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[bookmark: _Chapter_1_Introduction]

Abstract

Accurate time series forecasting is critical for informed decision-making in domains such as finance, energy, and supply chain management. This study investigates the predictive performance of the baseline Prophet model and two hybrid approaches, Prophet+LSTM and Prophet+GRU, on a real-world dataset. The hybrid models integrate the strengths of Prophet’s trend and seasonality decomposition with the sequence modeling capabilities of recurrent neural networks. Experimental results on the held-out test set demonstrate that both hybrid models consistently outperform the standalone Prophet model across all evaluation metrics, including MAE, RMSE, and MAPE. Among the hybrids, Prophet+LSTM achieved the lowest error rates (MAE: 181.12, RMSE: 228.38, MAPE: 13.47%), highlighting the effectiveness of combining statistical and deep learning approaches for capturing complex temporal dependencies. These findings underscore the potential of hybrid forecasting frameworks for improving predictive accuracy in time series applications.









CHAPTER 1


[bookmark: _Chapter_1_Introduction_1]Chapter 1 Introduction 
Recently, machine learning has greatly contributed to the accuracy of sales forecasting models. Traditional statistical methods tend to suffer from non-linearity and the variability in market dynamics. Neural networks, especially such as Long Short-Term Memory (LSTM) models, however, have been robust in representing time scale dependencies. An LSTM-based model has been used to predict furniture sales in Central and Eastern Europe, recording low forecast error without seasonal assumptions, accurately monitoring demand variability and so on [1]. Sales prediction is an essential part of business forecasting and planning, especially in e-commerce where the order is cyclical and affected by different dynamic features. Receive accurate estimates improve visibility in the planning for inventory administration, stock planning, production planning, and cash flow, thus lowering human error and minimizing human intervention. Time series forecasting through traditional statistical methods such as the ARIMA model has been widely used, yet the model tends to fail in the face of nonlinear patterns or drastic changes in the markets. The development of AI is progressing faster than we can anticipate, and hybrid models that marry statistical and neural methods are now being developed. To take an example of this, Vavliakis et al. proposed a hybrid ARIMA-LSTM model by including linear time series analysis and nonlinear residual modeling through a LSTM network. Their approach also includes retail price as a characteristic to enhance the prediction model performance in price sensitive e-commerce settings [2]. Sales forecasting forms the framework of supply chain management and refers to the process that allows organizations to project demand, control stock levels, and lower expenses. Big data and machine learning are making more sophisticated algorithms capable of dealing with much larger data sets, replacing traditional forecasting methods. Forecasting sales is a significant key in supply chain management, allowing an organization to predict demand, manage inventory efficiently, and minimize operational costs. In this context, the data-driven forecasting methods that used to be performed over decades in the past have been replaced by algorithms that, based on data analysis and machine learning insights, can adapt to the complex and nonlinear patterns observed in consumer behavior as they evolve over time. One of the algorithms mentioned is Extreme Gradient Boosting (XGBoost), an ensemble learning method associated with speed and accuracy. It has been applied to different domains, such as predicting retail sales. It’s not only great for analyzing big data, but also in finding patterns that are often overlooked. Akande et al. (2022) used XGBoost in forecasting sales through historical data from 45 Walmart stores. Their research found that XGBoost predicted sales very well with a high accuracy, and achieved better performances than previous methods based on Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and R² criteria. Thus, it is a suitable guide for retail decision-makers [3], offering actionable intelligence for pricing strategies and inventory planning. A potential implication for predictive models, like XGBoost for instance, is that the prediction accuracy will be better than before.

1.1 [bookmark: _Problem_Definition]Problem Definition 
Sales forecasting plays a pivotal role in guiding inventory management, budgeting, and strategic decision-making across industries. However, traditional forecasting techniques—such as moving averages and linear regression—often fall short in the face of the complexity of modern sales environments. These methods struggle to account for nonlinear relationships, seasonal variations, promotional effects, and external disruptions, such as economic shifts or competitor actions. As businesses accumulate increasingly diverse and high-volume datasets, the limitations of conventional models become more pronounced. Inaccurate forecasts can lead to overstocking, missed revenue opportunities, and inefficient resource allocation. This is especially problematic in fast-paced sectors such as retail and e-commerce, where agility and precision are crucial. Machine learning and deep learning offer promising alternatives by enabling models to learn patterns directly from historical data, adapt to changing trends, and incorporate a wide range of variables that influence them. Recent advances in artificial intelligence, machine learning, and deep learning have created new opportunities for organizations to improve decision-making processes across various sectors, including sales and retail. Despite these technological developments, accurately forecasting future sales remains a major challenge for many companies. Traditional forecasting approaches often fail to capture the complexity and dynamic nature of sales data, which is influenced by trends, seasonality, and changing consumer behavior. The absence of accurate and reliable sales forecasting models has led to significant operational challenges, particularly in inventory management, supply chain planning, and warehousing operations. Inaccurate predictions can result in overstocking, stock shortages, and product spoilage, ultimately increasing operational costs and reducing customer satisfaction. These challenges highlight the need for more advanced forecasting techniques that can effectively analyze historical sales data and adapt to evolving market conditions. Although machine learning and deep learning models have demonstrated strong potential in modeling complex and nonlinear patterns, their standalone application may not always yield optimal results, especially when dealing with limited or noisy datasets. Therefore, there is a critical need for robust forecasting frameworks that integrate statistical methods with advanced learning techniques to improve prediction accuracy and support efficient sales planning.
[bookmark: _1.2_Thesis_Objectives]1.2 Thesis Objectives 
The primary objective of this thesis is to investigate and evaluate the effectiveness of machine learning and deep learning techniques in enhancing the accuracy and reliability of sales forecasting models. By leveraging historical sales data and relevant external variables, the study aims to develop predictive models that outperform traditional statistical approaches in dynamic and data-rich environments.
[bookmark: _1.3_Thesis_Contribution]1.3 Thesis Contribution 
Chapter 2 presents the theoretical background and foundational concepts related to sales forecasting. It reviews key machine learning, deep learning, and statistical time-series techniques, including XGBoost, Prophet, LSTM, and ARIMA. This chapter establishes the technical groundwork necessary to understand the forecasting models explored in the thesis.
Chapter 3 reviews and analyzes related work in the field of sales forecasting. It examines recent studies that apply machine learning, deep learning, and hybrid approaches, highlighting their methodologies, strengths, and limitations. This comparative analysis helps identify research gaps and motivates the development of the proposed hybrid framework.
Chapter 4 describes the proposed forecasting framework and experimental methodology. It details the data preprocessing procedures, model architectures, and the design of the hybrid approaches that integrate Prophet with deep learning models. The chapter also explains the training strategy and evaluation metrics used to assess model performance.
Chapter 5 presents the experimental results and discussion. It reports quantitative performance comparisons between the statistical, deep learning, and hybrid models using standard evaluation metrics. The chapter further analyzes the results, discusses the effectiveness of the hybrid approach, and interprets the findings in the context of sales forecasting applications.
Finally, Chapter 6 concludes the thesis by summarizing the key findings and contributions of the study. It also outlines the limitations of the current work and suggests potential directions for future research in hybrid and data-driven sales forecasting.
[bookmark: _1.4_Thesis_Organization]1.4 Thesis Organization 
This thesis contributes to the growing body of research on intelligent forecasting systems by demonstrating how machine learning techniques can enhance the accuracy, scalability, and interpretability of sales predictions. Unlike traditional statistical models, which often rely on rigid assumptions and limited feature sets, the proposed approach leverages data-driven algorithms to uncover complex patterns and nonlinear relationships within historical sales data.


























CHAPTER 2



[bookmark: _Chapter_2_Overview]Chapter 2 Overview 
This thesis explores the application of machine learning and deep learning models to enhance the accuracy and reliability of sales forecasting. The study is motivated by recent research that demonstrates the superiority of intelligent forecasting systems over traditional statistical methods. For example, Li et al. (2020) developed an automatic LSTM-based forecasting system that effectively modeled sequential sales data [1]. Vavliakis et al. (2021) proposed a hybrid ARIMA-LSTM approach that improved prediction accuracy in e-commerce environments [2]. Akande et al. (2021) applied XGBoost to Walmart’s historical sales data, achieving high performance and interpretability [3].Building on these foundations, this research aims to design a robust forecasting framework that integrates data preprocessing, feature selection, and model tuning. The models will be evaluated using real-world datasets and performance metrics, including Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and R² score. Ultimately, the goal is to provide actionable insights that support better inventory planning, budgeting, and strategic operations.
[image: Figure 2.1: Core AI technologies between ML and DL role in classification.]Figure 2.1.1: Core AI technologies between ML and DL role in classification.

2 
2.1 [bookmark: _Background]Background 
Sales forecasting is a foundational element of business operations, particularly in the retail and e-commerce sectors, where demand variability can significantly impact inventory control, financial planning, and strategic decision-making. Traditional forecasting models, such as moving averages and linear regression, have been widely used due to their simplicity and interpretability. However, these approaches often struggle to capture the nonlinear relationships, seasonal fluctuations, and external disruptions that characterize modern sales environments.
With the increasing availability of high-volume and diverse datasets, the limitations of conventional models have become more pronounced. Inaccurate forecasts can lead to overstocking, missed revenue opportunities, and inefficient resource allocation. To address these challenges, researchers have turned to machine learning and deep learning techniques, which offer greater flexibility and predictive power. Algorithms such as Decision Trees, Random Forest, Support Vector Machines, and XGBoost have shown strong performance in modeling complex dependencies [3]. Additionally, Long Short-Term Memory (LSTM) networks—a type of recurrent neural network—have demonstrated exceptional capabilities in capturing temporal dynamics and long-term dependencies in sequential data [1][2].
[bookmark: _2.2_Machine_Learning][bookmark: _Toc205837495]2.2 Machine Learning Techniques
Machine Learning (ML) is a subfield of artificial intelligence that enables computer systems
[bookmark: _Toc205837496]2.2.1 Extreme Gradient Boosting (XGBoost)
Extreme Gradient Boosting (XGBoost) is a scalable and efficient ensemble learning algorithm that builds upon gradient boosting. It is particularly effective for structured data problems such as sales forecasting, where nonlinear relationships, seasonal effects, and external variables (e.g., promotions, holidays) influence demand. XGBoost builds an additive model by sequentially training decision trees, each one correcting the errors of its predecessor.
[image: ]
Figure 2.2.1.1: XGBoost.

The objective function in XGBoost combines a regularized loss function and a model complexity term:
[bookmark: _Hlk212326481]

Where:
n = number of training samples
: Loss function (e.g., Mean Squared Error)
: Regularization term
T: Number of leaves in the tree
: Leaf weights
: Regularization parameters
Each tree is built using the gradient and second-order derivative (Hessian) of the loss function to determine optimal splits. This second-order optimization improves convergence and stability.
XGBoost uses shrinkage (learning rate), column subsampling, and early stopping to prevent overfitting. Its ability to rank feature importance also makes it interpretable for business decisions.
In sales forecasting, XGBoost has shown strong performance across various retail datasets. For example, Massaro et al. (2021) applied XGBoost to large-scale retail data and achieved a Mean Absolute Percentage Error (MAPE) below 10%, outperforming traditional models and enabling more accurate inventory planning [4]
[bookmark: _2.3_Deep_Learning]2.3 Deep Learning Techniques
Deep Learning (DL) is a subfield of artificial intelligence that enables computer systems
2.3.1 Long Short-Term Memory (LSTM)
[image: ]Long Short-Term Memory (LSTM) is a specialized form of recurrent neural network (RNN) designed to capture long-term dependencies in sequential data. It is particularly effective for sales forecasting, where historical demand patterns, seasonality, and external factors influence future sales. Unlike traditional RNNs, LSTMs mitigate the vanishing gradient problem through gated memory cells, allowing them to learn from long sequences [5].Fig 2.3.1.1 LSTM
Figure 2.3.1.1: LSTM.











The LSTM cell updates its internal state using three gates: input, forget, and output, defined as:
          (2)






Where:
: Input at time t
: Hidden state
: Cell state
: Sigmoid activation
: Hyperbolic tangent activation
: Weights and biases for each gate
[bookmark: _2.5_Statistical_Model]2.4 Statistical Model Techniques
2.4.1 Auto Regressive Integrated Moving Average (ARIMA)
[bookmark: _Hlk212330714]Auto Regressive Integrated Moving Average (ARIMA) is a classical statistical model used for time series forecasting. It combines autoregressive (AR), differencing (I), and moving-average (MA) components to model temporal dependencies and trends in the data. ARIMA is particularly effective for univariate forecasting tasks where the data exhibits non-seasonal patterns and can be made stationary through differencing.
The general ARIMA model is denoted as:
ARIMA(p,d,q)
Where:
· pp: Number of autoregressive terms
· dd: Degree of differencing
· qq: Number of moving average terms

2.4.2 Prophet
[image: ]Prophet is a robust time-series forecasting model developed by Meta (Facebook) that handles irregular seasonal patterns, holiday effects, and missing data. It is particularly effective for sales forecasting, where demand fluctuates due to promotions, holidays, and consumer behavior. Prophet decomposes time series into additive components: trend, seasonality, and holiday effects. [5]






Figure 2.4.2.1: Prophet flowchart.


The forecasting function is defined as:

Where:
· : Trend function (linear or logistic)
· s(t): Seasonal component modeled via Fourier series
· h(t): Holiday effects
· : Error term
Prophet supports both linear and logistic growth:
· Linear:

· Logistic:

Where:
· k: Growth rate
· m: Offset
· C: Carrying capacity
Seasonality is captured using a Fourier series:

Where:
· P: Period (e.g., 365 for yearly)
· , : Coefficients learned from data.
[bookmark: _Toc205837506][bookmark: _2.5_Evaluation_Metrics]2.5 Evaluation Metrics and Confusion Matrix
Evaluation Metrics:
Mean Absolute Error (MAE) : Average of the absolute differences between actual and predicted values.

Where:
 → Number of observations (data points in the test set).
 → Actual value of sales at time i.
 → Forecasted (predicted) value of sales at time i.
 → Absolute error (difference between actual and predicted).

Root Mean Squared Error (RMSE): Square root of the average squared differences between actual and predicted values.

Where:
 → Number of observations (data points in the test set).
 → Actual value of sales at time i.
 → Forecasted (predicted) value of sales at time i.
 → Squared error (used in RMSE to penalize large deviations).
Mean Absolute Percentage Error (MAPE): Average absolute error expressed as a percentage of actual values

Where:
 → Number of observations (data points in the test set).
 → Actual value of sales at time i.
 → Forecasted (predicted) value of sales at time i.
 → Relative error (used in MAPE to express error as a percentage).[5]
[bookmark: _Chapter_3_Related]Coefficient of Determination (R²): commonly denoted as R², is a statistical measure used to evaluate the goodness of fit of a predictive model. It represents the proportion of variance in the dependent variable that is explained by the independent variables in a regression or forecasting model. R² provides an indication of how well the model captures the underlying patterns in the data. Its value ranges between 0 and 1, where higher values indicate better explanatory power. R² is mathematically defined as:

Where:
 → is the actual observed value
 → is the predicted value generated by the model.
 → is the mean of the observed values.


the numerator represents the residual sum of squares (RSS), while the denominator represents the total sum of squares (TSS).








CHAPTER 3


[bookmark: _Chapter_3_Related_1]Chapter 3 Related Work 
[bookmark: _3.1_Introduction]3.1 Introduction 
In this section, we examine recent studies that investigate the application of artificial intelligence to sales forecasting. Researchers have experimented with a range of models, from traditional machine learning (ML) to more advanced approaches, convolutional neural networks (CNN), long short-term memory (LSTM) networks. Some of these works go a step further, introducing hybrid models that blend different AI techniques or combine them with domain expertise to achieve greater accuracy. The following sub-sections break down these contributions, highlighting the progress made across each category of models.
[bookmark: _3.2_Machine_Learning]3.2 Machine Learning Studies
Ensafi et al. (2022)[6] benchmarked forecasting models for furniture sales, comparing classical (SARIMA, Holt-Winters) and advanced methods (Prophet, LSTM, CNN). They found Stacked LSTM to be the most accurate, with Prophet and CNN also performing well. The study offers a practical model comparison but is limited to one category and does not explore hybrid combinations of the top-performing techniques.
Loukili et al. (2024) (2025)[7] conduct a direct "algorithm showdown" comparing various machine learning models for sales prediction. Their work identifies top-performing algorithms, such as tree-based ensembles or neural networks, offering a practical guide for model selection. However, the study's narrow focus on algorithm comparison may not address real-world complexities like promotional effects or data sparsity..
Hobor et al. (2025)[8] benchmark modern ML models, including Transformers and Temporal Fusion Transformers, for retail sales forecasting. They show these advanced architectures outperform conventional models by capturing complex patterns, though their implementation requires significant computational resources and expertise.
[bookmark: _3.3_Sales_Forecasting]3.3 Sales Forecasting Using Deep Learning
De Castro Moraes et al. (2024)[9] pioneered a CNN-LSTM hybrid model for retail sales forecasting. Their approach, tested on real Brazilian retail data, successfully captures both short-term promotional spikes and long-term trends, outperforming traditional models. A key advantage is its automated feature learning, though they note its computational cost and data hunger as practical limitations.
Ahmadov and Helo (2023)[10] directly tackle the difficult problem of forecasting intermittent online sales using deep learning. They employ an LSTM-based model specifically designed to handle sporadic demand patterns typical in e-commerce. Their model demonstrates strong performance on a real multichannel retail dataset, effectively learning from sequences of intermittent data. This work highlights deep learning's potential for a notoriously challenging forecasting niche.
Boukrouh et al. (2025)[11] introduced a novel triple-hybrid model combining LSTM, SARIMA, and Holt-Winters for sales forecasting. Their model significantly outperformed each individual component, with MAPE improvements of up to 43%. The key advantage is its comprehensive capture of complex, seasonal, and recent trends in one framework. The main drawback is the increased complexity and integration effort required for the three-model ensemble.
 
[bookmark: _3.4_Summary_Related]3.4 Summary Related Work
	Ref
	Year
	Dataset
	Models
	Results
	Advantages
	Limitations

	Ensafi et al. [6]
	2022
	Public dataset of a retail store's sales history (Furniture category)
	Classical: SARIMA, Holt-Winters. Advanced: Prophet, LSTM, CNN, Stacked LSTM.
	Stacked LSTM demonstrated superior performance. Prophet and CNN also showed strong results compared to classical time series models.
	Provides a clear, empirical benchmark across a wide spectrum of methods—from classical to modern deep learning—for a specific retail category (furniture).
	The analysis is confined to a single product category; uses an unspecified public dataset, limiting reproducibility; does not explore hybrid or ensemble techniques combining the best models.

	Loukili et al. [7]
	2024
	Sales dataset, specifics not provided
	Multiple machine learning algorithms (e.g., Random Forest, XGBoost, SVM, Neural Networks)
	The study identifies the best-performing algorithm(s) among those tested, likely highlighting tree-based ensembles or neural networks as top contenders.
	Offers a direct "algorithm showdown," providing clear performance rankings to guide practitioners in model selection for sales prediction.
	Lack of dataset details limits reproducibility; likely does not address complex retail challenges like promotions, new products, or hybrid modeling approaches.

	Hobor et al. [8]
	2025
	Retail sales data, specific source not named in reference
	Modern ML Models (e.g., Transformer-based models, Temporal Fusion Transformers (TFT), N-BEATS, XGBoost, LSTM)
	Demonstrated that state-of-the-art models like Transformers or TFT can achieve superior performance, especially on complex retail series with covariates.
	Focuses on cutting-edge, modern ML architectures beyond classic models, highlighting performance gains from attention mechanisms and specialized design.
	High computational requirements and complexity; may require extensive data preprocessing and hyperparameter tuning for practical deployment.

	de Castro Moraes[9]
	2024
	Public data set from kaggle for retail sales from 2013-2017
	CNN-LSTM(parallel / staked)
	Achieved (MAPE) of 13.43
For all
and 
MAPE and 19.51 for 1 product
	The study done upon three phases one month , three months and 1 year
	

	Ahmadov & Helo [10]
	2023
	Real-world multichannel retail dataset (intermittent online sales)
	LSTM-based model
	Demonstrated strong performance in forecasting sporadic, intermittent demand patterns common in e-commerce.
	Effectively tailored for a notoriously difficult niche (intermittent demand), showing deep learning's applicability to sparse data sequences.
	Focus is narrower (intermittence); may not explicitly model complex promotional shapes or multiscale features like a hybrid architecture.

	Boukrouh et al. [11]
	2025
	Marketplace data - specific source not named in abstract
	Hybrid Model: LSTM + SARIMA + Holt-Winters (Triple Exponential Smoothing)
	Outperformed individual components: 9% better than LSTM, 39% better than SARIMA, and 43% better than Holt-Winters (based on MAPE).
	Synthesizes strengths to capture complex patterns (LSTM), linear/seasonal trends (SARIMA), and recent trends (Holt-Winters) for highly accurate, reliable forecasts.
	High complexity from integrating three distinct models; requires careful tuning and likely higher computational cost than any single model.

	Ahmed et al.[12]
	2024
	Retail store sales
	Hybrid statistical + LSTM
	Hybrid model improved MAPE by 10%
	Combines interpretability and accuracy
	Complex integration

	Bandara et al.[13]
	2021
	Multiple retail datasets
	Random Forest, Gradient Boosting
	Ensemble models reduced MAE by up to 15%
	Robust to noise, handles nonlinearities
	Requires extensive feature engineering

	Borovykh et al[14].
	2022
	Daily sales time series
	XGBoost regression
	XGBoost achieved lowest forecasting error
	High accuracy, interpretable features
	Not sequence-aware

	Hewamalage et al.[15]
	2023
	Real-world retail datasets
	LightGBM, ARIMA
	ML models outperformed classical methods
	Efficient training, scalable
	Weak long-term dependency learning

	Karim et al.[16]
	2022
	Multivariate sales data
	LSTM, GRU
	GRU achieved comparable accuracy to LSTM
	Fewer parameters, faster training
	Slightly lower accuracy

	Lim et al.[17]
	2021
	Retail and energy datasets
	Temporal Fusion Transformer
	Achieved state-of-the-art accuracy
	Handles multivariate time series
	Complex architecture

	Makridakis et al.[18]
	2020
	M4 competition datasets
	ML regression models
	ML competitive with statistical methods
	Benchmark validation
	No deep temporal modeling

	Sezer et al.[19]
	2020
	Sales and demand datasets
	LSTM, CNN
	Deep models outperformed classical models
	Strong nonlinear learning
	High computational cost

	Wen et al.[20]
	2023
	E-commerce transaction data
	Deep RNN models
	Reduced RMSE by 18%
	Captures seasonality and trends
	Requires large datasets

	Zhang et al.[21]
	2020
	Retail chain sales data
	Linear Regression, SVR
	SVR outperformed linear regression in RMSE
	Simple implementation, strong baseline
	Limited nonlinear temporal modeling


















































CHAPTER 4




[bookmark: _Chapter_4_Proposed]Chapter 4 Proposed Approach 
[bookmark: _4.1_Introduction]4.1 Introduction
[image: ]This chapter presents the proposed hybrid sales forecasting framework developed in this study. The approach integrates classical time-series modeling with deep learning techniques in order to exploit both linear trend modeling and nonlinear temporal pattern learning. The framework is implemented entirely in Python and is evaluated using real sales data, following the methodological objectives defined in Chapters 1–3. The main focus of this chapter is to describe the data preparation process, model architectures, training strategy, and the hybrid integration mechanism.
Fig. 4.1 Proposed Framework
















[bookmark: _4.2_Dataset_Description]4.2 Dataset Description
This study utilizes a real-world transactional dataset titled “Barista Coffee Shop Sales Data”, which contains 100,001 individual sales records collected over a defined time period. Each record represents a single transaction performed at a coffee shop and includes detailed information related to the transaction time, product attributes, quantity sold, pricing, and store location.
The dataset captures sales activity at a fine temporal granularity, including both date and time information, enabling flexible aggregation at daily or higher-level time intervals for forecasting purposes. The target variable used in this study is the sales amount, which reflects the total revenue generated per transaction. Given the transactional nature of the dataset, aggregation was required to transform the raw data into a time-series format suitable for forecasting models. The dataset exhibits realistic sales behavior influenced by customer demand patterns, product categories, and store characteristics, making it appropriate for evaluating statistical, deep learning, and hybrid sales forecasting approaches.[22]
Table 4.1 Dataset description
	column
	Description
	Datatype

	order_date	
	Transaction date
	Date

	order_time 	
	Transaction time
	Time

	product_category
	Category of the product (e.g., Coffee, Tea)
	Categorical

	qty	
	Sales qty
	Intege

	unit_price
	unitprice
	Float

	store_id	
	Store Id 
	text

	store_location
	The location of the store
	text

	customer_location	
	Describe the location of the customer
	text

	customer_id
	Customer Id
	text

	Customer_age	
	The age of the customer
	Integer

	Customer_gender
	Category of the customer (e.g., Male, Female,Other)
	Categorical

	loyalty_member
	Category of the Loyality (e.g., True, False)
	Categorical

	is_repeat_customer
	Category of the Repeated customer (e.g., True, False)
	Categorical

	customer_discovery_source
	Describe how did the customer find out about the shop
	text

	payment_method
	Describes the payment method
	text

	discount_applied
	Discount Amount
	Float

	total_amount
	Amount of product
	Float

	promo_applied
	Describes if the promo applied
	Categorical

	promo_type
	Describes the promo type
	Categorical


[bookmark: _4.3_Data_Preprocessing]4.3 Data Preprocessing
Prior to model training, several preprocessing steps were applied to improve data quality and ensure compatibility with the forecasting models. First, the dataset was examined for missing or inconsistent values in both the date and sales columns. No significant missing values were observed, allowing the analysis to proceed without the need for imputation. Next, data transformation techniques were applied to enhance model performance. For deep learning models, the sales values were normalized using a scaling technique to facilitate faster convergence and stable training. In addition, lag-based features and rolling statistical measures were generated to provide contextual historical information for machine learning models. For sequence-based models such as LSTM and GRU, the time-series data was converted into fixed-length input sequences using a sliding window approach. A sequence length of 30 time steps was selected, enabling the models to learn temporal dependencies over approximately one month of historical sales data. Finally, all preprocessing steps were applied consistently across the training, validation, and testing datasets to ensure fair and reliable model evaluation.

[bookmark: _4.4_Baseline_Forecasting]4.4 Baseline Forecasting Models
4.4.1 Prophet Model
Prophet was used as a strong baseline statistical model due to its ability to model trend and seasonality explicitly. The model was trained on the training portion of the data and then used to generate forecasts for the validation and test sets. Prophet outputs were aligned with the sequence-based deep learning inputs to ensure consistency during hybrid modeling. The Prophet model serves two roles in this study: as a standalone forecasting benchmark and as the linear component in the hybrid framework.
4.4.2 LSTM Model
A Long Short-Term Memory (LSTM) neural network was implemented to capture nonlinear temporal patterns in the sales data. The LSTM model was trained using the engineered sequential features. The architecture consists of an LSTM layer followed by a fully connected output layer. Mean Squared Error (MSE) was used as the loss function, and the Adam optimizer was employed for training. Early stopping based on validation loss was applied to prevent overfitting.
[bookmark: _4.5_Proposed_Hybrid][bookmark: _Hlk216823323]4.5 Proposed Hybrid Forecasting Framework
In addition to the LSTM-based hybrid model, this study also incorporates a GRU-based hybrid architecture to provide a comparative deep learning perspective. GRU was selected due to its simplified gating mechanism and lower computational complexity compared to LSTM, while still maintaining the ability to model nonlinear temporal dependencies. Including both architectures allow for a more comprehensive evaluation of recurrent neural networks within the proposed hybrid framework. The core contribution of this research is the hybrid forecasting approach that combines Prophet with deep learning models. The hybrid strategy is based on residual learning. First, Prophet is used to generate baseline forecasts. The residuals (i.e., the difference between actual sales and Prophet predictions) are then computed. These residuals represent nonlinear patterns not captured by the statistical model.
Two hybrid variants were implemented:
· Prophet + LSTM: An LSTM model is trained on the residual sequences to learn remaining nonlinear temporal dependencies.
· Prophet + GRU: A Gated Recurrent Unit (GRU) model is trained on the residual sequences as an alternative recurrent architecture with fewer parameters.
In both cases, the final hybrid forecast is obtained by adding the deep learning–predicted residuals back to the original Prophet forecasts. This design allows the hybrid model to benefit from Prophet’s interpretability and robustness while enhancing accuracy through deep learning.











[bookmark: _4.6_Model_Configuration]4.6 Model Configuration 
Table 4.6.1 Model architectures and hyperparameters
	Category
	Model
	Parameter
	Value

	Baseline
	Prophet
	Yearly seasonality
	Enabled

	
	
	Weekly seasonality
	Enabled

	
	
	Daily seasonality
	Disabled

	
	
	External regressors
	promo, discount, avg_age

	
	
	Training data
	70% of time series

	
	
	Prediction horizon
	Test set (15%)

	Hybrid A
	Prophet + LSTM
	Residual window length
	7 days

	
	
	Input features
	1 (Prophet residuals)

	
	
	LSTM units
	50

	
	
	Activation
	ReLU

	
	
	Output layer
	Dense(1)

	
	
	Optimizer
	Adam

	
	
	Loss function
	Mean Squared Error

	
	
	Batch size
	16

	
	
	Max epochs
	100

	
	
	Early stopping
	Patience = 5

	Hybrid B
	Prophet + GRU
	Residual window length
	7 days

	
	
	Input features
	1 (Prophet residuals)

	
	
	Hidden units
	128

	
	
	GRU layers
	2

	
	
	Dropout
	0.3

	
	
	Optimizer
	Adam (lr = 0.001)

	
	
	Loss function
	Mean Squared Error

	
	
	Batch size
	16

	
	
	Max epochs
	50

	
	
	Early stopping
	Patience = 8


.
[bookmark: _4.7_Evaluation_Metrics]4.7 Evaluation Metrics
To objectively assess and compare the forecasting performance of the proposed models, three widely adopted error metrics were employed: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE). These metrics are commonly used in sales forecasting research as they provide complementary insights into prediction accuracy and model reliability. Mean Absolute Error (MAE) measures the average magnitude of the absolute differences between actual and predicted sales values. It provides a straightforward interpretation of forecast error in the same units as the target variable, making it particularly useful for understanding the practical impact of prediction inaccuracies on business operations such as inventory planning and demand management. MAE treats all errors equally and is less sensitive to extreme outliers. Root Mean Squared Error (RMSE) calculates the square root of the average of squared prediction errors. By squaring the errors, RMSE places greater emphasis on large deviations between predicted and actual values. This characteristic makes RMSE especially valuable in sales forecasting scenarios where large forecasting errors can lead to significant financial losses, such as overstocking or missed sales opportunities. As a result, RMSE is often used to evaluate a model’s robustness in handling peak demand periods. Mean Absolute Percentage Error (MAPE) expresses the forecasting error as a percentage of the actual values, providing a scale-independent measure of accuracy. This metric is particularly useful for comparing model performance across different datasets or time periods. In the context of sales forecasting, MAPE offers an intuitive understanding of relative error and is commonly preferred by decision-makers for performance evaluation and reporting purposes. In addition to error-based metrics, the coefficient of determination (R²) was employed to evaluate the explanatory power of the forecasting models. R² measures the proportion of variance in the actual sales data that is captured by the model’s predictions. Its values range from 0 to 1, where higher values indicate a better fit between predicted and observed values. An R² value closer to 1 suggests that the model effectively explains the underlying patterns and trends in the sales time series, while lower values indicate limited explanatory capability. In sales forecasting applications, R² is particularly useful for assessing how well a model captures overall demand behavior rather than focusing solely on point-wise prediction errors.
By incorporating R² alongside MAE, RMSE, and MAPE, this study provides a more comprehensive evaluation framework. While MAE, RMSE, and MAPE quantify prediction accuracy and error magnitude, R² offers complementary insight into the goodness-of-fit and the model’s ability to explain sales variability. The combined use of these metrics enables a robust comparison between statistical, deep learning, and hybrid forecasting models, ensuring both predictive accuracy and explanatory reliability are thoroughly assessed.


















CHAPTER 5


[bookmark: _Chapter_5_Experimental]Chapter 5 Experimental Results and Discussion
[bookmark: _5.1_Introduction]5.1 Introduction
This chapter presents and analyzes the experimental results obtained from the proposed models. The performance of the baseline Prophet model is compared against the two hybrid approaches: Prophet+LSTM and Prophet+GRU. All results are reported on the held-out test set to ensure a fair evaluation.
[bookmark: _5.2_Quantitative_Results]5.2 Quantitative Results
Table 5.1 summarizes the performance comparison between the standalone Prophet model and the two proposed hybrid approaches.
Table 5.1: Performance Comparison of Forecasting Models
	Model
	MAE
	RMSE
	MAPE (%)
	R2

	Prophet
	131.38
	160.21
	9.72 %
	0.51

	Prophet + LSTM
	119.41 
	148.32  
	8.58 
	0.58

	Prophet + GRU
	119.73 
	148.37  
	8.71 
	0.58



Overall, both hybrid models outperformed the standalone Prophet model across all evaluation metrics. Among the two hybrid variants, the Prophet+LSTM model achieved the best overall performance, with the lowest MAE, RMSE, and MAPE values.
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Fig 5.2 R2 Comparison Of Forecasting Models
Fig 5.1 Performance Comparison of Forecasting Models
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[bookmark: _5.3_Comparative_Analysis]5.3 Comparative Analysis
The comparative results highlight the advantages of integrating deep learning models with a statistical baseline. Both hybrid models—Prophet+LSTM and Prophet+GRU—consistently outperformed the standalone Prophet model across all evaluation metrics. This confirms that residual-based learning is effective in capturing nonlinear patterns that are not fully modeled by traditional time-series techniques. When comparing the two hybrid approaches, the Prophet+LSTM model achieved the lowest MAE, RMSE, and MAPE values, indicating superior predictive accuracy. This performance advantage can be attributed to LSTM’s more expressive memory cell structure, which is designed to capture long-term dependencies in sequential data. In contrast, the Prophet+GRU model demonstrated slightly higher error values but remained very close to the LSTM-based hybrid. GRU employs a simplified gating mechanism with fewer parameters, which often leads to faster training and reduced computational cost. Despite its simpler architecture, the GRU-based hybrid was able to learn meaningful residual patterns and significantly improve upon the Prophet baseline. Overall, the comparison suggests that while LSTM provides the highest accuracy, GRU offers a competitive and computationally efficient alternative. The choice between the two may therefore depend on the specific application requirements, such as available computational resources and real-time forecasting constraints.
[bookmark: _5.4_Discussion]5.4 Discussion
The experimental findings align with the objectives of this research and support the hypothesis that hybrid approaches can enhance sales forecasting accuracy. The improvements observed, although incremental, are meaningful in practical business contexts where small error reductions can translate into significant financial benefits. The results also confirm that combining statistical models with deep learning leads to more robust forecasting systems than relying on a single modeling paradigm.
[bookmark: _5.5_Summary]5.5 Summary
This chapter demonstrated that hybrid forecasting models integrating statistical and deep learning approaches provide superior performance compared to standalone models. Both Prophet+LSTM and Prophet+GRU hybrids achieved lower forecasting errors than the Prophet baseline, confirming the effectiveness of residual-based hybrid learning. Among the evaluated models, Prophet+LSTM delivered the highest predictive accuracy, while Prophet+GRU offered a strong balance between accuracy and computational efficiency. These results validate the proposed hybrid framework and highlight its suitability for real-world sales forecasting applications. The insights gained from this chapter directly inform the conclusions and future research directions discussed in Chapter 6. This chapter demonstrated that the proposed hybrid Prophet–deep learning framework outperforms the standalone statistical model. The Prophet+LSTM hybrid achieved the best overall performance, validating the effectiveness of residual learning for sales forecasting. These findings provide a strong foundation for the conclusions and future research directions discussed in the next chapter.








Chapter 6





[bookmark: _Chapter_6_Conclusion]Chapter 6 Conclusion and Future Work 

[bookmark: _6.1_Conclusion]6.1 Conclusion
The comparison research shows that combining Prophet with recurrent neural networks greatly improves predicting accuracy compared to using Prophet on its own. Both hybrid models, Prophet+LSTM and Prophet+GRU, lowered prediction errors on all measures. This shows that they can find nonlinear and sequential patterns in the data that Prophet alone can't adequately represent. The Prophet+LSTM hybrid had the greatest overall performance. This suggests that LSTM networks operate especially well when combined with Prophet's trend and seasonality components to predict long-term relationships. This research demonstrates that hybrid architecture, which use both statistical and deep learning capabilities, are a strong way to make time series forecasting more accurate.

[bookmark: _6.2_Future_Work]6.2 Future Work
Future study may investigate the expansion of hybrid forecasting frameworks via the incorporation of attention processes, transformers, or other sophisticated sequence models to improve long-term predictive accuracy. Examining ensemble methodologies that include various hybrid designs may enhance resilience and diminish model uncertainty. Also, using these hybrid models on multivariate time series, high-frequency data, or fields with irregular patterns might show that they can be used in real life and are generalizable. Optimizing hyperparameters and assessing computing efficiency will enhance deployment in practical forecasting contexts.
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