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[bookmark: _Toc236906538][bookmark: _Toc236907088][bookmark: _Toc237244068]CHAPTER 1 - INTRODUCTION
[bookmark: _Toc236906539][bookmark: _Toc236907089][bookmark: _Toc237244069]1.1 Background
Football one of the most popular sports in the world, generates a lot of data. Match outcomes, goals, team statistics, league rankings, player performances, starting lineups, injuries, formations, and other match-related occurrences are all included. Opportunities to evaluate team behaviour and spot trends that might not be immediately apparent through manual observation have been made possible by the growing availability of football data. Although they may provide useful information, historical goal averages cannot entirely explain the context of an upcoming game. The team may perform differently when important players are absent, when the club's normal structure changes, or when it faces a defensive opponent
An effective analytical system should integrate many forms of evidence, evaluate the validity of the information at hand, and refrain from making recommendations in cases where the evidence is conflicting or insufficient. The goal of this project was to create a Football Data Analytics Decision-Support System that could selectively and systematically analyse historical and contextual match data.
[bookmark: _Toc236906540][bookmark: _Toc236907090]Python and a SQLite database with football data gathered from API-Football were used in the system's development. The Over 1.5 full-time goals outcome, which requires at least two goals to be scored during a finished game, is its primary analytical focus. The system uses stringent selection criteria and can return either SELECT or NO_ELITE_PICK rather than trying to categorise every fixture as a good opportunity. This illustrates the idea that a decision-support system needs to be able to reject scenarios that are unclear rather than compel a result. [1]
[bookmark: _Toc236906541][bookmark: _Toc236907091][bookmark: _Toc237244070]1.2 Problem Statement
The over-reliance on basic analytical techniques on previous outcomes or general scoring averages is a prevalent issue in football prediction The reliability of the anticipation may be diminished by the lack of a key attacking player, a defensive formation, scant historical information, or a shift in team conduct. 
When a system is tested using the same data that was used to build its rules, it may perform well; nevertheless, when it is applied to matches that have not yet been seen, it may perform poorly. If information that became accessible after a fixture is inadvertently utilised to evaluate that fixture, data leakage may also result in misleading outcomes. As a result, football analytics systems need to be carefully tested throughout time and have a distinct division between development data from the past and validation data that hasn't been seen. [2]
[bookmark: _Toc236906542][bookmark: _Toc236907092][bookmark: _Toc237244071]1.3 Research Question
The project was guided by the following research question:
How can historical, statistical and contextual football data be combined within a decision-support system to identify strong Over 1.5 full-time goal opportunities while rejecting matches with insufficient or contradictory evidence?
[bookmark: _Toc236906543][bookmark: _Toc236907093][bookmark: _Toc237244072]1.4 Project Aim
The aim of this project was:
To design, develop and evaluate an intelligent Football Data Analytics Decision-Support System that uses historical, statistical and contextual match data to identify strong Over 1.5 full-time goal opportunities.
[bookmark: _Toc236906544][bookmark: _Toc236907094][bookmark: _Toc237244073]1.5 Project Objectives
[bookmark: _Toc236906545][bookmark: _Toc236907095]The project's goals were:
[bookmark: _Toc236906546][bookmark: _Toc236907096]1. To investigate current research and analytical techniques utilised in sports decision-support systems and football match prediction.
[bookmark: _Toc236906547][bookmark: _Toc236907097]2. To gather, arrange, and compile past football data, such as games, outcomes, team statistics, player details, lineups, injuries, formations, and league rankings.
[bookmark: _Toc236906548][bookmark: _Toc236907098]3. To create and put into use a modular analytical method that considers multiple football-related pieces of evidence before making a choice.
[bookmark: _Toc236906549][bookmark: _Toc236907099]4. To provide stringent selection logic that can recognise excellent possibilities and return NO_ELITE_PICK in cases where the evidence is conflicting or inadequate.
[bookmark: _Toc236906550][bookmark: _Toc236907100]5. To assess the system while taking accuracy, selectivity, data leakage, and practical constraints into account using historical seasons and a temporally separated holdout dataset.

[bookmark: _Toc236906551][bookmark: _Toc236907101][bookmark: _Toc237244074]1.6 Project Scope
The project's focus is on pre-match football data analysis for league games that are stored in the database. Over 1.5 full-time goals are its main analytical result. This result was chosen because it offers a distinct binary outcome: a game is considered successful if two or more goals are scored and failed if less than two goals are scored.


[bookmark: _Toc236906552][bookmark: _Toc236907102][bookmark: _Toc237244075]1.7 Significance of the Project
The developed system's capacity to refrain from selecting is a key feature. This is crucial since not all cases should be treated identically by a system that examines uncertain events. The output is simpler to understand and contains fewer weak recommendations thanks to the SELECT and NO_ELITE_PICK options.
The project also has educational value because it applies several areas of computing, including Python programming, relational databases, data processing, modular software design, validation and performance evaluation. It provides a practical example of transforming a large collection of raw football data into structured evidence that can support a decision. [3]


[bookmark: _Toc236906553][bookmark: _Toc236907103][bookmark: _Toc237244076]CHAPTER 2 - RESEARCH & REVIEW OF LITERATURE
[bookmark: _Toc236906554][bookmark: _Toc236907104][bookmark: _Toc237244077]2.1 Introduction
This chapter examines important problems in predictive sports analytics, including data quality, overfitting, data leakage and the evaluation of uncertain predictions.
Football prediction has been studied using several approaches, ranging from traditional statistical models to more complex machine learning algorithms. Although these methods have produced useful results, football remains difficult to predict because match outcomes are influenced by many interacting and sometimes unpredictable factors. The literature therefore provides both useful methods and evidence of important limitations that must be considered when designing a reliable system.
[bookmark: _Toc236906555][bookmark: _Toc236907105][bookmark: _Toc237244078]2.2 Statistical Approaches to Football Prediction
Statistical methods have been used in football analysis for many years. One of the most influential approaches is the use of the Poisson distribution to model the number of goals scored by each team. 
The Poisson distribution is suitable for events that occur a limited number of times within a fixed period, which makes it applicable to football goals. Dixon and Coles (1997) developed a statistical model for football scores using English league and cup data. ‘Their model estimated the attacking and defensive strength of teams and accounted for the changing performance of teams over time. It also adjusted the relationship between low-scoring results because basic independent Poisson models may not represent scores such as 0–0, 1–0, 0–1 and 1–1 accurately. 
Bayesian networks can combine multiple variables and represent relationships between uncertain factors. Unlike a single fixed calculation, they allow evidence to influence the probability of different outcomes. The advantage of this approach is its ability to represent uncertainty and combine several pieces of information [4]
[bookmark: _Toc236906556][bookmark: _Toc236907106][bookmark: _Toc237244079]2.3 Machine Learning in Sports Analytics
Researchers have been motivated to employ machine learning for match prediction due to the greater availability of sports data. Without the need to manually program each association, machine learning algorithms can find relationships across a wide range of variables. Logistic regression, decision trees, random forests, support vector machines, artificial neural networks, k-nearest neighbours, and gradient-boosting algorithms are examples of common techniques.
[bookmark: _Toc236906557][bookmark: _Toc236907107][bookmark: _Toc237244080]2.4 Contextual Information and Football Domain Knowledge
Important evidence that is concealed inside team-level averages can be found in player and lineup data. A significantly altered starting eleven may lessen the significance of a team's prior successful offensive performances. In a similar vein, the defensive expectations for a game may alter if a goalie or central defender is absent.
[bookmark: _Toc236906558][bookmark: _Toc236907108]This idea is supported by Berrar, Lopes, and Dubitzky's (2019) application of domain-informed feature engineering. Their results demonstrate that incorporating football expertise into data preparation improves analytical models. But their strategy was mostly focused on forecasting home, away, and draw victories. Instead, the current effort concentrates on goal conduct and the careful selection of more than 1.5 full-time possibilities. [5]
[bookmark: _Toc236906559][bookmark: _Toc236907109][bookmark: _Toc237244081]2.5 Evaluation, Overfitting and Data Leakage
One of the most crucial aspects of developing predictive systems is evaluation. A system's great historical accuracy does not guarantee that it will function as effectively on upcoming fixtures. When a model learns patterns unique to its development data instead of patterns that apply to new situations, this is known as overfitting. This may occur when a system has more features or rules than there is trustworthy data to support them. When the system is evaluated during a different season, performance may decline even though the past results might seem impressive.
Data leakage is another serious risk. In pre-match football analysis, the system should only use information that would have been available before kick-off. If future match results, final league standings or statistics calculated after the analysed fixture enter its inputs, the evaluation becomes unrealistic.
Davis et al. (2024) highlight that dependencies within sports data affect how datasets should be partitioned. Randomly dividing football fixtures into training and testing sets can allow later matches to influence the analysis of earlier fixtures. A chronological division is therefore more appropriate for evaluating a system intended to analyse future matches.
Walsh and Joshi (2024) also emphasise chronological order in sports prediction. Their research argues that accuracy alone may be insufficient when evaluating probabilistic decision systems. They found that model calibration, which measures how closely predicted probabilities reflect actual outcomes, can be more useful than selecting a model only because it has the highest accuracy.
A system that selects only a small number of matches may achieve a higher success rate than one that analyses every match, but it also has lower coverage. Therefore, both accuracy and selectivity must be reported. A limited successful sample should not be presented as proof of guaranteed future performance. [6]
[bookmark: _Toc236906560][bookmark: _Toc236907110][bookmark: _Toc237244082]2.6 Selective Prediction and the Reject Option
Many traditional classification systems are designed to produce a prediction for every input. This behaviour can be inappropriate when the evidence is incomplete or contradictory. In decision-support applications, refusing to make a prediction may be safer and more informative than producing a low-confidence answer.
Hendrickx et al. (2024) describe machine learning with a reject option, where a model is allowed to abstain when it is likely to produce an incorrect result. The authors distinguish between rejection caused by ambiguity and rejection caused by novelty. Ambiguity occurs when the available evidence does not clearly support one outcome. Novelty occurs when a case is insufficiently represented by the historical data used to develop the system.
The present project applies a practical form of rejection through the outcomes SELECT and NO_ELITE_PICK. The system does not attempt to label every available fixture as suitable. A match can be rejected because of insufficient evidence, contradictory signals or failure to reach the required selection threshold. [7]
[bookmark: _Toc236906561][bookmark: _Toc236907111][bookmark: _Toc237244083]2.7 Research Gap and Project Contribution
The reviewed literature demonstrates that football prediction has been approached using Poisson models, Bayesian networks, machine learning algorithms, team-rating systems and domain-informed feature engineering. These studies show that historical data can support match analysis but also confirm that football remains affected by uncertainty and changing context.
Several limitations can be identified. First, many studies concentrate on predicting the result of every match rather than determining whether a match contains enough evidence to justify a decision. Secondly, team-level results and averages may not fully represent changes in players, line-ups, formations and opposition. Thirdly, strong historical performance can be misleading if chronological order is not preserved or if the evaluation contains data leakage. Finally, accuracy alone does not explain the reliability, coverage or practical usefulness of a selective analytical system.
The present project addresses these issues by developing a modular Football Data Analytics Decision-Support System focused on Over 1.5 full-time goals. It combines historical goal evidence with player, line-up, injury, formation and league-context information. Its purpose is not to predict every fixture but to identify a limited number of strong cases and reject matches that do not meet the required standard.
[bookmark: _Toc236906562][bookmark: _Toc236907112][bookmark: _Toc237244084]CHAPTER 3 - RESEARCH AND DEVELOPMENT METHODOLOGY
[bookmark: _Toc236906563][bookmark: _Toc236907113][bookmark: _Toc237244085]3.1 Introduction
This chapter describes the methodology used to design, develop and evaluate the Football Data Analytics Decision-Support System. As the main purpose of the project was to produce and test a working software solution, a development-based research methodology was selected. The work combined software development, database preparation, football data analysis and quantitative historical evaluation.
The methodology was designed around an important practical requirement: the system should reproduce a realistic pre-match decision. Therefore, when evaluating a historical fixture, it was allowed to use only information that would have been available before that match began. This chronological principle was applied throughout data preparation, feature construction and system evaluation.
[bookmark: _Toc236906564][bookmark: _Toc236907114][bookmark: _Toc237244086]3.2 Research Approach
This approach was appropriate because the project did not aim only to describe football data or compare existing prediction methods. Its main output was a functioning decision-support system capable of collecting evidence, analysing fixtures and producing a selective decision. [8]
The research process included the following stages:
1. Identification of weaknesses in simple football prediction methods.
2. Definition of the system requirements and analytical objective.
3. Collection and organisation of historical football data.
4. Development of separate analytical components.
5. Integration of the components into a final decision process.
6. Historical testing and chronological validation.
7. Evaluation of the results, limitations and possible improvements.
[bookmark: _Toc236906565][bookmark: _Toc236907115][bookmark: _Toc237244087]3.3 Development Method
The first stage concentrated on the data foundation. Historical fixtures and related information were collected and stored in a structured SQLite database. 
The second stage involved building analytical components for different types of football evidence. These included historical goal behaviour, team performance, player contributions, starting line-ups, injuries, formations and league position
The third stage combined the available evidence into a strict selection process. The system was designed to produce one of two principal decisions:
SELECT – the fixture satisfies the required analytical conditions.
NO_ELITE_PICK – the evidence is insufficient, weak or contradictory.
Testing frequently revealed problems such as incomplete historical evidence, overly permissive rules and the possibility of future information entering earlier calculations. 
[bookmark: _Toc236906566][bookmark: _Toc236907116][bookmark: _Toc237244088]3.4 System Requirements
The requirements were derived from the research question, the literature review and the practical purpose of the system.
The main functional requirements were:
· import and store historical football data;
· connect information from fixtures, teams, players, line-ups, injuries, formations and standings;
· calculate analytical evidence using only information available before each fixture;
· evaluate Over 1.5 full-time goal opportunities;
· reject fixtures that do not satisfy the required conditions;
· record the reason for the final decision;
· compare selected fixtures with their actual completed results;
· produce summaries that can be used for evaluation.
[bookmark: _Toc236906567][bookmark: _Toc236907117][bookmark: _Toc237244089]3.5 Data Collection and Storage
Each fixture was connected to relevant teams, players and contextual records through identifiers. This was important because information from different API responses could not be treated as independent. For example, a player record needed to be connected to the correct team and fixture before it could contribute to the historical evaluation of a line-up. Only league fixtures within the supported competitions were included in the main evaluation [9] [10]
[bookmark: _Toc236906568][bookmark: _Toc236907118][bookmark: _Toc237244090]3.6 Data Preparation and Quality Control
Raw API information required preparation before it could be used by the analytical system Quality checks were applied to identify duplicate records, missing team references, incomplete line-ups and unavailable statistics. Missing information was not automatically interpreted as negative evidence. Instead, the system considered whether sufficient reliable information remained for a decision. Where the minimum evidence requirement was not reached, the fixture could be rejected.
Historical calculations were produced separately for each team and fixture. Earlier matches were ordered by date, allowing features such as recent scoring behaviour, previous line-up continuity and player contribution to be calculated from past records only.
[bookmark: _Toc236906569][bookmark: _Toc236907119][bookmark: _Toc237244091]3.7 Prevention of Data Leakage
Preventing data leakage was a central part of the methodology. The system was intended for pre-match use, so no information created during or after a fixture could be used to support its selection.
For every historical fixture, previous evidence was limited to matches played before its kick off date. Later performances, final season standings and future player contributions were excluded from that fixture’s analysis. Where league position was required, the system used the position available before the analysed match rather than the final table for that season.
Data from seasons before 2025 were used for development, historical analysis and adjustment of the selection logic. The 2025 season was then maintained as a holdout period for final validation. This meant that its completed outcomes were not intended to guide further adjustment before the official evaluation was produced. [6]
[bookmark: _Toc237244092]3.8 Rule-Based Decision Method
The system used a selective evidence-based decision method rather than attempting to provide a positive recommendation for every fixture. This approach was selected because every decision could be explained, inspected and tested, which was important for a decision-support system. Historical goal behaviour formed the statistical foundation, while contextual information was used to strengthen, weaken or reject a possible selection.
A fixture had to pass minimum history and data-quality requirements before it could be considered. Positive evidence could include consistent previous goal behaviour and sufficient supporting team history. Warning evidence could include important player absence, major line-up changes, unusual formation evidence, insufficient records or contradictions between different analytical components. [7]
[bookmark: _Toc236906570][bookmark: _Toc236907120][bookmark: _Toc237244093]3.9 Evaluation Method
The system was evaluated by comparing each SELECT decision with the completed result of the corresponding fixture. An Over 1.5 full-time selection was counted as correct when the match contained at least two goals. It was counted as incorrect when the match finished with zero or one goal.
The principal evaluation measures were:
· total fixtures analysed;
· number of SELECT decisions;
· number of NO_ELITE_PICK decisions;
· correct selections;
· incorrect selections;
· selection success rate;
· selection coverage across the analysed fixtures;
· performance by season;
· performance on the 2025 holdout dataset.
The selection success rate was calculated as:
Selection success rate = correct selections ÷ total selections × 100
This measure should not be confused with conventional classification accuracy across every fixture. The system intentionally abstained from most cases. Therefore, the reported success rate was considered together with selection volume and coverage. A high success rate based on a small sample was treated cautiously and was not interpreted as a guarantee of future performance.
[bookmark: _Toc236906571][bookmark: _Toc236907121][bookmark: _Toc237244094]3.10 Ethical Considerations
The system was presented as a football analytics decision-support tool rather than a source of guaranteed outcome.
The project also considered responsible data use. API data was stored for educational development and analysis, and the system’s conclusions were limited by the quality and completeness of the available records.
[bookmark: _Toc236906572][bookmark: _Toc236907122][bookmark: _Toc237244095]3.11 Methodological Limitations
The methodology was affected by several limitations. The database did not contain equally complete contextual information for every league and season. Older fixtures sometimes had less detailed player, injury or line-up information than recent fixtures.
Consistent historical market odds were also unavailable across the complete evaluation period. Consequently, the historical test measured whether the selected football outcome occurred, but it did not provide a complete analysis of financial value or profitability.
The holdout sample contained fewer selections than the full historical evaluation because the system applied strict rejection rules. This improved selectivity but limited the strength of conclusions that could be drawn from one season. The system’s performance should therefore be confirmed using additional unseen seasons and future pre-match testing.








[bookmark: _Toc236906573][bookmark: _Toc236907123][bookmark: _Toc237244096]CHAPTER 4 - DESIGN & IMPLEMENTATION / TESTING

[bookmark: _Toc236906574][bookmark: _Toc236907124][bookmark: _Toc237244097]4.1 Introduction
This chapter describes the design, implementation and technical testing of the Football Data Analytics Decision-Support System. The application was developed in Python and uses an SQLite database containing historical football information. Its primary analytical focus is the identification of strong Match Over 1.5 full-time goal opportunities.
The system was designed to support selective decision-making. It does not attempt to recommend every available fixture. Instead, it analyses the available evidence and produces either SELECT or NO_ELITE_PICK. A SELECT decision indicates that the fixture satisfies the required analytical conditions. NO_ELITE_PICK indicates that the evidence is insufficient, unreliable or contradictory.
[bookmark: _Toc236906575][bookmark: _Toc236907125][bookmark: _Toc237244098]4.2 Design Requirements
[bookmark: _Toc236906576][bookmark: _Toc236907126]The needs found during the stages of research and methodology served as the foundation for the system design. The main prerequisite was that each historical study must replicate an actual pre-match decision. As a result, only data collected prior to the analysed fixture's kick off time could be utilised.
[bookmark: _Toc236906577][bookmark: _Toc236907127]Additionally, the system had to:
[bookmark: _Toc236906578][bookmark: _Toc236907128]• extract data from multiple connected database tables;
[bookmark: _Toc236906579][bookmark: _Toc236907129]• Examine past team and goal performance;
[bookmark: _Toc236906580][bookmark: _Toc236907130]• evaluate the quantity and calibre of the evidence that is now accessible;
[bookmark: _Toc236906581][bookmark: _Toc236907131]• When available, consider contextual information;
[bookmark: _Toc236906582][bookmark: _Toc236907132]· Reject fittings that have contradictory or inadequate evidence;
[bookmark: _Toc236906583][bookmark: _Toc236907133]• Describe the primary motivations for each choice;
[bookmark: _Toc236906584][bookmark: _Toc236907134]• store choices for comparison with finished outcomes later;
[bookmark: _Toc236906585][bookmark: _Toc236907135]• provide for data leakage-free historical testing;
[bookmark: _Toc236906586][bookmark: _Toc236907136]• continue to be comprehensible and modular.

[bookmark: _Toc236906587][bookmark: _Toc236907137][bookmark: _Toc237244099]
4.3 System Architecture
The application follows a modular, layered architecture. Each layer has a specific responsibility, and information passes through the system in a controlled order.
The main layers are:
1. Data layer – stores fixtures, teams, players and contextual football information.
2. Data-access layer – retrieves and validates the records required for an analysis.
3. Evidence layer – calculates historical and contextual indicators.
4. Reasoning layer – examines supporting evidence, warnings and contradictions.
5. Decision layer – applies the selection requirements and returns SELECT or NO_ELITE_PICK.
6. Output and memory layer – presents the decision and stores it for later evaluation.
The simplified system flow is:
SQLite database → data retrieval → evidence calculation → contextual checks → reasoning → final decision → saved output
The modular design was important because the project contained several types of football information. Placing every database query, calculation and decision rule inside one script would have made the program difficult to understand and test. Separation of responsibilities made it possible to inspect individual components before integrating them into the official pipeline. [11]

[bookmark: _Toc236906588][bookmark: _Toc236907138][bookmark: _Toc237244100]4.4 Database Design
The application uses an SQLite database named sports_analytics.db. At the inspected development stage, it contained 7,365 completed historical fixtures covering seasons between 2016 and 2025. The principal historical dataset contained fixtures from three Scandinavian league competitions:
· Eliteserien – 2,456 fixtures;
· Superettan – 2,455 fixtures;
· Allsvenskan – 2,454 fixtures.
These competitions provided several consecutive seasons of results, making it possible to examine team behaviour chronologically. The database also contained additional API records, including some upcoming and incomplete fixtures, which were not treated as completed historical results. [6]
The database stores different categories of information in separate but related tables. Important examples include:
· historical fixtures and results;
· API fixture records;
· fixture events;
· team match statistics;
· starting line-ups and formations;
· individual player statistics;
· player squad information;
· reported injuries;
· league standings;
· calculated contextual scores;
· historical predictions and evaluation results.
[bookmark: _Toc236906589][bookmark: _Toc236907139][bookmark: _Toc237244101]4.5 Data Preparation Components
Raw API data could not be passed directly to the decision logic. Several preparation components were developed to connect, organise and summarise the information.
The player_match_contributions component created a structured record of each player’s participation in a fixture. It connected line-up information, minutes played, goals, assists and event records. The resulting table contained 273,825 player-fixture contribution records across 7,370 fixtures.
The team_match_lineup_history component converted individual line-up records into a team-level history for each match. It recorded whether a confirmed starting eleven was available, the formation used, changes from the previous line-up, injury evidence and available collective statistics. It produced 14,740 team-match records, including 14,586 records with a complete starting eleven.
The player_historical_impact component calculated player evidence using only earlier fixtures. It considered previous appearances, starting status, goal contributions and the historical performance of the team when a player started or did not start. This component was developed carefully because using a player’s later performances to evaluate an earlier match would create data leakage.
The line-up similarity analysis compared a proposed starting eleven with earlier line-ups used by the same team. The purpose was to determine whether the current group of players was historically familiar or represented an unusual change. Only earlier completed fixtures were considered, and minimum requirements were applied before a similarity result was accepted.
[bookmark: _Toc236906590][bookmark: _Toc236907140][bookmark: _Toc237244102]4.6 Contextual Evidence
Football teams do not always behave in the same way. The meaning of historical averages can change when important players are absent, the starting line-up changes or a different tactical formation is used. Contextual components were therefore created to examine information not represented by goal results alone.
Player evidence considers previous contributions and starting history. An important attacking player who regularly contributes goals or assists may strengthen the attacking expectation when included. Their absence may create a warning. However, the program does not assume that every missing player has the same importance.
Line-up evidence measures continuity between the current or historical starting eleven and the team’s earlier line-ups. A stable line-up may support the relevance of previous team performance, while a heavily changed line-up can reduce confidence.
Standings and match context provide information about league position and competitive circumstances. These indicators may help explain whether a team is involved in a title race, competition for European places or a relegation battle. Context can influence motivation, although it cannot determine the result by itself.
Injury evidence is used only when the database contains a relevant record connected to the correct fixture and team. Missing injury information is treated as unavailable data rather than confirmation that the team had no injuries.
[bookmark: _Toc236906591][bookmark: _Toc236907141][bookmark: _Toc237244103]4.7 Reasoning and Contradiction Handling
After the statistical and contextual evidence has been calculated, the reasoning component evaluates whether the different signals support the same conclusion.
Supporting evidence may include:
· strong historical Match Over 1.5 behaviour;
· sufficient previous team history;
· consistent home and away scoring patterns;
· a stable or historically successful line-up;
· the presence of important attacking players;
· no major contextual warning.
Contradictory evidence may include:
· strong overall goal statistics but weak recent behaviour;
· an important attacking absence;
· a major line-up change;
· insufficient historical evidence;
· a defensive tactical change;
· low contextual data quality;
· disagreement between separate analytical components.
Warnings do not always create an automatic rejection. Their effect depends on their relevance, strength and available supporting evidence. However, a hard blocker, such as an insufficient historical sample or invalid fixture data, prevents a SELECT decision.
[bookmark: _Toc236906592][bookmark: _Toc236907142][bookmark: _Toc237244104]4.8 Final Decision Process
The official pipeline coordinates the analytical components in a fixed sequence. It begins by confirming that the fixture exists, belongs to the supported scope and contains the required identifiers. It then retrieves historical evidence using the fixture kick off date as a chronological boundary.
The decision process follows these main stages:
1. Validate the fixture and database records.
2. Retrieve earlier team and goal evidence.
3. Confirm that minimum-history requirements are satisfied.
4. Retrieve available player, line-up, formation, injury and standings context.
5. Calculate supporting signals and warnings.
6. identify contradictions and hard blockers.
7. Apply the final selection requirements.
8. Return and record SELECT or NO_ELITE_PICK.
SELECT is produced only when the required evidence is sufficiently strong and no decisive blocker is present. NO_ELITE_PICK is not considered a system failure. It is an intentional outcome showing that the system did not find an elite opportunity among the analysed fixtures.
[bookmark: _Toc236906593][bookmark: _Toc236907143][bookmark: _Toc237244105]4.9 Command-Line Implementation
The application is operated through the main Python entry point, main.py. The command-line interface provides a controlled way to access the official functions of the system.
Depending on the selected command, the user can:
· inspect database information;
· analyse a specified fixture;
· run the final selection pipeline;
· view evidence and warnings;
· inspect saved selections;
· check completed results;
· run structural and chronological tests;
· start a historical validation run.
The command-line output was formatted into labelled sections so that the analysis could be read during testing. A result includes the fixture information, market, evidence summary, warnings, decision and relevant status messages.
Error handling was included for situations such as a missing database connection, an invalid fixture identifier, incomplete records or an unavailable analytical component. Instead of allowing an error to create a false selection, the pipeline stops the affected analysis or returns NO_ELITE_PICK with an explanation.
[bookmark: _Toc236906594][bookmark: _Toc236907144][bookmark: _Toc237244106]4.10 Testing Strategy
Testing was carried out at several levels throughout development. The purpose of technical testing was to confirm that the system performed its intended operations correctly. This was separate from performance evaluation, which measures how often selected fixtures produced the expected completed outcome.
Database quality testing checked for problems such as:
· duplicate fixture records;
· missing team or fixture identifiers;
· player records connected to the wrong team;
· incomplete starting line-ups;
· invalid match statuses;
· differences between source and prepared record counts.
Chronological testing was especially important. Calculated evidence for a fixture was checked to ensure that every source match had an earlier kick-off date. Tests were also performed to confirm that future player contributions and final season information were not used during earlier fixture analysis.
	Test
	Function tested
	Expected result

	T1
	Database connection
	The SQLite database opens and required tables are found

	T2
	Valid fixture retrieval
	The correct fixture, teams, league, season and date are returned

	T3
	Invalid fixture identifier
	The system displays an error and does not create a selection

	T4
	Historical evidence boundary
	Only fixtures played before the analysed kick off are used

	T5
	Insufficient team history
	The fixture returns NO_ELITE_PICK

	T6
	Contextual data unavailable
	Missing data is reported and is not treated as positive evidence

	T7
	Contradictory evidence
	Warnings reduce confidence or prevent selection

	T8
	Strong consistent evidence
	The fixture can progress to a SELECT decision

	T9
	Prediction storage
	The decision and fixture identifiers are saved correctly

	T10
	Result checking
	A saved selection is matched to the correct completed result

	
	
	


[bookmark: _Toc236906595][bookmark: _Toc236907145][bookmark: _Toc237244107]4.11 Testing Outcomes
The technical tests confirmed that the main components could retrieve database records, calculate historical evidence and produce a final structured output. The prepared player and line-up tables passed their internal quality checks, including tests for chronological ordering and correct fixture relationships.
The final pipeline successfully handled both positive and rejected cases. Fixtures with sufficient supporting evidence could progress through the complete decision process, while invalid, incomplete or weak cases were prevented from receiving an official selection.
These do not prove that every SELECT decision is correct. The historical accuracy, selection volume and holdout performance are evaluated in Chapter 5.


[bookmark: _Toc236906596][bookmark: _Toc236907146][bookmark: _Toc237244108]4.12 Implementation Limitations
Reliable historical odds were not available across the full dataset. Odds and financial value were therefore not used as the main basis of the historical implementation. This allows the system to evaluate whether the football outcome occurred, but it does not allow complete historical profitability analysis.



[bookmark: _Toc236906597][bookmark: _Toc236907147][bookmark: _Toc237244109]CHAPTER 5 – EVALUATION
[bookmark: _Toc236906598][bookmark: _Toc236907148][bookmark: _Toc237244110]5.1 Introduction
This chapter evaluates the completed Football Data Analytics Decision-Support System. The evaluation considers its historical selection performance, selectivity, chronological integrity and technical reliability. The principal purpose was to determine whether the system could identify a small number of strong Match Over 1.5 full-time cases while rejecting fixtures that did not satisfy its requirements.
The evaluation was conducted across historical fixtures from seasons 2016 to 2026. The 2025 season was designated as the holdout validation period, while the earlier seasons were used during research and development. The available 2026 data was incomplete and did not produce an eligible selection.

[bookmark: _Toc236906599][bookmark: _Toc236907149][bookmark: _Toc237244111]5.2 Evaluation Objectives
The evaluation was designed to answer the following questions:
1. How many historical fixtures were analysed by the system?
2. How many fixtures satisfied the requirements for a SELECT decision?
3. How many selected fixtures produced at least two full-time goals?
4. How selective was the system across the complete dataset?
5. Did performance remain consistent across different seasons?
6. How did the system perform during the 2025 holdout period?
7. Did the implemented chronological controls prevent direct target leakage?
8. Did the principal software components pass their technical tests?
These questions reflect the purpose of the project. The system was not intended to classify every fixture. Its success must therefore be assessed through both the correctness of accepted cases and the proportion of fixtures it rejected.
[bookmark: _Toc236906600][bookmark: _Toc236907150][bookmark: _Toc237244112]5.3 Overall Historical Evaluation
The official validation command analysed completed fixtures from seasons 2016 to 2026. It processed 7,365 historical fixtures and produced 118 selections.
A selection was recorded as correct when the completed fixture contained at least two full-time goals. A selection was incorrect when the match contained zero or one goal.
	Evaluation measure
	Result

	Seasons included
	2016–2026

	Fixtures analysed
	7,365

	SELECT decisions
	118

	NO_ELITE_PICK decisions
	7,247

	Correct selections
	108

	Incorrect selections
	10

	Selection success rate
	91.53%

	Error rate among selections
	8.47%

	Selection coverage
	1.60%


The selection success rate was calculated as:
Selection success rate = 108 ÷ 118 × 100 = 91.53%
Selection coverage was calculated as:
Selection coverage = 118 ÷ 7,365 × 100 = 1.60%
According to these findings, the system rejected roughly 98.40% of the fixtures that were examined. This is in line with its selective design and the idea that, when necessary, evidence is conflicting or missing, a choice shouldn't be made.

	Season
	Evaluation role
	Selections
	Correct
	Incorrect
	Success rate

	2016
	Research development
	11
	10
	1
	90.91%

	2017
	Research development
	14
	11
	3
	78.57%

	2018
	Research development
	10
	9
	1
	90.00%

	2019
	Research development
	5
	3
	2
	60.00%

	2020
	Research development
	16
	15
	1
	93.75%

	2021
	Research development
	3
	2
	1
	66.67%

	2022
	Research development
	12
	11
	1
	91.67%

	2023
	Research development
	18
	18
	0
	100.00%

	2024
	Research development
	12
	12
	0
	100.00%

	2025
	Holdout validation
	17
	17
	0
	100.00%

	2026
	Incomplete development data
	0
	0
	0
	N/A


The performance was not equally strong in every season. The lowest result occurred in 2019, when three of five selections were correct, producing a success rate of 60.00%. The 2021 season also produced a lower result of 66.67%, although this was based on only three selections.
The 100% results for 2023 and 2024 are positive, but both seasons formed part of the research and development period. Consequently, their results cannot be treated as fully independent evidence. The selection rules were developed and examined using information from the broader historical dataset, which may have influenced their performance during development seasons.
No selection was produced for 2026. This was not counted as a failure because the available season data was incomplete and no fixture satisfied the official requirements. It demonstrates that the pipeline can abstain completely rather than lower its standard to create a selection.
[bookmark: _Toc236906601][bookmark: _Toc236907151][bookmark: _Toc237244113]5.4 Evaluation of the 2025 Holdout Season
The 2025 season was designated as the holdout validation period. The system produced 17 selections, all of which contained at least two full-time goals.

	Evaluation measure
	2025 result

	SELECT decisions
	17

	Correct selections
	17

	Incorrect selections
	0

	Success rate
	100.00%


[bookmark: _Toc236906602][bookmark: _Toc236907152]This finding lends support to the idea that the developed rules may be able to recognise compelling cases outside of the main development seasons. However, the interpretation must remain cautious.
[bookmark: _Toc236906603][bookmark: _Toc236907153]First, 17 selections represent a limited sample. A 100% result from 17 fixtures does not demonstrate that the system will maintain a perfect rate over a larger number of future selections. One additional incorrect selection would reduce the rate to 94.44%, while two incorrect selections would reduce it to 89.47%.
[bookmark: _Toc236906604][bookmark: _Toc236907154]Second, 2025 is still a season of historical validation. Its fixtures were already completed and stored in the database when the final evaluation was performed. 
[bookmark: _Toc236906605][bookmark: _Toc236907155][bookmark: _Toc237244114]5.5 Recent-Period Evaluation
A separate validation was performed for seasons 2023 to 2025. During this period, the system analysed 2,183 fixtures and produced 47 selections.
	Measure
	Result

	Fixtures analysed
	2,183

	Selections
	47

	Correct selections
	47

	Incorrect selections
	0

	Success rate
	100.00%

	Selection coverage
	2.15%


The coverage for this period was:
47 ÷ 2,183 × 100 = 2.15%
This result indicates that the system’s strongest historical performance occurred during the three most recent completed seasons in the database. However, 2023 and 2024 remained development seasons, while only 2025 was designated as the holdout period. The combined 47-from-47 result should not therefore be presented as 47 completely unseen predictions.
[bookmark: _Toc236906606][bookmark: _Toc236907156][bookmark: _Toc237244115]5.6 Data-Leakage Evaluation
A direct target-leakage audit was performed on fixture 1002310, GIF Sundsvall versus Ostersunds FK, played on 18 April 2023. The recorded outcome was 0–3, but the result was used only for evaluation.
The fixture was analysed under three scenarios:
1. using the original stored result;
2. replacing the result with NULL;
3. replacing the result with a false 0–0 score.
The decision remained SELECT with the same EXTENDED_ELITE tier and analytical route in all three scenarios. This demonstrated that changing or removing the current fixture’s result did not influence the pre-match decision.
The audit also inspected four historical windows:
· the home team’s previous ten fixtures;
· the home team’s previous five same-venue fixtures;
· the away team’s previous ten fixtures;
· the away team’s previous five same-venue fixtures.
Every record used in these windows occurred before the target fixture’s kick-off. No equal-date or future fixture entered the calculation. The strict history rule and the check that the original SQLite file remained unchanged both passed.
The audit returned the status DIRECT TARGET LEAKAGE NOT DETECTED.
This result provides evidence that the examined runtime path did not read the current fixture’s final score and that its historical windows respected the chronological boundary. Nevertheless, the audit does not prove that every design choice was developed independently from every validation result. It tests direct score access and runtime chronology, not all possible forms of development bias. [6]
[bookmark: _Toc236906607][bookmark: _Toc236907157][bookmark: _Toc237244116]5.7 Technical Test Results
The automated technical test suite contained 13 tests. All tests passed successfully.
The tests covered three main areas:
· leakage prevention;
· official pipeline behaviour;
· validation and presentation functions.
Leakage tests verified that the pre-match fixture path could not read the current score, history windows excluded the target and future fixtures, and runtime metadata and completed outcomes were not included in the analytical fingerprint.
Pipeline tests verified that no unsupported team-level market could escape as a final selection, that internal team signals were accurately transformed to the official match market, that only one market could be returned per fixture, and that every analytical route required reasoning validation.
Presentation and validation tests verified that the database overview was read-only, that research components stayed outside of the official pipeline, that percentages were reported accurately, and that an Over 1.5 outcome required at least two goals.  [11]
[bookmark: _Toc237244117]5.8 Technical testing summary
	Test category
	Result

	Tests executed
	13

	Tests passed
	13

	Tests failed
	0

	Overall technical result
	PASS


Passing these tests demonstrates that the specified program behaviours operated correctly. It does not independently prove predictive accuracy, because technical testing and historical outcome evaluation examine different aspects of the system.
[bookmark: _Toc236906608][bookmark: _Toc236907158][bookmark: _Toc237244118]5.9 Comparison with the Project Objectives
The developed system achieved several of its principal objectives. It successfully analysed a multi-season football database, preserved chronological history windows, applied a selective decision process and produced explainable SELECT or NO_ELITE_PICK outcomes.
The 2025 holdout result was promising, with 17 correct selections from 17 accepted fixtures. Nevertheless, the limited sample prevents a conclusion that the system has achieved perfect generalisation.
The project did not fully evaluate financial value or profitability because consistent historical odds were unavailable


[bookmark: _Toc236906609][bookmark: _Toc236907159][bookmark: _Toc237244119]5.10 Evaluation Limitations
The evaluation contains several important limitations.
The first limitation is low coverage. Although the system analysed 7,365 fixtures, it selected only 118. The 91.53% success rate is therefore based on a small and highly filtered subset.
The second limitation is that most seasons were used during research and development. Their results may reflect some degree of rule-development bias and should not be treated as independent validation.
The third limitation is the size of the 2025 holdout sample. Seventeen correct selections are encouraging but insufficient to guarantee that the same result will continue over a longer period.
The fourth limitation concerns historical contextual coverage. Player, injury, formation and line-up information was not equally complete across all seasons. This may partly explain differences between earlier and more recent performance.
The fifth limitation is that the leakage audit demonstrated the behaviour of a specified fixture and runtime path. Although the automated tests added further protection, no finite test suite can prove the absence of every possible indirect leakage source.
Finally, the evaluation did not include consistent historical odds. It measured outcome success rather than financial return, market value or long-term profitability.
prospective testing on future fixtures, with permanently recorded pre-match outputs and consistent odds information, is required before stronger conclusions can be made.





[bookmark: _Toc236906610][bookmark: _Toc236907160][bookmark: _Toc237244120]CHAPTER 6 – CONCLUSION AND RECOMMENDATIONS
[bookmark: _Toc236906611][bookmark: _Toc236907161][bookmark: _Toc237244121]6.1 Introduction
This chapter concludes the development and evaluation of the Football Data Analytics Decision-Support System. It summarises the work completed, considers whether the project objectives were achieved and presents recommendations for further development.
The project investigated whether historical football data could be transformed into a selective and explainable decision-support process for identifying strong Match Over 1.5 full-time cases. Rather than attempting to predict every fixture, the system was designed to reject uncertain cases and return a selection only when the available evidence satisfied its requirements.
[bookmark: _Toc236906612][bookmark: _Toc236907162][bookmark: _Toc237244122]6.2 Achievement of the Project Objectives
The first objective was to design and implement a structured football data repository. This objective was achieved with an SQLite database containing 7,365 historical fixtures and supporting records covering several areas of football activity. Prepared analytical tables were also created to organise player contributions and team line-up history.
The second objective was to calculate meaningful evidence from historical performance. The completed system retrieved earlier team results, scoring behaviour, home and away patterns and relevant evidence quality information. Minimum-history rules prevented a small number of previous matches from being treated as strong proof.
The third objective was to include contextual football information where it was available. Player, line-up, formation, injury and standings records were examined during the development of the system. Their availability varied between fixtures and seasons, so missing context was reported as unavailable rather than interpreted as positive evidence.
The fourth objective was to create an explainable decision process. This objective was achieved using explicit rules and labelled analytical routes. The program could display the relevant evidence, warnings, selection tier and final decision. This was more appropriate for the project than producing a probability without showing how it had been reached.
The fifth objective was to protect the historical analysis against direct target leakage. The system used strict pre-kick off history windows, and a dedicated leakage audit confirmed that changing or removing the current fixture result did not change the decision for the audited case. Automated tests also confirmed that target and future fixtures were excluded from historical windows.
The final objective was to evaluate the system across historical seasons. The official validation analysed fixtures from 2016 to 2026 and produced measurable results. Therefore, the principal technical and analytical objectives established for the project were achieved.
[bookmark: _Toc236906613][bookmark: _Toc236907163][bookmark: _Toc237244123]6.3 Overall Conclusion
The research shows how a sizable historical football database may be turned into a decision-support tool that is both selective and comprehensible. The final system does more than just show football data. It determines if the available case is strong enough to be accepted after retrieving pertinent historical material, applying chronological limits, and assessing eligibility conditions.
The system's ability to abstain is its most crucial characteristic. A forced prediction could give the misleading sense of confidence in an uncertain domain. The application might indicate that the necessary evidence was not available by using the NO_ELITE_PICK outcome. As a result, the output is more accountable and aligned with the goal of decision support.
Overall, the Football Data Analytics Decision-Support System achieved its central purpose. It provided a functional software artefact, a structured decision process, technical tests, historical validation and an honest evaluation of its limitations.


[bookmark: _Toc236906614][bookmark: _Toc236907164][bookmark: _Toc237244124]CHAPTER 7 – REFLECTION
[bookmark: _Toc236906615][bookmark: _Toc236907165][bookmark: _Toc237244125]7.1 Introduction
[bookmark: _Toc236906616][bookmark: _Toc236907166]The assignment proved to be more difficult than I had anticipated. Initially, I thought that gathering football data and identifying statistical trends was the primary challenge. I discovered that gathering data was just the first step in the development process. Determining whether information was trustworthy, making sure that only data available prior to kick off was used, and developing a system that could justify the selection or rejection of a fixture were the more challenging tasks.
[bookmark: _Toc236906617][bookmark: _Toc236907167]Thus, this reflection is not solely predicated on the outcomes. It also considers the development process and how my knowledge of project management, software engineering, and data analytics evolved over the course of the project.
[bookmark: _Toc236906618][bookmark: _Toc236907168][bookmark: _Toc237244126]7.2 Initial Expectations
My original idea was to create a system capable of analysing several football markets and using information about teams, players, line-ups, injuries, formations, standings.
 I also considered machine-learning methods such as Logistic Regression, Decision Trees and Random Forest.
I believed that including more data and more analytical components would automatically create a stronger system. this created a risk of developing many disconnected scripts without having one complete and testable pipeline.
[bookmark: _Toc236906619][bookmark: _Toc236907169]As development went on, I realised that a smaller, properly functioning system would be more valuable than a vast system with unfinished or unconfirmed components. As a result, I focused on developing a comprehensive path from historical data to a final SELECT or NO_ELITE_PICK choice and limited the official implementation to Match Over 1.5 full-time.
[bookmark: _Toc236906620][bookmark: _Toc236907170]One of the most crucial things I learnt about project management was this. The project was not weakened by the scope reduction. It made it possible for me to precisely explain the implementation, test it, and assess quantifiable outcomes.
[bookmark: _Toc236906621][bookmark: _Toc236907171][bookmark: _Toc237244127]7.3 Development Process
I developed using an incremental and iterative approach. After being developed and tested individually, each component was linked to the larger pipeline. This was helpful since it allowed for the investigation of faults in a smaller portion of the software prior to integration.

Eventually, I reorganised the project and distinguished between experimental research and the official pipeline. The final application made use of a limited official market and a distinct primary entry point. This enhanced maintainability and clarified the demonstration.
I would define the minimal viable system sooner if I started the project over. I would start by finishing one whole analytical path, which would include testing, evaluation, decision logic, and data retrieval. I wouldn't add further contextual modules or markets until that path was validated.
This experience taught me that software development is not measured by the number of files or features created. A smaller number of integrated and tested components can demonstrate more technical ability than a larger collection of incomplete experiments.



[bookmark: _Toc236906622][bookmark: _Toc236907172][bookmark: _Toc237244128]7.4 Selection of the Analytical Method
An experimental Logistic Regression model was investigated in previous study, and machine-learning models were taken into consideration. Nevertheless, this was not included in the official final pipeline.
The finished system made use of explicit thresholds, contextual warnings, minimum-evidence requirements, and historical statistical analysis. I chose this approach because every choice could be examined and clarified. I could determine which criteria had not been met if a fixture received NO_ELITE_PICK. For a decision-support system, this transparency was especially crucial.
[bookmark: _Toc236906623][bookmark: _Toc236907173]I also gained a deeper understanding of the concept because to the rule-based approach. I had to specify what constituted adequate historical evidence and how uncertainty should be managed rather than accepting an output from a trained model without fully comprehending its internal thinking.
[bookmark: _Toc236906624][bookmark: _Toc236907174]Manually set thresholds may overfit past observations and reflect the developer's presumptions. Comparing the locked rule-based system with specific machine-learning models that use the same chronological data bounds would be a helpful expansion.

[bookmark: _Toc236906625][bookmark: _Toc236907175][bookmark: _Toc237244129]7.5 Working with Football Data
[bookmark: _Toc236906626][bookmark: _Toc236907176]One of the project's strongest and most challenging components was the database. It included 7,365 games from several seasons along with supplementary data regarding players, lineups, incidents, injuries, formations, and standings.
[bookmark: _Toc236906627][bookmark: _Toc236907177]My knowledge of relational data and my proficiency with SQL both enhanced because of working with this database. I discovered how fixture, team, and player identities might be used to link data from several tables.
[bookmark: _Toc236906628][bookmark: _Toc236907178]The right way to interpret missing information was a very crucial lesson. For instance, a player's lack of an injury record does not always indicate that they were not hurt. It's possible that the data is just not available. Therefore, it is not always appropriate to regard missing contextual information as positive evidence.





[bookmark: _Toc236906629][bookmark: _Toc236907179][bookmark: _Toc237244130]7.6 Data Leakage and Chronological Integrity
One of the biggest technical risks was data leakage. The program might have used data that would not have been available prior to the target match because the database included finished previous fixtures.
Initially, my primary concern was whether the statistical computations were accurate. Later, I realised that even if an exact computation incorporated the desired outcome or future fixtures, it may still result in an invalid evaluation.
I put in place stringent chronological filters that required historical records to have a kick-off time earlier than the fixture under analysis to solve this issue.
In addition, I employed a straight leakage-audit command and automated testing. The intended outcome was kept, eliminated, and replaced with a fictitious score throughout the audit. 
My understanding of why a high historical success rate needs to be questioned before being accepted has improved because of developing these controls. Only if the analytical approach respects the pre-match boundary is the stated 91.53% result significant.
[bookmark: _Toc236906630][bookmark: _Toc236907180]I also discovered that not all potential forms of bias can be proven to be absent by a single successful leakage audit. Although there may possibly be more widespread rule-development bias, it illustrates the behaviour of the tested path. I was able to convey the results in a more responsible manner after realising this distinction.
[bookmark: _Toc236906631][bookmark: _Toc236907181][bookmark: _Toc237244131]7.7 Testing and Evaluation
I primarily thought of testing as manually executing a program and determining whether its output looked correct. I gained a deeper comprehension of automated testing, integrated testing, validation, and regression testing during the project.
Thirteen automated tests were part of the final software, and they all passed. Chronological windows, current-result access, route conversion, market constraints, reasoning confirmation, and validation computations were all tested.
All software tests must be passed for the designated functionalities to operate as intended. It doesn't prove that every choice will be right. As a result, predictive performance was assessed independently using fixture results.
Out of 7,365 fixtures, the historical validation yielded 118 options, 108 of which were correct and 10 of which were incorrect. At first glance, the 2025 holdout period's 17-from-17 outcome and 91.53% success rate seemed incredibly impressive. I became more wary after doing additional research.
The system selected only 1.60% of all fixtures, and the holdout contained only 17 selections. I learned that an accuracy percentage must always be interpreted together with sample size, coverage and independence. A 100% result from a small historical sample is encouraging, but it is not evidence of guaranteed future performance.
This was an important development in my critical thinking. Instead of presenting only the strongest number, I reported weaker seasons, unsuccessful selections, low coverage, missing odds and the limitations of historical validation.
[bookmark: _Toc236906632][bookmark: _Toc236907182][bookmark: _Toc237244132]7.8 Skills and Personal Development
I gained several technical and analytical skills throughout the assignment. My comprehension of Python was enhanced by the creation of modules, command-line functions, validation processes, and automated tests. I also enhanced my SQL and database skills by merging several tables, analysing data coverage, and obtaining chronological history.
I also gained a better understanding of system architecture. The software was simpler to review and test when data access, analytical logic, reasoning, decision output, and assessment were kept apart. Because I learned to examine the database, determine the true reason of an issue, and test potential fixes before adding new code, the project also enhanced my problem-solving abilities.
My time and scope management still require work. Before finishing the current module, I occasionally spent too much time researching new concepts. In subsequent projects, I'll identify more manageable development phases and finish testing each one before growing the system.
[bookmark: _Toc236906635][bookmark: _Toc236907185][bookmark: _Toc237244133]7.9 Final Reflection
Overall, this project was more than an exercise in calculating football statistics. It required me to consider data quality, chronology, explainability, uncertainty, software architecture, testing and responsible evaluation.
The most valuable lesson was that a useful analytical system must know when not to decide. The NO_ELITE_PICK result became as important as SELECT because it allowed the program to reject uncertain cases rather than provide forced recommendations.
Although the completed system has limitations, it achieved its academic purpose and provided a functional foundation for future development. More importantly, the development process changed how I approach technical problems. I now understand the importance of narrowing the scope, validating the data, testing assumptions and presenting results with appropriate caution.
The project increased my confidence in working with Python, SQLite and data-driven software. It also demonstrated areas that I must continue developing, particularly prospective evaluation, machine-learning comparison, documentation and project organisation.
The result represents both a completed software artefact and a significant learning process. The difficulties, redesign decisions and limitations were not separate from the project’s success; they were central to the knowledge and experience I gained from completing it.



[bookmark: _Toc237244134]APPENDICES
[bookmark: _Toc237244135]Appendix A: System Architecture and Pipeline
The Football Data Analytics Decision-Support System's general design and analytical process are shown in this appendix. The process of retrieving historical fixture data from the SQLite database, processing it using analytical rules, and producing a final SELECT or NO_ELITE_PICK decision is depicted in the diagram.
[image: ]

Figure 1 : Architecture and analytical pipeline of the Football Data Analytics Decision-Support System



[bookmark: _Toc237244136]Appendix B: Program Output Screenshots
[image: ]Examples of the finished software using its command-line interface are shown in this appendix. The results show that the system can analyse a single fixture, identifying a shortlist candidate, and returning NO_ELITE_PICK in the event that no fixture meets the required selection criteria.


 Figure 2 Command-line analysis identifying an OVER_1_5 shortlist candidate#

[bookmark: _Toc237244137]Appendix C – Historical Validation Results
The historical validation findings generated by the finished system are shown in this appendix. In order to assess selection accuracy on unseen fixtures and lower the possibility of data leaking, the validation was carried out chronologically over several seasons.

[image: ]
Figure 3 : Holdout validation results for the 2025 season, showing 17 selections and a 100% success rate


[bookmark: _Toc237244138]Appendix D – Automated Testing and Data-Leakage Audit
Evidence of the automated testing and data-leakage checks carried out on the finished system may be seen in this appendix. These verifications ensure that the analytical pipeline functions properly and that all predictions are based solely on data that was available prior to the fixture date.
[image: ]

Figure 4: Successful completion of all 13 automated system tests
[image: ]

Figure 5: Data-leakage audit confirming that the selection decision remained unchanged when the recorded match outcome was masked or altered





[bookmark: _Toc237244139]Appendix E – System Structure and Runtime Path
The primary parts of the finished system are shown in this appendix, along with an explanation of each module's function. Additionally, it displays the official runtime path that is used to convert past SQLite data into a final NO_ELITE_PICK or SELECT choice
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Figure 6 : Project structure and official runtime path of the completed system
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(.venv) PS C:\B1 MY ACTIVITY\Football Data_Analytics_Project PRESENTATION_READY_LEAKAGE_AUDIT_WINDOWS_FIXED> python main.py test

test_fingerprint_excludes_runtine_metadata_and_outcome (test_leakage.leakageAuditTest.test_fingerprint_excludes_runtime_metadata_and_outcome) ... ok
test_history_windows_exclude_target_and_future_rows (test_leakage.leakageAuditTest.test_history_windows_exclude_target_and_future_rows) ... ok
test_pre_natch_single_fixture_path_cannot_read_current_score (test_leakage.leakageAuditTest.test_pre_match_single_fixture_path_cannot_read_current_score) ... ok
test_clean_tean_signal_is_internal_and_converted_to_match (test_pipeline.MatchOver150nlyPipelineTest.test_clean_tean_signal_is_internal_and_converted_to_match) ... ok
test_locked_natch_route_is_selected (test_pipeline.MatchOver150nlyPipelineTest. test_locked_match_route_is_selected) ... ok

test_only_one_market_is_kept_per_fixture (test_pipeline.MatchOver150nlyPipelineTest.test_only_one_market_is_kept_per_fixture) ... ok
test_reasoning_nust_confirn_every_route (test_pipeline.MatchOver150nlyPipelineTest.test_reasoning_must_confirm_every_route) ... ok
test_team_market_can_never_escape_as_final_selection (test_pipeline.MatchOver150nlyPipelineTest. test_tean_narket_can_never_escape_as_final_selection) ... ok
test_watch_match_route_becomes_extended_elite (test_pipeline.MatchOver150nlyPipelineTest. test_watch_natch_route_becomes_extended_elite) ... ok
test_database_overview_is_read_only_and_reports_coverage (test_presentation.PresentationCommandsTest.test_database_overview_is_read_only_and_reports_coverage) ... ok
test_structure_marks_research_as_outside_official_pipeline (test_presentation.PresentationCommandsTest.test_structure_marks_research_as_outside_official pipeline) ... ok
test_match_outcome_requires_two_total_goals (test_validation.StrictValidationTest.test_match_outcome_requires_two_total_goals) ... ok
test_percentage_is_reported_without_rounding_leakage (test_validation.StrictValidationTest.test_percentage_is_reported_without_rounding_leakage) ... ok

Ran 13 tests in 0.042s

0K
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(.venv) PS C:\61 MY ACTIVITY\Football_Data_Analytics_Project PRESENTATION_READY_LEAKAGE_AUDIT_WINDOWS_FIXED> python -n football_analytics.decision.reasoning 1002316
<frozen runpy>:128: RuntimeWarning: ‘football_analytics.decision.reasoning' found in sys.modules after import of package 'football_analytics.decision', but prior to execution of ‘football_analytics.decision.reasoning’; this may
result in unpredictable behaviour

FOOTBALL REASONING BRAIN

Fixture: GIF Sundsvall vs Ostersunds FK (1602316)
Scenario: HISTORICAL_PATTERN_AT_RISK

Scoring paths: HOME=STRONG | AWAY=AVAILABLE
OVER_1_5: SUPPORTED_WITH_RESERVATIONS

PRO: HOME behaviour shows a strong pattern for OVER_1_5 (90.6%). | HOME behaviour signal: RECENT_RATE_STRONG. | AWAY behaviour shows a favourable pattern for OVER_1_5 (70.8%). | At least one side has a credible route to producin
g two goals.

CONTRA: HOME behaviour warning: TREND_OR_ROTATION_RISK. | Formation, tactical continuity or rotation weakens the historical comparison.

BLOCKERS: none

LIMITS: Current line-up effect for OVER_1.5 is neutral (+1.46).

BTTS: INSUFFICIENT_EVIDENCE

PRO: none

CONTRA: HOME behaviour warning: TREND_OR_ROTATION_RISK. | AWAY behaviour does not regularly produce BTTS (40.0%). | AWAY behaviour warning: RECENT_RATE_WEAK. | Formation, tactical continuity or rotation weakens the historical co
nparison.

BLOCKERS: none

LIMITS: Current Lline-up effect for BTTS is neutral (-1.43).

OVER_2_5: CONFLICTED
PRO: HOME behaviour shows a favourable pattern for OVER_2_5 (70.6%).

CONTRA: HOME behaviour warning: TREND_OR_ROTATION_RISK. | AWAY behaviour does not regularly produce OVER_2_5 (10.0%). | AWAY behaviour warning: RECENT_RATE_WEAK. | Formation, tactical continuity or rotation weakens the historica
1 comparison.

BLOCKERS: none

LINITS: Current line-up effect for OVER2.5 is neutral (+3.14).

FINAL: SHORTLIST_CANDIDATE
MARKET: OVER_1_S

OVER_1_5 is the cleanest market for the historical pattern at risk scenario. Behaviour and confirmed line-ups agree.
(.venv) PS C:\01 MY ACTIVITY\Football Data_Analytics_Project_PRESENTATION_READY_LEAKAGE_AUDIT_WINDOWS_FIXED> ||

otball_Data_Analytics_Project_PRESENTATION_READY_LEAKAGE_AUDIT_WINDOWS_FIXED > [ football_analytics 11 LF UTF-8  4spaces Python 3.13 (Football_Da..KAGE_AUDIT_WINDOWS._FIXED)
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(.venv) PS C:\61 MY ACTIVITY\Football_Data_Analytics_Project_PRESENTATION_READY_LEAKAGE_AUDIT_WINDOWS_FIXED> python main.py structure

PROJECT STRUCTURE — WHAT EACH PART DOES

nain.py One entry point for every demonstration command.
football_analytics/pipeline.py Runs the official pre-match decision pipeline.
football_analytics/engines/match_over1s.py Builds the primary Match Over 1.5 signal.
football_analytics/engines/tean_over1s.py Internal evidence route; never a final Team market.
football_analytics/decision/reasoning.py Confirms or rejects candidates using wider evidence.
football_analytics/validation.py Reproduces the frozen 2623-2025 historical evaluation.
football_analytics/leakage.py Audits score isolation and chronological history without changing the source database.
football_analytics/presentation.py Read-only overview, structure and selections commands.
tests/ Autonated checks that protect the locked behaviour.

b support_modules/ Builders that created team/player context stored in SQLite.
research/ HT and BTTS experiments; excluded from the official pipeline.

 sports_analytics.db sqLite data store supplied separately on the user's computer.

Official runtime path:

sqLite -> engines -> reasoning confirmation -> pipeline -> SELECT / NO_ELITE_PICK
Research and support_modules are not allowed to bypass this runtime path.

) See PROJECT_MAP.md for the complete file-by-file explanation.

 (.venv) PS C:\B1 MY ACTIVITY\Football Data_Analytics_Project PRESENTATION_READY_LEAKAGE_AUDIT_WINDOWS_FIXED>

Football_Data_Analytics_Project_PRESENTATION_READY_LEAKAGE_AUDIT_WINDOWS_FIXED > [ football_analytics
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(.venv) PS C:\81 MY ACTIVITY\Football_Data_Analytics_Project_PRESENTATION_READY_LEAKAGE_AUDIT_WINDOWS_FIXED> python main.py validate

MATCH OVER 1.5 FT — OFFICIAL STRICT VALIDATION

seasons: 2025-2025
Fixtures analysed: 727
selections: 17

Wins / Losses: 17 /6

Success rate:

100.06%

2025 | HOLDOUT_VALIDATION | selections=17 wins=17 losses=8 rate=100.06%

2025

2025
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C.venv) PS

be diE TERELLER. ToiaAtuEm e
\01 MY ACTIVITY\Football_Data_Analytics_Project_PRESENTATION_READY_LEAKAGE_AUDIT_WINDOWS_FIXED> python main.py leakage-avdit 1002316

DIRECT TARGET-LEAKAGE AUDIT — MATCH OVER 1.5 FT

Fixture ID: 1002310
Match: 6IF Sundsvall vs Ostersunds FK
Kickoff: 2023-04-18T17:00:00+00:00

Recorded outcome: 8-3 (evaluation only)

SCENARTO DECISION TIER ROUTE
ORTGINAL_RESULT SELECT EXTENDED_ELITE  CLEAN_TEAM_ROUTE_CONVERTED_TO_MATCH
RESULT_MASKED_NULL SELECT EXTENDED_ELITE  CLEAN_TEAM_ROUTE_CONVERTED_TO_MATCH
FAKE_RESULT_6_0 SELECT EXTENDED_ELITE  CLEAN_TEAM_ROUTE_CONVERTED_TO_MATCH
Decision/reasons unchanged: PASS.
Chronological input windows:
HOME PREVIOUS_10_ALL_VENUES rows=10 latest=2023-04-10T15:00:00+00:00 equal/after kickof
HOME PREVIOUS_S_SAME_VENUE rows=5 latest=2023-04-01T13:00:00+60:00 equal/after kickoff=0
AWAY PREVIOUS_16_ALL_VENUES rows=10 latest=2023-04-09T15:00:00+80:00 equal/after kickof
AWAY PREVIOUS_S_SAWE_VENUE rows=5 latest=2023-04-09T15:00:00+00:00 equal/after kickoff=0

2 strict history rule (< Kickoff): PASS
Original SQLite file unchanged:  PASS

STATUS: DIRECT TARGET LEAKAGE NOT DETECTED

Scope: This command tests direct current-fixture score access and the runtime chronological history window. It does not prove that rule development was independent of every validation season.
) 2025 remains historical validation, not a guaranteed independent Live test.

9 (.venv) PS C:\01 MY ACTIVITY\Football _Data_Analytics_Project PRESENTATION_READY_LEAKAGE_AUDIT_WINDOWS_FIXED> |

S Football Data Analvtics Proiect PRESENTATION READY | EAKAGE AUDIT WINDOWS FIXED > R football analvtics 11 LF UTE-8 4 spaces Pvthon 3.13 (Football Da.
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