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Abstract The dynamic nature of the tile market requires precise demand forecasting to ensure inventory optimization, 

cost control, and enhanced customer satisfaction. This study focuses on developing a robust forecasting model that 

integrates time series and regression techniques to predict tile sales. Utilizing historical sales data, economic indicators 

such as GDP growth, inflation, and interest rates, and customer preferences, the research evaluates the performance 

of various machine learning models, including CatBoost, ARIMA, and Gradient Boosting. The results indicate that 

models integrating multiple variables significantly outperform those relying on individual factors, with Gradient 

Boosting and CatBoost demonstrate the highest accuracy for monthly and quarterly forecasts. These findings highlight 

the value of combining historical sales data, market trends, and economic indicators to achieve reliable sales 

predictions, thereby enabling more informed decision-making in the tile industry. 
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Introduction 

The tile market plays a crucial role in the 

construction and interior design industries, with its 

demand intricately linked to economic conditions, 

customer preferences, and market trends. Accurate 

demand forecasting in this sector is pivotal for 

optimizing production, managing inventory, and 

aligning marketing strategies with customer needs. 

However, the complexity of predicting sales in a 

market influenced by fluctuating economic 

indicators, such as Gross Domestic Production 

(GDP) growth, inflation, and interest rates, 

necessitates using advanced analytical techniques 

(Ahaggach et al., 2024). 

 This research aims to address these gaps by 

employing advanced time-series and regression-

based machine learning techniques to develop an 

improved forecasting framework for the tile 

industry. The key objectives of this study are to 

analyze historical sales data to identify trends and 

patterns influencing tile demand across monthly and 

quarterly time scales, assess the impact of economic 

indicators such as GDP growth, inflation, and 

interest rates on sales performance, and incorporate 

market-specific trends, including customer 

preferences for tile size, color, and design, into 

predictive models. By integrating time-series 

techniques like Seasonal Autoregressive Integrated 

Moving Average (SARIMA)  and Long Short-Term 

Memory (LSTM) with regression models such as 

Gradient Boosting and XGBoost (Yan & Liu, 2023), 

this study evaluates the performance of these 

methods to identify the most effective approach for 

forecasting tile sales at different time intervals. 

The research problem stems from the inability of 

traditional forecasting methods to capture the 

interplay of macroeconomic factors and market-

specific variables that influence tile demand. The 

tile industry, being highly design-sensitive and 

competitive, requires adaptive forecasting models 

capable of addressing the challenges posed by its 

dependence on aesthetics and economic 

fluctuations. This study addresses this problem by 

leveraging diverse data sources and advanced 

analytical techniques, offering actionable insights to 

optimize inventory levels, improve customer 

satisfaction, and support data-driven decision-

making. 
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This research makes a significant contribution to the 
field by providing a comprehensive forecasting 
framework tailored to the unique challenges of the 
tile industry. The findings enhance the precision of 
sales predictions and enable businesses to align their 
inventory and marketing strategies with anticipated 
demand, ultimately improving operational 
efficiency and profitability. 
 This study investigates the application of time 
series and regression techniques to enhance the 
accuracy of tile sales forecasting. By leveraging 
historical sales data alongside external economic 
indicators and customer preferences, the research 
aims to address key challenges in the tile market, 
including demand volatility and misalignment of 
supply and demand. The study evaluates multiple 
machine learning models, including Autoregressive 
Integrated Moving Average (ARIMA), CatBoost, 
Gradient Boosting, and LSTM, to identify the most 
effective monthly and quarterly forecasting 
approach. 
 The remainder of this paper discusses the 
research methodology, analysis of results, and 
implications for the tile industry. By addressing the 
limitations of existing forecasting models, this study 
contributes to the growing body of knowledge on 
machine learning applications in demand 
forecasting and offers actionable insights for 
industry practitioners. 
 
Literature review 
 
This literature review evaluates existing research on 
sales forecasting in the tile industry, focusing on 
theoretical frameworks, empirical findings, 
algorithmic approaches, and research gaps. It 
explores the application of advanced time-series 
methods and regression-based machine learning 
techniques to enhance forecasting accuracy, 
emphasizing the integration of diverse data sources 
to address industry-specific challenges. 
    Sales forecasting in the tile industry relies on 
foundational theories such as Supply and Demand 
Theory and Data-Driven Decision-Making 
(DDDM) Theory. Supply and Demand Theory 
provides insights into how historical sales data 
reflects market dynamics, including price elasticity, 
seasonal trends, and consumer preferences. For 
instance, Malik et al. (2023) highlighted the 
relevance of this theory in understanding consumer 
responses to promotions and seasonal peaks. 
DDDM Theory emphasizes the importance of 
leveraging empirical data for strategic decision-

making, as demonstrated by Gao and Chen (2022), 
who showcased the enhanced accuracy of 
regression-based models like Gradient Boosting 
Machines (GBM), Cat Boost and XGBoost in 
capturing demand fluctuations. Economic theories 
also contribute to understanding how 
macroeconomic variables such as GDP growth and 
inflation influence consumer behavior and sector-
specific activities. Islam and Amin (2020) 
demonstrated that inflation dampens consumer 
spending on non-essential goods like tiles, while 
Malik et al. (2023) highlighted a strong correlation 
between GDP growth and increased demand for 
construction materials. 
 Historical sales data is a foundational element of 
demand forecasting, providing insights into 
recurring patterns, seasonality, and purchasing 
behaviors. Supply and Demand and Data-Driven 
Decision-Making theories emphasize how historical 
data reflects market dynamics and supports strategic 
decision-making. Empirical studies demonstrate 
that incorporating machine learning techniques like 
Random Forest and Neural Networks enhances the 
predictive power of traditional models. For example, 
Malik et al. (2023) illustrated how sales data can 
uncover latent consumer trends, enabling businesses 
to align supply-side strategies with demand-side 
patterns. 
 Economic indicators, including GDP growth, 
inflation, and interest rates, play a critical role in 
shaping consumer behavior and market demand. 
Demand Sensitivity Theory highlights the 
relationship between macroeconomic variables and 
discretionary spending, while Macroeconomic 
Theory provides a broader context by linking 
aggregate economic trends to sector-specific 
activities. Research by Malik et al. (2023) and 
Ranjitha and Spandana (2023) shows how 
integrating these indicators into regression-based 
forecasting models significantly improves accuracy. 
For instance, higher GDP levels are associated with 
increased construction activity, which drives 
demand for tiles. Similarly, incorporating inflation 
metrics helps anticipate demand slowdowns, 
ensuring businesses remain agile in volatile markets. 
Market trends, driven by evolving consumer 
preferences and technological advancements, are 
another critical dimension. Theories such as Market 
Trends and Consumer Preferences and Diffusion of 
Innovation emphasize the dynamic nature of 
consumer demand. Studies highlight the growing 
importance of eco-friendly materials, customizable 
designs, and digital tools like augmented reality in 
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influencing purchasing decisions. For example, Xu 
and Li (2022) demonstrated how tracking 
preferences for tile size, color, and design enhances 
the predictive capability of machine learning 
models. Integrating these trends into forecasting 
frameworks allows businesses to respond 
proactively to shifts in consumer behavior. 
     Empirical studies reinforce the value of advanced 
forecasting models in the tile industry. Time-series 
models such as ARIMA and LSTM have 
demonstrated significant efficacy in capturing 
temporal patterns and seasonal trends. Sousa et al. 
(2023) showed how ARIMA effectively models 
periodic fluctuations in retail sales, a finding 
relevant to tile demand influenced by construction 
cycles. Similarly, Haoudi et al. (2023) highlighted 
LSTM's ability to capture long-term dependencies, 
making it ideal for dynamic markets like tiles. 
Regression-based ensemble models, including 
GBM,Cat Boost and XGBoost, are particularly 
effective in handling high-dimensional datasets and 
non-linear interactions. Falatouri et al. (2023) 
demonstrated GBM’s capability to integrate 
economic and market variables, achieving superior 
predictive performance. Kheawpeam and 
Sinthupinyo (2023) also validated XGBoost’s 
ability to account for complex interactions between 
macroeconomic factors and customer preferences, 
making it highly suitable for tile sales forecasting. 
The integration of diverse data sources, such as 
historical sales records, macroeconomic indicators, 
and market trends, enhances predictive accuracy. 
Van Nguyen et al. (2020) demonstrated the benefits 
of integrating distributor data with customer 
demographics and pricing trends in retail sales 
forecasting, an approach that is directly applicable 
to the tile industry. 
     Several algorithms have been critically reviewed 
for their applicability in predicting tile industry 
demand. Random Forest, an ensemble learning 
method, has demonstrated robustness in managing 
non-linear relationships and high-dimensional 
datasets, as shown by Gao and Chen (2022). 
However, its computational intensity and lack of 
interpretability pose challenges for large-scale 
applications. Decision Trees offer simplicity and 
interpretability, making them effective for 
identifying relationships between promotional 
activities and sales, as Pereira and Cerqueira (2022) 
highlighted. However, they are prone to overfitting 
and instability. Gradient Boosting Machines (GBM) 
and XGBoost, widely used regression models, excel 
in integrating diverse variables and achieving high 

predictive accuracy. Falatouri et al. (2023) 
emphasized GBM’s superior performance in 
reducing error rates, while Kheawpeam (2023) 
demonstrated XGBoost’s scalability and efficiency 
in handling high-dimensional data. SARIMAX, a 
time-series model, effectively incorporates 
exogenous variables such as construction activity 
and economic trends. Sousa et al. (2023) 
demonstrated its suitability for industries with 
seasonal demand patterns, like tiles. LSTM 
networks, designed for sequential data, excel in 
capturing long-term dependencies and patterns. 
Haoudi et al. (2023) highlighted LSTM’s ability to 
adapt to evolving market trends, although its 
computational intensity and lack of interpretability 
remain limitations. 
 Despite these advancements, several gaps remain 
in the application of forecasting models to the tile 
industry. The limited use of time-series and 
regression models in this sector restricts the ability 
to capture temporal dependencies and seasonal 
trends unique to tile sales. Macroeconomic 
indicators, such as GDP growth, inflation, and 
interest rates, are often excluded from tile sales 
forecasting models, leading to incomplete 
predictions. Xu and Li (2022) emphasized the 
importance of integrating dynamic market trends, 
such as consumer preferences for tile size, color, and 
design, into predictive models. However, existing 
models frequently focus solely on historical sales 
data. The lack of hybrid modeling approaches, 
which combine time-series and regression 
techniques, limits the ability to simultaneously 
capture non-linear interactions and temporal 
dependencies. Studies by Zhang et al. (2023) and 
Kheawpeam and Sinthupinyo (2023) demonstrated 
the success of hybrid models in other sectors, but 
their adoption in the tile industry remains minimal. 
Additionally, the failure to integrate diverse data 
sources, such as macroeconomic indicators, market 
trends, and historical sales records, reduces the 
robustness and effectiveness of existing models. 
This study addresses these gaps by developing a 
hybrid forecasting framework that integrates 
advanced time-series and regression-based machine 
learning techniques. This research aims to enhance 
predictive accuracy and provide actionable insights 
for optimizing inventory management, marketing 
strategies, and operational efficiency in the tile 
industry by leveraging historical sales data, 
macroeconomic indicators, and market trends. 
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Methodology 
 
This research employs a comprehensive quantitative 
approach to develop and evaluate machine learning 
models for accurately forecasting sales in the tile 
industry. The methodology is structured to integrate 
diverse data sources—historical sales, 
macroeconomic indicators, and market trends—and 
optimize predictive accuracy through advanced 
analytical techniques. The key stages of the 
methodology include research design, data 
collection, preprocessing, feature engineering, 
model training, and evaluation (Figure 1). 
 The research adopts a quantitative research 
design focusing on the systematic analysis of 
numerical data to uncover patterns and relationships 
within the tile market. Data is collected from 
multiple sources, including ERP systems, 
government publications, and market trend reports. 
The dataset spans from April 2022 to March 2024, 
incorporating ERP system records, government and 
industry reports, and market trend data on consumer 
preferences. Historical sales data provides granular 
insights into past transaction volumes, revenue, and 
customer segmentation. Macroeconomic indicators 
such as GDP growth, inflation rates, and interest 
rates capture external influences on consumer 
behavior. Market trends, including tile size, color, 
and design preferences, are included to reflect 
dynamic consumer preferences.  
 Data preprocessing ensures the quality and 
compatibility of the dataset. Advanced techniques 
impute missing values, and data normalization 
aligns scales across variables. Feature engineering 
transforms raw data into actionable inputs for 
modeling by encoding categorical variables, 
creating lagged variables for time-series analysis, 
and decomposing seasonal trends. These steps 
enhance the dataset's ability to capture temporal and 
contextual patterns in sales data. 

Initially, missing values were handled by 
implementing appropriate imputation techniques. 
For numerical variables such as Tiles SQM, Net 
Sales, and Gross Sales, missing values were 
replaced using the mean of the respective columns. 
In contrast, categorical variables including Item 
Size, Collection, District, Province, Company, and 
Sub Category 1 were filled using the mode, ensuring 
that missing categorical entries were replaced with 
the most frequently occurring value. 

To maintain data integrity, an outlier detection and 
removal process was applied using the Z-score 
method. Extreme values in numerical variables such 
as Net Sales, Gross Sales, and Tiles SQM were 
removed based on a Z-score threshold of 3, leading 
to the elimination of 4,337 outliers. This process 
ensured that anomalies did not adversely impact the 
performance of the forecasting models. 

Categorical variables were encoded to facilitate 
machine learning model training. Label encoding 
was used for ordinal categorical variables where 
order was meaningful, while one-hot encoding was 
applied to nominal categorical variables, converting 
them into binary features to maintain model 
interpretability. Furthermore, time-series structuring 
was incorporated into the dataset, ensuring 
chronological consistency for forecasting. Lag 
variables were created to capture historical patterns, 
and seasonal decomposition was performed to 
isolate trend, seasonal, and residual components. 
      Since time-series forecasting requires stationary 
data, the Augmented Dickey-Fuller (ADF) test was 
conducted on the Gross Sales variable to check for 
stationarity. The null hypothesis (H₀) assumes the 
presence of a unit root, indicating a non-stationary 
series, while the alternative hypothesis (H₁) suggests 
a stationary series. The test results yielded a test 
statistic of -37.1682 with a p-value of 0.0000, 
alongside critical values at different confidence 
levels: -3.4303 (1%), -2.8615 (5%), and -2.5667 
(10%). Since the test statistic is significantly lower 
than all critical values and the p-value is less than 
0.05, the null hypothesis is rejected, confirming that 
the GROSS SALES time-series is stationary. This 
means the data does not require differencing before 
applying forecasting models, ensuring more 
accurate predictions. 
       The method of sampling involves purposive 
sampling of secondary data from the company's 
ERP system and external publications. This non-
probability sampling technique ensures the 
inclusion of datasets that are directly relevant to the 
research objectives, such as historical sales, 
economic indicators, and market trends. The two-
year data period provides a balance between recency 
and sufficient historical context, aligning with best 
practices in demand forecasting literature. This 
study aims to develop a comprehensive and reliable 
forecasting framework for the tile industry by 
combining targeted data collection with advanced 
analytical techniques. 
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Figure 1: Methodology 

 

As outlined in Figure 1. Machine learning models 

are developed to capture intricate relationships 

within the dataset. Decision Trees are used to 

segment sales data based on factors such as product 

size, seasonality, and consumer preferences. 

Random Forest and Gradient Boosting Machines 

(GBM) are implemented to manage nonlinear 

relationships and identify key variables influencing 

sales. XGBoost, an advanced implementation of 

GBM, ensures scalability and reduces overfitting 

through regularization. CatBoost is incorporated for 

handling categorical variables efficiently while 

maintaining high accuracy in scenarios with high-

cardinality features. ARIMA is used to model 

temporal patterns, incorporating exogenous 

macroeconomic variables to capture trends and 

seasonality, while Long Short-Term Memory 

(LSTM) networks analyze sequential dependencies 

and long-term temporal patterns in the data.  

The dataset is split into training and testing 

subsets to ensure model reliability using the 80/20 

rule. The training dataset consists of 80% of the total 

data and is used to train the machine learning 

models, while the remaining 20% is reserved for 

testing and evaluating the models' predictive 

performance. The split is implemented 

chronologically to prevent data leakage and 

maintain the integrity of the time-series patterns, 

allowing the models to generalize effectively across 

unseen data.  

The evaluation of these models incorporates both 

technical and business metrics. Technical metrics 

include Mean Absolute Error (MAE), Root Mean 

Squared Error (RMSE), and R-squared to assess 

predictive accuracy. Business metrics focus on 

operational impacts, such as optimizing inventory 

management, aligning marketing strategies, and 

improving supply chain efficiency. 

As shown in Figure 2. the conceptual framework 

integrates three key independent variables—

historical sales data, economic indicators, and 

market trends—to predict sales revenue (dependent 

variable) in the tile market using time-series and 

regression techniques. This holistic approach 

addresses the complexities of forecasting by 

incorporating both internal and external factors. 

Historical sales data provides a foundation for 

understanding past performance, capturing 

seasonality, and identifying recurring patterns. 

Research confirms its importance in predicting 

future trends by modeling temporal dependencies 

(Sousa et al., 2023). Economic indicators, such as 

GDP growth, inflation, and interest rates, reflect 

macroeconomic conditions that influence consumer 

spending and construction activity. These variables 

are critical for explaining variations in tile demand 

driven by broader economic shifts (Wang & James, 

2024). Market trends, including consumer 

preferences for tile size, colour, and design, capture 

the dynamic nature of customer behavior and 

aesthetic shifts in the industry, ensuring the 

forecasting model remains adaptive to market 

changes (Chae et al., 2024).  
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Figure 2: Conceptual Framework 

 

This research proposes several hypotheses to 

explore the relationship between the independent 

variables and the dependent variable (predicted sales 

revenue). Hypothesis H1 posits that historical sales 

data positively impacts revenue predictions. 

Hypotheses H2, H3, and H4 evaluate the effects of 

GDP growth, inflation, and interest rates on tile 

sales. Finally, H5 and H6 assess how market trends 

influence sales performance, such as preferences for 

larger tile sizes and light-colored designs. These 

hypotheses aim to validate the model's ability to 

incorporate diverse factors for enhanced accuracy. 

As shown in Figure 3. the operationalization of 

variables ensures clarity and consistency in 

measurement. Historical sales data includes metrics 

like transaction dates, sales volume, and product 

categories, measured on continuous and nominal 

scales. Economic indicators, such as GDP growth, 

inflation, and interest rates, are quantified using 

continuous scales. Market trends are represented 

through dimensions like tile color, size, and design 

preferences, operationalized via ordinal and nominal 

scales. The dependent variable, revenue forecast, is 

evaluated using predictive metrics, including Mean 

Absolute Error (MAE), Root Mean Squared Error 

(RMSE), and R-squared, ensuring the reliability and 

validity of the forecasting model. 

 

 

 
 

Figure 3: Operationalization of variables for forecasting of Tile Sales 
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Developing tile sales forecasting model  

 

Defining Hypothesis on Tile Sales 
 

This research proposes several hypotheses to 

explore the relationship between the independent 

variables and the dependent variable (predicted sales 

revenue). Hypothesis H1 posits that historical sales 

data positively impacts revenue predictions. 

Hypotheses H2, H3, and H4 evaluate the effects of 

GDP growth, inflation, and interest rates on tile 

sales. Finally, H5 and H6 assess how market trends 

influence sales performance, such as preferences for 

larger tile sizes and light-colored designs. These 

hypotheses aim to validate the model's ability to 

incorporate diverse factors for enhanced accuracy. 

 These hypotheses, aligned with H1 through H6, 

were rigorously tested on both monthly and 

quarterly data to understand short-term and long-

term trends. Each hypothesis was paired with 

advanced machine learning algorithms, whose 

performance was evaluated using Mean Absolute 

Error (MAE), Root Mean Squared Error (RMSE), 

and R-squared metrics. The hypotheses are as 

follows. 

• H1: Historical sales data has a significant 

positive   relationship with predicted sales 

revenue. 

• H₀1: Historical sales data does not have a 

significant positive relationship with predicted 

sales revenue. 

• H2: GDP growth has a significant positive 

impact on predicted sales revenue in the tile 

market. 

• H₀2: GDP growth does not significantly impact 

predicted sales revenue in the tile market. 

• H3: Inflation negatively impacts predicted 

sales revenue in the tile market. 

• H₀3: Inflation does not negatively impact 

predicted sales revenue in the tile market. 

• H4: Interest rates negatively impact predicted 

sales revenue in the tile market. 

• H₀4: Interest rates do not negatively impact 

predicted sales revenue in the tile market. 

• H5: Customer preference for larger tile sizes is 

not positively correlated with increased tile 

sales revenue.. 

• H₀5: Customer preference for larger tile sizes is 

positively correlated with increased tile sales 

revenue.. 

• H6: Increasing demand for light-colored tiles 

(e.g., white, beige) is positively associated with 

overall tile sales revenue. 

 
Performing Hypothesis Testing for Monthly Sales 

 

Monthly analysis provides insights into short-term 

trends and relationships. For H1, historical sales data 

shows consistently strong positive correlations with 

gross sales, with net sales and tile quantities sold 

demonstrating correlations above 0.92 (p-value < 

0.05) across multiple months. This confirms the 

foundational role of historical sales data in monthly 

forecasting. 

 For H2:((GDP Growth),The correlation between 

GDP growth and gross sales was inconsistent on a 

monthly basis, ranging from -0.10 in February (p < 

0.001) to 0.03 in May (p < 0.05). While GDP growth 

showed weak to negligible relationships with sales 

revenue monthly, certain months, such as April, 

revealed slightly positive correlations (0.02, p < 

0.01). Similarly, H3 (inflation) and H4 (interest 

rates) exhibit mixed and weak correlations every 

month, ranging from -0.08 to 0.11, indicating 

limited predictive utility at this temporal resolution. 

H3 (inflation) exhibited both positive and negative 

correlations with gross sales across months. For 

example, positive correlations such as 0.10 in 

February (p < 0.001) and 0.07 in January (p < 0.001) 

were observed, but negative correlations appeared in 

months like December (-0.03, p < 0.001). The 

findings suggest that the impact of inflation on sales 

revenue varies by month, influenced by external 

market conditions. For H4(Interest Rates), Monthly 

correlations between interest rates and gross sales 

showed minimal or negative relationships, with 

significant values like -0.12 in July (p < 0.001) and 

-0.08 in June (p < 0.001). These results confirm that 

higher interest rates can deter customer spending on 

tiles. 

 H5 (tile size preferences) and H6 (light-colored 

tile preferences) exhibit consistently strong positive 

correlations for market trends. Larger tile sizes 

demonstrated strong positive correlations with sales 

revenue across months. For instance, 600 x 600 mm 

tiles consistently showed correlations exceeding 

0.92 (p < 0.001) throughout various months, 

confirming their popularity and significant 

contribution to revenue and Light-colored tiles, such 

as white and beige, exhibited high positive 
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correlations with sales revenue, ranging from 0.91 to 

0.94 (p < 0.001) across months like January and 

August. This emphasizes the increasing demand for 

aesthetic and modern tile preferences. 

 

Performing Hypothesis Testing for Quarterly Sales 

 

Quarterly testing reveals stronger and more 

consistent relationships for economic indicators. For 

H2 (GDP growth), correlations with gross sales are 

significantly positive across all quarters, ranging 

from 0.94 to 0.96 (p-value < 0.05). This highlights 

the importance of aggregating data quarterly to 

capture macroeconomic effects. Conversely, H3 

(inflation) and H4 (interest rates) demonstrate 

consistently negative correlations with gross sales 

(inflation: -0.63 to -0.67, interest rates: -0.50 to -

0.66, p-value < 0.05), suggesting that these factors 

exert a stronger influence over longer temporal 

intervals. 

 For H5 and H6, preferences for larger tile sizes 

(e.g., 600 x 600 mm) and light-colored tiles (e.g., 

white, beige) remain robustly positive on a quarterly 

basis, with correlations exceeding 0.9 (p-value < 

0.05). These findings indicate that market trends are 

critical for sales forecasting regardless of the 

temporal aggregation. 

 The hypothesis testing results suggest that 

historical sales data and market trends are effective 

predictors on both monthly and quarterly scales. 

However, economic indicators such as GDP growth, 

inflation, and interest rates exhibit stronger and 

more reliable correlations at a quarterly level, 

aligning with the broader economic cycles that 

influence consumer behavior. These insights 

underscore the importance of incorporating 

economic factors on a quarterly basis to enhance the 

robustness and accuracy of predictive models for tile 

sales forecasting. By integrating these diverse data 

sources, the study confirms the overall hypothesis 

that a combined approach improves forecasting 

outcomes significantly.  Comparison of Hypotheses 

(H1 – H6)  for Monthly vs Quarterly  shown in the 

Table 1.  
 

Table 1. Monthly vs. Quarterly Correlation Summary for Tile Sales Forecasting Hypotheses (H1–H6) 
 

Hypothesis Monthly Sales Correlation Summary Quarterly Sales Correlation Summary 

H1 – Historical 

Sales Data 

Strong positive correlations between historical sales, 

net sales, and quantities sold (> 0.92, p < 0.05) across 

all months. Confirms the foundational role of 

historical data in short-term forecasting. 

Maintains strong positive relationships 

across quarters (> 0.94, p < 0.05), 

reaffirming the dominant predictive power 

of historical sales data. 

H2 – GDP 

Growth 

Inconsistent correlations, ranging from −0.10 (Feb, p 

< 0.001) to 0.03 (May, p < 0.05). Weak or negligible 

impact monthly. 

Strong positive correlations with gross 

sales (0.94 – 0.96, p < 0.05), showing 

significant influence when aggregated 

quarterly. 

H3 – Inflation 

Mixed correlations (−0.03 to 0.10). Positive in some 

months (e.g., Jan = 0.07, Feb = 0.10; p < 0.001), 

negative in others. Indicates variable short-term 

impact. 

Consistently negative correlations with 

gross sales (−0.63 to −0.67, p < 0.05), 

suggesting inflation exerts stronger 

influence over longer time frames. 

H4 – Interest 

Rates 

Mostly negative or weak correlations (e.g., Jun = 

−0.08, Jul = −0.12; p < 0.001). Higher rates deter tile 

purchases. 

Stronger negative correlations (−0.50 to 

−0.66, p < 0.05), confirming that interest 

rates significantly reduce sales on a 

quarterly basis. 

H5 – Tile Size 

Preferences 

Strong positive correlations between large tile sizes 

(e.g., 600 × 600 mm) and sales (> 0.92, p < 0.001). 

Demonstrates consistent monthly preference for larger 

tiles. 

Robust positive correlations (> 0.90, p < 

0.05). Market trend remains stable and 

predictive across quarters. 

H6 – Light-

Colored Tile 

Preferences 

Strong positive correlations (0.91 – 0.94, p < 0.001) 

for light-colored tiles (white, beige) across several 

months, reflecting aesthetic consumer preferences. 

Consistently strong positive correlations (> 

0.90, p < 0.05), confirming enduring 

demand for light-colored, modern designs. 
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Tile Sales Forecasting Model Performance  

The performance of monthly sales forecasting 

model is summarized shown in Table 2. The 

evaluation of models for monthly sales forecasting 

reaffirms Gradient Boosting as the most reliable 

model, achieving the highest R-squared value of 

0.97566, a low Mean Absolute Error (MAE) of 

17,230.0, and a Root Mean Squared Error (RMSE) 

of 22,803.1. However, it is noticeable that most of 

the model have resulted similar values among the 

evaluation parameters. These metrics demonstrate 

Gradient Boosting's superior ability to model non-

linear relationships and capture short-term 

fluctuations in sales data. This capability is 

particularly crucial in the dynamic tile industry, 

where seasonality, promotions, and customer 

preferences influence monthly sales. Random Forest 

and CatBoost also demonstrated strong 

performance, achieving R-squared values of 

0.97285 and 0.97307, respectively, with comparable 

error metrics. However, both models slightly lagged 

behind Gradient Boosting in precision and overall 

accuracy, solidifying Gradient Boosting's position 

as the best model for monthly forecasts. Conversely, 

ARIMA exhibited significant instability in monthly 

forecasting, with the highest MAE of 37,587.9, the 

highest RMSE of 48,392.3, and the lowest R-

squared value of 0.90080. These results underscore 

ARIMA's inability to capture the complex, non-

linear relationships inherent in monthly sales data, 

likely due to its linear time-series framework. This 

underperformance highlights ARIMA's limitations 

in capturing non-linear relationships inherent in 

monthly sales data. Additionally, Extreme Gradient 

Boosting (XGBoost) recorded higher error metrics 

(MAE: 17,473.5, RMSE: 24,674.8) than Gradient 

Boosting and CatBoost, suggesting it is less 

favorable for monthly forecasting. Overall, Gradient 

Boosting is identified as the optimal model for 

monthly predictions due to its balance of high 

accuracy, robustness, and effective error 

minimization. 

 

Table 2. Tiles Sales Monthly Forecasting Model Performance Comparison 

 
Based on our research findings, the monthly tile 

sales can be predicted as follows:  

Ŷ𝑚𝑜𝑛𝑡ℎ𝑙𝑦 = ∑ ɳ . ℎ𝑚(𝑋) +  ɛ

𝑀

𝑚=1

 𝐸𝑄(1) 

where Ŷ𝑚𝑜𝑛𝑡ℎ𝑙𝑦 is the predicted sales revenue, M is 

the number of trees, η is the learning rate, hm(X) is 

the output of the mth tree, and ϵ is the residual error.  

The performance of quarterly sales predictive model 

is summarized shown in Table 1. CatBoost emerges 

as the top-performing model for quarterly sales 

forecasting, achieving the lowest MAE of 13,567.9, 

the lowest RMSE of 22,926.0, and a high R-squared 

value of 0.97540. CatBoost's specialized handling of 

categorical variables and its efficiency in modeling 

datasets with high dimensionality make it 

particularly adept at capturing macroeconomic 

trends and long-term market dynamics that drive 

quarterly sales. Gradient Boosting also performed 

well, achieving an R-squared value of 0.97475; 

however, it was slightly less effective than CatBoost 

in minimizing error metrics, with a higher MAE of 

14,241.9 and RMSE of 23,224.2. Random Forest 

also exhibited competitive performance, achieving 

an R-squared of 0.97180, MAE of 14,652.6, and 

RMSE of 24,544.7, positioning it as a viable 

alternative. 

 In contrast, ARIMA demonstrated instability 

even in quarterly forecasting. Despite an 

improvement over its monthly results, ARIMA's R-

Model 

Performance Metrics 

Mean Absolute Error 

(MAE) 

Root Mean Squared Error 

(RMSE) 

R 

Squared 

Decision Trees  17,110.50 27,869.40 0.963 

Random Forest 14,652.60 24,544.70 0.971 

Gradient Boosting 14,241.90 23,224.20 0.975 

Extreme Gradient 

Boosting 14,349.90 23,368.60 0.974 

LSTM 14,960.70 23,918.00 0.973 

ARIMA 18,717.20 30,191.50 0.961 

Cat Boosting   13,567.90 22,926.00 0.975 
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squared value of 0.96139, MAE of 18,717.2, and 

RMSE of 30,191.5 reflect its limitations in capturing 

aggregated trends and the macroeconomic 

complexities necessary for accurate quarterly 

predictions. This underperformance likely stems 

from ARIMA's reliance on linearity and its 

sensitivity to external disruptions. Based on these 

results, CatBoost is recommended as the best model 

for quarterly forecasting, delivering superior 

accuracy and effectively capturing the nuanced, 

long-term dynamics of the tile industry. 

 

Table 3. Tiles Sales Quarterly Forecasting Model Performance Comparison 

 
Based on our research findings, the quarterly tile 

sales can be predicted as follows:,  

Ŷ𝑞𝑢𝑎𝑟𝑡𝑒𝑟𝑙𝑦 = ∑  𝑓𝑖(𝑋𝑐𝑎𝑡 , 𝑋𝑛𝑢𝑚) +  ɛ

𝑁

𝑖=1

 𝐸𝑄(2) 

Where Ŷ𝑞𝑢𝑎𝑟𝑡𝑒𝑟𝑙𝑦 is the predicted sales revenue, N 

is the number of features, 𝑓𝑖(𝑋𝑐𝑎𝑡, 𝑋𝑛𝑢𝑚) represents 
the contribution of categorical (𝑋𝑐𝑎𝑡) and numerical 
(𝑋𝑛𝑢𝑚) variables, and ϵ is the residual error. 

 

 

 

Figure 4: Predicted monthly tile sales using the proposed Gradient Boosting model 

 

Model 

Performance Metrics 

Mean Absolute Error 

(MAE) 

Root Mean Squared Error 

(RMSE) 

R 

Squared 

Decision Trees 20,435.50 30,954.90 0.955 

Random Forest  16,359.90 24,084.70 0.972 

Gradient Boosting 17,230.00 22,803.10 0.976 

Gradient Boosting  14,241.90 23,224.20 0.975 

Extreme Gradient 

Boosting  

17,473.50 24,674.80 0.972 

LSTM  16,929.30 23,013.20 0.975 

ARIMA 37,587.90 48,392.30 0.901 

Cat Boosting 16,067.10 23,986.70 0.973 
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Figure 5: Predicted quarterly tile sales using the proposed Cat Boost model 

 

Recommendations to Enhance Business Strategies 

 

As shown in Figure 4 and Figure 5, the monthly and 

quarterly sales forecasts generated using Gradient 

Boosting and CatBoost models provide valuable 

insights into historical trends and future demand 

patterns in the tile market. These visual 

representations demonstrate how predictive 

modeling enhances business decision-making 

across multiple operational areas, including 

inventory management, financial planning, 

marketing strategy, and risk mitigation. By 

analyzing both short-term (monthly) and long-term 

(quarterly) forecasts, businesses can develop data-

driven strategies that optimize performance and 

maintain competitive advantages.  

 Conversely, the quarterly sales forecast (Figure 

4) provides a broader, long-term perspective on 

demand patterns, highlighting stable trends across 

multiple quarters. The historical sales trend (blue) 

shows volatility across previous quarters, while the 

forecasted trend (orange) projects a more structured 

pattern of growth. This longer forecasting window 

allows supply chain managers to plan bulk 

procurement, optimize logistics, and manage 

supplier contracts more efficiently. The visibility 

into quarterly trends also enables better warehouse 

capacity planning, ensuring businesses can meet 

projected demand without overcommitting 

resources. 

Inventory Management and Supply Chain 

Optimization  

 

The monthly sales forecast (Figure 3) highlights 

fluctuations in demand at a granular level, allowing 

businesses to identify seasonal trends and short-term 

market shifts. The historical sales trends, 

represented by the blue line, indicate significant 

monthly variations in sales volumes, reflecting the 

impact of factors such as promotional campaigns, 

seasonal demand, and consumer purchasing 

behavior. The forecasted sales trend (orange line) 

continues this pattern, accurately estimating 

expected future sales. This insight enables inventory 

managers to align procurement cycles and stock 

levels accordingly, preventing excess inventory 

(which leads to storage costs) and stockouts 

(resulting in lost sales). 

 

Financial Planning and Revenue Management 

 

Both monthly and quarterly forecasts play a crucial 

role in financial stability and revenue forecasting. 

The monthly forecast (Figure 3) provides detailed, 

short-term projections that assist businesses in 

managing cash flow, budgeting, and planning 

operational expenditures. The ability to anticipate 

fluctuations in sales allows financial planners to 

allocate resources efficiently for ongoing 
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operational costs, including marketing, staffing, and 

production. 

      The quarterly forecast (Figure 4) offers macro-

level financial insights, helping businesses predict 

revenue trends for a more extended period. The 

upward trajectory in the forecasted sales trend 

suggests continued demand growth, reinforcing the 

importance of long-term investment decisions. 

Businesses can use these insights to expand 

production capacity, explore new market 

opportunities, or allocate funds for strategic business 

initiatives such as technological upgrades or product 

diversification. 

 

Marketing Strategy Development and Sales 

Optimization 

 

The sales trends depicted in Figure 3 and Figure 4 

are essential for refining marketing strategies and 

optimizing sales performance. The monthly trend 

analysis reveals sharp peaks and dips in historical 

sales, indicating the influence of marketing 

campaigns, promotions, and seasonal shopping 

patterns. By analyzing these fluctuations, businesses 

can plan timely advertising efforts, launch discount 

offers during low-demand months, and capitalize on 

high-demand periods with targeted promotions. 

The quarterly forecast (Figure 4), on the other hand, 

provides a strategic view of market expansion 

opportunities. The stable, forecasted sales trend 

suggests consistent consumer demand, making it an 

ideal reference point for long-term marketing 

initiatives. Businesses can align promotional 

activities with forecasted demand surges, ensuring 

that campaigns are rolled out when consumer 

interest is at its peak. Furthermore, quarterly 

analysis allows for regional demand segmentation, 

enabling businesses to prioritize specific markets 

based on projected growth rates. 

 

Risk Mitigation and Business Continuity Planning 

 

Figure 3. and Figure 4. demonstrate that demand 

forecasting plays a crucial role in identifying 

potential risks and implementing proactive business 

continuity strategies. The monthly trend (Figure 3) 

highlights short-term demand volatility, indicating 

potential risks associated with unexpected market 

fluctuations, economic shifts, or competitive 

disruptions. Businesses can use these insights to 

adjust pricing strategies, diversify product offerings, 

and implement dynamic sales models that ensure 

financial resilience. 

The quarterly forecast (Figure 4) reflects 

broader macroeconomic influences on the tile 

market. The inclusion of economic indicators such 

as GDP growth, inflation, and interest rates within 

the forecasting models ensures that businesses are 

prepared for long-term financial uncertainties. For 

example, a decline in forecasted sales over 

consecutive quarters may indicate economic 

downturns, shifts in consumer spending habits, or 

changes in interest rates, allowing companies to 

adjust their capital investments, renegotiate supplier 

contracts, and modify expansion plans accordingly. 

 

Strategic Decision-Making for Business Growth 

 

The forecasting models also support long-term 

strategic planning by offering predictive insights 

into market demand. The gradual increase in 

forecasted sales in Figure 4 suggests a growing 

market trend, which businesses can leverage to 

expand product lines, enter new markets, and 

explore investment opportunities. Additionally, the 

monthly forecast (Figure 3) provides critical insights 

into consumer preferences for specific tile colors, 

sizes, and designs, allowing businesses to tailor their 

product offerings to match evolving trends. 

By integrating Gradient Boosting and CatBoost 

models into their forecasting frameworks, 

businesses in the tile industry can move beyond 

traditional, reactive decision-making and adopt a 

data-driven, predictive approach. This transition 

enables firms to stay ahead of market trends, 

optimize operational efficiency, and maintain a 

competitive advantage in an increasingly dynamic 

industry. 

 

Conclusion 

 

This research aimed to enhance tile sales forecasting 

by integrating historical sales data, economic 

indicators, and market trends using advanced 

machine learning algorithms. The study rigorously 

tested hypotheses to evaluate the significance of 

these variables on sales revenue, examining both 

short-term (monthly) and long-term (quarterly) 

trends.  

 The findings confirmed that historical sales data 

and market trends, such as customer preferences for 

larger tile sizes and light-colored tiles, are strong 
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predictors of sales performance across both 

temporal resolutions. These variables consistently 

demonstrated high correlations with sales revenue, 

reinforcing their foundational role in demand 

forecasting. On the other hand, economic indicators, 

including GDP growth, inflation, and interest rates, 

exhibited stronger and more consistent relationships 

with sales revenue on a quarterly basis, aligning with 

broader economic cycles and their influence on 

consumer behavior. 

 From a modeling perspective, Gradient Boosting 

emerged as the most reliable approach for monthly 

forecasting, effectively capturing non-linear 

relationships and short-term fluctuations. Its high R-

squared value and minimal error metrics made it the 

optimal choice for handling the dynamic nature of 

monthly sales. In contrast, CatBoost excelled in 

quarterly forecasting, demonstrating superior 

accuracy and robustness in modeling aggregated 

trends and macroeconomic dynamics. The study 

also highlighted the limitations of traditional 

methods like ARIMA, which struggled to address 

the non-linear and complex relationships inherent in 

sales data, rendering it less suitable for both monthly 

and quarterly forecasting. 

 The research validates the overarching 

hypothesis that combining historical sales data, 

economic indicators, and market trends significantly 

enhances forecasting accuracy compared to relying 

on individual variables. Integrating these diverse 

data sources allows businesses in the tile industry to 

predict demand with greater precision, supporting 

strategic decision-making in inventory 

management, marketing, and production planning. 

 In conclusion, this study provides actionable 

insights such as inventory optimization, dynamic 

pricing strategies, targeted marketing and 

production scheduling etc. for practitioners and 

researchers by identifying the most effective 

forecasting models for different temporal needs. 

Gradient Boosting and CatBoost stand out as the 

best monthly and quarterly predictions models, 

respectively, ensuring reliable and accurate sales 

forecasts. Future research could further refine these 

models by incorporating real-time data and 

exploring advanced deep learning techniques, such 

as hybrid models, to address evolving market 

dynamics. This would further strengthen the 

industry’s ability to adapt to rapidly changing 

consumer preferences and macroeconomic 

conditions. 
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