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[bookmark: _Toc228478272]Abstract
As open crime data increases in prominence within the United Kingdom, there are now significant opportunities for data-driven analysis; nonetheless, the accessibility of such data does not inherently guarantee its interpretability. Crime datasets are often presented in raw or tabular formats, which ultimately limits their usefulness for non-specialist users, and limits effective analytical insight. This project aims to address this gap through the design and development of an interactive crime data visualisation dashboard using Microsoft Power BI [1].
The system integrates publicly available police-recorded crime data for England, Wales, and Northern Ireland, transforming it through a structured Extract-Transform-Load (ETL) process into a coherent visualisation dashboard. A user-centred design approach was adopted, informed by principles from information visualisation and Human-Computer Interaction, to promote usability, clarity, and analytical effectiveness. The dashboard incorporates interactive filtering, geographic mapping, temporal trend analysis, and key performance indicators to support exploratory data analysis in a user-friendly approach.
Evaluation was conducted using a mixed-method approach, combining a cognitive walkthrough with user testing involving several participants of various experience levels. The results indicate that the system is both functionally robust and highly usable, with users to able to explore crime patterns across spatial and temporal dimensions at an efficient level. While limitations exist, such as data completeness and scalability constraints, the dashboard demonstrates strong analytical value.
The project concludes that interactive visualisation can significantly enhance the accessibility and interpretability of complex public datasets, while highlighting the significance of combining technical implementation with user-centred design principles, and providing a foundation for future developments, including expanded data integration and predictive analytics.
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[bookmark: _Toc228478273]Chapter 1 – Introduction
[bookmark: _Toc211813444][bookmark: _Toc228478274]1.1 Context and Background
Criminal activity remains a commonly examined social issue within the United Kingdom. Significant investment in the collection and publication of statistical crime data has taken place due to public concern surrounding long-term trends in crime rates and regional disparities. Institutions such as the Office for National Statistics [2] and the UK Home Office [3] issue significant volumes of structured crime data at local, regional, and national levels. These datasets include categorised offence types, police-recorded crime, and temporal breakdowns.
Despite the public interest and availability of the data, accessibility does not necessarily equate to usability. Crime statistics, such as those distributed from Police.uk, are frequently presented in a spreadsheet or table format that requires specialist knowledge to interpret effectively. Therefore, members of the public may struggle to extract meaningful insights without substantial cognitive load.
Business Intelligence (BI) tools, particularly interactive visual analytics platforms such as Microsoft Power BI [1] have emerged over recent years. They provide an opportunity to bridge this gap. These tools can transform complex datasets into interactive dashboards that support temporal exploration and filtering comparative analysis. Nonetheless, the effectiveness of a system created in BI tools is often nuanced and is dependent on both technical implementation in addition to adherence to established principles of visual cognition, data modelling, and user-focused design.
This project covers the areas of computing, information visualisation, and data analytics. It seeks to address the issue of a lack of interpretability and accessibility in publicly available UK crime data by designing and developing an interactive Power BI [1] dashboard that focuses on comparative analysis across UK cities.
This project shares an alignment with the Applied Computing discipline as it involves software development, database integration, data handling, and visual analytics – which are vital technical competencies within the computing realm.
[bookmark: _Toc228478275]1.2 Project Overview
This project focuses on the design, development, and evaluation of an interactive crime data dashboard for UK cities. The system integrates publicly available crime datasets and transforms them into a structured analytical model that allows for the dynamic exploration of crime trends and how they have developed over time.
The aim of the dashboard is not simply to showcase data, but it aims to support analytical reasoning. It will include calculated measures, comparative metrics (such as crime rate per capita), and filtering mechanisms that provide users with an opportunity to interrogate the dataset based on their informational needs.
The project is an applied computing investigation into how data modelling, visual design, and user interaction principles can combine to increase decision support and public understanding of a complex social issue.
[bookmark: _Toc228478276]1.3 Aim
The overall aim of this project is: 
To design and develop an interactive data visualisation web-based dashboard that presents crime data for cities within England, Wales, and Northern Ireland, enabling users to analyse crime distributions, trends and hotspots effectively.
[bookmark: _Toc211813445][bookmark: _Toc228478277]1.4 Objectives
1. To collect and review open crime datasets from official UK police sources.
2. To design and develop an interactive web-based dashboard using a modern data visualisation library (Power BI) [1].
3. To implement data filtering and mapping features that allow users to filter crime by type, area, and date.
4. To evaluate the usability and effectiveness of the dashboard using user feedback and data accuracy checks.
[bookmark: _Toc228478278]1.5 Report Structure
The following chapter present a critical review of literature in crime analytics, information visualisation theory, dashboard design, and geographic data representation. Chapter 3 outlines the research philosophy and development methodology adopted in the project. Chapter 4 describes the system design and implementation in detail, including data modelling and interface decisions. Chapter 5 evaluates the dashboard against its objectives and the existing literature. Chapter 6 draws conclusions and provides recommendations for future work. Chapter 7 provides a structured reflection on the technical and professional learning achieved during the project.
[bookmark: _Toc228478279]Chapter 2 – Research & Review of Literature
[bookmark: _Toc228478280]2.1 Introduction
Large scale datasets within public-sector domains have proliferated rapidly over recent years, thereby increasing the significance of effective data visualisation techniques. Datasets linked to crime analysis are inherently complex as they incorporate temporal, spatial, and categorical dimensions that necessitate thorough representation to ensure a lack of bias and meaningful interpretation. Therefore, data visualisation is not merely a tool used for presentation, but also a significant component of analytical reasoning and decision making.
This chapter critically evaluates literature from several fields, including information visualisation, human-computer interaction (HCI), and user experience (UX). It examines how theoretical frameworks and empirical findings inform the design and development of analytical dashboards. Attention is also faced towards the challenges associated with crime data. Additionally, this chapter highlights key findings within the literature, such as the balance between clarity and aesthetics, and the role of supporting engagement through interactivity.
[bookmark: _Toc228478281]2.2 Information Visualisation and Cognitive Processing
Information visualisation is defined as utilising visual representations to increase cognition and supporting analytical thinking [4]. This emphasis of this conceptualisation is that visualisation is utilised as a cognitive support that provides users with an opportunity to effectively process complex datasets more thoroughly and efficiently as opposed to mere textual or numerical formats. Increased research in this field has backed this viewpoint, illustrating that visualisation leverages human perceptual capabilities such as pattern recognition and pre-attentive processing [5] [6].
Pre-attentive attributes, such as colour, size, and spatial positioning, allow users to quickly identify patterns and anomalies without conscious effort [7]. For instance, clusters of incidents in crime datasets can be rapidly processed by the user with spatial mapping, while temporal trends can be inferred from line charts. There is a particular benefit in analytical contexts where users must interpret large volumes of data within limited timeframes.
However, the end user can only experience the cognitive benefits of visualisation when effective design is prominent. If visualisations are unstructured, users will often feel overwhelmed and will be forced to deal with increased cognitive load, effectively producing a detriment to the comprehension of the end user. [8]. Cognitive load theory suggests that interfaces should minimise unnecessary mental effort. This allows users to merely focus on the intrinsic complexity of the task as opposed to the presentation of information. This illustrates the significance of aligning visualisation design with human cognitive capabilities.
[bookmark: _Toc228478282]2.3 Principles of Effective Data Visualisation
There are several effective design principles that influence visualisation design. Tufte (2001) [9] argues that graphical displays that prioritise clarity, precision, and efficiency will communicate complex information with more accuracy. The concept of graphical integrity is a central point of this argument, which deems that visual representations must reflect the underlying data without distortion.
Tufte’s concept of the “data-ink ratio” supports the minimisation of non-essential visual elements to make the most of the proportions of the visualisation dedicated to data representation. The purpose of this standard is to decrease clutter and improve interpretability. Similarly, Stephen Few (2012) [6] highlights the importance of straightforwardness and clarity, claiming that extreme decoration can obscure meaning and affect analytical reasoning.
Despite the strong emphasis on minimalism, some recent studies advocate that visual embellishments may have a part in enhancing user engagement and memorability. Bateman et al. (2010) [10] disputed that embellished charts were more memorable than minimalist designs and do not significantly reduce readability. This contests the traditional assessment that simplicity is optimal and implies that effective design necessitates a balance between clarity and engagement. Norman (2013) [11]  further supports this viewpoint, arguing that emotional responses to design can influence perception and interaction.
Another significant consideration is towards the overall effectiveness of visual encodings. Cleveland and McGill (1984) [12] claim that certain graphical illustrations are more accurately understood than others, with position and length outperforming angle and area in perceptual accuracy. Mackinlay (1986) [13] supported this work by propositioning a ranking of visual encoding methods based on their effectiveness for various data types. These findings have direct implications for dashboard design, thereby advising the decision of appropriate visualisations for analytical tasks.
/////


[bookmark: _Toc228478283]2.4 Human-Computer Interaction and Visual Analytics
Human-computer interaction provides a hypothetical groundwork related to how users interact with visualisation systems. An acclaimed literature in this field is Schneiderman’s (1996) [14] “visual information-seeking mantra”, which supports providing a summary  of the data to the user, alongside by the ability to zoom, filter, and access the details on at their leisure. This framework has been adopted extensively in the design of interactive dashboards, where users can explore data dynamically through filters and drill-down functionality.
The prominence of interactivity is further highlighted in the field of visual analytics, which integrates automated data analysis with interactive visual interfaces [15]. Interactive systems offer users an opportunity to participate in exploratory analysis. The end user can then explore various queries and reveal patterns iteratively. In the context of crime data, this capability is particularly valuable, as users may wish to observe trends across various locations, time periods, or crime categories.
The Cognitive Dimensions of Notations framework by Green and Petre (1996) [16] provides an increased insight into usability. Dimensions such as visibility, consistency, and viscosity provide a method of gauging how easily users can interpret and manipulate information. For instance, high visibility indicates that relevant data will be readily accessible, while low viscosity gives users the opportunity to make changes efficiently. These principles are vital developing intuitive and responsive dashboards that meet user requirements.
Business Intelligence systems incorporate data sources into an interactive environment that supports querying and decision support. Platforms such as Microsoft Power BI [1] have developed into industry standards because of their integration capabilities and analytical flexibility.
[bookmark: _Toc228478284]2.5 User Experience and Usability in Data Visualisation
User experience often determines the quality and efficiency of data visualisation systems. According to Norman (2013) [11], usability is closely related to how naturally users can understand and interact with a system. Regarding dashboards, this includes intuitive navigation, clear labelling, and logical organisation of visual elements.
The aesthetic-usability effect, documented by Tractinsky, Katz and Ikar (2000) [17], suggests that users perceive an aesthetically pleasing interface as more usable. This phenomenon would pose significant implications for visualisation design, as it indicates that aesthetic considerations can influence user satisfaction and perceived effectiveness. Nevertheless, as noted by Lavie and Tractinsky (2004) [18], aesthetics should not compromise functionality, and that there should always be a balance between visual appeal and usability.
Another significant aspect of user experience is discoverability, which refers to how easily users can identify available actions within a system [11]. Poor or satisfactory discoverability can limit user engagement, particularly in interactive dashboards where functionality may not be immediately apparent. Research by Yi et al. (2007) [19] highlights the significance of intuitive interaction design, illustrating that users should be able to explore data without the need for in-depth training or instruction.
Accessibility is also progressively becoming more recognised as a fundamental component of user experience Borner et al. (2019) [20] suggests that visualisation should be accommodating for users, covering a wide range of abilities and expertise. Some examples of important components are readable text, clear colour contrasts, and an alternative means of accessing information. Regarding a public-facing dashboard, accessibility is particularly important as it should be inclusive and provide equitable access to information.
[bookmark: _Toc228478285]2.6 Evaluation of Visualisation Techniques
Evaluating visualisation techniques is a key element for evaluating their effectiveness and informing design decisions. Lam et al. (2012) [21] proposed a framework for evaluating visualisation that differentiates between varying evaluation scenarios, such as user performance and usability. This highlights the multifaceted nature of evaluation, which should consider both objective and subjective measures.
Empirical studies have substantiated that visualisation techniques can vary in their effectiveness depending on the task. For instance, bar charts tend to be more effective for precise comparisons, whereas spatial visualisations are more suitable for identifying geographic relationships. Cleveland and McGill (1984); Heer and Bostock (2010)  [12] [22] further emphasise the importance of empirical evaluation, noting how crowdsourced experiments can be utilised to evaluate visualisation effectiveness at a range of scales.
User-centred evaluation methods can provide valuable insights into user preferences and perceptions. These methods could include questionnaires and user testing, which are particularly relevant in the context of dashboard design, an area in which user satisfaction and interpretability play a significant role in designing an effective system. As noted by Plaisant (2004) [23], keeping users involved in the evaluation process ensures that systems are aligned with real-world needs and expectations.
[bookmark: _Toc228478286]2.7 Application to Crime Data Visualisation
There are several factors related to crime data that could influence visualisation design. The spatial nature of crime incidents necessitates the use of geographic visualisations, while temporal patterns require appropriate time-series representations. Furthermore, the diversity of crime categories means that visualisations that support effective comparison and categorisation are a requirement for an effective dashboard.
Research conducted on crime mapping illustrates the significance of spatial visualisation when it relates to identifying crime hotspots and supporting informed decision making [24] [25]. There are often limitations due to the anonymisation of crime data, effectively meaning that precise locations are often generalised to protect privacy. This subsequently reduces spatial granularity and could in turn affect the interpretation of patterns.
Ethical considerations should also be a key factor in crime data visualisation. Including sensitive categories, such as violence and sexual offences, requires careful handling to avoid misrepresentation or unnecessary alarm. Knaflic (2015) [26] highlights that effective data communication must be handled responsibly and with the upmost clarity to produce appropriate interpretations.
Additionally, a wide range of user groups may have different needs that should be considered. A large portion of public users may prioritise a simple and easy to use interface, while more advanced users may prefer more detail and interactive features. This reinforces the significance of understanding your users and tailoring your design to them when developing a public-facing dashboard.
[bookmark: _Toc228478287]2.8 Summary
This chapter has critically examined the theoretical foundations of data visualisation, procuring information from literature related to human-computer interaction and user experience design, in addition to information visualisation. The findings highlight that effective visualisation requires careful consideration of cognitive principles, graphical design, and user interaction.
The literature in this paper demonstrate that cognitive function should be a primary emphasis within dashboard development, as creating a high-quality dashboard holds the potential to leverage perceptual capabilities. Some key principles of this project will involve clarity, appropriate graphs and charts, and graphical integrity. These principles are key for producing an interpretable dashboard. However, a balance needs to be struck for more advanced users, and therefore, user experience and interactivity also play a central role in supporting all user needs while allowing for exploratory analysis.
Gathering these insights is key to developing a theoretical foundation for the design of this project, as it should be both user centred and analytically robust.


























[bookmark: _Toc228478288]Chapter 3 – Development Methodology
[bookmark: _Toc228478289]3.1 Project Methodology
The primary target of this project is to develop an interactive, fully functional dashboard using Microsoft Power BI [1], and the philosophy of the design is to allow for geographic, temporal, and comparative analysis of crime data throughout several UK cities. In addition to the dashboard artefact itself, clearly defining supporting deliverables such as the documentation of data transformation procedures, clear of defining analytical measures, keeping a structured dimensional data model, and user testing and a cognitive walkthrough assessing system performance and usability remain key to the success of this project.
A structured, progressive workflow was undertaken to construct these deliverables. The initial focus was on the identification and procurement of publicly available crime datasets sourced from Police.uk [27], which would aid in facilitating this project. The assessment of this dataset demonstrated that it had consistency across reporting periods, relevance to city-level analysis, and negligible amounts of absent data.
Once data acquisition was complete, a systematic Extract-Transform-Load (ETL) process was implemented. This process involved cleansing the data to ensure consistency in geographic naming conventions, temporal reporting structures, and offence categorisation.
After establishing the integrity of the data, dimensional modelling was performed. A star schema architecture was established with the aim of separating quantitative fact data from descriptive dimension tables. This architectural decision supports analytical clarity and scalability.
Then, calculated measures using Data Analysis Expressions (DAX) were created. Base measures were defined before derived indicates such as crime rate per 100,000 population were constructed. This layered approach ensures modularity and maintainability.
Interface design and dashboard construction followed. Visual components were selected based on their suitability for representing specific analytical tasks, such as temporal trend identification or categorical comparison. Iterative refinement was conducted through prototype evaluation, ensuring alignment between functional objectives and visual clarity.
Finally, systematic testing and evaluation were conducted. Functional testing verified computational accuracy, while usability assessment examined interpretability and interaction efficiency. This structured sequence ensures that development was methodical rather than ad hoc.
[bookmark: _Toc228478290]3.2 Risks & Limitations
 Several internal and external risks have the potential to undermine the success of this project. A primary external risk relates the quality and consistency of publicly available crime datasets. Changes in classification methodology, inconsistencies in geographic labelling, or incomplete reporting periods could compromise analytical validity. To mitigate this, rigorous preprocessing and harmonisation procedures were implemented during the ETL phase.
Another risk involves performance limitations within the BI environment. Large datasets could reduce dashboard responsiveness, affects usability for the end user. This risk was addressed through measure optimisation, dimensional modelling, and careful management of calculating columns.
An additional limitation relates to time constraints. As a single-developer academic project, scope expansion posed a significant risk. To prevent scope creep, clear objectives were set over the timeline of the project.
In terms of dashboard limitations, the focus was set on descriptive and comparative analytics as opposed to predictive modelling. The absence of advanced forecasting techniques limits the level of insights that can be derived from the data. Furthermore, evaluation relied on a cognitive walkthrough and small-scale peer feedback rather than large-scale user testing, which restricts the statistical robustness of usability findings. These limitations are acknowledged and critically evaluated in later chapters.
[bookmark: _Toc228478291]3.3 Ethical Issues
Despite the project using publicly available secondary data, ethical considerations remain a primary focus. Crime statistics can influence public perception and may contribute to reputational harm if biased or misrepresented. To mitigate this risk, the information presented in the dashboard involves contextualised and normalised metrics as opposed to raw counts of data, thereby reducing the risk of misleading the end user.
No identifiable or personal data is collected or processed at any stage of this project. The datasets used are aggregated at city level and do not contain individual-level information. Nothing related to the dashboard itself involves direct human participants, and compliance with GDPR [27] and the Data Protection Act (2018) [28] is maintained. The only potential outlier is the small-scale user testing with is completely anonymous and covered later chapters. 
There is no clear and obvious risk to the university, participants, or the researcher from this project. However, misinterpretation of crime data remains a key acknowledgement. Preventative steps such as clear labelling, transparent metric definitions, and avoidance of sensationalist visual emphasis were implemented.
[bookmark: _Toc228478292]3.4 Validity, Reliability, and Generalisability
The strength of the methodology of the project will be evaluated through its consideration of validity, reliability, and generalisability. While these concepts are traditionally associated with empirical experimental research, they possess significance within artefact-based computing projects. The credibility of the developed dashboard depends on both its technical functionality in addition to the methodological soundness underpinning its design and evaluation.
Validity refers to whether the selected methodological approach appropriately addresses the research aim in addition to whether the system correctly measures what it is intended to measure. In this project, construct validity is supported by the direct use of official crime datasets published by police.uk [29]. Instead of forming a reliance on indirect proxies, the dashboard visualises pre-recorded crime incidents. This ensures that the measures reflect are reliable to use within the scope of the project.
Visual design decisions follow established information visualisation principles, thus reducing the risk of perceptual distortion. Collectively, these measures offer the best chance to develop a dashboard that provides an accurate and meaningful representation of crime data, as opposed to an artefact of a simple artefact of modelling.
Reliability refers to the consistency and reproducibility of results. In this context, reliability is showcased through a transparent ETL process. Repeated functional testing confirmed that filtering mechanisms, calculated measures, and cross-visual interactions exhibited consistent behaviour across varying sessions.
Generalisability considers whether the system design or results could apply beyond the study focus. While the empirical findings regarding crime trends are specific to the selected UK cities and reporting periods, the architectural and methodological framework developed in this project could be transferable to other projects. The dimensional modelling approach, ETL structure, and iterative dashboard development process could be readily applied to various domains featuring structured public datasets, such as healthcare statistics or education performance metrics. Therefore, although the substantive crime findings are context-specific, the system design and development methodology showcase moderate generalisability across comparable analytical environments.
These considerations suggest that the project’s methodological framework is strong and coherent. Validity is supported through direct measurement and careful modelling; reliability is ensured through reproducible transformation and calculation procedures; and generalisability is reflected in the adaptability of the system architecture. This integrated evaluation strengthens the academic credibility of the project and supports the integrity of the findings presented in subsequent chapters.
[bookmark: _Toc228478293]3.5 Data Evaluation Methods
[bookmark: _Toc228478294]3.5.1 Data Collection
This project utilises quantitative data obtained from Police.uk [29], which is a national government source. The data consists of annual crime statistics categorised by offence type and geographic region.
Data from the beginning of 2023 until the end of 2025 across multiple United Kingdom cities was collected, which provided a robust opportunity for meaningful analysis. This temporal depth allows for the identification of trends as opposed to mere isolated snapshots.
If sufficient data was unavailable, the scope of analysis would have been restricted to a mere descriptive comparison. However, the datasets obtained were more than acceptable to support the objectives of the project.
[bookmark: _Toc228478295]3.5.2 Data Evaluation
Data evaluation was conducted through analytical interpretation. This focuses on whether the visualisations enable meaningful interpretation and comparison. Descriptive statistical techniques, including aggregation and rate calculation, were employed.
Data was presented through interactive visualisations such as line charts, bar charts, and geographic mapping. These presentation formats were selected to allow for a broad scope of visuals while still maximising interpretability and aligning with established visualisation standards.
[bookmark: _Toc228478296]3.6 Software Development Methodology
An Agile-based development methodology was selected as it aligns with the requirements of a single-developer project like this. Within Agile frameworks, Feature-Driven Development principles were applied, with each development cycle centred around the implementation of a particular analytical capability.
This methodology was selected due to the dashboard design being inherently exploratory. Initial visual configurations often require revision once data behaviour is observed. An iterative approach allows for refinement without necessitating complete structural redesign.
Each development cycle included performance optimisation, data modelling adjustments, and visual layout modification. Iterative feedback through an informal questionnaire also informed design decisions earlier in the life cycle of the project.
This approach provided flexibility while maintaining structured progress aligned with the objectives of the project.
[bookmark: _Toc228478297]3.7 Resources
[bookmark: _Toc228478298]3.7.1 Hardware Resources
Given that the dashboard operates within a desktop BI environment, standard computing resources were adequate for development and testing. The project was developed using a standard networked personal computer equipped with sufficient processing capability to handle the required dataset size. No specialised hardware such as dedicated servers was required for this project.
[bookmark: _Toc228478299]3.7.2 Software Resources
The primary development platform was Microsoft Power BI [1]. Data preprocessing was conducted using Power Query within the same environment. All software utilised in this project was obtained through licenses academic access. No specialised external libraries or third-party plugins were required for the implementation stage.
[bookmark: _Toc228478300]3.8 System Design
The design of the crime data visualisation dashboard follows a user-centred approach. It was key that visualisation choices aligned with the needs of both less experienced and more analytically experiences end users. The MoSCoW prioritisation framework (Must Have, Should Have, Could Have, Won’t Have) was applied to structure design decisions. This enabled a systematic evaluation of which features were essential for usability, and which provided additional value without compromising clarity.
[bookmark: _Toc228478301]3.8.1 Must Have Requirements
The Must Have requirements represent the primary functionality necessary for the dashboard to be usable, reliable, and analytically meaningful.
Firstly, the dashboard incorporates clear and intuitive visualisations, including line charts for temporal trends, bar charts for categorical comparisons, and map-based visualisations for spatial distribution. These visual forms were chosen based on their established effectiveness in supporting rapid pattern recognition and reducing cognitive load. Due to the complexity and scale of crime data, visual clarity is vital to ensure that users can extract insights without requiring advanced technical knowledge.
Secondly, interactive filtering mechanisms (slicers) were implemented, which allows users to refine the dataset by variables such as crime type, police force, and date. This supports exploratory data analysis, enabling users to adjust the dashboard to their specific informational needs. For instance, a local resident may focus on crime within a particular police jurisdiction, whereas an analyst may opt to examine national trends. Therefore, interactivity enhances both usability and analytical flexibility.
Thirdly, including accurate spatial representation using geographic coordinates (latitude and longitude) is essential for the success of the dashboard. Crime data is inherently spatial, and providing users the option to identify geographic patterns and hotspots is a fundamental user requirement. Therefore, ensuring that all records used in mapping contained valid coordinate data was a primary step in the preprocessing stage.
Finally, maintaining a complete and unbiased dataset was prioritised. All crime categories, including sensitive categories such as violent and sexual offences, were retained to preserve analytical integrity. Removing such categories would introduce bias and distort the representation of crime patterns, consequently undermining the validity of the dashboard. //
[bookmark: _Toc228478302]3.8.2 Should Have Requirements
The Should Have requirements enhance usability and transparency but are not critical to the core functionality of the dashboard.
One key consideration is the use of tooltips. The benefit of tooltips is that they enhance the depth of information available to users without compromising the simplicity or intuitiveness of the interface. Users can hover over data points to reveal additional attributes such as crime type, outcome, or location description. Incorporating tooltips in a dashboard can support both can increase the information gained for the user.
Also, consistency and meaningful naming conventions were also applied across all variables. Standardised labels (e.g., “PoliceForce” rather than ambiguous naming) improve learnability and reduce cognitive load for the end user, particularly for those unfamiliar with the dataset.
[bookmark: _Toc228478303]3.8.3 Could Have Requirements
The Could Have requirements represent optional enhancements that may improve the user experience but are not key for achieving the primary objectives of the dashboard.
One optional enhancement is grouping crime types into broader categories (e.g., violent crime, property crime). This was considered as it could simplify interpretation for inexperienced users who may consider detailed information overwhelming; however, this potentially sacrifices granularity and was therefore not prioritised as a core feature.
Another potential enhancement is the inclusion of advanced temporal controls, such as drill-down functionality (e.g., year-to-month analysis). These is beneficial for in-depth exploration; however, this level of detail was not required for the primary analytical goals of the project. This is a feature that could be considered in future development stages.
[bookmark: _Toc228478304]3.8.4 Won’t Have Requirements
The Won’t Have category defines features that were deliberately excluded due to ethical, legal, or practical considerations.
As expected, the dashboard does not include any personally identifiable information. The dataset used is anonymised, and maintaining this anonymity is essential to remain compliant with ethical standards and data protection regulations, such as GDPR [27]. The system also does not support detailed case-level tracking or investigation management, as the purpose of the dashboard is to provide aggregate analytical insights as opposed to operational policing functionality.
[bookmark: _Toc228478305]3.8.5 Requirements Summary
The application of the MoSCoW framework provided a solid foundation for the requirements of the dashboard. The aim was to create a dashboard that prioritised clarity, usability, and analytical integrity, while also considering user needs for interactivity and transparency.  Utilising a well-defined structure such as MoSCoW played a fundamental role in that regard. 
This structured approach demonstrates a rigorous application of user-centred design principles, ensuring that the final system is both functionally effective and aligned with user requirements.
[bookmark: _Toc228478306]3.9 Chapter Summary
This chapter has presented a structured and justified methodology for the development of the crime data visualisation dashboard. The approach integrates systematic data processing, dimensional modelling, iterative development, and structured evaluation. Risks, limitations, ethical considerations, and issues of validity, reliability, and generalisability have all been critically examined.
This methodology demonstrates academic rigour and engineering discipline, ensuring that the artefact described in the following chapter is grounded in a coherent research framework.

































[bookmark: _Toc228478307]Chapter 4 – Design & Implementation
4.1 [bookmark: _Toc228478308] Introduction
This chapter focuses on the implementation of the dashboard, developed using Microsoft Power BI [1]. It highlights the systematic approach taken to transform raw crime data into an interactive analytical dashboard, emphasising data preprocessing, implementation decisions, system architecture, and user interface design. This chapter aims to demonstrate how design principles and technical processes were unified to produce an interactive, user-centred dashboard capable of supporting informed decision making and exploratory data analysis.
[bookmark: _Toc228478309]4.2 System Design Overview
A structured pipeline featuring three key stages was developed for efficient dashboard design: data preprocessing, data modelling, and user interface design. This layered architectural approach separated raw data handling and user-facing elements, thus improving both visuals and performance.
The goal of the preprocessing stage was to clean and standardise the obtained dataset. this removes inconsistencies, thereby ensuring analytical accuracy. The focus of the modelling stage was to structure the data into a format suitable for filtering and aggregation. This involved the creation of calculated measures. Finally, the visualisation stage transferred the processed data into a map and interactive visualisations aligned with established user experience (UX) principles.
[bookmark: _Toc228478310]4.3 Data Preprocessing and Transformation
Prior to the preprocessing stage, the dataset contained a large amount of crime records with several attributes, such as geographic coordinates, crime types and categories, and investigation outcomes. To ensure the dataset was suitable for analysis, several preprocessing steps were undertaken.
Initially, consideration was given to what columns should be removed. Fields such as unused identifiers and duplicate location descriptors were excluded to reduce data complexity. For instance, two columns provided identical information (e.g. Police Constabulary and Police Force), one was removed to eliminate redundant information and improve clarity.
Missing values were then addressed. Records with missing geographic coordinates were considered redundant and were subsequently removed, as these would not be beneficial in spatial visualisations. Categorical variables such as investigation outcomes also had missing values, but they were not deleted but instead recoded as “Unknown”. This approach ensured transparency for the user while preserving data integrity.
Data types were then standardised. To enable time-based analysis, the crime date field was converted into a recognised date format. A date hierarchy was created, which would allow tracking at monthly and yearly level.
A key preprocessing step involved addressing performance limitations, which can be associated with geospatial data at this scale. There are millions of rows of data to work with, which posed significant risks regarding the map visualisation rendering time. To mitigate this, various spatial aggregation techniques were applied. For instance, latitude and longitude values were rounded to a lower level of precision, which effectively groups nearby incidents into clusters. This process minimises the number of unique coordinates, thus allowing for efficient rendering without compromising analytical value for the user.
An aggregated table was also created using summarisation functions. This groups data by location and crime type, with a corresponding number of total crimes. This approach significantly improved performance while maintaining the ability to analyse spatial patterns effectively.














[bookmark: _Toc228478311]4.4 Data Modelling and Measures
Once preprocessing was complete, several calculated measures were created to enable key performance indicators (KPIs). These included total crimes, common crime types, peak crime month, and resolution rate. Measures were implemented using Data Analysis Expressions (DAX), which allows for dynamic recalculation in response to user interactions.
For instance, the total crime measure aggregated all records within the designated filter context, while the resolution rate was calculated in line with the number of cases resulting in a defined outcome relative to total recorded incidents. Care had to be taken to ensure that measures avoided errors associated with non-aggregated fields.
[image: A screenshot of a computer

AI-generated content may be incorrect.]The data model was designed to support efficient filtering across multiple dimensions, including crime type, date, and geographic region. Relationships between tables were defined to ensure that filtering behaviour was consistent across all components. In figure 1 below, a visual example is displayed showing how the data model was utilised for this dashboard.[bookmark: _Toc228478466]Figure 1: Data Model and Relationships in Power BI









[bookmark: _Toc228478312]4.5 User Interface Design
The dashboard’s interface was developed with a strong emphasis on, clarity, usability and visual hierarchy. A wireframe was initially created through the AI assistant in Figma to define an idea of the full-colour layout. The final design features a structured layout consisting of three main sections: a header, a filter panel, and a visualisation area.
[image: A screenshot of a computer

AI-generated content may be incorrect.]This design was not copied directly, but rather refined based on established user experienced and data visualisation principles. The full prompt is included in the appendices for full transparency.[bookmark: _Toc228478467]Figure 2: Figma Wireframe generated through its AI-assistant [41]

All visualisations were designed to be interactive. Selecting a data point in one visual automatically filtered the others, enabling users to explore relationships between variables. This interactivity supports exploratory analysis and enhances user engagement.
Contextual information is provided within the header section, such as the dashboard title. Interactive filters and supplementary information are clearly defined in the left-hand panel. Slicers were implemented to allow users to filter by crime type, date range, and nation. Custom text elements replaced the default slider headers, which provides full control over alignment and typography. This approach allows for a cohesive design and enhanced readability for the user.
A Key Insights panel was incorporated to summarise major findings derived from the data. This feature was included to exhibit analytical depth beyond the fundamental visualisations. Highlighting trends such as case resolution and the prevalence of crime types provided interpretative and descriptive value to the dashboard.
The primary visualisation area was designed to present information in a clear and logically organised format. KPI cards were positioned at the top to provide an immediate overview of key metrics. These included total crimes, most common crime type, peak month, and resolution rate. Large, bold typography was utilised to ensure that these values were visually prominent and easily readable.
[bookmark: _Toc228478313]4.6 Visualisation Design and Justification
Several visualisations were chosen to represent various aspects of the data. Each visual was carefully selected dependent on its suitability for conveying information and its alignment with best practices in data visualisation.
A map visual was chosen to exhibit the spatial distribution of crimes. The map plotted aggregated geographic data and thereby enabled users to identify areas with higher crime rates. Crime encoding was applied to differentiate crime types and enhance interpretability. To reduce visual clutter, a map legend was added, and each crime type was given a corresponding colour, and unnecessary tooltips were removed.
Crime trends over time were illustrated through a line chart. This visualisation allowed users to identify fluctuations in crime rates.
[image: A screenshot of a computer

AI-generated content may be incorrect.]Categorical variables, such as crime types and investigation outcomes were plotted using bar charts. A pie chart was initially considered to illustrate regional distribution, but a clustered column chart was selected as these are widely regarded as more effective for quantitative analysis. This decision stemmed from established research signifying that humans interpret length-based visual encodings more accurately than angular representations. Figure 3 showcases the final dashboard developed within Microsoft Power BI [1].[bookmark: _Toc228478468]Figure 3: Final Dashboard Interface in Microsoft Power BI [1]

[bookmark: _Toc228478314]4.7 Performance Optimisation
Due to the size of the dataset, performance optimisation was a key consideration throughout the implementation process. Several strategies were employed to ensure responsiveness and prevent system failures.
Data aggregation was utilised extensively to reduce the volume of data processed by visuals. Also, unnecessary columns and high-cardinality fields were hidden from the report view to minimise computational overload. Data reduction techniques, such as sampling, were also applied to map visualisations to limit the number of rendered points.
Additionally, careful selection of visual types and configuration aided in sustaining performance. For instance, replacing high-density scatter plots with aggregated representations reduced rendering complexity while preserving analytical insight.
[bookmark: _Toc228478315]4.8 Evaluation of Design Decisions
The design decisions chosen during the implementation stage were guided by the need to balance, usability, performance, and analytical depth. The use of aggregation and data transformation techniques ensured that dashboard responsiveness despite the large dataset. At the same time, including interactive filters and clearly structured visuals supported user engagement and ease of use.
The decision to include a key insights panel represents a shift from purely descriptive visualisation towards interpretative analytics. This aligns with the broader objective of enabling users to derive meaningful conclusions rather than simply observe data patterns. In future versions of the dashboard, there may be opportunities to make the key insights dynamic, possibly adjusting with filter adjustments.
[bookmark: _Toc228478316]4.9 Summary
This chapter has detailed the design and implementation of the crime data dashboard, highlighting the processes involved in data preparation, modelling, and visualisation. The system was developed using Microsoft Power BI [1] and incorporates several features designed to support interactive and meaningful analysis.
Through careful application of design principles and performance optimisation techniques, the final dashboard provides a robust and user-friendly platform for exploring crime data. The following chapter will evaluate the effectiveness of the system and assess its strength and limitations in greater detail.






[bookmark: _Toc228478317]Chapter 5 – Evaluation
[bookmark: _Toc228478318]5.1 Introduction
This chapter evaluates the effectiveness of the crime data dashboard developed using Microsoft Power BI [1]. The evaluation assesses the system against its original objectives, considering usability, performance, functionality, and analytical value. It also critically reflects on design decisions, identifies limitations, and considers areas for future improvement. The aim is to determine the extent to which the dashboard supports meaningful exploration of crime data while adhering to established principles of user experience and data visualisation.
[bookmark: _Toc228478319]5.2 Evaluation Criteria
The evaluation is structured around four key criteria: functional correctness, usability and user experience, performance and scalability, and analytical effectiveness. These criteria align with widely recognised frameworks for evaluating information systems and data visualisations, which emphasise clarity, efficiency, accuracy, and user engagement [30] [31].
Functional correctness refers to the accuracy of visual outputs, calculations and filters. Usability considers how naturally users can interact with the dashboard and interpret its contents. Performance evaluates system responsiveness and its ability to handle large datasets. Analytical effectiveness examines whether the dashboard enables users to derive meaningful insights from the data.
[bookmark: _Toc228478320]5.3 Usability Evaluation Methods
To evaluate usability in an organised and academically rigorous manner, a mixed-method approach was adopted, combining a cognitive walkthrough with user-based testing involving five participants. This approach ensures both expert-driven and user-centred perspectives are captured, aligned with best practices in Human-Computer Interaction research. The use of multiple methods enables triangulation, thus improving the reliability and validity of findings [32] [33].
The initial stage of the evaluation involved a cognitive walkthrough, a method originally proposed by Cathleen Wharton et al. (1994) [34] to assess the learnability of interactive systems. This technique focuses on simulating the cognitive processes of a first-time user by systematically working through tasks and evaluating whether the interface provides sufficient cues for correct action. Unlike empirical testing, this method allows for early identification of usability issues based on theoretical methods of human cognition.
This walkthrough was conducted through a series of representative analytical tasks aligned with the dashboard’s core functionality. These tasks included identifying total crime levels within a selected date range, determining the most common crime type within a region, analysing trends using the time-series visualisation, interpreting spatial visualisations via the map, and applying filters to refine results. At each stage, the interface was evaluated against standard cognitive walkthrough questions, assessing whether users would form the correct goal, understand available actions, and receive appropriate feedback [35].
The findings indicate that the dashboard demonstrates strong learnability and structural clarity. The layout is logical, with KPI cards positioned prominently and filters clearly separated, which reduces cognitive load for the user. Additionally, the system provides immediate feedback through dynamic visual updates, reinforcing user understanding of interactions. This aligns with principles outlines by Ben Schneiderman (1996) [14], particularly the concept of interactive exploration through filtering and progressive disclosure.
However, the walkthrough also identified minor usability limitations. Certain interactive features, such as cross-filtering between visuals, lacked explicit visual clues, reducing their discoverability for novice users. This reflects a common issue in dashboard design, where functionality is present but not immediately apparent [11]. Additionally, interpretation of the map visual can occasionally load slowly once filters are adjusted, which may limit accessibility for some users.
To complement this expert-based evaluation, user testing was conducted with five participants representing a range of experience levels. User testing is widely recognised as a vital component of usability evaluation, as it captures real user behaviour and insight [36]. Participants were asked to complete a set of task-based activities aligned with the dashboard’s objectives, including navigation, filtering, and interpretation of visual outputs.
The results of this testing were highly positive. All the tasks were completed successfully, indicating that the system is functional and intuitive. Users reported that the KPI cards provided a clear overview of key metrics, while the filtering mechanisms enabled efficient data exploration. The key insights panel was particularly effective in enhancing understanding, supporting research that suggests combining narrative with visualisation improves cohesion [26].
Despite these strengths, some usability challenges were identified. Less experienced users required time to understand how to effectively interact with the dashboard, particularly with cross-filtering functionality. Minor formatting inconsistencies were also identified, although these did not significantly affect usability. Some other key challenges that were acknowledged involved the slow-loading map when adjusting filters, and how the key insights should automatically update depending on the filter setting.
Overall, the combination of a cognitive walkthrough and user testing provided a comprehensive understanding of system usability. The cognitive walkthrough provides a theory-driven assessment, while user-testing provides empirical validation. This methodological triangulation provides a stronger credibility of findings [33]. Nevertheless, limitations have been identified, such as the small sample size. Future evaluation could incorporate larger-scale testing and standardised measures such as the System Usability Scale [37].
[bookmark: _Toc228478321]5.4 Functional Evaluation
There is a strong level of functional correctness in the dashboard. The visual components respond dynamically to user input, with filters consistently applied across the map, visualisations, and key performance indicators. This confirms that the underlying data model and relationships were implemented successfully.
Preliminary testing involved applying a range of filters, including crime type, date range, and geographic region, to confirm that all visuals updated appropriately. For instance, selecting a specific crime type resulted in corresponding change across the map, trend line, and visualisations. Similarly, restricting the date range to a single month produced accurate adjustments in temporal trends and total crime counts.
Validation also took place for the calculated measures. The total crime count aligns with the number of records within the selected filter contexts, while derived metrics such as most common crime type and peak crime month update dynamically. The resolution rate was calculated as a proportion of resolved cases, and it was tested under different conditions to ensure that it did not produce any misleading values, such as 100% resolution rate.
Edge case testing further confirmed robustness. When filters were applied to narrow subsets of data, the dashboard remained stable and continued to produce valid outputs. This indicates that appropriate aggregation and filtering logic were implemented, avoiding common issues such as null values or division errors.
Overall, the system meets the requirements for functional accuracy, user experience, and reliability, supporting meaningful and consistent interaction.
[bookmark: _Toc228478322]5.5 Usability and User Experience
Usability is a vital factor in the effectiveness of any dashboard, as it determines how seamlessly users can interact with and interpret the data. The design of this dashboard was guided by established principles of minimal cognitive load, consistency, and visual hierarchy. The layout follows a clear and logical structure. Key performance indicators are positioned at the top, providing an immediate overview of the data. Filters are located on the left-hand side, allowing for intuitive interaction without interfering with the primary visualisation area. The central region contains the primary charts and map, allowing users to focus on data exploration without distraction.
This structure aligns with common dashboard design practices, which emphasise the importance of grouping related elements and maintaining a clear visual flow [38]. By separating filters from visualisations, the design reduces clutter and supports efficient navigation. 
Typography and colour usage were also carefully considered. Consistent font sizes and styles create a cohesive appearance, while colour is used selectively to highlight key information and differentiate categories. The decision to replace default slicer headers with custom text elements improved control over formatting and enhanced readability.
The inclusion of a key insights panel represents a significant usability enhancement. Rather than requiring users to interpret all visualisations independently, the panel provides concise summaries of important findings. This approach supports both novice and experienced users by offering guidance while still allowing deeper exploration.
User interaction was tested through a series of tasks, such as identifying the most common crime type or analysing trends over time. These tests indicated that users could complete tasks efficiently, suggesting that the interface is intuitive and well-designed. This aligns with research highlighting the importance of interactive filtering and coordinated views in supporting exploratory analysis [30].
However, some limitations were identified. The map visual, while informative, can become visually dense when displaying large amounts of data. Although aggregation techniques were applied to mitigate this issue, some overlap remains, which may reduce clarity in certain scenarios. Additionally, users unfamiliar with dashboard interfaces may require initial guidance to fully utilise interactive features.
Despite these limitations, the overall usability of the dashboard is strong, providing a clear and accessible interface for data exploration.
[bookmark: _Toc228478323]5.6 Performance and Scalability
Performance had to be a key consideration due to the scale of the dataset, which contains several million records. If optimisation didn’t occur, this could lead to reduces responsiveness and slow rendering times.
Several strategies were incorporated to address these challenges. Coordinate rounding and spatial aggregation and coordinate rounding were utilised to reduce the amount of unique data points in the map visual. This improved rendering performance while preserving meaningful geographic patterns.
Testing demonstrated that the dashboard performs efficiently under regular usage conditions. Visualisations render without significant delay and filters update at an acceptable speed. This indicates that the optimisation techniques were effective in balancing analytical detail alongside strong performance.
Nonetheless, scalability remains a potential limitation. While the current system performs strongly with the available dataset, further increases in data volume could present challenges in retaining performance levels. This can be common issue in data visualisation systems, where trade-offs must be made between responsiveness and detail [31].
In future versions, improvements could include the use of advanced data modelling techniques to further enhance scalability. Nevertheless, the current implementation achieves a satisfactory level of performance for its intended purpose.
[bookmark: _Toc228478324]5.7 Analytical Effectiveness
The main goal of the dashboard is to allow users to explore crime data and derive meaningful insights. In this regard, the system demonstrates strong analytical effectiveness.
The combination of temporal, spatial, and categorical visualisations give users an opportunity to explore crime patterns from various perspectives. The map provides insight into geographic distribution of crime, the line chart reveals trends over time, and bar charts enable comparison between categories. This multi-dimensional approach aligns with best practices in data visualisation, which emphasise the importance of offering differing views to support comprehensive analysis [31].
The interactive nature of the dashboard further enhances analytical capability. Users can dynamically filter data, which allows them to focus on specific subsets and identify relationships across variables. For instance, selecting a certain crime type allows users to observe its distribution across time periods and regions, providing a deeper understanding.
Including key performance indicators supports rapid assessment of overall trends, while the Key Insights panel offers interpretative context. Combining interpretative and descriptive elements ensures that the dashboard is both informative and analytically valuable. 
Nevertheless, it should be noted that the insights shown are dependent on the completeness and quality of the underlying data. As discussed in the next section, certain limitations in the dataset could affect the scope of analysis.
[bookmark: _Toc228478325]5.8 Limitations
One limitation relates to missing data within certain fields, such as investigation outcomes. These values were recorded as “Unknown” to maintain transparency, but their presence could reduce the precision of certain analyses.
Also, the use of aggregation techniques, while necessary for performance, does result in the loss of some detail. For instance, rounding geographic coordinates reduces spatial precision, which may affect fine-grained patterns. This signifies the trade-off between accuracy and performance, a common challenge in large-scale data visualisation, 
Finally, the dashboard is limited in its ability to support predictive analysis. While it provides valuable descriptive insights, it does not incorporate advanced analytical techniques such as machine learning. Future work could address this limitation by integrating predictive models, which would enhance analytical depth.
[bookmark: _Toc228478326]5.9 Future Improvements
Several opportunities exist to improve this dashboard. Additional datasets could be incorporated, from more parts of the United Kingdom such as Scotland, or possibly moving to Europe. A greater date range would also enhance the validity and completeness of the analysis. Expanding the system to include real-time data updates could also increase its practical relevance.
Further optimisation techniques could be explored to improve scalability from a technical perspective. This could include the use of cloud-based processing or more advanced data storage solutions.
In terms of usability, additional features such as guided tutorials or personalised views could improve user experience. Integrating predictive analytics could also provide users with deeper insights and support more advanced decision-making.
[bookmark: _Toc228478327]5.10 Chapter Summary
This chapter has evaluated the crime data dashboard in terms of usability, performance, functionality and analytical effectiveness. The results indicate that the system provides an interactive and user-friendly platform for exploring crime data, thus meeting its objectives for this project.
Certain limitations such as scalability and data completeness do exist, and they have been acknowledged. Overall, the dashboard represents an effective and logical solution, demonstrating the value of combining data preprocessing, visualisation design, and user-focused principles.
The findings of this evaluation signify how important balancing technical performance with usability and analytical depth are when it comes to providing a foundation for future development and research.
[bookmark: _Toc228478328]5.11 Summary of Results
The figures below showcase how the dashboard performed in user testing across the five participants. The scores range from 1 (low) to 7 (high). The dashboard performed strongest in clarity and usability ratings, while excitement and innovation scores were slightly lower. From these results, we can like gauge that while the system is innovative and functions well, it likely prioritises clarity over unique visuals. For context, the full testing results will be included in Appendix C – Testing.

User Testing Average Results
	Category
	Included Attributes
	Average Score

	Usability
	Easy, Understandable, Clear
	6.2

	Efficiency
	Fast, Efficient, Practical
	6.0

	Aesthetics
	Attractive, Pleasant, Pleasing
	6.0

	Engagement
	Interesting, Exciting, Motivating
	5.6

	Innovation
	Creative, Inventive, Leading Edge
	5.0




[bookmark: _Toc228478329]Chapter 6 – Conclusions and Recommendations
[bookmark: _Toc228478330]6.1 Introduction
This dissertation concludes with a summary of the key findings of the project in addition to an evaluation on whether the original aims and objectives were achieved. Also, a set of recommendations are presented for future development, both in terms of broader application and technical enhancement. The project focused on the design and implementation of an interactive crime data dashboard using Microsoft Power BI [1], with the goal of enabling effective interpretation and exploration of crime patterns across temporal and geographic dimensions.
[bookmark: _Toc228478331]6.2 Achievement of Aims and Objectives
The primary goal of this project was to develop an interactive data visualisation dashboard capable of transforming raw crime data into meaningful insights. This objective has been successfully achieved through the development of a functional, user-centred dashboard that integrates data preprocessing, modelling, and visualisation.
The system supports dynamic filtering across multiple dimensions, including crime type, geographic region, and date range. This allows users to explore data flexibly and identify patterns that would have been challenging to comprehend in raw tabular form. Including key performance indicators further enhances usability by providing immediate, easy-to-read summaries of critical metrics such as total crime count, most common crime type, and resolution rate.
An addition to the functional requirements, the project aimed to apply principles of user experience design and effective data visualisation. The final dashboard demonstrates clear visual hierarchy, intuitive interaction, and consistent formatting, which aligns with established standards in the field [6] [31]. Integrating a Key Insights panel represents an particularly significant achievement, as it bridges the gap between descriptive visualisation and analytical interpretation.
[bookmark: _Toc228478332]6.3 Key Findings
Several key findings were procured during the development and evaluation processes of this dashboard. Firstly, interactive visualisation significantly enhances the interpretability and accessibility of large datasets. Providing users with the opportunity to filter and explore data dynamically supports high-level detail analysis, which reflects the principles of exploratory data analysis [30].
Secondly, the project demonstrated the significance of meticulous data preprocessing. Issues such as missing values, inconsistent formats, and redundant columns can impact the quality of visual outputs significantly. To ensure a reliable and accurate system, these issues should be addressed early in the development process.
Thirdly, the implementation highlighted the trade-offs between detail and performance. Techniques such as coordinate rounding and data aggregation were necessary to maintain system responsiveness, particularly for the map visualisation. While these approaches improved performance, they also introduced some loss of precision, highlighting the need to balance efficiency with analytical fidelity.
Finally, incorporating interpretative elements such as the Key Insights panel enhanced the overall effectiveness of the dashboard. This supports existing user research suggesting that combining visualisation with narrative elements improves user engagement and understanding [39].
[bookmark: _Toc228478333]6.4 Recommendations for Future Work
Ultimately, this project achieved its core objectives, however, several opportunities exist for future development.
One key recommendation is to integrate of additional datasets to improve analytical scope and completeness. Incorporating more crime data from the United Kingdom from a longer period of time would facilitate a far more comprehensive UK-wide analysis. Expanding the dataset to include socio-economic variables could also provide deeper insights for the user into the factors that influence crime patterns.
From a technical perspective, enhancing scalability could be a focus point in the future. As data volumes continue to grow, more advanced data modelling techniques, such as the use of cloud-based data warehouses or incremental data loading, could be required to increase performance. These approaches could be the backboard to allow the system to handle larger datasets without compromising efficiency.
Another recommendation could be the incorporation of predictive analytics. At present, the dashboard provides descriptive insights, however, the addition of forecasting models could enable users to anticipate future crime trends. Techniques such as machine learning or time-series analysis could be integrated to allow for more advanced decision-making.
Another potential area of improvement could be usability, potentially through adding personalised views or guided interactions. For instance, users could be provided with the ability to save personalised filters or predefined analytical paths. This would enhance accessibility, particularly for users with limited experience in data analysis.
Finally, real-world contexts could provide a huge scope for how the dashboard could be extended. such as public policy analysis or law enforcement. This would require consideration of ethical issues, security, and data governance, particularly in relation to sensitive crime data and GDPR [27] [28].
[bookmark: _Toc228478334]6.5 Final Conclusion
To conclude, this project has demonstrated how valuable interactive data visualisation is in transforming complex crime datasets into accessible and meaningful insights. The dashboard developed using Microsoft Power BI [1] offers a user-friendly and robust platform for exploring crime patterns across various dates and locations.
This project highlights the significance of combining technical implementation with user-centred design principles. By addressing both usability and functional requirements, the system achieves a balance between accessibility and analytical depth. While limitations remain, these have been acknowledged and provide a foundation for future improvement.
Overall, the work contributes to the emergent field of data visualisation by demonstrating how effective implementation and design can support informed decision-making and enhance understanding of complex social issues such as crime.
 








[bookmark: _Toc228478335]Chapter 7 – Reflective Analysis
[bookmark: _Toc228478336]7.1 Introduction
This chapter delivers a reflective analysis of the project, concentrating on the learning process, challenges encountered, and skills developed throughout the design and implementation of the crime data dashboard. Reflection is a vital component of academic practice, enabling critical evaluation of both the process and outcomes of a project [40]. This chapter considers not only the project’s achievements, but also how the work could have been approached differently, and what lessons could be applied to future projects.
[bookmark: _Toc228478337]7.2 Learning and Skill Development
This project offered several opportunities for both conceptual and technical learning. From a technical perspective, the utilisation of Microsoft Power BI [1] developed my skills in data preprocessing, modelling and visualisation. Implementing calculated measures in DAX required a deeper understanding of context and data aggregation, which was initially challenging but ultimately developed my analytical capability.
In addition to the development of my technical skills, the project enhanced my understanding of data visualisation principles. Concepts such as colour usage, visual hierarchy, and chart selection progressively became more significant as the dashboard developed. The process of replacing less effective visualisations, such as pie charts, with more appropriate visualisations demonstrated the importance of aligning design choices with human perceptual strengths. [6]
This project also developed my problem-solving skills. Challenges such as data inconsistencies, visual clutter, and performance limitations required iterative solutions. For instance, the issue of map rendering performance led to my learning and subsequently applying aggregation techniques, highlighting the necessity for critical thinking and adaptability in development.
[bookmark: _Toc228478338]7.3 Challenges Encountered
During the project, several challenges were encountered that contributed to my overall learning experience.
One significant challenge was managing a large dataset. My initial attempt to visualise all data points directly resulted in performance issues, including system errors and slow rendering. This illustrated the limitations of naïve approaches end emphasised the significance of data reduction techniques.
I also faced the challenge of handling incomplete data and missing records. Decisions had to be made regarding whether to remove or retain such records. I ultimately opted to recode missing values as “Unknown”, which reflects a balance between maintaining data integrity and ensuring clarity in visualisations, thus improving user experience.
Finally, I faced the challenge of attempting to strike a balance between usability and functionality. While it was possible in theory to include a wide range of features and visualisations, this posed the risk of overwhelming users. I made the design decision to simplify the interface and instead focus on key insights. This decision required careful consideration and iterative refinement.
[bookmark: _Toc228478339]7.4 Critical Reflection on Design Decisions
Reflecting on the decisions I made during the design process, I believe that several choices proved to be beneficial. For instance, the use of a structured layout, with key separation between filters and visualisations, contributed to an easy-to-read, intuitive interface. Also, the inclusion of KPI cards provided immediate context and improved user engagement.
My decision to incorporate a key insights panel represents a significant strength of the project, as the feature showcases an understanding that visualisation alone is not always sufficient for effective communication. By combining textual and visual elements, the dashboard supports both interpretation and exploration.
Nonetheless, there are also areas in which the process could have been improved. For instance, more time could have been allocated to user testing. While a cognitive walkthrough and informal testing among a small group of people was conducted, a more structured evaluation involving a larger group of users could have provided deeper insights into user experience and usability.
Also, the project could have explored more advanced analytical techniques. While descriptive analysis was appropriate for the scope of this project, including predictive models could have further enhanced its analytical depth.


[bookmark: _Toc228478340]7.5 Personal Development and Future Application
The skills and knowledge I have obtained through this project will have significant implications for future work. The ability to transform raw data into meaningful insights is progressively growing in importance across a wide range of fields, such as public policy and business analytics.
The project has also illustrated the significance of combining technical expertise with an understanding of user requirements. Effective data visualisation is not just about designing visually appealing charts, but about designing systems that support decision-making and understanding.
In future projects, I believe it would be beneficial to take a more structured approach to planning and evaluation, such as utilising a wider range of methodologies for user testing and iterative design. Additionally, I believe there is huge scope within the realm of advanced analytical techniques such as machine learning. Exploring this area further would provide opportunities to build on the foundations established in this project.
[bookmark: _Toc228478341]7.6 Conclusion
To conclude, working on this project has been a valuable learning experience, as it has provided both conceptual and technical insights within data visualisation. The challenges encountered and decisions made throughout the process have provided me with a deeper understanding of how to design and implement effective analytical systems.
The final dashboard represents a successful outcome, as it showcases the ability to integrate data preprocessing, modelling, and visualisation into an understandable and user-friendly system. Nonetheless, the reflective process has illustrated areas for improvement and provided a basis for how to effectively develop a dashboard.
Overall, the project has reinforced how important it is to be adaptable, think critically, and consider user-focused design in the development of data-driven solutions, which aligns with wider perspectives on professional growth and reflective practice [40].
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[bookmark: _Toc228478343]Appendix A - Wireframe
Figma AI Wireframe Prompt
This project used Figma’s AI assist tool to generate a full-colour wireframe design of the dashboard layout. The purpose of this was to explore potential dashboard structures.
The following prompt was used to generate the wireframe:

"Design a Crime Data Visualisation Dashboard utilising the UK Police Dataset. Ensure to include a highly accurate and detailed UK spatial map of the UK including England, Wales, Scotland, and Northern Ireland using Open Map API – ensure it looks similar to Google Maps. Please ensure it also has a drop-down filter displaying variables such as crime types and dates from January 2023 – December 2025. Please ensure that it fits modern day UX standards.”

This generated wireframe was not used as a final design. Rather, it simply served as a conceptual starting point, which was subsequently critically evaluated and refined based on established principles of data visualisation learned through the literature review.
[image: A screenshot of a computer

AI-generated content may be incorrect.][bookmark: _Toc228478469]Figure 4: Dashboard Wireframe
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AI-generated content may be incorrect.]Appendix B – Power BI[bookmark: _Toc228478470]Figure 6: Final Dashboard in Power BI
[bookmark: _Toc228478471]Figure 5: Example image of raw data in table view after it was cleaned






[bookmark: _Toc228478345]Appendix C.1 – Testing
Table 1 – UX Questionnaire Average Participant Responses
Full summary of testing results from all five participants including average score from 1 (low) to 7 (high).

	Attribute
	Average Score

	Enjoyable
	5.8

	Understandable
	6.2

	Creative
	5.0

	Easy to Learn
	6.2

	Valuable
	6.2

	Exciting
	5.0

	Interesting
	6.0

	Predictable
	5.8

	Fast
	6.0

	Inventive
	5.0

	Supportive
	6.0

	Good
	6.0

	Easy
	6.2

	Pleasing
	6.0

	Leading Edge
	5.0

	Pleasant
	6.0

	Secure
	5.4

	Motivating
	5.8

	Meets Expectations
	6.0

	Efficient
	6.0

	Clear
	6.2

	Practical
	6.0

	Organised
	6.0

	Attractive
	6.0

	Friendly
	6.0

	Innovative
	5.0





[bookmark: _Toc228478346]Appendix C.2 – Testing
Table 2 – UX Questionnaire all Participant Responses
Full summary of testing results from all five participants including all responses score from 1 (low) to 7 (high).

	Attribute
	P1
	P2
	P3
	P4
	P5

	Enjoyable
	6
	6
	5
	6
	6

	Understandable
	6
	7
	6
	6
	6

	Creative
	5
	5
	5
	5
	5

	Easy to Learn
	6
	6
	6
	7
	6

	Valuable
	7
	6
	6
	6
	6

	Exciting
	5
	5
	5
	5
	5

	Interesting
	6
	6
	6
	6
	6

	Predictable
	6
	6
	5
	6
	6

	Fast
	6
	6
	6
	6
	6

	Inventive
	5
	5
	5
	5
	5

	Supportive
	6
	6
	6
	6
	6

	Good
	6
	6
	6
	6
	6

	Easy
	6
	6
	6
	7
	6

	Pleasing
	6
	6
	6
	6
	6

	Leading Edge
	5
	5
	5
	5
	5

	Pleasant
	6
	6
	6
	6
	6

	Secure
	5
	6
	5
	6
	5

	Motivating
	6
	6
	5
	6
	6

	Meets Expectations
	6
	6
	6
	6
	6

	Efficient
	6
	6
	6
	6
	6

	Clear
	6
	7
	6
	6
	6

	Practical
	6
	6
	6
	6
	6

	Organised
	6
	6
	6
	6
	6

	Attractive
	6
	6
	6
	6
	6

	Friendly
	6
	6
	6
	6
	6

	Innovative
	5
	5
	5
	5
	5
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