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Abstract: 

This project aimed to analyse and forecast short-term crime patterns in Swansea at the Lower Layer Super Output Area (LSOA) level. The objectives were to collect and integrate crime, spatial, deprivation and weather data, build a structured data pipeline, identify crime hotspots using K-Means clustering, forecast next-month crime using three models and present the results in an interactive Power BI dashboard.
A quantitative case study approach was adopted, using Swansea as the study area. Crime data from Police.uk were combined with LSOA centroid data from the Office for National Statistics, deprivation data from the Welsh Index of Multiple Deprivation and temperature data from the Met Office MIDAS dataset. The data were cleaned in Excel, stored in SQL Server, processed in Python and visualised in Power BI. Hotspot detection was carried out using K-Means clustering, with the Elbow Method and Silhouette Score used to determine the optimal number of clusters. Forecasting was implemented using a rolling average baseline, Random Forest and XGBoost, and model performance was evaluated using Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE).
The results showed that crime in Swansea was concentrated in a relatively small number of LSOAs, particularly around the city centre, with four distinct crime zones identified. The forecasting results showed only small differences between the three models, with the baseline achieving the lowest MAE and Random Forest achieving the lowest RMSE. Feature importance analysis showed that recent past crime levels were the strongest predictors, while temperature and deprivation had less influence than expected. The February 2025 forecast also identified the same areas as the main high-risk locations.
Overall, the study showed that combining hotspot detection, short-term forecasting and visual analytics provided a useful and practical way to examine local crime patterns in Swansea. Future work could extend the time period, introduce crime-type-specific forecasting and explore hyperparameter tuning and additional contextual variables to improve model performance.
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1. [bookmark: _Toc228539162]: Introduction
[bookmark: _Toc228539163]1.1	Background and Context 
Crime analysis is an important part of public safety and urban planning. A substantial body of criminological research demonstrates that crime is not spread evenly across a city. Instead, it tends to concentrate in certain places, often called crime hotspots [1].  Looking at these spatial patterns, along with changes over time, can help police and local authorities understand where crime is happening and where resources may be needed most.
In the UK, Police.uk provides open access to local crime data, which makes it possible to study crime patterns in more detail. However, these data are anonymised to protect privacy, meaning the recorded crime locations are slightly shifted rather than shown in their exact positions [2]. Because of this, researchers often recommend analysing crime at a broader area level, such as Lower Layer Super Output Areas (LSOAs), which provide consistent boundaries and reduce the risk of false precision in spatial analysis [3] 
Research also shows that crime levels are influenced by more than just location. Environmental and socio-economic factors can also play an important role. For example, some studies suggest that certain crimes increase during warmer periods [4], while neighbourhood deprivation is often linked to higher levels of recorded crime [5]. Including weather and deprivation data can therefore help provide a fuller and more realistic picture of crime patterns.
Although these datasets are available, most public crime tools are still quite basic. Platforms such as Police.uk mainly show where crimes have already happened, but they do not clearly identify hotspot areas or offer any form of prediction. This creates a gap between what research shows is possible and the tools currently available to local analysts and police forces.
This project aims to help address that gap by developing a clear and repeatable analytical workflow for Swansea. 
Swansea was selected as the case study area because it is the second largest city in Wales and includes a mix of urban, suburban, and more rural communities, making it a useful setting for examining spatial crime variation. The project combines crime, weather and socio-economic data at LSOA level to identify crime hotspot zones using K-Means clustering and to support short-term crime forecasting using machine learning models. The results are presented in an interactive Power BI dashboard designed to support strategic policing and planning decisions.

[bookmark: _Toc228539164]1.2	Problem Statement
Although crime data for Swansea is publicly available through Police.uk [6], there is currently no integrated analytical tool that brings the information together in a way that supports local analysis and planning. Existing public dashboards mainly show where crimes have already happened, but they do not identify hotspot areas, show patterns clearly over time, or provide any short-term forecast of likely crime levels [7]. As a result, the available data is useful for description, but less useful for proactive decision-making.
This gap is particularly important in Swansea, as the city includes a wide range of neighbourhoods, from the busy city centre to suburban and more rural communities [8].  Crime patterns also vary considerably across different locations, as shown by the spatial variation identified in this study. However, there is currently no LSOA-level analytical tool for Swansea that combines crime, weather and deprivation data in one place to support hotspot analysis and short-term forecasting.
This project therefore aims to address that gap by developing an evidence-based pipeline that integrates these data sources at LSOA level.

[bookmark: _Toc228539165]1.3	Aim 
This project aims to analyse and forecast short-term crime patterns in Swansea at the LSOA level by combining crime, weather and deprivation data in one integrated pipeline. The results will be presented in an interactive Power BI dashboard that shows crime trends, hotspot zones and next-month forecasts to support strategic planning and decision-making.

[bookmark: _Toc228539166]1.4	Objectives
The aim of this project is achieved through the following objectives:
· Collect the data required for the project, including Swansea crime data, LSOA boundaries and centroids, weather data, and deprivation data from relevant public sources [6], [9], [8], [10]. 
· Create a structured data pipeline in SQL to store the raw, cleaned, and monthly aggregated LSOA-level tables, ensuring the workflow is organised, transparent, and easy to maintain.
· Identify crime hotspot areas in Swansea using K-Means clustering based on LSOA centroid coordinates and crime levels, with the optimal number of clusters determined using the Elbow Method and Silhouette Score.
· Forecast next-month crime at the LSOA level using three approaches: a baseline rolling average, Random Forest and XGBoost, and evaluate their performance using Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE).
· Build an interactive Power BI dashboard to present crime trends, hotspot clusters, forecast results and study limitations, with filtering by crime type, area and time period.

[bookmark: _Toc228539167]1.5	Structure of the Report
The remainder of this dissertation is organised as follows.
Chapter 2: Literature Review examines existing research on crime concentration, hotspot detection, clustering and forecasting methods, environmental and socio-economic influences on crime and visual analytics tools, while identifying the gap this project addresses.
Chapter 3: Methodology explains the research approach, data sources, development process, analytical methods and evaluation measures used in the project.
Chapter 4: Design and Implementation presents the requirements, design decisions and technical development of the SQL data pipeline, K-Means clustering process, forecasting models and Power BI dashboard.
Chapter 5: Results and Discussion presents and interprets the findings from hotspot detection, forecasting model performance and the February 2025 crime forecasts.
Chapter 6: Conclusions and Recommendations summarises the main findings of the project, considers whether the aim and objectives were achieved and highlights possible directions for future work.
Chapter 7: Reflection discusses what was learned during the project and how the experience contributed to personal and professional development.


[bookmark: _Toc228539168]: Literature Review
[bookmark: _Toc228539169]2.1	Introduction
This chapter reviews the key academic research related to analysing and forecasting crime patterns. The literature is organised into five main areas, covering spatial and temporal crime concentration, hotspot detection methods, crime forecasting approaches, environmental and socio-economic influences on crime, and visual analytics for crime decision-support tools. It also considers the ethical issues linked to predictive crime models.
The review draws on peer-reviewed journal articles, academic books, and official reports sourced from databases including Google Scholar, Scopus, and the university library. It brings together ideas from both criminology and computing to show how different analytical approaches have been used to examine crime patterns. The chapter concludes by identifying a gap between the more advanced techniques discussed in academic research and the mainly descriptive crime tools currently available to the public. This gap provides the main motivation for the approach taken in this project.

[bookmark: _Toc228539170]2.2	Crime Concentration and Spatial Patterns 
A substantial body of criminological research shows that crime is not randomly spread across a city but tends to cluster in a relatively small number of places. Weisburd (2015) describes this as the “law of crime concentration,” arguing that a small proportion of locations often account for a large share of crime [1]. This pattern has been found across different countries and crime types, which suggests that place-based analysis is important for understanding where crime risk is highest.
This idea is also supported by environmental criminology, which explains that crime is shaped by the ways people move through space and interact with their surroundings. Routine Activity Theory, for example, suggests that crime is more likely where motivated offenders, suitable targets and a lack of guardianship come together in the same place and time [11]. As a result, locations such as transport hubs, shopping centres, and nightlife areas often experience higher crime levels because they create more opportunities for offending.
Applied crime analysis research has built on these ideas by showing how spatial data can be used to identify and map crime patterns. Works such as Crime Analysis with Crime Mapping and Crime Modelling and Mapping Using Geospatial Technologies show how geospatial methods can support hotspot identification and crime prevention planning  [12]. Together, these studies highlight the value of spatial analysis for understanding how crime is distributed across urban areas.
However, the use of open crime data also creates important methodological challenges. In the UK, Police.uk crime locations are intentionally anonymised to protect privacy, meaning that recorded points are shifted away from their exact locations [6]. This reduces the reliability of very fine-grained spatial analysis at street level. For this reason, research on UK open crime data has recommended using broader spatial units, such as Lower Layer Super Output Areas (LSOAs), rather than relying on individual incident points. Analysing crime at area level helps reduce the effect of location distortion and provides a more reliable basis for identifying wider spatial patterns [13]. 

[bookmark: _Toc228539171]2.3	Hotspot Detection Methods 
Hotspot detection is a common technique in crime analysis used to identify areas where crime happens more often than expected. One of the most widely used approaches is Kernel Density Estimation (KDE), which creates heatmaps by smoothing crime locations across a geographic area. This makes patterns easy to visualise and has made KDE popular in policing and crime mapping research. However, studies have also pointed out some limitations [14]. KDE is sensitive to choices such as bandwidth and the patterns it produces can sometimes be misleading when the underlying crime data has been anonymised or aggregated [15]. 
Another approach is to use clustering methods, which group together places with similar crime levels. Two commonly discussed methods are K-Means and DBSCAN. K-Means is simple, efficient, and easy to interpret, which makes it useful when working with structured spatial units. DBSCAN can be more flexible because it can detect irregularly shaped clusters and does not require the number of clusters to be fixed in advance. However, it is often more sensitive to parameter settings and can be harder to apply consistently. Comparative studies suggest that while KDE produces smoother hotspot surfaces, clustering methods often provide clearer groupings of high-crime areas, especially when working with area-based data rather than exact incident points [16].
For this project, K-Means was selected as the most suitable method for hotspot detection. This is because the analysis is based on aggregated LSOA-level data rather than exact street locations, and each area can be represented using centroid coordinates and crime levels. In this context, K-Means provides clearly defined hotspot zones that are easier to interpret, compare and present in a dashboard [16]. This makes it a practical choice for analysing crime patterns in Swansea at the LSOA level. 

[bookmark: _Toc228539172]2.4	Crime Forecasting Approaches 
Crime forecasting focuses on using past crime data to estimate what may happen in the future. Recent review studies show that both traditional forecasting methods and machine learning approaches are widely used in crime prediction research [17]. Simple baseline methods are still important because they provide a clear and easy-to-understand benchmark against which more advanced models can be compared. Forecast accuracy is often measured using Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE), which show how close predictions are to the actual values and help compare model performance in a consistent way [18].
In recent years, machine learning has become increasingly common in crime forecasting because it can model more complex relationships than simpler baseline methods. Tree-based approaches such as Random Forest and XGBoost are often used because they can handle nonlinear patterns and interactions between variables [19]. At the same time, the literature also points out a trade-off between predictive performance and interpretability. More complex models, especially deep learning approaches, may improve accuracy in some cases, but they are often harder to explain, require more data, and can be less practical for real-world policing contexts where transparency matters [20], [21]. In contrast, simpler models such as Random Forest often perform competitively on structured tabular datasets while remaining easier to interpret and apply in practice [22]
For this project, a baseline rolling average, Random Forest, and XGBoost were selected as the most suitable forecasting approaches. This combination provides a balance between simplicity and model complexity, allowing the study to compare an easy-to-interpret benchmark with two stronger machine learning methods. Given that the Swansea dataset is structured at monthly LSOA level, includes a limited number of features, and is intended to support practical decision-making through a dashboard, these models offer a sensible balance between usability, interpretability, and predictive performance.

[bookmark: _Toc228539173]2.5	Environmental and Socio-Economic Influences on Crime
Crime patterns are shaped by more than location alone. Research has shown that environmental conditions, especially temperature, can affect crime levels by changing how often people are outside and interacting in public spaces. Ranson’s large-scale study found that higher temperatures were associated with higher crime levels, suggesting that weather can influence offending opportunities as well as routine activity [4]. A systematic review and meta-analysis further confirmed this relationship across multiple studies [23]. 
Socio-economic conditions are also important in explaining why crime varies between areas. Social Disorganisation Theory argues that crime is more likely in communities affected by disadvantage, instability and weaker informal social control. This idea was developed in early work by Shaw and McKay [24], and later tested by Sampson and Groves, who found that community structure is closely linked to crime rates [25]. More recent UK research also shows that violent crime is higher in more deprived areas, including at LSOA level [5]. 
These findings are relevant to this project because they suggest that crime cannot be explained by past crime patterns alone. To reflect this wider context, the study includes temperature as an environmental variable and deprivation as a socio-economic variable. Deprivation is represented using the Welsh Index of Multiple Deprivation, which is the Welsh Government’s official measure for identifying the most deprived small areas in Wales [26]. Including these variables helps provide a broader explanation of crime patterns across Swansea.  

[bookmark: _Toc228539174]2.6	Visual Analytics and Dashboard-Based Crime Analysis
Visualisation plays an important role in crime analysis because it helps complex data become easier to understand and use. Clear charts, maps, and summaries can help analysts and decision makers spot patterns, compare areas, and identify changes over time more quickly than reading tables or static reports [27]. Tufte’s work on information design highlights the importance of clarity, simplicity and avoiding unnecessary visual clutter, while Murray also shows how interactive visualisation can make complex datasets easier to explore and interpret [28], [29]. 
Interactive dashboards are especially useful in crime analysis because they allow users to move beyond static reporting and explore the data in more detail. This can include switching between maps and charts, filtering by time or location, and comparing trends across different areas. Research on visual analytics for crime analysis argues that interactive visual tools can support better reasoning and decision support by helping users examine spatial, temporal, and contextual patterns in the data more effectively [30].
For this project, Power BI was chosen as the most suitable platform for the dashboard because it supports interactive maps, time-series charts, filtering, and direct integration with SQL-based data. These features make it well suited to presenting Swansea crime trends, hotspot zones and forecast results in a way that is both practical and easy to interpret for strategic planning [31] ].This choice also fits the wider literature, which suggests that decision-support dashboards are most useful when they combine clear visual design with interactive exploration [30].  

[bookmark: _Toc228539175]2.7	Ethics, Bias, and Transparency in Predictive Crime Models
Predictive crime models have raised important ethical concerns, especially around fairness and bias. A common criticism is that models trained on historical crime data may learn patterns in police activity rather than patterns in crime itself [32]. This means that if some areas have been more heavily policed in the past, they may appear to have higher crime risk in the data, which can lead to biased results being repeated in future predictions.  
Because of this, many researchers stress the importance of transparency and explainability in predictive systems, especially when they are used in public-sector settings. If a model is too complex or difficult to interpret, it becomes harder to understand why certain areas are identified as higher risk. This can reduce trust in the system and make it more difficult to use responsibly in practice [33].
These concerns are relevant to this project, so the study takes a more cautious and transparent approach. The analysis is carried out at LSOA level rather than at individual address level, which reduces the risk of false precision and over-targeting specific locations. The project also uses interpretable modelling approaches and presents the results through clear visualisations, so that hotspot patterns and forecasts can be understood more easily. In this way, the aim is not to support automated policing decisions, but to provide a more transparent tool for strategic planning.

[bookmark: _Toc228539176]2.8	Gap Between Academic Research and Public Crime Tools
Although academic research has developed a wide range of methods for crime hotspot detection, forecasting, and spatial analysis, most public crime platforms still remain mainly descriptive [7].  Tools such as Police.uk and South Wales Police’s local area pages are useful for showing where crimes have already happened and for providing basic summary statistics, but they do not usually offer hotspot classification, short-term forecasting, or the integration of wider contextual factors such as deprivation and weather [34], [35]. While some UK police forces have explored predictive tools, their use has been limited and has faced criticism regarding accuracy and bias [36]. This creates a clear gap between what is possible in research and what is currently available through public-facing crime tools. 
This project aims to address that gap through a Swansea-focused case study. It brings together crime, weather, and deprivation data at the LSOA level in a single analytical workflow, then applies hotspot detection and short-term forecasting methods before presenting the results in an interactive dashboard. By combining these elements, the project moves beyond simple crime mapping and offers a more practical decision-support tool for understanding local crime patterns in Swansea.

[bookmark: _Toc228539177]2.9	Conclusion
The literature reviewed in this chapter shows that crime is not evenly distributed but tends to concentrate in specific locations across urban areas. Different hotspot detection methods have been used in previous studies, with K-Means standing out in this project as a suitable approach for grouped LSOA-level data. The review also showed that crime forecasting can be carried out using both simple baseline methods and more advanced machine learning models, which supports the use of a rolling average, Random Forest and XGBoost in this study. It further highlighted that environmental and socio-economic factors, such as temperature and deprivation, can help explain differences in crime patterns between areas. In addition, the literature showed that visual analytics and interactive dashboards can make crime data easier to understand and more useful for decision-making. Ethical concerns around bias, fairness and transparency were also identified, showing the importance of using interpretable methods and presenting results carefully. Overall, the review highlights a clear gap between the more advanced methods discussed in academic research and the mainly descriptive public crime tools currently available, which provides the main motivation for this Swansea-focused project.










[bookmark: _Toc228539178]: Methodology 
[bookmark: _Toc228539179]3.1	Introduction
This chapter explains the methodology used in the project and justifies the main decisions made during the research and development process. It covers the research philosophy, research approach, research strategy, data sources, data collection and preparation, analytical methods, development methodology, evaluation metrics, and ethical considerations. The chapter is structured around the Research Onion framework, which helps explain how the overall research design was selected and applied in this study [37], [38] ].
Figure 3-1 illustrates the Research Onion framework and the methodological choices made in this study.
[image: ]
[bookmark: _Toc228539219]Figure 3‑1: The research onion.
Source: Saunders, Lewis and Thornhill [38], reproduced from ResearchGate.

[bookmark: _Toc228539180]3.2	Research Philosophy
This project is guided by a positivist research philosophy. Positivism is based on the idea that knowledge can be developed through the observation and measurement of objective facts, using methods that are structured, evidence-based, and capable of being tested [38]. This philosophy fits the project because the study uses numerical and observable data, including crime counts, LSOA locations, temperature values, deprivation indicators, and model performance measures, rather than opinions, interviews, or personal experiences. It is also appropriate because the project tests ideas already discussed in the literature, such as crime concentration, hotspot detection, and short-term forecasting, instead of trying to build new theory from subjective interpretation. The results can also be measured and verified using clear evaluation metrics, including MAE, RMSE, Elbow Method, and Silhouette Score. For these reasons, positivism provides a suitable foundation for a study focused on producing objective, transparent, and repeatable findings.

[bookmark: _Toc228539181]3.3	Research Approach
A deductive research approach was adopted in this project. Deduction involves starting from existing theory and previous research and then testing those ideas using collected data [38]. This approach was appropriate because the study was guided by concepts already discussed in the literature, including Weisburd’s “law of crime concentration,” [1]  environmental criminology, Social Disorganisation Theory, and previous research on crime forecasting. These ideas suggested that crime would be unevenly distributed across Swansea, that some socio-economic and environmental factors could influence crime levels, and that past crime patterns could help predict future crime. The project then tested these ideas using quantitative data at the LSOA level, applying hotspot detection, forecasting models, and evaluation measures to examine whether the patterns in Swansea were consistent with the literature. This made deduction a suitable approach because the study was focused on testing existing knowledge rather than developing a new theory from the data.

[bookmark: _Toc228539182]3.4	Research Strategy
A case study strategy was adopted for this project. A case study involves investigating a contemporary issue within a specific real-world context, allowing the researcher to examine it in depth rather than in a broad or highly abstract way [39]. This strategy was appropriate because the project focused on understanding crime patterns, hotspot locations, and short-term forecasting within one clearly defined setting rather than attempting to generalise across multiple cities.
Swansea was selected as the case study area because it is the second largest city in Wales and includes a mix of urban, suburban, and more rural communities. This makes it a useful setting for examining how crime varies across different neighbourhood types. The case study strategy also suited the project because it allowed crime, weather, and deprivation data to be analysed together at the LSOA level within a manageable and realistic scope. This supported a more detailed and context-specific analysis, while also making it possible to develop a practical dashboard tailored to Swansea.

[bookmark: _Toc228539183]3.5	Research Method (Quantitative)
This study used a quantitative research method because it focused on analysing numerical data to identify patterns and test model performance [40]. The project used structured datasets, including monthly crime counts, LSOA-level spatial data, temperature values, and deprivation indicators, which were processed using statistical and machine learning techniques. This made a quantitative method suitable, as the aim was to measure crime patterns, compare hotspot areas and generate short-term forecasts using numerical evidence.
A qualitative method was not appropriate for this project because the study did not explore personal experiences, opinions or behaviours through interviews or observations. Instead, it relied on measurable data that could be aggregated, modelled and evaluated using metrics such as MAE, RMSE, Elbow Method and Silhouette Score. This allowed the analysis to be carried out in a consistent and systematic way.

[bookmark: _Toc228539184]3.6	Data Sources
The project used four main datasets, each providing a different part of the analysis. Table 3-1 summarises the source, coverage and purpose of each dataset.
	Dataset
	Source
	Coverage
	Purpose

	Crime data
	Police.uk
	Jan 2024 – Jan 2025
	Hotspot detection and forecasting

	LSOA centroids
	ONS
	2021
	Spatial coordinates for mapping

	Deprivation data
	Welsh Government (WIMD 2025)
	2025
	Socio-economic context

	Weather data
	Met Office MIDAS
	2023
	Seasonal temperature proxy



[bookmark: _Toc228539235]Table 3‑1: Summary of datasets used in the project
 
The main dataset used in the project was the Police.uk crime data, which provided monthly recorded crime data for Swansea from January 2024 to January 2025 [6]. This dataset formed the core of the analysis and was used for both hotspot detection and crime forecasting. To support spatial analysis and mapping, LSOA centroid data from the Office for National Statistics (ONS) was used [9]. This dataset provided the geographic coordinates for each LSOA, making it possible to map crime patterns and support the clustering process. Socio-economic context was added using the Welsh Index of Multiple Deprivation (WIMD) 2025, which provided deprivation indicators for Swansea LSOAs [8]. This helped place crime patterns in a wider social context. Finally, weather data from the Met Office MIDAS dataset was included as a seasonal temperature proxy [10]. Although exact weather data for the full crime period was not available, the 2023 temperature data was used to represent general seasonal variation and to test whether weather had any influence on crime patterns. 

[bookmark: _Toc228539185]3.7	Data Collection and Preparation
The initial data preparation was carried out in Excel. The raw Police.uk crime CSV file [6],  was first opened and reviewed to check the available fields. The original download covered the full South Wales Police force area rather than Swansea only, so the data was filtered to retain only records where the LSOA name began with “Swansea”. This produced a Swansea-specific dataset containing 24,921 crime records across 150 LSOAs and 13 months. Unnecessary columns, including Crime ID, Reported by, Falls within, Longitude, Latitude, Location, Last outcome category and Context, were then removed, leaving Month, LSOA code, LSOA name and Crime type as the main variables. A PivotTable was used to group and count crimes by Month, LSOA, and Crime type, and the result was saved as monthly_crime.csv. The WIMD file was also cleaned in Excel by removing guidance rows, keeping the five required columns, and renaming the headers. The centroid file was cleaned by filtering it to Welsh LSOAs with W01 codes and keeping only the three required columns. The weather file was prepared by removing 283 metadata rows and keeping only ob_time and air_temperature.
After cleaning, the prepared CSV files were loaded into SQL Server. A database called SwanseaCrimeDB was created to store the project data in a structured way. Four tables were then created: crime_monthly, lsoa_wimd, lsoa_centroids, and weather_monthly. Each of the cleaned CSV files was imported into its matching table. This stage provided a consistent and organised database structure, making the workflow easier to manage and preparing the data for later analysis.
The main integration and feature engineering work was then completed in Python. The project connected to SQL Server using pyodbc, and all four tables were loaded into pandas dataframes. The Month column was converted from text to datetime format, and a month number was extracted to support joining with the weather data. The centroid dataset was then filtered from 1,917 Welsh LSOAs down to 150 Swansea LSOAs. After this, the crime, centroid, deprivation, and weather tables were merged into one master dataset containing 8,627 rows and 13 columns. Additional forecasting features were then created, including lag1, lag2, and lag3, along with a rolling average baseline. This produced the final structured dataset used for hotspot detection, forecasting, and dashboard development.

[bookmark: _Toc228539186]3.8	Analytical Methods
Two main analytical methods were used in this project: K-Means clustering for hotspot detection and forecasting models for short-term crime prediction. These methods were selected to match the two main aims of the study: first, to identify areas of Swansea with similar crime patterns, and second, to predict likely crime levels for the following month at the LSOA level.
For hotspot detection, the master dataset was first aggregated so that each row represented one LSOA rather than individual crime records. This produced an LSOA-level summary dataset containing total crime and average monthly crime values, along with centroid coordinates. K-Means clustering was then applied to group LSOAs with similar crime characteristics into distinct zones. This method was chosen because it works well with structured, area-level data and produces clearly defined groups that can be mapped and interpreted easily [16]. To avoid selecting the number of clusters arbitrarily, the Elbow Method and Silhouette Score were used to test different values of K [22]. Both methods indicated that four clusters provided the most suitable grouping, so K=4 was used for the final hotspot analysis.
For forecasting, the data was organised at monthly LSOA level so that one row represented one area in one month. Additional features were then created to support prediction, including the previous one, two, and three months of crime counts, a 3-month rolling average, month number, average temperature, and deprivation rank. Three forecasting approaches were used: a rolling average baseline, Random Forest and XGBoost [17]. The rolling average provided a simple benchmark, while the two machine learning models were used to test whether more complex methods could improve predictive performance. A time-based train-test split was used so that earlier months were used for training, and later months were used for testing, which reflects how forecasting would work in practice [18]. After comparing the models, the selected approach was then used to generate February 2025 predictions for Swansea LSOAs.

[bookmark: _Toc228539187]3.9	Development Methodology
An iterative and modular development approach was used to build the system [41]. Rather than trying to develop the whole solution at once, the project was completed in stages, with each stage producing an output that could be checked before moving to the next. The workflow began with data cleaning in Excel, followed by structured storage in SQL Server, analytical processing in Python, and final visualisation in Power BI. This approach suited the project because it made the development process easier to manage, allowed problems to be identified early, and helped keep the pipeline clear and reproducible.
Each tool was selected for a specific purpose within the workflow. Excel was used for the initial inspection and cleaning of the raw files because it provided a quick and practical way to review columns, remove unnecessary fields, and prepare the data for import. SQL Server was then used to store the cleaned datasets in a structured database, which made the workflow more organised and supported reliable access to the data during later stages. Python was used for the main analytical work, including data merging, feature engineering, clustering, and forecasting, because it provided the flexibility needed for data processing and machine learning. Power BI was used to develop the dashboard because it supported interactive maps, charts, filters, and direct integration with the project data. Together, these tools formed a connected pipeline from raw data to final dashboard output.
This development approach was appropriate for the project because the final deliverable was not just a set of results, but a working analytical system. The pipeline was designed so that each stage supported the next, from preparation and storage to analysis and visual presentation. This made it possible to produce a solution that was practical, transparent, and suitable for demonstrating how crime data could be turned into useful decision-support outputs for Swansea.

[bookmark: _Toc228539188]3.10	Evaluation Metrics
The forecasting models were evaluated using Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) [42]. Both measures were used to assess how close the predicted crime values were to the actual values in the test data. MAE shows the average size of the prediction errors, making it a simple and easy-to-understand measure of overall accuracy. RMSE measures prediction error in a similar way but gives more weight to larger mistakes. This makes it useful when a model performs reasonably well overall but struggles with bigger errors, such as sudden crime spikes.
These two metrics were chosen because they provide a clear and consistent way to compare forecasting performance across the three models used in this project: the rolling average baseline, Random Forest, and XGBoost. Lower MAE and RMSE values indicate better performance. MAE was used to compare general prediction accuracy, while RMSE was used to examine how well each model handled larger errors. Together, they made it possible to assess whether the more complex machine learning models performed better than the simple baseline and to identify which approach was most suitable for short-term crime forecasting in this study.
[bookmark: _Toc228539189]3.11	Ethical Considerations
Several steps were taken in this project to address ethical concerns around crime data and predictive modelling. The study used publicly available secondary data rather than personal or interview-based data, and no attempt was made to identify individuals or exact addresses. Because Police.uk crime locations are already anonymised and intentionally shifted for privacy, the analysis was carried out at the LSOA level rather than at street or household level [13]. This reduced the risk of false precision and helped avoid presenting the results in a way that could unfairly target specific locations.
The project also aimed to support transparency and responsible use of the results. Simple and interpretable methods were included alongside machine learning models, and the dashboard was designed to present findings clearly rather than as automated decisions. The forecasts were treated as decision-support outputs for strategic planning, not as exact predictions for operational policing. In addition, the study recognised that historical crime data may reflect existing policing patterns as well as crime patterns, so the results were interpreted with caution, and the limitations of the models were made clear in the final dashboard and discussion [33].

[bookmark: _Toc228539190]3.12	Summary
This chapter has explained the methodology used in the project and justified the main research and development decisions. A positivist philosophy, deductive approach, case study strategy, and quantitative method were chosen to support the analysis of crime patterns in Swansea using objective data.
The chapter also outlined the data sources, preparation process, analytical methods, development workflow, evaluation metrics, and ethical considerations. Together, these decisions created a clear and repeatable process for identifying hotspot areas, forecasting short-term crime patterns, and presenting the results in an interactive Power BI dashboard.
[bookmark: _Toc228539191]: Design and Implementation

[bookmark: _Toc228539192]4.1	Introduction
This chapter presents the design and implementation of the crime analysis system developed for this project. It explains how the data pipeline was built, how the hotspot detection and forecasting components were implemented and how the results were presented in an interactive Power BI dashboard. The chapter also outlines the main design decisions, implementation challenges, and testing carried out to ensure the system worked as intended.

[bookmark: _Toc228539193]4.2	System Requirements
Before development began, the system requirements were defined to make sure the project had a clear and practical scope. In functional terms, the system needed to store and manage the main project datasets, including crime, deprivation, weather and spatial data. It also needed to identify crime hotspot zones using clustering, forecast next-month crime at the LSOA level and present the results in an interactive dashboard. In addition, the dashboard needed to allow users to filter the results by crime type, area and time period so that patterns could be explored more easily.
The system also needed to meet several non-functional requirements. It needed to be reproducible, so that the same input data and methods would produce the same results each time. It needed to be transparent, with methods and outputs that could be understood and explained clearly. It also needed to be accessible, meaning the dashboard should be easy to use and interpret. Finally, the system needed to be scalable, so that the pipeline could be updated in future if new crime data or related datasets became available.


[bookmark: _Toc228539194]4.3	System Architecture
Raw Data Sources
(Police.uk, ONS, WIMD, Met Office)




Excel
(Data cleaning and Preparation)



SQL Server (SwanseaCrimeDB)
(Structured storage, 4 tables)




Python (Jupyter Notebook) 
(Merging, K-Means, Forecasting)




SQL Server (Results Tables) 
(4 results tables)

Power BI
(Interactive dashboard)







[bookmark: _Toc228539220]Figure 4‑1: System architecture diagram of the crime analysis pipeline

Figure 4-1 shows the overall architecture of the system developed for this project. The workflow begins with raw data collected from Police.uk, the ONS, the Welsh Government, and the Met Office. These datasets were first cleaned and prepared in Excel before being stored in SQL Server within the SwanseaCrimeDB database. Python was then used to load, merge, and analyse the data, including hotspot detection with K-Means and crime forecasting. The outputs were saved back into SQL Server as results tables and then connected to Power BI, where they were presented in an interactive dashboard. This structure created a clear and repeatable pipeline from raw data to final visual output.

[bookmark: _Toc228539195]4.4	Database Design
A SQL Server database called SwanseaCrimeDB was created to store the cleaned datasets and analytical outputs in a structured way. The main purpose of the database was to keep the workflow organised, make the data easier to manage, and support reliable access from Python and Power BI. The design separated the project into input tables and results tables, which helped keep the raw and processed data distinct.
	Table
	Purpose
	Key columns

	crime_monthly
	Stores aggregated monthly crime data by LSOA and crime type
	Crime_Count, Crime_type, LSOA_code, LSOA_name, Month, Month_num 

	lsoa_centroids
	Stores spatial coordinates for each LSOA
	LSOA_code, x, y

	lsoa_wimd
	Stores deprivation indicators for each LSOA
	Employment, Health, Income, LSOA_code, WIMD_rank

	weather_monthly
	Stores monthly temperature values used as a seasonal proxy
	Avg_temp_c, Month_name, Month_num

	clustering_results
	Stores hotspot clustering outputs for each LSOA
	avg_monthly_crime, Cluster, latitude, longitude, LSOA_code, LSOA_name, total_crime, WIMD_rank, x, y, Zone

	forecast_results
	Stores actual and predicted crime values for model evaluation
	Actual_Crime, Baseline_Pred, LSOA_code, LSOA_name, Month, RF_Pred, XGB_Pred

	feb_2025_forecast
	Stores February 2025 forecast values for each LSOA
	Baseline_Forecast, LSOA_code, LSOA_name, RF_Forecast, XGB_Forecast

	actual_vs_forecast
	Stores data used to compare actual and predicted values visually
	avg_monthly_crime, LSOA_code, LSOA_name, RF_Forecast



[bookmark: _Toc228539236]Table 4‑1: Main tables used in the SwanseaCrimeDB database.


[image: ]
[bookmark: _Toc228539221]Figure 4‑2: Database model showing the relationships between the main tables used in the project.

The tables were designed to connect through shared fields such as LSOA_code and Month_num, as shown in Figure 4-2. The crime_monthly table acted as the core dataset, linking directly to lsoa_centroids, clustering_results and weather_monthly. Deprivation data from lsoa_wimd was linked through lsoa_centroids using the shared LSOA_code field. The results tables were created from the Python analysis and used to store hotspot classifications and forecast outputs. This structure kept the pipeline organised and reproducible.

[bookmark: _Toc228539196]4.5	Data Pipeline Implementation
The data pipeline was designed to move the project from cleaned source files to a structured dataset that could be used for clustering, forecasting, and dashboard reporting. After the files were prepared in Excel and stored in SQL Server, Python was used as the main processing layer. This separated storage, analysis and visualisation, making the workflow easier to manage and update. 
Python first connected to the SwanseaCrimeDB database and loaded the required tables into pandas dataframes as shown in figure 4-3.
# Connect to SQL Server using Windows Authentication
conn = pyodbc.connect(
    'DRIVER={ODBC Driver 18 for SQL Server};'
    'SERVER=localhost;'
    'DATABASE=SwanseaCrimeDB;'
    'Trusted_Connection=yes;'
    'TrustServerCertificate=yes;'
)
print("Connected to SwanseaCrimeDB successfully")
[image: ]
[bookmark: _Toc228539222]Figure 4‑3: Python connection to SwanseaCrimeDB using pyodbc.

The main implementation decision at this stage was to standardise the join fields before merging. The Month field was converted to datetime format and Month_num was extracted so that crime data could be linked with the monthly weather data. Spatial and deprivation data were joined using LSOA_code, while the centroid dataset was filtered to retain only the 150 Swansea LSOAs. The four tables were then merged to create the master dataset as shown in figure 4-4.


# Step 1: Merge crime data with WIMD deprivation data on LSOA_code
df_master = df_crime.merge(df_wimd, on='LSOA_code', how='left')
# Step 2: Merge with Swansea centroids on LSOA_code
df_master = df_master.merge(df_centroids_swansea, on='LSOA_code', how='left')
# Step 3: Merge with weather data on Month_num
df_master = df_master.merge(df_weather[['Month_num', 'Avg_temp_c']], 
                             on='Month_num', how='left')
print("Master dataset created successfully")
print("Shape:", df_master.shape)
print("\nColumns:", df_master.columns.tolist())
[image: ]
[bookmark: _Toc228539223]Figure 4‑4: Master dataset creation by merging four tables in Python.

These steps produced the master dataset used in the later stages of the project. Additional features were then created for forecasting and the outputs from clustering and prediction were written back to SQL Server as results tables for use in Power BI.

[bookmark: _Toc228539197]4.6	Hotspot Detection Implementation
Hotspot detection was implemented using K-Means clustering in Python. To prepare the data, the master dataset was first aggregated so that each row represented one LSOA rather than individual crime records. This produced an LSOA-level summary containing the main variables used for clustering, including crime levels and spatial coordinates. Organising the data in this way made it suitable for grouping areas with similar crime patterns.
The next step was to determine the most suitable number of clusters. This was done by testing different values of K and evaluating them using the Elbow Method and Silhouette Score [16]. The Elbow Method was used to identify the point where improvement began to level off, while the Silhouette Score was used to assess how clearly separated the clusters were. Both methods indicated that K = 4 was the most suitable choice.
[image: ]
[bookmark: _Toc228539224]Figure 4‑5: Elbow Method chart.

[image: ]
[bookmark: _Toc228539225]Figure 4‑6: Silhouette Score chart.

The final K-Means model was then run using K = 4 and each LSOA was assigned to a cluster. These cluster labels were later translated into more meaningful zone names and stored in the clustering_results table for mapping and dashboard use.

[bookmark: _Toc228539198]4.7	Forecasting Implementation
The forecasting dataset was prepared at monthly LSOA level, with each row representing one area in one month. To support prediction, additional features were created from the crime history, including lag1, lag2 and lag3, which stored the crime counts from the previous one, two and three months [43]. A 3-month rolling average was also created to provide a simple baseline forecast.
[image: ]
[bookmark: _Toc228539226]Figure 4‑7: Creation of lag features and rolling average baseline in Python.

To reflect real forecasting conditions, the data was split by time rather than randomly. Earlier months were used for training, while later months were reserved for testing [18]. This made it possible to evaluate how well the models predicted future crime levels using data they had not already seen.
Three forecasting approaches were implemented: a rolling average baseline, Random Forest and XGBoost [19]. The baseline provided a simple benchmark, while the two machine learning models were used to test whether more complex methods could improve performance. After evaluation, the final pipeline was used to generate February 2025 forecasts for all 150 Swansea LSOAs, and the results were stored for dashboard reporting.

[bookmark: _Toc228539199]4.8	Dashboard Design and Implementation
The dashboard was developed in Power BI to present the project results in a clear and interactive way. The main design decision was to place the hotspot map at the centre of the dashboard, as spatial crime patterns were a key focus of the project. Supporting visuals were added around it to show the monthly crime trend, crime type breakdown, forecast results, and summary indicators such as total crimes and monthly average.
Interactivity was provided through slicers for crime type, month, and area, allowing users to explore the data from different perspectives. A comparison table was also included to show the historical average against the February 2025 Random Forest forecast for the top LSOAs. The layout was kept simple so that the dashboard could be understood quickly while still bringing together clustering, forecasting, and summary analysis in one place. A separate limitations page was also included to present the main constraints of the dashboard transparently, in line with the ethical considerations discussed in Chapter 3.
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[bookmark: _Toc228539227]Figure 4‑8: Power BI dashboard showing hotspot, trend, forecast and summary visuals.

[bookmark: _Toc228539200]4.9	Implementation Challenges
Several implementation challenges were encountered during the project. One of the main difficulties was preparing and integrating data from different sources, as the files used different formats, column names, and levels of detail. The raw Police.uk download also covered the full South Wales Police area, so it had to be filtered carefully to retain only Swansea records. Another challenge was creating the forecasting dataset, as the lag features reduced the number of usable rows and required the data to be checked again in Python to make sure the outputs were correct.
A technical issue was also encountered when installing the XGBoost library, as the space in the Windows username caused the standard pip install command to fail. This was resolved by navigating directly to the Anaconda directory in the command prompt and running the installation from there.
A further challenge was presenting the results clearly in Power BI. This involved improving the dashboard layout, map colours, labels, and visual spacing so that the outputs were both readable and useful. Some parts of the workflow also had to be revisited after the first version was completed, particularly in Python and Power BI, to correct outputs and improve the final presentation. These changes helped make the system more accurate, clearer to use, and more suitable for the final dashboard.

[bookmark: _Toc228539201]4.10	Testing
Testing was carried out at several stages to make sure the system worked correctly. The first step was to check that the cleaned CSV files had loaded into SQL Server properly and that the expected tables and columns were present. The data was then reviewed again in Python after loading into pandas to confirm that joins had worked correctly, row counts were as expected, and the master dataset had been created successfully.
The clustering results were checked by reviewing the Elbow Method and Silhouette Score outputs to confirm that the selected value of K was justified. The final cluster assignments were then inspected to make sure each LSOA had been assigned to a valid cluster and that the results could be mapped correctly. Forecasting outputs were tested by checking the lag features, rolling average calculations and train-test split before comparing the predicted values with the actual crime counts. Finally, the Power BI dashboard was tested by checking that visuals displayed the correct values, slicers filtered the data properly and the main pages loaded and interacted as expected.

[bookmark: _Toc228539202]4.11	Summary
This chapter has presented the design and implementation of the crime analysis system developed for the project. It explained the system requirements, database structure, data pipeline, hotspot detection, forecasting process, dashboard development, implementation challenges, and testing. Together, these stages produced a working and reproducible system for analysing crime patterns and presenting the results in Power BI.









[bookmark: _Toc228539203]: Results and Discussion

[bookmark: _Toc228539204]5.1	Introduction 
This chapter presents and interprets the main findings of the project. It covers the exploratory analysis, hotspot detection results, forecasting performance, February 2025 predictions and the main outputs shown in the dashboard. These results are used to assess how well the project met its objectives and to link the findings back to the literature.

[bookmark: _Toc228539205]5.2	Exploratory Data Analysis 
The exploratory analysis showed that the Swansea dataset contained 24,921 crime records covering the period from January 2024 to January 2025. The monthly trend showed some variation over time, with crime reaching its highest level in May 2024 before falling slightly in later months, as shown in Figure 5-1.
[image: ]
[bookmark: _Toc228539228]Figure 5‑1: Monthly crime trend in Swansea (January 2024 – January 2025).

The peak in May 2024 is consistent with research suggesting that warmer months are associated with higher levels of outdoor crime and social interaction [4].The analysis of crime types also showed that crime was not evenly distributed across categories, with violent and sexual offences recorded most often in the dataset, as shown in Figure 5-2.
[image: ]
[bookmark: _Toc228539229]Figure 5‑2: Total crimes by type in Swansea (January 2024 – January 2025).

These early patterns provided useful context for the hotspot and forecasting analysis that followed.

[bookmark: _Toc228539206]5.3	Hotspot Detection Results 
The K-Means analysis grouped Swansea’s 150 LSOAs into four distinct crime zones, showing that crime was not distributed evenly across the city. As shown in Table 5.1, one cluster contained the highest-crime areas and represents the main hotspot zone, while the other clusters reflected medium-high, medium-low, and low-crime areas. This suggests that a relatively small number of places account for a larger share of crime, which is consistent with Weisburd’s law of crime concentration [1].
The hotspot areas included LSOAs such as Swansea 025F, 025B, and 025I, which were repeatedly identified as high-crime locations. Figure 5.3 shows that these hotspots were mainly concentrated around the city centre and nearby urban areas, while lower-crime zones were more common further from the centre. This pattern supports the idea from environmental criminology that crime tends to cluster in places with higher activity, movement and opportunity [11]. Overall, the clustering results show clear spatial differences across Swansea and provide a useful basis for strategic hotspot identification.
	Cluster / Zone
	Number of LSOAs
	Average monthly crime
	Interpretation

	Cluster 0 / High Crime Zone
	68
	2.711
	Main hotspot areas with the highest crime levels

	Cluster 3 / Medium-High Crime Zone
	35
	2.335
	Areas with above average crime levels

	Cluster 1 / Medium-Low Crime Zone
	26
	1.942
	Areas with moderate but lower crime levels

	Cluster 2 / Low Crime Zone
	21
	1.651
	Lowest crime areas in the dataset



[bookmark: _Toc228539237]Table 5‑1: Summary of K-Means cluster results.

Note: Average monthly crime values represent the mean crime count per crime type, per month, for each LSOA, rather than the total monthly crime count for the area.
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[bookmark: _Toc228539230]Figure 5‑3: K-Means cluster scatter plot showing four crime zones across Swansea.

[bookmark: _Toc228539207]5.4	Forecasting Results 
The forecasting results showed only small differences between the three models, as summarised in Table 5-2. The baseline rolling average achieved the lowest MAE, which means it produced the best average accuracy overall, while Random Forest achieved the lowest RMSE, meaning it handled larger errors slightly better. XGBoost performed worst on both measures. This suggests that the more complex models did not clearly outperform the simple baseline, possibly because crime patterns in the dataset were relatively stable and recent past values already captured most of the useful information [22].
	Model
	MAE
	RMSE

	Baseline (Rolling Average)
	3.411
	4.875

	Random Forest
	3.439
	4.789

	XGBoost
	3.774
	5.821



[bookmark: _Toc228539238]Table 5‑2: Forecasting model performance.
The feature importance results in Figure 5-4 showed that the Random Forest model relied mainly on lag2, lag1, and lag3, while temperature, month number, and WIMD rank had much less influence. This partly supports previous forecasting research showing that past crime levels are strong predictors of future crime [17], but it is also notable that deprivation and temperature played a weaker role than suggested in parts of the literature [4]. 
[image: ]
[bookmark: _Toc228539231]Figure 5‑4: Random Forest feature importance scores.

Figure 5-5 also shows that all three models followed the overall crime pattern reasonably well, but they struggled to capture sudden spikes, producing smoother predictions than the actual values.
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[bookmark: _Toc228539232]Figure 5‑5: Actual versus predicted crime counts for the three forecasting models.

[bookmark: _Toc228539208]5.5	February 2025 Forecast 
The forecast showed that crime risk was still concentrated in a small number of Swansea LSOAs rather than being spread evenly across the city. The highest predicted values were seen in areas such as Swansea 025F, 025B, and 025I, suggesting that these locations were likely to remain the main hotspot areas. This is important because it matches the earlier K-Means results, where the same LSOAs were identified as high-crime zones.
There was, however, some difference between the models. Random Forest and the baseline produced similar forecasts for the top-risk areas, while XGBoost gave a much lower prediction for Swansea 025F. This suggests that XGBoost was less reliable for the most extreme hotspot. Overall, the forecast supports the idea that crime in Swansea remains concentrated in a limited number of places [1]. This pattern can also be seen in Figure 5-6, which shows the highest forecast LSOAs across the three models.

[image: ]
[bookmark: _Toc228539233]Figure 5‑6: Top forecast LSOAs for February 2025 across the three models.

[bookmark: _Toc228539209]5.6	Dashboard Findings and Interpretation 
The dashboard also made it possible to explore the results in a more focused way through interactive filtering. As shown in Figure 5-7, filtering the dashboard to Swansea 025H, May 2024 and violent and sexual offences allowed the hotspot, summary values, and charts to update instantly. This made it easier to examine individual locations in more detail and showed how the dashboard could support practical interpretation of the results.
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[bookmark: _Toc228539234]Figure 5‑7: Dashboard filtered by area, month and crime type showing interactive capability.

[bookmark: _Toc228539210]5.7	Summary 
The results showed that crime in Swansea varied over time, with the highest level recorded in May 2024, while violence and sexual offences were the most common crime type. The K-Means analysis identified four distinct crime zones and showed that the highest-crime areas were mainly concentrated around the city centre and nearby urban locations, which supports Weisburd’s law of crime concentration and wider environmental criminology theory. The forecasting results showed only small differences between the three models, with the baseline achieving the lowest MAE and Random Forest achieving the lowest RMSE. Feature importance analysis further showed that recent past crime levels were the strongest predictors, while temperature and deprivation played a weaker role than expected. The forecast also identified Swansea 025F as the highest-risk area, consistent with the earlier hotspot analysis. Overall, these findings show that the project successfully met its aim by identifying crime hotspots, testing short-term forecasting models and presenting the results through an interactive dashboard.








[bookmark: _Toc228539211]: Conclusions and Recommendations

[bookmark: _Toc228539212]6.1	Introduction
This chapter brings together the main conclusions of the project. It reviews the extent to which the project objectives were achieved, summarises the key findings, discusses the main limitations, and outlines recommendations for future work.

[bookmark: _Toc228539213]6.2	Achievement of Objectives
All five project objectives were successfully achieved, as summarised below:
· The first objective was achieved by collecting crime, spatial, deprivation, and weather data from the selected public sources and preparing them for analysis.
· The second objective was achieved by creating a structured SQL data pipeline that stored the cleaned input data and analytical outputs in the SwanseaCrimeDB database.
· The third objective was achieved by applying K-Means clustering to identify four distinct crime zones across Swansea at the LSOA level.
· The fourth objective was achieved by forecasting next-month crime using a rolling average baseline, Random Forest, and XGBoost, and comparing their performance using MAE and RMSE.
· The fifth objective was achieved by developing an interactive Power BI dashboard that presented hotspot patterns, trends, forecasts and key limitations.

[bookmark: _Toc228539214]6.3	Key Findings
The project found that crime in Swansea was concentrated in a small number of LSOAs, with the main hotspots clustered around the city centre. The forecasting results showed that all three models captured the general crime pattern, but none handled sudden spikes particularly well. The baseline achieved the lowest MAE, while Random Forest achieved the lowest RMSE. One of the more surprising findings was that temperature and deprivation had limited influence, while recent past crime levels were the strongest predictors. The February forecast also confirmed that the same high-risk areas identified in the clustering results remained the main hotspots.

[bookmark: _Toc228539215]6.4	Limitations
This project has several important limitations. First, the analysis was based on a relatively short time period of thirteen months, so longer-term crime patterns may not have been fully captured. Second, the forecasting models were less accurate when sudden crime spikes occurred, which limits their reliability for more detailed short-term prediction. Third, because Police.uk crime locations are anonymised, the analysis was restricted to LSOA level, which reduces the spatial precision of the hotspot results [13]. Finally, temperature and deprivation were included in a simplified form, which may have reduced their influence in the models.

[bookmark: _Toc228539216]6.5	Recommendations for Future Work
Future work could improve the project in several ways. A longer time period should be used so that the models can capture more stable trends and seasonal patterns. Forecasting could also be extended to individual crime types rather than total crime only, which may produce more targeted insights. The models could be further improved through hyperparameter tuning and by testing additional methods. It would also be useful to include more contextual variables, such as population, land use, or footfall data, to explore whether they improve prediction. Finally, the dashboard could be extended with automated data updates and more advanced user interaction features.
[bookmark: _Toc228539217]6.6	Summary 
This chapter has brought together the main conclusions of the project by reviewing the achievement of the objectives, highlighting the key findings and discussing the main limitations. It also identified several recommendations for future work that could improve the analytical models, data coverage and practical value of the system.





	













[bookmark: _Toc228539218]: Reflection

This project has been one of the most challenging and valuable parts of my degree. It gave me the opportunity to bring together technical, analytical and research skills in one piece of work, while also showing me how much careful planning and persistence are needed to complete a project of this size. 
From a technical point of view, I learned a lot about building a full data pipeline rather than working with one tool in isolation. I used Excel for the early cleaning stages, SQL Server for structured storage, Python for analysis and forecasting, and Power BI for the final dashboard. Before this project, I had used all of these tools before, but only separately. This was the first time I had connected them into one complete workflow. I also improved my understanding of data preparation, feature engineering, clustering, and machine learning evaluation. In particular, I learned that building the models was only one part of the process. Making sure the data was cleaned properly, joined correctly and interpreted carefully was just as important as running the code.
I also developed a better understanding of research. At the start of the project, I mainly focused on the technical side, but over time I realised that every design decision needed to be justified through literature and methodology. This helped me move from simply describing what I had done to explaining why I had done it that way. I became more aware of the importance of linking theory, methods and results together, especially when discussing crime concentration, hotspot detection and forecasting. I also learned that a good project is not just about producing outputs, but about showing clear evidence of thinking, testing and decision-making.
In terms of project management, I learned the importance of staying organised and reviewing work regularly. There were several points where I had to go back and fix earlier stages, especially in Python and Power BI, after noticing that outputs needed improvement. At first, this felt frustrating, but it taught me that revisiting and refining work is a normal part of development rather than a sign of failure. I also became more confident in solving problems independently, such as cleaning inconsistent data, improving the dashboard design and dealing with technical issues like the XGBoost installation problem.
This project has changed me as a computing student because I now feel more confident working on larger, more realistic problems. It has shown me that technical work needs to be supported by clear communication, critical thinking and attention to detail. If I were to do the project again, I would start testing dashboard ideas earlier, keep even clearer notes on each stage of the workflow and allow more time for model tuning and refinement. The experience has also made me more aware of how computing skills can be applied to real social challenges, such as crime analysis, and how technical work can contribute to practical decision-making in public services. Overall, the experience has helped me grow not only in technical ability, but also in confidence, independence and professional thinking.
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Appendix A: SQL Script.

-- ============================================================
-- PROJECT: Crime Hotspots and Short-Term Crime Forecasting
--          in Swansea
-- ============================================================
-- STEP 1: Create the database
-- ============================================================
CREATE DATABASE SwanseaCrimeDB;
USE SwanseaCrimeDB;
-- ============================================================
-- STEP 2: Create tables
-- ============================================================
-- Table 1: Monthly crime counts per LSOA and crime type
-- Source: Police.uk street-level crime data (Jan 2024 - Jan 2025)
CREATE TABLE crime_monthly (
    Month      NVARCHAR(50)  NOT NULL,
    LSOA_code  VARCHAR(20)   NOT NULL,
    LSOA_name  VARCHAR(100)  NOT NULL,
    Crime_type VARCHAR(100)  NOT NULL,
    Crime_Count INT          NOT NULL
);
-- Table 2: Welsh Index of Multiple Deprivation 2025
-- Source: Welsh Government - Swansea LSOAs only (150 areas)
CREATE TABLE lsoa_wimd (
    LSOA_code  VARCHAR(20) NOT NULL,
    WIMD_rank  INT         NOT NULL,
    Income     INT         NOT NULL,
    Employment INT         NOT NULL,
    Health     INT         NOT NULL
);
-- Table 3: LSOA population-weighted centroids
-- Source: ONS Geography - all Welsh LSOAs (1917 rows)
-- Note: filtered to Swansea 150 LSOAs in Python
CREATE TABLE lsoa_centroids (
    LSOA_code VARCHAR(20) NOT NULL,
    x         FLOAT       NOT NULL,
    y         FLOAT       NOT NULL
);
-- Table 4: Monthly average temperature (seasonal proxy)
-- Source: Met Office MIDAS - Mumbles Head station 2023
CREATE TABLE weather_monthly (
    Month_num  INT          NOT NULL,
    Month_name VARCHAR(20)  NOT NULL,
    Avg_temp_c FLOAT        NOT NULL
);
-- ============================================================
-- STEP 3: Load data into tables
-- ============================================================
-- Load crime data
INSERT INTO crime_monthly
SELECT * FROM monthly_crime;
DROP TABLE monthly_crime;

-- Load WIMD deprivation data
INSERT INTO lsoa_wimd
SELECT * FROM [WIMD-2025-index-and-domain-ranks-Swansea-LSOAs (1)];
DROP TABLE [WIMD-2025-index-and-domain-ranks-Swansea-LSOAs (1)];
-- Load LSOA centroids
INSERT INTO lsoa_centroids
SELECT * FROM centroids_cleaned;
DROP TABLE centroids_cleaned;
-- Load weather monthly averages
-- Averages calculated from 8,760 hourly readings across 2023
INSERT INTO weather_monthly VALUES
(1,  'January',   6.93),
(2,  'February',  7.23),
(3,  'March',     7.58),
(4,  'April',     9.46),
(5,  'May',       13.53),
(6,  'June',      17.19),
(7,  'July',      16.20),
(8,  'August',    16.63),
(9,  'September', 17.57),
(10, 'October',   13.68),
(11, 'November',  9.75),
(12, 'December',  9.22);
-- ============================================================
-- STEP 4: Verify all tables loaded correctly
-- ============================================================
SELECT 'crime_monthly'   AS Table_Name, COUNT(*) AS Row_Count FROM crime_monthly
UNION ALL
SELECT 'lsoa_wimd',                     COUNT(*) FROM lsoa_wimd
UNION ALL
SELECT 'lsoa_centroids',                COUNT(*) FROM lsoa_centroids
UNION ALL
SELECT 'weather_monthly',               COUNT(*) FROM weather_monthly;



Appendix B: Dashboard Limitations Page.
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Connected to SwanseaCrimeDB successfully
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Master dataset created successfully
Shape: (8627, 13)

Columns: ['Month®, 'LSOA_code’, 'LSOA name', 'Crime_type', 'Crime_Count’, 'Month_num', 'WIMD
_rank’, 'Income’, 'Employment’, 'Health', 'x’, 'y', 'Avg temp_c']
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# Create Lag features per LSOA

df_forecast['lagl'] = df_forecast.groupby('LSOA_code')['Crime_Count’].shift(1)
df_forecast['lag2'] = df_forecast.groupby('LSOA_code')['Crime_Count].shift(2)
df_forecast['lag3'] = df_forecast.groupby('LSOA_code')['Crime_Count’].shift(3)

# Create 3-month rolling average (baseline model)
df_forecast['rolling_avg3'] = df_forecast.groupby('LSOA_code')[ 'Crime_Count'].transform(
lambda x: x.shift(1).rolling(3, min_periods=1).mean()

# Drop rows with missing lag values
df_forecast = df_forecast.dropna(subset=['lagl’, 'lag2’, 'lag3'])

print("Shape after creating lag features:", df_forecast.shape)
df_forecast.head()

Shape after creating lag features: (1449, 11)

LSOA code  LSOA name Month Month num WIMD rank Avg temp_c Crime_Count lag1

3 W01000736 Swansea 028A 2024-04-01 4 1915 9.46 3
4 WO01000736 Swansea 028A 2024-05-01 5 1915 13.53 1
5 WO01000736 Swansea 028A 2024-07-01 7 1915 16.20 2
6 WO01000736 Swansea 028A 2024-08-01 8 1915 16.63 3

7 WO01000736 Swansea 028A 2024-09-01 9 1915 17.57 5
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feb_2025_forecast: 150 rows
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Swansea Crime Analysis Dashboard: Limitations.
The following limitations should be considered when interpreting the results shown in this dashboard.

1. Data coverage: The crime data only covers the period from January 2024 to January 2025, so it may not
fully reflect longer-term crime trends.

2. Forecasting scope: The forecasts only predict total crime for each LSOA, not separate crime types. The
models were also used with their default settings and were not fully tuned. :

3. Weather data: The temperature data used is based on seasonal averages from 2023, as exact temperatures
for 2024-2025 were not available. ]

4. Crime data anonymisation: Crime locations from Police.uk are slightly adjusted for privacy, so the analysis
was carried out at LSOA level rather than exact street location.

5. Model limitations: The models were able to capture general trends, but they were less accurate when i
sudden spikes in crime occurred. For this reason, the results are better suited to longer-term planning than real-
time operational decisions. i

6. Ethical considerations: Predictive models can reflect existing policing patterns as well as crime patterns, so
the results should be interpreted carefully to avoid reinforcing bias. H

] Crime Analysis Dashboard
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