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Abstract - Sales forecasting plays a crucial role in predicting future sales trends and facilitating informed decision-making in business 

settings. This paper presents a comprehensive approach to sales forecasting by leveraging the SARIMA (Seasonal Autoregressive 

Integrated Moving Average) model, renowned for its ability to capture seasonality and trend patterns in time series data. The study 

further incorporates the powerful suite of tools provided by the Google ecosystem, including Google Drive, Google Sheets, Google 

Colab, Google Data Studio, and Google Cloud Console, for efficient data storage, collaborative work, and visualization. By utilizing 

these platforms, the research enhances the accuracy and accessibility of sales forecasts, enabling businesses to optimize sales strategies 

and improve inventory management. The findings of this study contribute to empowering organizations with valuable insights for 

making informed decisions in dynamic market environments. 

 

Index Terms - Business analytics, Sales Forecasting, Statistical methods, time series forecasting, Deep learning, Machine Learning,  

profit prediction, SARIMA.  

 

I.  INTRODUCTION  

Business Analytics is a rapidly evolving field that aims to harness the power of data and analytics to drive decision-making and enhance 

organizational performance. In a comprehensive overview by [2], the field of Business Analytics is defined, and a research agenda is 

identified. The study emphasizes the importance of understanding the various aspects of Business Analytics and its potential impact on 

organizations. Building on this research agenda, in [3] propose a study to investigate the impact of Business Analytics on decision-

making processes within organizations. Their research highlights the need to explore how the adoption and utilization of Business 

Analytics tools and techniques can transform decision-making processes and contribute to organizational success.  

 

Furthermore, [4] delve into the intersection of Business Analytics and Data Science, shedding light on the similarities, differences, and 

potential synergies between these two fields. Their study emphasizes the complementary nature of Business Analytics and Data Science 

and how organizations can leverage both disciplines to gain valuable insights and drive strategic decision-making. Additionally, [5] 

conduct a study that examines the factors influencing the adoption and implementation of Business Analytics solutions within 

organizations. Their research explores key factors such as organizational culture, data quality, and leadership support that play a crucial 

role in the successful deployment of Business Analytics initiatives.  

 

Business Analytics encompasses various types of analyses that organizations employ to extract insights from data for informed decision-

making. Sales forecasting, one such analysis, involves analyzing historical sales data and market trends to predict future sales volumes 

and patterns. It aids businesses in estimating future demand, planning inventory levels, and devising effective sales and marketing 

strategies. Revenue forecasting focuses on predicting an organization's future revenue streams by analyzing historical financial data, 

market conditions, customer behavior, and other relevant factors. This assists in financial planning, investment evaluation, and strategic 

decision-making. Financial forecasting, on the other hand, utilizes historical financial data and statistical models to predict an 

organization's future financial performance, aiding in budget planning and assessing the financial feasibility of strategic initiatives. 

 

Customer Analytics leverages customer data to gain insights into behavior, preferences, and buying patterns, enabling organizations to 

enhance customer experience through segmentation, personalization, and optimized acquisition and retention strategies. Marketing 

Analytics evaluates the effectiveness of marketing campaigns, measures return on investment (ROI), and optimizes strategies by 

analyzing data from various marketing channels. Supply Chain Analytics optimizes supply chain operations, reduces costs, and 

improves performance through data analysis of procurement, inventory, logistics, management, and demand forecasting.Risk Analytics 

identifies and manages potential risks related to operations, finance, compliance, and cybersecurity. Operational Analytics improves 

efficiency and performance by analyzing data from various operational processes to identify bottlenecks, optimize resource allocation, 

and streamline workflows. Together, these types of Business Analytics provide organizations with valuable insights and decision 

support to drive strategic planning, operational excellence, and financial success. 

 

Collectively, these studies contribute to the understanding of Business Analytics as a dynamic and impactful field. They emphasize the 

need for further research to explore the implications, challenges, and opportunities associated with the adoption and utilization of 

Business Analytics within organizations. By leveraging data-driven approaches and analytics tools, businesses can unlock valuable 

insights, drive innovation, and gain a competitive advantage in today's data-driven landscape. This paper specifically focuses on "Sales 

Forecasting" and aims to provide an in-depth analysis of this critical aspect of Business Analytics.  

 

The proposed system aims to improve sales forecasting by integrating the SARIMA model into the Google ecosystem using various 

tools such as Google Drive, Google Sheets, Google Data Studio and  Google Cloud Console. The process begins by securely storing a 

set of data in Google Drive, providing centralized data management and easy access. Data preprocessing, including operations such as 

data cleaning and feature design, takes place in Google Sheets. The core of the system is based on the SARIMA model, which stores 

sales data  and seasonality to create accurate forecasts.To visualize the results and get an overview, the system takes the forecasts to 

Google Data Studio and creates interactive dashboards and reports. The Google Cloud Console manages the entire ecosystem, ensuring 

seamless integration and unified resource management. Overall, this integrated system aims to improve the accuracy and usability of 
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sales forecasts, enhance informed decision-making and promote business success. 

 

II. LITERATURE SURVEY 

Sales forecasting is a crucial aspect of business analytics that involves analyzing historical sales data and market trends to predict future 

sales volumes and patterns. By examining past sales performance and considering factors such as seasonality, economic conditions, and 

consumer behavior, organizations can estimate future demand and plan their sales strategies accordingly. Sales forecasting enables 

businesses to make informed decisions regarding production levels, inventory management, pricing, and marketing efforts. It provides 

valuable insights into potential sales growth, identifies opportunities for expansion or optimization, and helps businesses align their 

resources to meet customer demands effectively. With accurate sales forecasts, organizations can improve operational efficiency, 

optimize revenue generation, and stay competitive in the market.  

 

The paper [1] presents a study on the use of the SARIMA model for forecasting daily sales in the food retail industry. The study 

demonstrates that the SARIMA model is able to capture the temporal dependencies and seasonal patterns in the data, resulting in highly 

accurate sales forecasts.In a comparative analysis conducted in [2], different machine learning models were evaluated for forecasting 

seasonal items sales. The study found that the SARIMA model was the most accurate model, followed by the Prophet model and the 

ARIMA model. Similarly, [3] focuses on sales forecasting for Amazon using time series modeling. The study highlights the 

effectiveness of the SARIMA model in capturing seasonal patterns and accurately forecasting sales on Amazon's platform.  

 

In the general trade industry, the SARIMA model was utilized for sales forecasting in [4]. The study demonstrates the SARIMA model's 

ability to capture temporal dependencies and seasonal patterns in the sales data, resulting in highly accurate sales forecasts.The paper 

[6] delves into sales forecasting using neural networks, emphasizing their ability to capture complex sales patterns and provide accurate 

predictions. Their research showcases the potential of neural networks in enhancing sales forecasting accuracy. In a similar vein, [7] 

focuses on sales forecasting for retail stores, employing machine learning techniques. Their study investigates the application of machine 

learning models to analyze historical sales data and predict future sales accurately. The research conducted by Krishna et al. sheds light 

on the optimization of sales forecasting in the retail industry.  

 

The paper [8] contributes to the field with research on machine learning models for sales time series forecasting. By leveraging a range 

of machine learning algorithms, Pavlyshenko aims to capture underlying patterns and dynamics in sales data, leading to improved 

accuracy in sales forecasts.The paper [9] proposes intelligent sales prediction using machine learning techniques. Their research 

integrates advanced algorithms such as support vector machines and random forests to analyze sales patterns and make accurate 

predictions. The study highlights the effectiveness of machine learning in enhancing sales forecasting. Moreover, [10] provides a 

comprehensive review of trends in machine learning applied to demand and sales forecasting. Their study offers insights into 

advancements and emerging techniques in machine learning for sales forecasting, providing a holistic view of the field.Additionally, 

[11] presents a case study on the use of supervised machine learning for B2B sales forecasting, specifically focusing on spare parts sales 

at an after-sales service provider. Their research highlights the practical application and benefits of supervised machine learning 

techniques in sales forecasting.  

 

Furthermore, [12] conducts a case study applying Long Short-Term Memory (LSTM) neural networks to sales forecasting in the retail 

industry. Their research demonstrates the efficacy of LSTM networks in capturing sequential dependencies and improving sales 

forecasting accuracy. Lastly, [13] discusses various sales forecasting techniques. Their research provides an overview of different 

methods used in sales forecasting, enabling a better understanding of the available techniques and their applicability in different 

contexts.  

 

By incorporating the findings from these studies, businesses can enhance their sales forecasting capabilities and reap numerous benefits. 

Accurate sales forecasts provide organizations with a competitive edge by enabling them to optimize their operational efficiency. With 

reliable predictions of future sales volumes and patterns, businesses can effectively plan their production levels, align their inventory 

management strategies, and streamline their supply chain operations. This, in turn, minimizes the risk of overstocking or stockouts, 

leading to improved cost- effectiveness and resource allocation. Furthermore, accurate sales forecasts empower businesses to make 

informed pricing decisions. By anticipating future demand, organizations can adjust their pricing strategies to maximize profitability. 

They can identify price elasticity trends and optimize their pricing structures to capture the highest possible revenue while remaining 

competitive in the market.  

 

Sales forecasting also plays a pivotal role in guiding marketing efforts. By understanding future sales trends, businesses can tailor their 

marketing campaigns to target specific customer segments and optimize their promotional activities. This ensures that marketing 

resources are effectively allocated, resulting in higher return on investment and improved customer acquisition and retention. Moreover, 

sales forecasting provides valuable insights into potential sales growth and expansion opportunities. By identifying emerging market 

trends and consumer preferences, businesses can proactively adapt their strategies and capitalize on new market segments. This enables 

them to stay ahead of competitors and explore untapped markets, ultimately fostering business growth and profitability.  

 

In summary, the collective findings from these studies on sales forecasting contribute to a deeper understanding of the field and offer 

practical insights for businesses. By leveraging advanced techniques such as neural networks and machine learning models, 

organizations can improve the accuracy of their sales forecasts, leading to better decision-making, optimized resource allocation, 

enhanced operational efficiency, and ultimately, improved revenue generation and competitiveness in the market. 
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III.  METHODOLOGY 

In this research, the Sales dataset was obtained from the eforexcel.com website [21] , consisting of approximately 1 million sales records 

spanning 46 years.To ensure data quality, preprocessing techniques were applied, and descriptive statistics and data visualization were 

performed. The primary forecasting method used was the SARIMA model, known for its effectiveness in capturing seasonal patterns 

in sales data. The Google ecosystem, including tools like Google Drive, Sheets, Colab, Data Studio, and Cloud Console, was utilized 

for data storage, manipulation, visualization, and computational resources. By following this methodology as shown in Fig. 1 , the 

research aimed to provide accurate sales forecasts and contribute to the understanding of sales forecasting techniques in real-world 

business scenarios. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 1 : System Architecture 

 

1) Project Setup and Connection Establishment:  

A project was created in the Google Cloud Console to run the proposed method. This project serves as a central hub for managing data 

analysis and visualization tasks. Once the project is complete, the next step is to create connections between the various components of 

the Google ecosystem. Connections are made between Google Cloud Console, Google Colab, Google Drive, Google Sheets and Google 

Data Studio. This ensures seamless data flow and communication between these platforms, facilitating the efficient execution of data 

analysis and visualization tasks.A service account is created in the Google Cloud Console as part of the installation process. A service 

account is a special Google account that represents a project, not an individual user. It allows project resources to be accessed and 

managed programmatically.  

 

In addition, OAuth 2.0 client credentials are generated in the Google Cloud Console. These client identifiers are used to authenticate 

the project and establish secure connections with other Google services. The OAuth 2.0 protocol provides a standardized way for the 

project to access and interact with Google APIs. After the service account and OAuth 2.0 client credentials are created, the JSON files 

associated with those accounts are retrieved. These JSON files contain important credentials and configuration information. JSON files 

are stored in Google Colab, the environment of choice for data analysis and modeling.  

 

If you follow these steps, the project will be configured correctly and the necessary connections will be made between Google Cloud 

Console, Google Colab, Google Drive, Google Sheets and Google Data Studio. It enables seamless integration of these platforms and 

leverages their features for data analysis and visualization.  

 

2) Share Email from OAuth Client:  

To establish a connection between the OAuth client and the Google Sheets where the data is stored, the email associated with the OAuth 

client created in the Google Cloud Console must be obtained. This email serves as a unique identifier for the customer and is necessary 

to access the necessary resources.Access to the OAuth client settings or information in the Google Cloud Console is required to 

download the email.                   

                           

The email address is usually in the format customername@projectname.iam.gserviceaccount.com. Once received, the email can be 

shared in a Google Sheets document. Sharing an email with the appropriate permissions in Google Sheets ensures that the OAuth client 

has the necessary permissions to interact with the data stored in the spreadsheet. In the "Share" settings of the Google Sheets document, 

you can navigate and enter the desired email address. Here you can set the desired permissions, such as view-only permissions, edit 

permissions or custom permission levels according to project requirements. By sharing the email with the appropriate access 

permissions, the OAuth client is authorized to read, write, and modify the data in the Google Sheets document. This enables seamless 

integration between the OAuth client and the spreadsheet, allowing for efficient data retrieval, updates, and synchronization between 

different components of the project.  

 

mailto:customername@projectname.iam.gserviceaccount.com
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3) Data Storage in Google Drive:  

For efficient information management and ease of use, Google Drive acts as a centralized archive to store project information. Google 

Drive offers a secure and reliable cloud-based storage solution that allows you to store and organize data in a structured way. When the 

data is ready to be saved, folders and subfolders can be created in Google Drive to organize the data according to project requirements. 

This hierarchical organization helps maintain a logical structure and allows for easy navigation and retrieval of information when 

needed.Files containing data can be stored in any directory. These files can be in different formats (eg CSV, Excel or other compatible 

format) depending on the nature of the data. By organizing the data warehouse in this way, it ensures that the data is well organized and 

readily available for analysis, processing and other activities throughout the life of the project.  

 

Google Drive also offers features such as search capabilities, version control, and collaboration features that further improve data 

management. Platform features can be used to efficiently find specific files, track changes, and collaborate with team members or project 

stakeholders. Overall, using Google Drive as a data storage solution provides a secure, scalable and user-friendly platform for storing 

and organizing project data. This simplifies data management, improves collaboration and ensures that data is readily available for 

further analysis, processing and integration into other parts of the project.  

 

4) Data Fetching to Google Colab:  

To perform analysis and model training, data must be downloaded from Google Drive to Google Colab. Using data stored in Google 

Drive requires the drive to be connected to the Colab environment.By installing Google Drive, a link is established between Google 

Colab and Google Drive, allowing direct access to and processing of data in Colab notebooks. This connection ensures seamless 

integration between the two platforms, enabling efficient work with data. Once the drive is successfully installed, the necessary data 

can be downloaded from Google Drive to the Colab environment. This can be done by specifying a file path or using the appropriate 

APIs provided by Google Colab and Google Drive. Taking data brings it into Colab notebooks, making it readily available for analysis, 

processing and model training.  

 

Once the data is retrieved, the preprocessing process can begin. In preprocessing, raw data is converted into a format suitable for 

modeling. This step may include tasks such as cleaning the data, handling missing values, scaling attributes, and performing other 

necessary transformations to ensure that the data is suitable for analysis.By preprocessing data in Google Colab, it prepares other 

modeling tasks. This step is crucial to ensure the quality and integrity of the data and to optimize its suitability for the specific modeling 

techniques intended to be used. In short, it can be said that bringing data from Google Drive to Google Colab allows you to use and 

process data in the Colab environment. Installing the drive and preprocessing the data creates a seamless workflow that enables analysis 

and modeling using data obtained from Google Colab.  

 

5) Data Storage and Automatic Update in Google Sheets:  

To ensure efficient data management and smooth updates, a separate table is created in Google Sheets, where data and predictions 

generated by models are stored and pre-processed. This spreadsheet serves as a centralized repository for project information and 

provides a structured and organized format. The link between Google Colab and Google Sheets uses APIs and libraries available to 

enable communication between the two platforms. Using these tools, updating the spreadsheet with new forecasts can be automated.  

 

Once connected, the integration is configured to automatically update a particular spreadsheet in Google Sheets when new forecasts are 

created in Google Colab. This ensures that forecasts are quickly displayed in a spreadsheet without manual intervention. Implementing 

automatic updates simplifies the process and eliminates the possibility of errors or delays in manual transmission of forecasts. This 

integration improves overall workflow efficiency and reliability by providing real-time access to up-to-date forecasts in the Google 

Sheets environment.  

 

In conclusion, creating a separate spreadsheet in Google Sheets and connecting to Google Colab facilitates seamless data storage and 

automatic updates. This integration ensures that the spreadsheet contains the latest predictions generated by the models, providing a 

complete and accurate representation of project results.  

 

6) Preprocessing : 

Data preprocessing is a critical step in preparing the sales data for analysis and model training. Given the large volume and unstructured 

nature of the sales data, it required several preprocessing techniques to clean, transform, and enhance the data for further processing. 

The following techniques were applied to the dataset:  

 

A.  Handling Missing Values: If missing values are detected in the dataset, they can be handled using the SimpleImputer class from the 

scikit-learn library, which provides a more flexible and comprehensive approach for imputing missing values. The SimpleImputer 

class allows us to specify different imputation strategies, such as mean, median, mode, or constant, depending on the nature of the 

data.  

 

B. Outlier Detection and Treatment: Outliers, if present in the dataset, can be detected using suitable methods such as statistical 

measures or visualization techniques. Depending on the analysis requirements and the significance of outliers, various approaches 

can be considered, including removal of outliers, transformation techniques, or using robust statistical models.  

 

C. Data Validation and Quality Checks: To ensure the integrity and quality of the dataset, various data validation and quality checks 

can be performed. This involves examining the data for inconsistencies, duplicate records, incorrect data types, or any other 

anomalies that could affect the reliability of the analysis.  

 

D. Feature Selection and Extraction: Feature selection and extraction techniques can be employed to identify the most relevant and 

informative features for the analysis. This involves analyzing the relationship between the features and the target variable, and 

selecting a subset of features that contribute significantly to the analysis. Techniques such as correlation analysis, statistical tests, or 
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domain knowledge can be considered for feature selection. In this context, the target variables can be Total Profit alone for prediction 

or both Total Profit and Total Revenue for prediction.  

 

E. Data Transformation: Data transformation techniques are used to normalize or standardize the data, handle skewed distributions, or 

remove scale differences among features. Common techniques include normalization, standardization, logarithmic transformation, 

or power transformation. 

F. Encoding Categorical Variables: Categorical variables need to be encoded into numerical representations for analysis. This can be 

done using techniques such as one-hot encoding, label encoding, or ordinal encoding.  

 

Figure 2 : Dashboard for Preprocessed Data 

 

 

7) Data Visualization in Google Data Studio:  

Data visualization plays a vital role in effectively communicating insights and trends from the preprocessed data. After the data is 

preprocessed in Google Colab and stored in a Google Sheets spreadsheet, it can be accessed and utilized for further analysis and 

visualization in Google Data Studio. Google Data Studio offers a wide range of visualization options to create interactive and visually 

appealing dashboards based on the preprocessed data.  

 

In Google Data Studio, stakeholders can leverage various types of charts, graphs, and visual elements to present the insights derived 

from the preprocessed data in a meaningful and understandable way. These interactive dashboards enable users to explore the data, 

uncover patterns, and gain valuable insights. The dashboards can be customized and tailored to suit the specific needs and preferences 

of the stakeholders.  

 

One of the key advantages of using Google Data Studio is its ability to provide real-time updates. Any modifications or updates made 

to the preprocessed data in the Google Sheets spreadsheet automatically reflect in the visualizations within Google Data Studio. This 

ensures that the dashboards are always up to date and accurately represent the latest insights, allowing stakeholders to make data-driven 

decisions based on the most current information.  

 

Furthermore, Google Data Studio offers interactive features such as filters, slicers, and drill-down capabilities. These features allow 

users to interact with the preprocessed data as shown in Fig. 2, filter specific subsets, and dive into detailed views. By interacting with 

the visualizations, stakeholders can gain a comprehensive understanding of the preprocessed data, explore different perspectives, and 

uncover deeper insights.  

 

By leveraging the capabilities of Google Data Studio for data visualization, stakeholders can effectively communicate the insights 

derived from the preprocessed data. The combination of preprocessing techniques, storing the data in Google Sheets, and visualizing it 

in Google Data Studio empowers stakeholders to make data-driven decisions and gain valuable insights from the preprocessed data 

.Overall, the integration of preprocessing, data storage in Google Sheets, and visualization in Google Data Studio creates a 

comprehensive and efficient workflow for analyzing and communicating the preprocessed data. The seamless connection between these 

platforms enables stakeholders to effectively utilize the preprocessed data, explore visual representations, and derive actionable insights 

for informed decision-making.  
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8) SARIMA Model Building and Prediction:  

A. Data Preprocessing: The initial step in the code involves data preprocessing. The sales dataset is loaded, and the data is processed 

by grouping it based on different factors such as country, region, item type, and order date [16,17]. This grouping allows for the 

aggregation of relevant information required for analysis. Specifically, the total profit and total revenue values are calculated by 

summing the corresponding values for each group [16,17]. This results in a new dataset that contains the aggregated values, which 

will be used for further analysis.  

 

B. SARIMA Model Building: The code proceeds with building the SARIMA (Seasonal Autoregressive Integrated Moving Average) 

model. SARIMA is a popular time series forecasting model that incorporates autoregressive (AR) and moving average (MA) 

components, along with differencing to handle non- stationary data [16,19]. The specific parameters for the SARIMA model are 

provided by the authors of the research paper, and these parameters are incorporated into the code (References 1, 4). These 

parameters include the number of autoregressive terms (p), the degree of differencing (d), the number of moving average terms (q), 

as well as the seasonal components (P, D, Q) and the length of the seasonal period (s) [16,19]. 

 

C. Stationarity Check: Before training the SARIMA model, it is crucial to check the stationarity of the time series data (References 1, 

4). Stationarity implies that the statistical properties of the data, such as mean and variance, remain constant over time. The code 

performs a stationarity check using the Augmented Dickey-Fuller (ADF) test. The ADF test provides a p-value, and if the p-value 

is greater than 0.05, it suggests that the data is non-stationary. In such cases, differencing is applied to the data to make it stationary 

[16,19]. Differencing involves subtracting the previous observation from the current observation to remove trends or seasonality, 

ensuring that the data meets the stationarity assumption required for SARIMA modeling. 

Figure 3 : SARIMA Model 

 

 

D. SARIMA Model Training: Once the data has been preprocessed and made stationary if necessary, the code proceeds with training 

the SARIMA models. Separate models are built and trained for total profit and total revenue using the specified SARIMA parameters 

[16,19].The order and seasonal order have been taken as (2,1,4) and (0,1,1,7) from the paper[1] . The parameters are for the training 

process involves fitting the SARIMA model to the preprocessed data, which estimates the model's coefficients and other parameters. 

This allows the model to capture the patterns and relationships present in the data, enabling it to make accurate predictions.  

 

E. Forecasting: After training the SARIMA models, the code utilizes them to make predictions for the next 12 months [16]. This is 

accomplished using the get_forecast() function, which takes the trained SARIMA model as input and generates the forecasted values 

for total profit and total revenue. The function utilizes the model's parameters and the historical data to produce predictions for the 

future time periods [19]. The forecasted values represent the expected future values for the respective time series, providing insights 

into the future trends and patterns in total profit and total revenue.  

 

F. Storage of Predictions: The predictions for total profit and total revenue are stored in a dictionary structure for easy access and 

analysis. The dictionary is organized with keys representing the unique combinations of country, region, and item type [19]. For 

each combination, the corresponding values in the dictionary contain the predicted values for total profit and total revenue for each 

month . This storage mechanism ensures that the predictions are organized and can be efficiently retrieved for further analysis or 

visualization [16].  
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G. Printing Predictions: The code concludes by printing the predictions for all combinations of country, region, and item type [16]. It 

iterates over the stored predictions in the dictionary and displays the country, region, item type, and the predicted total profit and 

total revenue values for each month. This provides a clear and concise representation of the forecasted values, allowing stakeholders 

to examine and interpret the predicted outcomes easily.  

 

By following these steps and utilizing the SARIMA model with the specified parameters from the research paper, the code effectively 

preprocesses the data, builds and trains the SARIMA models, performs forecasting, and stores the predictions [18]. The predictions can 

serve as valuable inputs for decision-making, resource allocation, and strategic planning in the context of sales and business operations 

[16]. They provide insights into the expected future trends and patterns in total profit and total revenue for various combinations of 

country, region, and item type, supporting informed decision-making processes [19].  

 

9) Automatic Update of Predictions in Google Sheets:  

When new forecasts are created in Google Colab, there are two ways to automatically update the forecast table in Google Sheets: scripts 

and scheduled execution.A script refers to the execution of a program or script that is executed in Google Colab. This script is 

responsible for creating forecasts and updating the forecast table in Google Sheets. To achieve this, Google Colab and Google Sheets 

must be connected using appropriate APIs or libraries, such as the Google Sheets API or Python's gspread library. The script can be 

scheduled to run manually, or it can be triggered by an event, such as the completion of a forecasting process.  

 

Scheduled execution involves defining a schedule or time-based trigger to run the forecasting process automatically. This can be done 

using various available tools or services such as Google Cloud Scheduler or external cron jobs. By defining a schedule, the forecasting 

process, including creating new forecasts and updating the forecast table in Google Sheets, can be done at regular intervals without 

manual intervention. The purpose of both methods is to make it easy to update the forecast table in Google Sheets, every time new 

forecasts are created. Enabling a script or scheduled execution ensures that forecasts automatically appear in the spreadsheet and provide 

up-to-date information without manual updating. The choice between the two methods depends on the specific requirements, 

preferences and tools available in the environment.  

 

10) Automatic Update of Visualizations in Google Data Studio: 

After successfully automatically updating the forecast table in Google Sheets, the next step is to ensure that these updates are reflected 

in Google Data Studio visualizations and dashboards. Thus, dynamic and up-to-date visual representations can be obtained from the 

data.Article [15] provides a good example of how Google Data Studio can be used to visualize time series data. In this study, the authors 

used Google Data Studio to create a dashboard illustrating the number of tourist visits to Bali over time. The dashboard included various 

visualizations such as line charts, bar charts, and pie charts. Using these visualizations, the authors were able to track trends in tourist 

visits over time and identify the factors behind these trends. 

 

To automatically update visualizations in Google Data Studio based on changes to the forecast table, follow these steps:  

A. Connect Google Data Studio to the predictions spreadsheet: Create a connection between Google Data Studio and a forecast table 

in Google Sheets. This connection allows you to import spreadsheet data into Google Data Studio reports.  

 

B. Create visualizations: Utilize the data from the predictions spreadsheet to create visualizations and charts in Google Data Studio. 

Select appropriate visualization types that effectively represent and communicate the insights.  

 

C. Configure automatic update settings: Google Data Studio provides an automatic update feature that allows you to specify the refresh 

rate or schedule for updating the data in your visualizations. This feature ensures that the visualizations reflect the latest data from 

the predictions spreadsheet.  

 

D. Test and verify the setup: After configuring the automatic update settings, validate that the visualizations in Google Data Studio 

automatically update based on changes in the predictions spreadsheet. Make changes to the spreadsheet and observe if the 

visualizations reflect those changes in real-time.  

 

By utilizing the automatic refresh feature of Google Data Studio, a smooth and synchronized flow of data between the forecast table 

and visualizations can be maintained. All updates to the forecast table are automatically reflected in the visualizations without manual 

intervention or updating. 

This automation streamlines the process and ensures that visualizations and dashboards always show the latest predictions and insights. 

It can be used to make informed decisions and share current information with the public. Regular monitoring of the automatic update 

is recommended to ensure its continued effectiveness and to troubleshoot issues.  

 

11) Iterative Analysis and Visualization: 

After successfully completing the previous step of setting up the automatic update of the predictions spreadsheet in Google Sheets, the 

next phase involves iterative analysis and visualization using Google Colab, Google Sheets, and Google Data Studio. This iterative 

process is essential for continuously improving the accuracy and performance of predictions and staying up to date with the latest 

insights.Iterative analysis and visualization involve the following steps:  

• Continuous data analysis and visualization: Utilize the capabilities of Google Colab, Google Sheets, and Google Data Studio to 

regularly analyze and visualize the data. This includes exploring patterns, trends, and relationships within the data and identifying any 

anomalies or outliers. By consistently engaging in data analysis and visualization, one can gain a deeper understanding of the data 

and uncover valuable insights.  

 

• Iteration on model training, evaluation, and prediction:  Enhance the accuracy and performance of predictions through an iterative 

approach.This iterative process allows for continuous improvement in the accuracy and reliability of predictions.  
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• Monitoring of automatic updates: Follow the automatic updates of Google Sheets and Google Data Studio regularly to stay up to date 

with the latest predictions and statistics. Monitoring automatic updates ensures you're using the latest information and can make 

informed decisions.  

 

By following this formalized iterative analysis and visualization process, individuals can refine their models, gain deeper insights from 

the data, and improve the accuracy of predictions over time. The integrated workflow of Google Colab, Google Sheets, and Google 

Data Studio provides a robust platform for continuous improvement and monitoring of predictions and insights. 

 

IV.  RESULT 

In this study, the project used SARIMA (Seasonal Autoregressive Integrated Moving Average) models to forecast sales. The sales data 

was pre-processed, which made it possible to create accurate prediction models. The resulting forecasts of total profit and total revenue 

were carefully recorded in a structure arranged in a Google Sheets spreadsheet as shown in fig. 4.  

Figure 4 : Results stored in sheets 

 

The automated workflow was created through the seamless integration of Google Colab, Google Sheets and Google Data Studio. This 

made it easy to instantly update forecasts in a spreadsheet, which were then reflected in interactive dashboards created by Google Data 

Studio as shown in fig 5. This dynamic aggregation ensured that  visual representations of sales forecasts were constantly updated and 

accurately represented prevailing trends and patterns.  

Figure 5 : Dashboard for predicted data 
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Through an iterative process of analysis and visualization, the project provided comprehensive results that enabled companies to make 

sound decisions, optimize inventory  and improve sales strategies. This effort underscores the most important role of data methods in 

the field of sales forecasting. 

 

 

V.  CONCLUSION 

In summary, it can be stated that this study made a comprehensive study of sales forecasting and its direct effects on companies, focusing 

mainly on the SARIMA methodology. Through the practical application of SARIMA, the main objectives of the research were to 

improve sales forecasts, facilitate decision-making processes, optimize inventory management strategies and design effective sales 

methods. The results strongly highlight the significant potential of SARIMA to effectively address these critical aspects. By creating 

accurate and effective sales forecasts, SARIMA enables organizations to make informed decisions and anticipate market fluctuations. 

 

In addition, the research agenda highlighted in the articles emphasizes the impact of changes in business analysis, especially SARIMA, 

on the decision landscape of business units. This emphasis emphasizes the significant impact that analytics can have on the overall 

performance of organizations. Importantly, it underscores the need for continued in-depth research to fully understand the game's impact 

and establish best practices  to improve SARIMA's capabilities. 

 

Overall the implemented project is a concrete example of the growing importance of sales forecasting in business. This places SARIMA 

and business analytics as uniquely necessary tools to guide informed decision-making processes related to sales-oriented activities. 

Because of the insights provided, this study not only adds value, but also provides a cornerstone for future research projects, thus playing 

a key role in the progressive development of sales forecasting methods and techniques. 

 

In addition, a key aspect of this study is the inclusion of panel visualization. Integrating data visualization with dashboards improves 

the availability and interpretability of sales forecast results. Visual representation of complex data models and forecasts gives 

stakeholders a clear view, helping them make effective decisions. These dashboards act as a bridge between advanced analytical results 

and practical decision-making, increasing the value of research findings and their practical applicability. 
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