

Oral Care 2 1 0.64 0.64 0.40 0.36 1.90 8.15 2.86 0.05 0.007 0.08 4.90 0.67 0.82 0.04 

Washing 
up 

2 1 0.26 0.26 0.38 0.35 1.42 3.33 1.82 0.05 0.004 0.06 4.75 0.38 0.62 0.03 

Laundry 
Utensils 

4 4 0.64 0.64 0.48 0.24 0.84 1.70 1.30 0.01 0.000 0.02 1.34 0.04 0.21 0.01 

Washing 4 1 0.56 0.55 0.47 0.44 0.55 0.71 0.84 0.02 0.001 0.04 2.23 0.12 0.35 0.02 

Shaving 
Supplies 

2 1 0.52 0.51 0.46 0.42 1.73 9.01 3.00 0.03 0.004 0.06 3.49 0.4 0.63 0.03 
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4.3 Model 2 forecasting results 
4.3.1 Forecasting with EMD 

In Model 2, the time series is first separated into its components by the EMD algorithm. For the 
fruit category, 6 IMF and one residual were obtained from the original time series data. Components 
are presented graphically in Figure 8. 

 

 
Fig. 8. Signal decomposition with EMD for fruit category 

 
The frequency profiles of the components are presented in Table 7 with the help of descriptive 

statistics. Whether each component is stationary or not was carried out with the help of the ADF test. 
The results are in the table. According to the test results, the first three IMFs were found to be 
stationary in residual level. The remaining components are not stationary at the level. Differentiation 
was applied to make them stationary. However, each component could become stationary as a result 
of different number of difference processes. IMF4 and IMF5 became stationary after three times of 
difference, and IMF6 after four times of difference. As in Model 1, it was tested whether the series 
were stationary with three different models and the difference process was applied until they were 
stationary in any model. Thus, the d parameter in the ARIMA (p, d, q) model is optimized for each 
component, separately. The other parameters in the model, p and q, were determined by searching 
the smallest BIC value, just like in Model 1. The table lists the parameters for the fruit category. It 
turns out that different values are determined optimally for each component. 
 
  


