 




Abstract
This project aims to design, develop, and evaluate a forecast-driven Business Intelligence (BI) dashboard to support improved decision-making within the Driver and Vehicle Licensing Agency (DVLA), a public sector organisation. Many government departments, including the DVLA, still rely on legacy spreadsheet tools that lack scalability, automation, and advanced analytics capabilities. This project aims to addresses these limitations by integrating modern time series forecasting techniques with an interactive BI dashboard.
The solution will be developed using Python or R, applying forecasting models such as ARIMA, Prophet, and XGBoost. Forecast accuracy will be evaluated using statistical performance metrics for example MAE and RMSE, dashboard usability will be assessed through user feedback collected via a short survey. The project follows a mixed methods approach, using the Research Onion framework. Agile development and MoSCoW prioritisation will be used to ensure delivery of a minimum viable product within time constraints.
The dashboard will provide users with predictive data, interactive visualisations, and automated reporting features to ensure faster and more reliable decisions. The techniques used will be designed to be transferable to other public sector organisation, enabling the research to be reused. This work will contribute to ongoing public sector digital transformation plans and aims to highlight the value of combining forecasting models with BI tools.
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[bookmark: _Toc204704450]Introduction
This report outlines the proposal for a research project titled “To design, develop, and evaluate a forecast-driven business intelligence (BI) dashboard to support improved decision making in a public sector organisation.”
Data plays a vital role in informing strategic planning and operational decision making within the public sector. Although public sector organisations hold large amounts of data, they often lack the capacity, infrastructure, or analytical skills to fully utilise this information to support effective decision making, as highlighted in a Cabinet Office review (2022) [1].
As concluded in a 2021 National Audit Office publication [2], many government departments continue to rely on outdated tools, particularly spreadsheet-based systems, which offer limited automation and are poorly suited to processing large datasets and forecasting future trends. This project aims to address and assess these limitations and produce a modern Business Intelligence dashboard with time series forecasting.
Business Intelligence refers to a set of procedures and tools that collect, manipulate, analyse, and present data to support strategic planning and informed decision making [3]. When integrated with forecasting techniques, BI systems can provide predictive insights that further enhance the quality of decisions.
Time series forecasting involves analysing historical data to predict future values, making it a vital part of planning and decision making within organisations [4]. Advanced forecasting methods like ARIMA, Prophet, and XGBoost are widely used across many industries for forecasting, however, there is limited evidence of how these techniques are applied within public sector organisations. Many public bodies still rely on basic forecasting methods and outdated tools such as spreadsheets [2]. This project aims to address that gap by implementing an advanced forecasting system, supported by a BI dashboard to improve forecasting accuracy and enable better decision making within a public sector organisation, specifically the DVLA.
As a data analyst at the DVLA, with experience in working with organisational data and dashboard development, I am well positioned to deliver a solution tailored to the agency’s operational needs. 


1. [bookmark: _Toc204704451]Background To The Proposed Research 
Microsoft Excel is often used as the primary data analysis and reporting tool within the DVLA and many public sector organisations due to its ease of use and widespread adoption as part of the Microsoft Office platform [2]. However, the limitations of legacy software are often challenging in the public sector, where data is a critical part of service delivery. The UK government’s digital transformation roadmap identifies a shift away from legacy spreadsheet tools and a move towards more advanced platforms that include real-time decision-making data, predictive analytics, and interactive dashboards [1].
The limitations of Excel and other legacy tools can hold back analysts from working with large datasets, generating automated dashboards, and implementing advanced forecasting techniques. Rosener [5] identified that Excel’s performance declines significantly when handling large datasets, often resulting in slow processing and frequent software crashes. Similarly, Kelvin et al. [6] found that Excel uses substantially more CPU and memory resources than programming scripts, for example, Python or R based data processing, even for simple operations. These findings highlight concern that Excel and similar legacy software solutions are not designed to meet the increasing demands and capabilities of modern-day data analytics, restricting their use to only basic forecasting techniques and data delivery. In addition to performance limitations, the risk of human error is also increased when using legacy tools. Panko and Port [7] highlight the increased risk of user errors in spreadsheets due to lack of built-in validation and limited features, these issues can risk data integrity as mistakes are often difficult to detect, especially in complex datasets.
To overcome these limitations, organisations are increasingly implementing Business Intelligence (BI) solutions. BI systems offer scalable solutions capable of managing multiple data sources and large datasets. They support advanced, automated analytics and provide an interactive experience for end users. Shatat [8] examined the implementation of a BI solution at Uber and concluded that interactive dashboards significantly enhanced the speed and quality of decision-making. The study found that BI tools improved customer service, enabled more timely decision-making, and enhanced the overall user experience.
Dashboards play a key role in BI solutions by offering a user-friendly interface that enables users to interact with big data and track key performance indicators. Wilkinson [9] concluded that dashboards have evolved beyond simple reporting tools, modern dashboards often offer advanced, interactive platforms capable of delivering real-time data to support operational decision-making. The study found that dashboards can process large volumes of data efficiently and help users identify trends easily. The report also recommends various design considerations, for example avoiding visual clutter, providing user customisation options, and implementing alert metrics to highlight areas of interest for the user.
The ability to forecast data can significantly enhance decision-making capabilities by helping proactive planning and resource allocation. Mohamad et al. [10] developed an interactive sales analytics dashboard using both a Autoregressive Integrated Moving Average (ARIMA) model and a Seasonal Autoregressive Integrated Moving Average (SARIMA) model. The results showed that SARIMA outperformed ARIMA, likely due to its ability to include seasonality, which suited the sales data well. Interactive dashboards were used to display trend graphs with future predictions, along with evaluation metrics to help assess forecast accuracy. The study also highlighted opportunities for further research, including the use of more advanced time series forecasting techniques such as machine learning models, and the potential benefits of integrating real-time data sources.
Famadico [11] developed a forecasting dashboard to predict hospital logistics during the COVID-19 pandemic. The study implemented several time series models, including ARIMA, Recurrent Neural Network (RNN), and Long Short-Term Memory (LSTM), to forecast new admissions and active cases. The paper concluded the LSTM model consistently produced the most accurate results. The authors also suggested that forecast accuracy could be improved in future work by incorporating additional variables such as vaccination rates and policy changes. The forecasting results were delivered through a web-based dashboard, enabling healthcare professionals to easily visualise trends and anticipate future patient numbers.
Farooq et al. [12] investigated the use of multiple time series forecasting methodologies to improve prediction accuracy. Their hybrid approach combined ARIMA with machine learning models, based on the theory that ARIMA is well suited to capturing linear patterns, while machine learning models such as LSTM are more effective at modelling non-linear trends. The results showed that combining the strengths of both approaches produced lower forecasting errors and improved accuracy, this was tested across multiple datasets. This work highlights the potential of combining different models to enhance forecasting performance. While this study used ARIMA for the linear component and LSTM for the non-linear component, the authors suggest that other hybrid combinations / models could be explored in future research.
Research by Khan [13] concluded that moving from an Excel-based forecasting solution to a machine learning-driven BI platform considerably improved forecast accuracy and operational decision-making, with 92% accuracy achieved in future predictions. This work highlights the value of integrating forecasting into a combined BI system and demonstrates how advanced forecasting methods can outperform legacy tools such as Microsoft Excel.
To ensure forecasting models are reliable and suitable for decision making it is essential to evaluate their performance. Medium [14], provides an explanation of commonly used evaluation measures include:
Mean Absolute Error (MAE)
[image: A black and white math symbol

AI-generated content may be incorrect.]
[bookmark: _Hlk204692782]Figure 1. Formula for Mean Absolute Error
MAE measures the average size of the errors between predicted and actual values, regardless of direction.
Root Mean Squared Error (RMSE)
[image: A square root of a mathematical equation
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[bookmark: _Hlk204692805]Figure 2. Formula for Root Mean Squared Error (RMSE)
RMSE is similar to MAE, but it squares the errors before calculating the average, this means bigger mistakes count more in the final score.
Mean Absolute Percentage Error (MAPE)
[image: A black and white math symbols
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Figure 3. Formula for Mean Absolute Percentage Error (MAPE)
MAPE shows how big the errors are as a percentage of the actual values, making it easy to understand and compare.
Mean Absolute Scaled Error (MASE)
[image: A black and white math equation
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Figure 4. Formula for Mean Absolute Scaled Error (MASE)
MASE compares the forecast errors to a basic model, so it is easier to see if the model is doing better, no matter the scale of the data.
Botchkarev [15] explains different types of forecasting accuracy evaluation measures. The research concludes that different metrics are suitable for different situations, depending on the characteristics of the data. The choice of metric depends on factors such as the scale of the data, how large errors should be treated, and whether there are many unusual data points (outliers). Ease of interpretation is also important, for example, MAPE outputs a percentage, making it easier for users to understand and compare forecasting results. The proposed project will need to select the appropriate metric based on the user and data characteristics.
This literature review identifies that there has already been significant research conducted on forecasting methods and BI systems, with most studies focusing on implementation within the private sector. However, there is limited research exploring the use of forecast-driven dashboards in public sector organisations, particularly in working environments such as the DVLA. This highlights a gap where further investigation is needed into how advanced forecasting techniques and BI tools can be integrated into the public sector to improve organisational decision-making.


2. [bookmark: _Toc204704452]Research Problem Statement 
The Driver and Vehicle Licensing Agency (DVLA) currently relies on outdated tools such as Microsoft Excel to produce dashboards and perform forecasting. These tools have limited capabilities in automation, scalability, user interaction, and advanced analytics [1]. Excel’s built-in forecasting functions offer only basic techniques, which are often unsuitable for long-term planning or for handling complex forecasting tasks involving larger datasets [13]. The National Audit Office has identified similar limitations across UK government departments, where reliance on spreadsheets and manual processes continues to restrict the effective use of data [2]. This highlights a significant gap in the DVLA’s current data practices, limiting its ability to support effective and timely decision-making. Addressing this gap will enhance forecasting accuracy, streamline reporting processes and enhance decision making across the organisation.

3. [bookmark: _Toc204704453]Aim & Objectives 
[bookmark: _Toc204704454][bookmark: _Hlk202000022]3.1. Aim
To design, develop, and evaluate a modern, forecast-driven BI dashboard that supports decision-making in a public sector organisation and is suitable for large, complex datasets.
[bookmark: _Toc204704455]3.2. Objectives
· To conduct a critical review of existing literature on forecasting techniques and BI systems used in public sector contexts.
· To design and develop a BI dashboard integrating time series forecasting and interactive reporting features.
· To assess the accuracy and usability of the developed dashboard using quantitative performance metrics and user feedback.


4. [bookmark: _Toc204704456]Research Methodology
[bookmark: _Toc204704457]4.1 Research Methodology
The methodology for this project follows the Research Onion framework developed by Saunders et al. [16]. This framework identifies six layers: philosophies, approaches, strategies, methodological choices, time horizons, and techniques and procedures. These layers are illustrated in Figure 5 below.
[image: A diagram of a scientific method
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Figure 4. Research Onion framework [16]
This project will mainly use a quantitative research method, involving the collection and analysis of numerical data to evaluate forecasting accuracy and dashboard performance. Additionally, a small amount of qualitative data will be collected to evaluate the usability of the dashboard, using a short user survey.
[bookmark: _Toc204704458]4.1.1 Research Philosophy
The research philosophy for this project will be based on positivism, this means the research will be objective and focused on measurable outcomes. A positivist approach is appropriate because it aligns with the main aim of the project, to design a system that improves decision making through accurate forecasting. Forecasting models such as ARIMA and XGBoost can be evaluated using performance metrics such as MAE and RMSE, making this approach well suited to the project’s needs [14].
This philosophy also supports the dashboard development, where testing accuracy and performance will be essential. While most of the project follows a positivist approach, one limitation is that it does not capture user experience or subjective feedback. To address this, a small element of interpretivism will be included to help understand whether the final dashboard is fit for purpose from a user’s point of view.
[bookmark: _Toc204704459]4.1.2 Research Approach
This research will use a deductive research approach, which aligns with the positivist research philosophy. The deductive approach is appropriate as the project aims to test the effectiveness of a forecast-driven business intelligence dashboard using measurable and objective outcomes. This method is suited to the project because it uses existing theories and models from established literature and applies them to real-world data within the public sector. The deductive method will be used to evaluate whether the implementation of the dashboard leads to measurable improvements, for example, increased forecasting accuracy and more timely reporting.
[bookmark: _Toc204704460]4.1.3 Strategies
This project will use three research strategies: literature review, software development, and experiment. These strategies are suitable to the technical and analytical aspects of the project, this includes, developing a dashboard, applying forecasting techniques, and evaluating their performance.
4.1.3.1 Literature Review
A detailed literature review will be completed to examine existing research on BI systems, time series forecasting techniques, and evaluation methods. This review will help identify best practices, commonly used forecasting models, and appropriate evaluation approaches. In addition, the literature review will include research on current software tools and best practices in dashboard design to support the technical development of the project. performance.
4.1.3. 2 Software Development
Software development will be a core part of the project. An interactive BI dashboard will be designed and built to display forecast results, trends, and key performance metrics using DVLA data. Forecasting techniques will be developed using a programming language such as Python or R, depending on the tools identified in the literature review. The development process will follow an Agile methodology, which involves breaking the work into smaller tasks and incorporating testing throughout the development cycle [17].
4.1.3. 3 Experiments
Experiments will be used to evaluate the performance of different forecasting models e.g. ARIMA, Prophet, XGBoost, these will be conducted and compared using the same dataset. Each model’s forecasts will be compared using statistical metrics such as MAE, RMSE, and MAPE. This allows for a comparison to determine which method produces the most accurate results. The final models to be tested will be decided based on a more detailed literature review in the final project phase.
[bookmark: _Toc204704461]4.1.4 Risks & Limitations
There are a number of external factors and risks that could impact the success of this project. The main risk is limited access to real-time DVLA data, which could delay or restrict development and testing. To overcome this, a non-live dataset will be created using available internal DVLA data.
The project’s time frame also presents limitations. To manage this, the dashboard will be developed with core features first, following a MoSCoW prioritisation approach to ensure that essential functionality is delivered. Additionally, forecasting and running programming scripts can be time-consuming. Due to the potential size of the datasets, only a sample will be used to demonstrate what could be achieved in a full rollout.
During development, unexpected problems may occur, for example, bugs, unavailable software or licences, or data delays. Contingency plans will be in place to ensure that a minimum viable product (MVP) can still be delivered in the time scale.
[bookmark: _Toc204704462]4.1.5 Ethical Issues
This project has a low ethical risk. No sensitive or personal data will be used. Any operational data used will be anonymised and follow GDPR guidelines and DVLA data policies. An ethics form with a more detailed assessment will be submitted to UWTSD for approval.
[bookmark: _Toc204704463]4.1.6 Validity, Reliability & Generalisability
4.1.6.1 Validity
The methods used in this project include building a dashboard, applying forecasting models, and evaluating how well they perform. These provide a good way to investigate if a forecast driven BI dashboard can help improve decision-making. The literature review showed that similar methods have been used in research before, which makes them suitable for this project.
4.1.6.2 Reliability
The project will use common forecasting packages such as Prophet and XGBoost, and results will be evaluated using established statistical metrics. All methods will be clearly documented to ensure that future researchers can follow the same methodology and obtain similar results.
4.1.6.3 Generalisability
The project is focused on the DVLA, however the methods and tools used are designed to be relevant to other public sector organisations with similar operational structures. The forecasting techniques and dashboard design will be adaptable for use in other departments that manage similar types of data.
[bookmark: _Toc204704464]4.1.7 Data Evaluation Methods
4.1.7.1 Data Collection
The project will use historical DVLA operational data based on processed transactional volumes. Although the data is stored internally on an SQL server, it will be exported and used in CSV format due to internal policies and access restrictions. This format allows for easier handling and integration into the forecasting models and dashboard reporting. In addition, evaluation survey data will be collected using Microsoft Forms, with responses stored in SharePoint for analysis.
4.1.7.2 Data Evaluation
Data will be evaluated using statistical methods for example forecasting accuracy will be assessed using common error metrics such as MAE and RMSE [14]. Visualisations will be used within the dashboard to help evaluate forecast and trend outputs. User survey data will be used to test how effectively the dashboard supports decision-making.


[bookmark: _Toc204704465]4.2 Development Methodology
This project involves the design and development of a forecast-driven Business Intelligence (BI) dashboard for use within the DVLA. The final solution will use time series forecasting techniques based on historical data trends in order to produce an interactive dashboard. This section outlines the proposed development methodology for the project.
[bookmark: _Toc204704466]4.2.1 Software Development Methodology
The project will follow an Agile software development methodology. Boehm and Turner [18] describe Agile as a collection of lightweight methodologies that emphasize flexibility, customer collaboration, and rapid delivery. This approach will allow the project to be split into manageable deliverables.
[bookmark: _Toc204704467]4.2.2 Forecasting Methodology
A main part of the project is the development of a forecasting model to predict future trends based on historical DVLA data. This process will be developed using programming scripts written in Python or R. The forecasting pipeline will follow a several steps, as outlined by Mandelbaum [19]:
[image: ]
Figure 5. Forecasting pipeline process.
· Data Preparation: Raw data will be cleaned and formatted into a dataset suitable for time series analysis. This will include handling any missing values and formatting data to an appropriate format.
· Data Investigation: Data will be analysed to determine which model may be used for forecasting.
· Feature Engineering: Time-based features for example month, year, day of the week will be created identify potential patterns within the data.
· Model Development: Forecasting models will be developed and compared based on their accuracy. 
· Model Evaluation: The data will be split into training and testing sets to evaluate model performance. Forecasting models will be trained on historical data and tested on unseen data. Accuracy will be measured using metrics for example MAE and RMSE
· Integration: The final forecast output will be embedded into a BI dashboard.

[bookmark: _Toc204704468]4.2.3 Personal Design and Workflow
The dashboard interface will be designed to deliver an intuitive user experience. Mock-ups and wireframes will be produced using Microsoft PowerPoint to demonstrate the layout and functional. An example wireframe is presented below.[image: A screenshot of a computer
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[bookmark: _Hlk204701747]Figure 6. Wireframe of proposed dashboard

[bookmark: _Toc204704469]

5. Resources and Planning
[bookmark: _Toc204704470]5.1 Hardware Resources
The project will be developed using a standard laptop with sufficient compute power to support dashboard development and the running of forecasting scripts. All outputs, including datasets, scripts, and dashboard files, will be stored locally on the machine, with regular backups using a secure cloud storage solution for example Microsoft OneDrive.
[bookmark: _Toc204704471]5.2 Software Resources
The following software and tools will be required to complete the project:
· Python 3.11 or R 4.3 for data preparation and forecasting model development
· Forecasting libraries including Prophet, XGBoost, and ARIMA
· Microsoft Power BI or Tableau for dashboard design and development
· Visual Studio Code or RStudio for script writing and project management
All software will be provided by either the university or the DVLA. Final software selections will be confirmed following an in-depth literature review.
[bookmark: _Toc204704472]5.3 Information Resources
The project will use internal DVLA datasets related to processed transactional volumes of vehicle and licence data. The data will not have customer details, only high level aggregated processed volumes per day.
[bookmark: _Toc204704473]5.4 Human Resources
A short survey may be conducted to gather user feedback on the dashboard’s usability. The survey will involve approximately five internal DVLA users, with results being anonymised. The survey will be voluntary.
[bookmark: _Toc204704474]

5.5 Project Plan
This section outlines the project planning approach, including key deliverables, timelines, and tasks necessary to complete the aims and objectives.
[bookmark: _Toc204704475]5.5.1 MoSCoW Analysis
A MoSCoW analysis has been conducted to support project planning and prioritisation. Fig 7 below categorises tasks into Must, Should, Could, and Won’t have items, based on their importance and the project’s time limitations.
	Must Have
	Should Have

	· Literature Review on BI dashboards
 and forecasting in the public sector
· BI dashboard with integrated forecast
· Time Series Forecasting Model
· Forecast performance evaluation metrics e.g. RMSE, MAE 


	· Implement multiple forecasting models.
· Interactive dashboard features e.g. filters and drill downs.
· Automated data cleaning and preprocessing


	Could Have
	Won’t Have

	· Automated data refresh
· User guide and accessibility considerations
· Model performance comparisons




	· Fully automated end-to-end pipeline
· Cloud deployment \ integration
· Mobile specific design considerations
· Real time \ live data integration




[bookmark: _Hlk204701971]
[bookmark: _Hlk204702001]Figure 7. MoSCoW analysis of project tasks based on priority and time constraints.




[bookmark: _Toc204704476]5.5.2 Project Plan
Fig 8 below shows the Gantt chart for the proposed project, identifying key phases and subtasks. This plan ensures the project aims can be delivered in a structured and organised timeframe.
[image: A screenshot of a computer
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[bookmark: _Hlk204702069]Figure 8. Gantt chart illustrating the key phases and timeline of the project
The dependencies between project tasks are summarised in Table I below.
[bookmark: _Hlk204692941]Table I: Task Dependencies for BI Dashboard Project
[image: A screen shot of a task
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[bookmark: _Toc204704477]6. Project Impact and Potential for Further Development
The project has the potential to make a meaningful impact within the DVLA by improving how operational forecasting and performance reporting is implemented. By replacing manual Excel-based tools with an automated, interactive BI dashboard, the project aims to enhance data accuracy, improve forecasting performance, and reduce the time required to produce reports. These improvements will directly support more effective decision-making within the organisation.
Although this project will primarily benefit the DVLA, the dashboard and forecasting approach could be adapted for use in other public sector organisations with similar operational needs. This gives the project strong potential for reuse across government departments, particularly those that are currently dependent on outdated reporting tools such as spreadsheets.
With additional time and resources, the project could be extended to integrate with live data systems and incorporate a wider range of performance metrics. More advanced machine learning forecasting techniques could also be explored to further improve prediction accuracy.
Currently, the available data is based on monthly aggregates; however, future versions of the system could use daily-level data to produce more granular and accurate forecasts. This would improve the dashboard’s ability to support both short term planning and long-term strategic decision making.
The results of the forecasting model comparisons may also contribute to academic research by providing insights into the use of time series techniques within the public sector.

[bookmark: _Toc204704478]Conclusion
This project aims to design, develop, and evaluate a forecast-driven Business Intelligence (BI) dashboard to support improved decision-making within a public sector organisation, specifically the DVLA. The main objective is to replace outdated spreadsheet-based processes with a modern, automated solution capable of advanced time series forecasting techniques such as ARIMA, Prophet, and XGBoost.
The proposed development is designed to enhance the accuracy of forecasting, improve the efficiency of performance reporting, and provide users with the data needed for operational decision-making. By using the forecasting outputs within an interactive dashboard, the project aims to make data more accessible and usable for decision-makers.
The research follows the research onion framework, utilising a mixed-method approach. This includes software development, experimental testing of forecasting models, and qualitative feedback to assess usability. The development will follow Agile principles, using MoSCoW prioritisation to manage the time constraints and deliver a minimum viable product.
Planning and task management will be critical due to the limited timeframe of the project. Tasks will be broken into manageable chunks, and essential features will be prioritised to ensure that vital functionality is delivered. Additional functionality, such as integration with live data sources or more complex forecasting methods, may need to be explored in future development phases.
While the current focus is on supporting the DVLA, the tools and techniques developed will be designed to be transferable to other public sector organisations.
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