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Abstract. International competition between retailers is very intense in actual world and the capacity to
remain profitable is essential influenced by the ability to forecast the demand as accurately as possible.
Also, is very important to minimize stock outages, to reduce the volume of each product in stock, to reduce
costs and to increase the revenues. The current work proposes a new approach to forecasting and
optimization in the retail environment and introduces an improved method for identifying the optimal
algorithm that can help a retailer to get as close as possible to mentioned conditions. The research
methodology identifies the optimal forecasting model and then optimize the model results and parameters
such as the optimal order quantity, the reordering point, the maximum stock and the safety stock. To obtain
the optimal solutions we develop distinct forecasting and optimization algorithms, starting with classical
econometric methods like ARIMA, or dynamic optimization, and progressing to more complex approaches,
including transformers, neural networks, Fourier transformation, or combined algorithms like Fourier
transformation with Prophet. An important challenge was identifying an optimal method for selecting the
best operating algorithm, as classical methods like RMSE, MAPE, or MAE failed to identify the most
accurate prediction algorithm. In order to test the algorithm’s quality, we test twenty-six distinct forecast
algorithms and compared at each product level, identifying Fourier transformation, either on its own or in
combination with other algorithms, as a highly effective forecasting model. Finally, the Continuous Ranked
Probability Score is proposed as the best model selection strategy.

Keywords: Machine learning, Artificial Intelligence, Genetic Algorithm, CRPS, Inventory management,
forecasting, optimization

Introduction
Competition between retailers is intense, and to be able to remain in the game while remaining
profitable, it is essential to forecast the demand as accurately as possible. This ensures, on one
hand, the ability of being able to meet the demand and on the other hand to minimize the stocking
costs as much as possible. All these strategies aim to maximize the efficiency of the invested capital
and minimize capital costs through effective stock optimization.

The current work proposes a different perspective on demand forecasting arguing that
relying on a single algorithm, even if it is a complex architecture of algorithms, is unlikely to
achieve higher accuracy compared to training multiple algorithms at the product level and selecting
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the most suitable one for each product. By following this approach, the final forecast for the entire
product population will be the result of distinct models running in parallel for each product.

The second stage of the research proposes the following workflow: the forecasted demand
at the product level will serve as one of the input variables of an optimization algorithm. This
algorithm aims to determine the essential parameters for efficient inventory management, including
the optimal safety stock, reorder point, optimal order quantity, and maximum stock. By using this
optimization algorithm, the retailer can avoid stock outages and identify the optimal maximum
stock to effectively address overstock issues.

The case study was based on a database consisting of the monthly sales data at the product
level for a sample of 15.000 distinct products. These products were selected from the categories of
sanitary installations, heating systems, and other related installation products. The historical data
covered a time horizon of 2 years and 8 months, starting in January 2022 and ending in October
2024. The forecasting was conducted for 12 future data points, corresponding to 12 months.
Initially, an attempt was made to identify the best forecasting model at the product level using
standard metrics such as RMSE, MAPE, and MAE. However, after a detailed visual evaluation of
the forecasted curves generated by different models at the product level, some models were
identified as the best-performing or most accurate. Yet, for example, these models forecasted only
a constant line, despite the historical data showing dynamic patterns with high amplitude and
significant variation from month to month. Other distinct types of scores were developed to identify
the best model, and numerous tests were conducted. Still, finally, the Continuous Ranked
Probability Score (CRPS) was recognized as the best selection strategy for determining the most
accurate predictive model. A total of 24 distinct algorithms were trained for forecasting the
demand, and 10 distinct algorithms were used for parameter optimization. The best algorithm for
optimizing the parameters was a genetic algorithm.

The research also includes an exploratory data analysis aimed at identifying whether certain
algorithms perform better on specific types of products and determining the characteristics of those
products. This is an important step, as running numerous distinct models can result in inefficient
use of computational resources. Therefore, it is necessary to optimize the selection and application
of forecasting models, taking into account the computational resources required by each algorithm.

The research is structured into five chapters, with the primary aim of improving the overall
performance of forecasting models and better detecting the optimal parameters for inventory
management. The second chapter provides a summary of relevant literature, focusing on machine
learning models used for previsioning sales or demand, as well as strategies for evaluating the models
and optimizing inventory parameters. The next sections describe the methodologies and the models
applied in the case study, present the conclusions of the research, outline its limitations, and propose
ideas for further development. The final section includes the bibliographic resources used.

This research proposes a solution to a key concern for retailers: how to forecast demand
more accurately in order to avoid stockouts and better optimize inventory levels, ultimately
reducing the company’s debt exposure. The key objectives of the study are to (1) test a wide range
of forecasting models and identify the best-performing one for each product individually, (2)
improve the model selection methodology by replacing classical accuracy metrics like RMSE or
MAPE with CRPS, and (3) optimize inventory parameters such as reorder point, order quantity,
and safety stock using a genetic algorithm. The uniqueness lies in its multi-model approach, testing
26 forecasting algorithms per product and selecting the best one based on CRPS, as well as in
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integrating forecasting with a dynamic inventory optimization algorithm to ensure both accuracy
and cost-efficiency in retail operations.

Literature review

Forecasting Methods

There are plenty of studies analyzing and comparing different forecasting methods and their
positive impact on a company’s turnover, conditioned by achieving the highest possible accuracy.
The primary objective for many researchers is to identify the model that performs best for the
analyzed set of products or product segments, minimizing estimation errors.

In parallel, some researchers are focused on identifying optimal methods and
methodologies to optimize inventory, with the primary goal of minimizing stock gaps or overstock
issues. A third group of researchers aims to combine these two areas of study into a single research
direction, recognizing that effective stock optimization is closely linked to a robust demand
forecasting strategy at the product level.

Since the majority of studies focus on one of these two directions (forecasting or
optimization), research on the proper way or method for selecting the best forecasting model is
limited. Moreover, most studies rely on classical methods for selecting the optimal model, such as
Root Mean Squared Error (RMSE), Mean Absolute Percentage Error (MAPE), or Mean Absolute
Error (MAE). Fewer studies explore and utilize more advanced methods, such as Continuous
Ranked Probability Score (CRPS), for identifying the optimal model.

An interesting methodology used to forecast demand is hierarchical time series forecasting
(Abolghasemi, 2024). This methodology matches perfectly with some industries, especially
companies operating in the fast-moving consumer goods (FMCG) sector, and less in others.
Considering the retailer analyzed for my case study, this approach won’t be sustainable because
the retailer does not sell FMCG but its products through a B2B2C (business-to-business-to-
consumer) system. This means promotions and campaigns have a low impact on sales.

Other research with a high degree of impact in forecasting methodologies, a direction that
I also tested in my case study, proposes the usage of an assembly of models, combining the Fourier
transformation with the so-called grey models. These grey models are defined as a class of
mathematical models that perform in grey conditions, considering that there is a lack of complete
information (black) and perfect information (white). They also perform well with limited and
incomplete information (Ye, 2024). The results prove superior performance, subclassing complex
models like neural networks (such as LSTM) or classical statistical models like AutoRegressive
Integrated Moving Average (ARIMA) or Holt-Winters. An essential element contributing to the
good performance of this assembly of models is directly connected to the structure of the input
data. It performs well on non-stationary datasets, with low dimensions but high complexity from
the seasonality perspective.

Forecasting time series is a complex task that does not provide an ideal or unique model for
addressing it. Some researchers identify decision tree models as performing best (Long, 2025),
achieving the lowest prediction errors (Wellens, 2024). Other studies demonstrate that neural
networks, such as LSTM (Wu, 2024) or Gated Recurrent Unit (GRU) (Sukolkit, 2024), have the
highest performance rates because they excel in capturing the complex dynamics of temporal
series. However, some researchers prove that the optimal model is an ensemble of models,
combining decision trees with neural networks (Ahmed, 2024), or other advanced analytics
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techniques that integrate machine learning with deep learning, such as the Neural Hierarchical
Interpolation for Time Series (NHITS) model (Chae, 2024). These diverse results demonstrate the
necessity of adapting methodologies to the specificity of the analyzed data.

Optimal model selection strategies

The classical methods for evaluating a forecasting model are RMSE, MAPE, and MAE. These
measures effectively capture the deviation of the forecasted data from the actual data in the time
series. However, if the goal is to identify the model that best aligns the prediction with the real
values in terms of the dynamics of evolution—meaning that the variation in the forecast closely
matches the historical variation of the time series—then the best methodology becomes CRPS
(Berrisch, 2023).

Some studies identify the limitations of classical methods and propose CRPS as an
alternative for identifying extreme events (Taillardat, 2023). Another study highlights the
limitations of using the CRPS methodology, as the derivative method, CRPS-Sum, can produce
misleading results when applied to datasets of higher dimensions (Koochali, 2022).

Optimization models and strategies

Even if the demand forecasting part is an essential one, it is not sufficient to achieve the objective
of cost reduction and turnover increase through better demand identification and more accurate
stock optimization. There is also a need to detect the optimal cybernetic models that will help
companies reach this objective. Relevant research in this direction (Corsini, 2024) proves the
efficiency of using an ensemble of cybernetic methodologies. This ensemble combines a simulation
model, used for forecasting the future performance of industrial systems, with artificial neural
networks (ANN) employed as predictive models. These are used to predict two essential factors
for the performance of production and distribution systems: the fill rate and the average inventory
level. The third element of the designed cybernetic system presented in the research is an
optimization algorithm, particle swarm optimization (PSO), used to optimize the resupply
parameters.

An interesting article (Younespour, 2024) focuses on presenting the increase in
performance when optimizing inventory parameters through an ensemble of two optimization
algorithms: PSO and Genetic Algorithm (GA). The study successfully demonstrates a significant
reduction in the convergence time of the hybrid algorithm compared to the individual usage of the
algorithms. It also proves the increase in the quality of solutions obtained by the combined
algorithm compared to the solutions obtained when the models are used separately.

Another research in the optimization field, compares several optimization algorithms for
inventory parameter optimization, aiming to identify the most profitable model, not only in terms
of the precision of the results but also from the perspective of resource efficiency when running
the algorithms (Keswani, 2024). The study identifies the Cuckoo Search Algorithm (CSA) as the
most efficient one because it demonstrated the best performance, quick convergence, and stable
results.

Neural networks remain the most widely used and tested algorithms for optimizing
inventory parameters. An innovative approach adopted by a group of researchers (Dalal, 2024)
demonstrates that combining two neural network algorithms to optimize the inventory process can
increase sustainability, reduce costs, and enhance turnover. Their method integrates both temporal
and spatial perspectives: a Convolutional Neural Network (CNN) for optimizing delivery routes
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and a Bidirectional Long Short-Term Memory algorithm (BiLSTM) for forecasting future demand,
reducing stock outages, and avoiding overstock.

Another distinct perspective in forecasting optimization involves using algorithms to fine-
tune the parameters of predictive models. For instance, PSO (Particle Swarm Optimization) is
employed by Wang (2024) to optimize the parameters of a Support Vector Regression (SVR)
model, with the ultimate goal of maximizing forecast accuracy for energy demand. The proposed
architecture incorporates an Ensemble Empirical Mode Decomposition (EEMD) structure to
address data non-stationarity. Following this, the Sample Entropy method simplifies the dataset
into a more manageable but relevant time series, preserving essential signals for forecasting. SVR
is then applied for demand forecasting, with its parameters optimized via PSO.

As already noted, there is no perfect forecasting methodology to suit all possible cases.
However, an alternative involves using a commuting system that trains multiple algorithms and
identifies the one that best serves each time series (Ahmed, 2024). This method is known as the
Switching-Based Forecasting Approach (SBFA).

Some authors propose a holistic approach to address all the industrial aspects of a
production company: demand forecasting, sales estimation, route optimization, inventory
management, risk balancing, quality control, and product inspection, by using computer vision to
analyze images. In this respect, they employ Convolutional Neural Networks (CNN) for quality
checks and product inspection (Khedr, 2024).

The general improvement in the accuracy of the forecasted results recommends the use of
these combined algorithms for improving the general performance of the economic activity.

Methodology

There are three important stages in the research that will be distinctly described in the following
rows. Different strategies were applied, having the final objective of identifying the best direction
for optimizing the inventories and reducing costs. For a better perspective on the flow of the study,
a diagram was built (Figure 1), showing the succession of the actions taken throughout the research.
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Figure 1. The actions flow and methodologies
Source: Author’s contribution, generated using https://app.diagrams.net/.
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The first part of the research is allocated to identifying the best forecasting algorithm. There
were many time series algorithms trained to detect the best matching algorithm for each specific
time series dataset. Even if not all algorithms were initially created for time series forecasting, they
were adapted to this specific data. Five distinct classes of algorithms were tested: statistical models,
classical machine learning models, advanced Al and deep learning models, hybrid and
decomposition-based models, and seasonality and frequency-based techniques.

The group of statistical models includes: Autoregressive Integrated Moving Average
(ARIMA), Autoregressive (AR), Moving Average (MA), Autoregressive Moving Average
(ARMA), Seasonal Autoregressive Integrated Moving Average (SARIMA), and Fourier-based
Forecast. AR predicts future values using a linear combination of past values, while MA models
the error term as a linear combination of past error terms. ARMA combines AR and MA to handle
both past values and errors and ARIMA includes differencing into the ARMA model to handle
non-stationary data. SARIMA adds seasonal components to ARIMA to capture seasonal patterns.
Fourier-based Forecast is a statistical model that decomposes a time series into its frequency
components using the Fourier Transform. It identifies the most significant seasonal patterns by
retaining only the top frequencies and removing the rest. The forecast is generated by
reconstructing the series based on these filtered frequencies and extrapolating future values. This
approach efficiently captures and forecasts periodic or seasonal patterns in the data.

The class of classical machine learning models includes the following tested algorithms: linear
regression with or without Fourier, LightGBM with Fourier, CatBoost with or without Fourier and
XGBoost with or without Fourier. The last three algorithms are boosting algorithms, which enhance
the performance of classical decision tree models by combining multiple weak learners into a strong
predictive model through iterative training and error reduction. The time series data were adapted by
generating lagged features to capture temporal dependencies, adding a month variable to represent
seasonality, and incorporating Fourier terms (where applicable) to model periodic patterns, ensuring
compatibility with the input requirements of these machine learning algorithms. The key features for
all these models are that for the models with Fourier elements, they capture periodicity using sine and
cosine terms and for the models without Fourier elements, they only rely on the lag features and simple
seasonality indicators like the month variable.

The class of advanced Al and deep learning models were tested to identify their performance
on distinct sets of time series. This class of algorithms contains: Long Short-Term Memory (LSTM),
Transformer-Patch (TP), TSMixer (TSM), N-BEATS (NB), N-HITS (NH), and Kolmogorov-Arnold
Inspired Neural Network (KAINN). These models preprocess the input data by normalizing the target
variable, generating a sliding window to capture temporal dependencies, and feeding these sequences
into a neural network to extract patterns for iterative forecasting. LSTM is designed for sequential
data and captures both short- and long-term temporal patterns. TP algorithm combines multi-head
attention for global dependencies, convolutional layers for local feature extraction, and dense layers
for prediction. TSM uses one-dimensional convolutional layers for short-term dependency extraction
and global average pooling for feature aggregation. NB algorithm is a fully connected deep neural
network that directly predicts future values without explicit decomposition of components. NH
combines convolutional layers for feature extraction and dense layers for interpolation and prediction,
while KAINN is a deep fully connected neural network inspired by the Kolmogorov-Arnold
representation theorem, with layers capturing complex non-linear dependencies. The Kolmogorov-
Arnold representation theorem states that any multivariate continuous function can be decomposed
into a finite sum of univariate continuous functions, enabling the modeling of complex, high-
dimensional relationships using simpler components.
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The Hybrid and Decomposition-Based class of models combines statistical, machine
learning, and decomposition techniques to improve forecasting. The tested algorithms are: Prophet,
Prophet with CatBoost (PC), Prophet with Linear Regression (PLR), Prophet with GARCH (PQG),
ARIMA with GARCH (AG), and Fourier with Spectral Analysis (FSA). Here's an overview of the
models: Prophet decomposes time series into trend, seasonality, and holiday components; PC
combines Prophet’s trend and seasonality modeling with CatBoost which captures non-linear
dependencies in residuals having the objective to correct residuals. PLR uses Prophet for trend and
seasonality, and Linear Regression corrects residuals using a simple linear approach. PG combines
Prophet’s forecasts with GARCH, which models volatility in residuals. AG model combines
ARIMA, which captures trends and seasonality, with GARCH which models variance fluctuations.
The FSP algorithm uses the Fourier Transform to decompose a time series into its frequency
components, retaining significant patterns for reconstruction and forecasting, while the spectral
analysis while is the step of filtering and selecting the dominant frequencies to refine the forecast.

The second part of the study is consistently smaller in scope but equally important as the
other parts and focuses on finding the best methodology to select the top-performing algorithm for
a specific dataset. The classical approach involves using RMSE, MAPE, and/or MAE. RMSE is
sensitive to outliers with large values, MAE is affected by very small values, and all three measures
focus on point predictions rather than the dynamics of the prediction. CRPS was ultimately adopted
as the final methodology, as it proved helpful in identifying the model that best aligns the historical
evolution with the forecasted one.

Although CRPS was selected as the main model evaluation metric due to its ability to capture
the dynamics of the forecast distribution, other selection strategies exist. Bayesian model averaging
and probabilistic ensemble approaches are valuable alternatives, particularly when models are
combined rather than selected individually. However, these methods often require higher
computational resources and more complex calibration procedures, making them less practical when
evaluating large numbers of models across thousands of product-level time series. In this context,
CRPS provides a more scalable and interpretable option for individual model selection.

In the final part of the research, a genetic algorithm, combined with dynamic
calculations was tested. The scope is to optimize the key inventory parameters: safety stock,
reorder point (ROP), optimal reorder quantity, and maximum stock by reducing stock outages
while also minimizing costs. The parameters are dynamically adjusted based on historical and
forecasted demand, lead time, and cost factors. The approach includes a fitness function, that
evaluates the total cost, and the genetic algorithm that iteratively improves the inventory policies
through selection, crossover, and mutation.

Results and discussions
The database contains private data, consisting of 20.000 distinct Stock Keeping Units (SDKs) from
the retail domain. It comprises monthly time series for each of these products, starting from January
2022 until October 2024. The products are already clustered by the company into distinct
categories, based on product margin combined with product sales frequency. For better visibility,
the product clusters will be denoted as follows: class H, products with high frequency and high
margin (34 data points); class M, products with medium sales frequency and medium margin (more
than 24 but fewer than 34 data points); class L, products with low frequency and low margin (fewer
than 24 data points).

The dataset consists of monthly sales data provided by a large retailer active in the technical
and construction goods market. Each product has a different volume of available data points, and
this impacts the performance of the models trained on that specific amount of data. Complex neural
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network models and hybrid approaches tend to achieve better accuracy when more historical data
is available, while statistical models score better when data points are limited. Promotional activity
or marketing campaigns were not included in the dataset, as these factors have minimal influence
within the business model analyzed.

In Figure 2 are presented the distributions of the top model per product and category. For
the H class of products, 18 models surpass the baseline model in terms of the number of products
for which they are chosen as the best. One of these 18 models was selected as the best algorithm
for 91% of the products in cluster H. For the M segment of products, only 10 models were selected
as the best for a broader range of products than the baseline model, covering just 63% of the
products in the cluster. For the L segment of products, 11 algorithms were identified that
outperform the baseline algorithm. 68% of the products in this segment selected one of these

11 algorithms as the most accurate in predicting future sales.
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Figure 2. Best algorithm number of occurrence per class of products
Source: Author’s contribution, generated using Python.

An important step in detecting the efficiency of using multiple forecasting algorithms is the
analysis, at each product level, of the model with the lowest identified error score and its
comparison with the baseline model. The goal is to identify, at the segment level, how many
products have an optimal model that is different from the baseline model. Figure 3 is suggestive
and provides the following insights: for the H class, only 2.7% of the products perform better with
the baseline model than with any of the other models. For the M class, in only 4% of the products,
no other model performs better than the baseline model. For the L class, 22.3% of the products

have the baseline model as the top model in terms of the lowest error score.
H M L

Distribution of Wins for Category A Distribution of Wins for Category B Distribution of Wins for Category C

Baseline Better Baseline Better

Baseline Better

Top Modeis Better

Top Models Better Top Models Better

Figure 3. Products with best model other than the baseline model
Source: Author’s contribution, generated using Python.
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The models perform different along distinct product categories. That can be explained by
the characteristics of the time series in each group. For high-frequency and high-margin products
(class H), the availability of more historical data points and more stable sales patterns allows
complex models—especially Fourier-based and hybrid approaches—to capture seasonality and
trends more effectively. In the medium group (class M), where time series are slightly shorter and
sales patterns less stable, models such as boosting algorithms (e.g., LightGBM with Fourier)
perform well by balancing flexibility and generalization. For low-frequency products (class L),
where the data is limited and more irregular, simpler statistical models like ARIMA or MA tend to
outperform Al-based models, as they are better suited to small-sample forecasting and do not
overfit. These differences highlight the importance of adapting forecasting techniques to the data
profile of each product segment, rather than applying a single model uniformly.

But which are the predictors that influence or determine whether a model is more suitable
for a time series than the baseline? To find the first insights in answering this question, a supervised
machine learning model was built, with a binary target variable: 1 if the best algorithm has a lower
RMSE than the baseline model and 0 if the chosen algorithm is the baseline itself. The predictors
include Stationarity, Trend, Seasonality at 12 months, Seasonality at 6 months, Seasonality at 4
months, Seasonality at 3 months, Seasonality at 2 months, Adjusted CRPS Score, the number of
historical data points, RMSE, and the Model name. Except for Adjusted CRPS Score, RMSE, and
the historical data points, all other predictors are categorical variables. This determined the choice
of the CatBoost algorithm, which is particularly effective in handling categorical variables. The
Adjusted CRPS Score differs from the original CRPS formula due to a different penalty structure
on the evolution of the forecasted series: if the forecast overestimates, the penalty is lower
compared to when the forecast underestimates sales.
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Figure 4. Feature importance in the CatBoost model for the three categories
Source: Author’s contribution, generated using Python.

While the level of adjusted CRPS score is the most important feature that determines if a
model is better performing in the class H of products, for the rest of the population of products, the
categorical variables regarding the type of the model is the most relevant feature in identifying if
an algorithm will better perform than the baseline model, as shown in Figure 4.
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If going deeper, into some of the predictors, for identifying their impact on the target, it is
obvious that for distinct categories there are different outcomes. For example, as shown in Figure
5, the number of historical data points has a higher influence on determine a model to outperform
the baseline model: the more values we have, the higher the probability of having an algorithm that
outperforms the baseline model is.

The categorical variable: Model, is an important feature for all three clusters of products.
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Source: Author’s contribution, generated using Python.
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In Figure 6, there is a detailed view of how models are distributed in terms of their potential
impact on the outcome of the model: some models outperform the baseline model and models that
tend to have a lower probability of doing so, as for example ARIMA with GARCH features, where
ARIMA generates the forecast and the GARCH model captures ARIMA’s errors and forecasts the
volatility.

By testing different forecasting results from the trained algorithms, an issue arises. Some  PICBE |
models were selected as the best in terms of the lowest RMSE, yet they failed to identify the most 1319
appropriate fluctuations in the data that would compare history with the future. As seen in Figure 7,
the algorithm that provides the lowest RMSE predicts a constant evolution. If we use the CRPS score
instead, this issue is eliminated because it evaluates the probability distribution of the entire forecast
and compares it with historical dynamics, rather than assessing point-by-point errors as RMSE does.
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Figure 7. Difference in detecting the best performing model according to RMSE (left graph)
and CRPS (right graph)
Source: Author’s contribution, generated using Python.

The final step of the research was to optimize stock replenishment by calculating ROP,
safety stock, and EOQ. To achieve this, a genetic algorithm was used with the objective of
minimizing costs while ensuring product availability. The algorithm employs selection, crossover,
and mutation to improve solutions over 100 generations, dynamically adapting to the monthly
forecasted demand and lead times.
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Source: Author’s contribution, generated using Python.

The objective was to be able to have a daily view of the stock flow over a longer period of
time, as seen in the Figure 8, to be able to see the stock dilution, the point where the order needs to
be put in place and the moment when the order is received and the stock increases with the
reordered quantity.

Conclusions

The current research is a starting point for new and more detailed researches on forecasting, but
also on identifying optimal methodologies for selection the best forecasting model and on
developing and testing new optimization algorithms.

An important outcome of the current paper is the fact that it demonstrates the necessity of
using more forecasting algorithms for detecting the future demand. Each timeseries has its own
specificities and particularities, which may prevent certain algorithms accurately and completely
capturing the information contained in the data. Some algorithms work well on normalized data,
other work just fine on raw data, others detect better the trend and the seasonality, while others deal
better with the noise in the data and can forecast better the moment when special sales will appear,
like special sales detection, which can ne outliers or not.

As already identified in the case study, the more data we have, the better all the algorithms
perform and in special time series cases, with a lower number of data points, the classical statistical
methods outperform more complex algorithms. Essential in developing these models is a strong
and deep understanding of the analyzed domain and the business requirements of that specific
industry. Based on these elements, it becomes easier to decide which selection method to use in
identifying the best-performing algorithm. If we use RMSE to select the best algorithm, we might
choose a model that minimizes the error but does not correctly identify seasonality, trends, and
time series dynamics. When the goal is to accurately capture the dynamics of the time series,
including peak sales points, a better method is to use CRPS for selecting the best-performing
model. However, even CRPS may not always be the best approach, as the objective might be to
detect the overall dynamics without focusing on potential outliers or exceptional values. In such
cases, it is necessary to build a hybrid score that combines multiple measurements in different
proportions, determined through simulation or other algorithms.
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From a practical perspective, retailers are advised to avoid applying a single forecasting
model across all products. Instead, the results suggest using statistical models such as ARIMA or
MA for products with limited sales history or irregular demand patterns. For products with more
consistent sales and sufficient historical data, more complex models—such as Fourier-based
methods or hybrid approaches—can significantly improve forecast accuracy. Boosting algorithms
like LightGBM, especially when enriched with Fourier terms, are a good balance for medium-
frequency products where patterns exist but are less stable. Retailers should also consider
implementing a dynamic model selection process at the product level, using evaluation metrics like
CRPS rather than relying solely on RMSE or MAPE, as this improves the alignment between model
behavior and real-world demand fluctuations.

The optimization stage is essential in the cost reduction process and in increasing supply
chain efficiency. It is crucial to have a deep understanding of the industry and the actual flows of
that specific activity. It is also critical to know the essential cost parameters, lead time, and business
requirements related to the cost function. In some industries, the objective is to never experience
stock outages, while in others, a short stock outage is preferable to an overstock situation.

The limitations of this study primarily lie in the optimization phase, where only a single
optimization algorithm—a genetic algorithm—was trained. Future work aims to test additional
optimization algorithms to identify the most effective one or to develop algorithm architectures
where multiple algorithms contribute to the final result. Another research direction will focus on
identifying the optimal combination of forecasting methods, tailored to data characteristics and
specific business requirements. Lastly, an additional research avenue in optimization will explore
the ability of the optimization algorithm to adapt the forecasted quantity from either of two equally
effective forecasting algorithms, depending on the optimization function and business needs.
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