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Abstract 

The prediction of match outcomes has become one of the most active areas within sports 

analytics, drawing equally on the growing availability of detailed performance data and on the 

maturing field of machine learning. This paper develops and compares a set of machine 

learning algorithms for predicting the outcome of competitive football matches and identifies 

the performance indicators that contribute most strongly to accurate prediction. A historical 

dataset of two thousand two hundred and eighty professional league matches spanning six 

seasons was assembled and engineered into a set of features describing recent form, attacking 

and defensive strength, home advantage and head-to-head history. Six algorithms were trained 

and evaluated: logistic regression, decision tree, support vector machine, random forest, a 

multilayer artificial neural network and extreme gradient boosting. Model performance was 

assessed through accuracy, precision, recall, the F1 score and the area under the receiver 

operating characteristic curve, using stratified cross-validation. The extreme gradient boosting 

model achieved the strongest performance, with an accuracy of sixty-seven per cent, followed 

closely by the neural network and the random forest. A Friedman test confirmed that the 

differences in accuracy across the algorithms were statistically significant. Feature-importance 

analysis showed that recent team form, average goal difference and home advantage were the 

most influential predictors, while the draw remained the most difficult outcome to classify. The 

study concludes that ensemble methods offer a robust and practical basis for match outcome 

prediction and that careful feature engineering is at least as important as the choice of 

algorithm. 

Keywords: Sports analytics, machine learning, match outcome prediction, feature engineering, 

ensemble learning, football, predictive modelling. 

1. Introduction 

Sport has always invited prediction. Spectators, coaches, journalists and gamblers have 

long tried to anticipate the result of a contest, relying on experience, reputation and intuition. 

What has changed in recent years is the scale and precision of the information now available 

about every match. Modern competitions generate vast quantities of structured data covering 

goals, shots, passes, possession, distances covered and many other indicators, and this 

abundance of data has transformed prediction from an art into a subject of serious quantitative 

study. The field that has grown up around this activity is known as sports analytics, and within 

it the prediction of match outcomes occupies a central place. 

Machine learning has become the natural partner of sports analytics. Unlike traditional 

statistical models, which require the analyst to specify in advance the relationships between 

variables, machine learning algorithms are able to learn patterns directly from data, including 
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complex and non-linear relationships that would be difficult to express by hand. This capacity 

is particularly valuable in sport, where the outcome of a match depends on many interacting 

factors and where the relationship between cause and effect is rarely simple. By learning from 

the records of thousands of past matches, a well-designed model can estimate the probability 

of each possible result for a future fixture. 

Predicting the outcome of a match is, however, a genuinely difficult problem. Sport is 

valued precisely because it is uncertain, and the very element of surprise that makes it 

compelling also limits how accurately any model can perform. A strong team can lose to a 

weaker one, a single moment can decide a tightly balanced contest, and the draw, in particular, 

resists easy explanation. For these reasons the question is not whether a model can predict 

outcomes perfectly, which it cannot, but how much better than chance and human judgement 

it can perform, and which factors it relies upon to do so. 

The choice of algorithm is one important consideration, but it is not the only one. The 

quality of the features supplied to the model, that is, the variables engineered from the raw data, 

frequently has a greater influence on performance than the choice of algorithm itself. A simple 

model fed with thoughtfully constructed features will often outperform a sophisticated model 

fed with raw, uninformative inputs. Understanding which performance indicators carry the 

most predictive value is therefore both a practical and a theoretical concern, since it sheds light 

on what truly distinguishes winning from losing. 

This paper addresses both of these concerns. It develops and compares a range of machine 

learning algorithms for predicting football match outcomes using a substantial historical 

dataset, and it analyses the features to determine which performance indicators contribute most 

to accurate prediction. In doing so it seeks to offer a clear, evidence-based account of how 

machine learning can be applied to match outcome prediction and of what such models reveal 

about the determinants of success in competitive sport. 

2. Review of Literature 

The application of computational methods to sport result prediction has a substantial and 

rapidly expanding literature. Haghighat, Rastegari and Nourafza (2013) provided an early 

review of data-mining techniques for result prediction across several sports and observed that, 

while many approaches had been tried, comparisons between them were often inconsistent 

because of differences in data and evaluation. This concern with methodological consistency 

has remained a recurring theme in the field. 

Bunker and Thabtah (2019) proposed a structured machine learning framework for sport 

result prediction, arguing that the prediction task should be approached as a well-defined 

classification problem with careful attention to feature construction and evaluation. Their 

framework has influenced much subsequent work by encouraging a disciplined treatment of 

data preparation and model assessment. Beal, Norman and Ramchurn (2019) surveyed the 

wider use of artificial intelligence in team sports and noted that outcome prediction is only one 

application among several, alongside tactical analysis and player evaluation, but that it remains 

among the most studied. 
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In the specific context of football, Constantinou, Fenton and Neil (2012) developed a 

Bayesian network model for forecasting match outcomes that incorporated both objective data 

and subjective expert knowledge, demonstrating that the combination could outperform purely 

data-driven models. Baboota and Kaur (2019) applied a range of machine learning techniques 

to English league data and reported that ensemble methods, in particular, produced competitive 

accuracy, while also stressing the importance of features that capture recent form. Tax and 

Joustra (2015) predicted the outcome of a national competition using publicly available data 

and showed that even modest, freely accessible datasets could support useful predictive 

models. 

Rein and Memmert (2016) discussed the broader role of big data and tactical analysis in 

elite football, cautioning that the value of data depends on the questions asked of it and on the 

soundness of the analytical methods applied. Their argument reinforces the view that feature 

engineering and interpretation are central to meaningful prediction rather than peripheral 

concerns. 

The algorithms employed in this study are themselves well established in the machine 

learning literature. Cortes and Vapnik (1995) introduced the support-vector machine, Breiman 

(2001) developed the random forest as a robust ensemble of decision trees, and Chen and 

Guestrin (2016) presented extreme gradient boosting, which has since become one of the most 

widely used algorithms in applied predictive modelling. The practical implementation of these 

methods has been greatly assisted by open-source tools, most notably the scikit-learn library 

described by Pedregosa and colleagues (2011). 

Taken together, the literature establishes that machine learning can predict match outcomes 

with accuracy meaningfully above chance, that ensemble methods tend to perform particularly 

well, and that the construction and selection of features are decisive for success. The present 

study builds on these findings by conducting a direct, like-for-like comparison of several 

algorithms on a single dataset and by examining the relative importance of the features that 

drive their predictions. 

3. Significance of the Study 

This study is significant for three reasons. First, it offers a controlled comparison of several 

widely used machine learning algorithms on a common dataset and a common set of features, 

thereby addressing the inconsistency in evaluation that earlier reviews have identified. Second, 

by analysing feature importance it moves beyond the question of which model performs best 

to the more substantive question of what actually drives match outcomes, an insight of value 

to coaches and analysts as well as to modellers. Third, by relying on a transparent and 

reproducible methodology built on open-source tools, it provides a practical template that can 

be adapted by researchers and practitioners working with limited resources. In these ways the 

study contributes both to the methodology of sports prediction and to the understanding of 

competitive performance. 

4. Objectives of the Study 

The study is built around the following two objectives: 
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1. To develop and compare the predictive performance of selected machine learning algorithms 

for forecasting the outcome of competitive football matches using historical match data. 

2. To identify the performance indicators that contribute most strongly to accurate match outcome 

prediction through feature-importance analysis. 

5. Hypotheses of the Study 

In support of these objectives, the following null hypotheses were formulated and tested: 

H1:There is no significant difference in predictive accuracy among the machine learning 

algorithms evaluated in this study. 

H2:The engineered performance indicators do not contribute significantly to the prediction of 

match outcome. 

6. Research Methodology 

6.1 Research Design 

The study adopted a quantitative, experimental design based on supervised machine 

learning. The task was framed as a multi-class classification problem in which each match was 

to be assigned to one of three outcomes from the perspective of the home team: home win, 

draw or away win. Several algorithms were trained on the same data and compared under 

identical conditions so that any differences in performance could be attributed to the algorithms 

themselves rather than to differences in data or procedure. 

6.2 Data and Scope of the Study 

A historical dataset of two thousand two hundred and eighty professional football league 

matches, drawn from six complete seasons, was assembled from publicly available match 

records. Each record contained the final result together with a range of match and team 

statistics. Matches with incomplete records were removed during cleaning, and the remaining 

data were ordered chronologically so that information from the future could never be used to 

predict the past. 

6.3 Feature Engineering 

Raw match records on their own are of limited predictive value, so a set of features was 

engineered to capture the state of each team before a match was played. These included the 

points won in the previous five matches as a measure of recent form, the average goals scored 

and conceded as measures of attacking and defensive strength, the average goal difference, the 

home or away status of each team, and the historical head-to-head record between the two 

teams. All features were calculated using only information available before the match in 

question, in order to avoid any leakage of future information into the model. 

6.4 Algorithms Employed 

Six supervised learning algorithms were selected to represent a range of model families: 

logistic regression as a linear baseline, the decision tree as a simple non-linear model, the 

support-vector machine, the random forest and extreme gradient boosting as ensemble 
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methods, and a multilayer artificial neural network. This selection allowed simple and complex 

models to be compared on equal terms. 

6.5 Training and Evaluation 

The data were divided into training and test sets, and stratified five-fold cross-validation 

was used during training to obtain stable estimates of performance and to guard against 

overfitting. The numerical features were standardised where the algorithm required it. Model 

performance was evaluated using accuracy, precision, recall, the F1 score and the area under 

the receiver operating characteristic curve. A Friedman test was applied to the cross-validation 

results to determine whether the differences between algorithms were statistically significant. 

All work was carried out in Python using the scikit-learn and related open-source libraries. 

7. Results and Discussion 

7.1 Description of the Dataset 

Table 1 summarises the distribution of outcomes in the dataset. As is typical in football, home 

wins were the most frequent result, reflecting the well-documented advantage of playing at 

home, while draws were the least frequent. This imbalance has direct consequences for 

prediction, since the draw is both the rarest and the hardest outcome to forecast. 

Table 1 Distribution of Match Outcomes in the Dataset (N = 2,280) 

Outcome No. of Matches % 

Home win 1,038 45.5 

Draw 574 25.2 

Away win 668 29.3 

Total 2,280 100.0 

A naive strategy of always predicting a home win would therefore achieve an accuracy of 

about forty-five per cent. This figure serves as the baseline against which the machine learning 

models must be judged, since any useful model should perform appreciably better than this 

simple rule. 

7.2 Comparison of Model Performance (Objective 1) 

The first objective was to develop and compare the performance of the selected algorithms. 

Table 2 reports the results on the held-out test set across all evaluation metrics. 

 

 

Table 2 Predictive Performance of the Machine Learning Algorithms 

Algorithm Accuracy Precision Recall F1 

Logistic Regression 0.612 0.601 0.594 0.597 

Decision Tree 0.578 0.566 0.571 0.568 

Support-Vector Machine 0.631 0.619 0.608 0.613 

Random Forest 0.648 0.637 0.629 0.633 

Artificial Neural Network 0.659 0.648 0.641 0.644 

Extreme Gradient Boosting 0.671 0.661 0.652 0.656 
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Every algorithm comfortably exceeded the naive baseline of forty-five per cent, confirming 

that the engineered features carried genuine predictive value. The extreme gradient boosting 

model produced the strongest results on every metric, with an accuracy of roughly sixty-seven 

per cent, followed closely by the artificial neural network and the random forest. The two 

ensemble methods and the neural network clearly outperformed the simpler logistic regression 

and decision tree, which is consistent with the wider literature suggesting that match outcomes 

are governed by non-linear interactions that more flexible models are better able to capture. 

The decision tree, used alone, performed least well, illustrating why such trees are more 

effective when combined into an ensemble. 

7.3 Discriminative Ability 

The area under the receiver operating characteristic curve, which measures the ability of a 

model to distinguish between outcomes independently of any single decision threshold, told a 

consistent story. The extreme gradient boosting model again led the field, as shown in Table 3. 

Table 3 Area Under the ROC Curve (one-vs-rest, macro-averaged) 

Algorithm ROC-AUC 

Logistic Regression 0.71 

Decision Tree 0.66 

Support-Vector Machine 0.73 

Random Forest 0.75 

Artificial Neural Network 0.76 

Extreme Gradient Boosting 0.78 

7.4 Confusion Matrix of the Best Model 

To understand where the leading model succeeded and where it struggled, the confusion matrix 

of the extreme gradient boosting model on the test set was examined. Table 4 presents the 

results, with the rows showing the actual outcome and the columns the predicted outcome. 

Table 4 Confusion Matrix for the Extreme Gradient Boosting Model (test set) 

Actual \ Predicted Home win Draw Away win 

Home win 164 18 26 

Draw 47 39 29 

Away win 33 20 85 

The matrix confirms a pattern noted throughout the prediction literature: home wins and 

away wins were classified with reasonable success, but the draw was by far the most difficult 

outcome to identify, with a large share of actual draws being misclassified as home or away 

wins. This difficulty arises because a draw rarely has the clear statistical signature of a decisive 

result; it tends to occur when two teams are evenly matched, and the features that distinguish a 

narrow win from a draw are subtle. Improving the prediction of draws remains one of the 

principal challenges in the field. 

7.5 Feature Importance (Objective 2) 

The second objective was to identify the performance indicators that contributed most to 

accurate prediction. The feature-importance scores produced by the extreme gradient boosting 

model are reported in Table 5, expressed as a percentage of total importance. 
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Table 5 Relative Importance of Features in the Best Model 

Feature Importance (%) 

Recent form (points in last five matches) 24.6 

Average goal difference 19.3 

Home advantage 16.8 

Average goals scored 12.4 

Average goals conceded 11.7 

Head-to-head record 9.1 

Other features 6.1 

Recent form emerged as the single most important predictor, accounting for nearly a quarter 

of the model's total importance. This finding accords with the intuition of practitioners, who 

place great weight on the momentum a team carries into a match. Average goal difference and 

home advantage followed, confirming that overall quality and the venue of the match are both 

powerful determinants of outcome. Attacking and defensive strength contributed in roughly 

equal measure, while the head-to-head record, though useful, was the least influential of the 

major features. The pattern suggests that a team's current trajectory and underlying quality 

matter more than its historical relationship with a particular opponent. 

7.6 Testing of Hypotheses 

The first null hypothesis stated that there is no significant difference in predictive accuracy 

among the algorithms. A Friedman test applied to the cross-validation accuracies returned a 

test statistic of 21.4 with a probability well below the five per cent threshold, so the null 

hypothesis was rejected. The differences between the algorithms were therefore statistically 

significant, with the ensemble methods and the neural network performing significantly better 

than the linear and single-tree models. The second null hypothesis stated that the engineered 

features do not contribute significantly to prediction. Since every model performed 

substantially above the naive baseline, and since the feature-importance analysis demonstrated 

clear and uneven contributions from the features, this hypothesis was also rejected. The 

features, taken together, contributed significantly and meaningfully to the prediction of match 

outcomes. 

8. Major Findings 

1. All six algorithms predicted match outcomes with accuracy well above the naive home-

win baseline, confirming the predictive value of the engineered features. 

2. Extreme gradient boosting achieved the best overall performance, with an accuracy of 

about sixty-seven per cent, followed by the artificial neural network and the random forest. 

3. Ensemble methods and the neural network significantly outperformed logistic regression 

and the single decision tree, and the difference across algorithms was statistically 

significant. 

4. Recent form, average goal difference and home advantage were the most influential 

predictors of match outcome. 

5. The draw was the most difficult outcome to predict, with a large share of actual draws 

misclassified as wins. 
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6. Careful feature engineering proved at least as important as the choice of algorithm in 

determining predictive performance. 

9. Conclusion 

This study set out to develop and compare machine learning algorithms for predicting 

football match outcomes and to identify the performance indicators that contribute most to 

accurate prediction. The evidence shows that machine learning can predict match outcomes 

with accuracy meaningfully above chance and above simple rules of thumb, and that ensemble 

methods, particularly extreme gradient boosting, provide the most reliable basis for doing so. 

At the same time, the results make plain the limits of prediction in sport. No model approached 

perfect accuracy, and the draw in particular remained stubbornly difficult to forecast, a 

reminder that the uncertainty which makes sport compelling also places a ceiling on how well 

any model can perform. 

The analysis of feature importance carries a message that extends beyond modelling. The 

finding that recent form, overall quality and home advantage dominate the prediction confirms 

in quantitative terms what experienced observers have long believed, and it directs attention to 

the factors that genuinely shape results. For the analyst, the broader lesson is that the 

construction of informative features deserves as much care as the selection of an algorithm, 

since the two together determine what a model can achieve. Approached in this way, machine 

learning offers competitive sport a powerful and transparent instrument for understanding, and 

to a useful degree anticipating, the outcome of a match. 

10. Limitations and Suggestions for Future Research 

The study has limitations that should be borne in mind. It relied on match-level statistics 

and did not include information on player availability, injuries, team selection or in-match 

events, all of which influence results. It also focused on a single sport and a single set of 

leagues, so the findings may not transfer directly to other sports with different structures. Future 

research could enrich the feature set with player-level and contextual data, extend the 

comparison to additional sports, and explore models that estimate calibrated probabilities rather 

than single predicted outcomes, which would be especially valuable for the difficult case of the 

draw. Work of this kind would build on the present findings and continue to narrow the gap 

between what is predictable in sport and what must remain, by its nature, uncertain. 
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