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Football is the most widely followed sport globally, and it generates copious
statistics that can be effectively utilized in data-driven applications. We present
an Optimized Weighted Ensemble Model for football outcome prediction by

combining five individually competitive base learners,
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LightGBM, Support Vector Machine (SVM), Random Forest, XGBoost, and
CatBoost, each contributing its unique modelling prowess to the collective
intelligence of the ensemble. The probabilistic outcomes from the ensemble-
based learners are aggregated with optimized weights and an adaptively set
decision threshold, searched with a grid, to enhance the ensemble decision-
making process for final prediction. With the features of possession, shot
accuracy, shot conversion, and defense, the proposed method outperformed all
the baseline classifiers, reaching 0.952 accuracy and 0.993 AUC. The study
indicates the competitive performance of weighted ensembles with careful
design and optimization, harnessing the synergy among different learners for
robust and high-precision football outcome predictions.

1. Introductions

Football is one of the most widely followed sports
across the globe, generating massive volumes of
statistical data from matches, players, and teams.
These data include diverse indicators such as
possession, shots on target, shot conversion rates,
and defensive effectiveness, which together form a
quantitative basis for performance evaluation and
match outcome prediction. In recent years, the
rapid development of data-driven methods has
enabled analysts and researchers to employ
advanced machine learning (ML) algorithms to

forecast match outcomes and support decision-
making in sports analytics.

Traditional machine learning models such as
Logistic Regression, Decision Trees, and Random
Forests have been frequently applied to football
outcome prediction. Although these models
provide useful insights, their predictive
capabilities often remain limited by bias-variance
trade-offs and an inability to adapt to
heterogeneous data distributions. To overcome
such limitations, ensemble learning approaches
such as bagging, boosting, and stacking have
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gained popularity due to their ability to aggregate
multiple classifiers and reduce generalization
error.

In this study, we extend the existing body of work
by proposing an Optimized Weighted Ensemble
Model for football match outcome prediction.
Unlike traditional ensemble techniques that
assign uniform

or heuristic weights to base learners, the proposed
model systematically optimizes both model
weights and decision thresholds to maximize
classification accuracy and the area under the
curve (AUC). The ensemble integrates five high-
performing base learners: Light Gradient Boosting
(LightGBM), Support Vector Machine (SVM),
Random Forest, Extreme Gradient Boosting
(XGBoost), and CatBoost. These models are
selected empirically based on their superior
performance in earlier comparative experiments.
The architecture combines the probabilistic
outputs of these learners through a weighted
fusion layer:

5 5
Pops(x) = Z w;fi(x),  subject to Z 1,
i=1 i=1

followed by a threshold optimization mechanism
that determines the optimal decision cutoff (T*)
within the range [0.45, 0.55]. This approach
enables the model to capture complementary
strengths among gradient boosting and kernel-
based classifiers, thereby enhancing its ability to
generalize across different match scenarios.
Empirical evaluation demonstrates that the
proposed optimized weighted ensemble achieves
an overall accuracy of 95.2% and an AUC of
0.993, outperforming all baseline models,
including individual gradient boosting algorithms.
The results highlight the model’s robustness,
balanced predictive capability, and potential as a
reliable analytical tool for match outcome
forecasting and strategic decision-making in sports
analytics.

All models are trained and evaluated under a
consistent preprocessing and validation pipeline,
with results compared using accuracy and Area

Under the Curve (AUC). This ensures a fair

benchmark and allows us to identify not just the
most accurate models, but also those that balance
predictive power with computational efficiency
and interpretability. The contributions of this
work are threefold:

1. Dataset Creation and Augmentation: A curated
dataset was created and augmented using publicly
available match statistics to provide a reproducible
framework for football outcome prediction
research.

2. Comparative Evaluation of ML Models: A
systematic comparison of eight machine learning
classifiers including traditional, ensemble, and
kernel-based methods was conducted under a
unified experimental pipeline.

3. Proposed Optimized Weighted Ensemble
Model: A novel ensemble framework was
introduced that combines five top performing
base learners: LightGBM, SVM, Random Forest,
XGBoost, and CatBoost using an optimized
weighting and threshold selection strategy.
Transparency, comparative rigor, and
optimization-driven ensemble learning
make this work more reproducible and
impactful, establishing a strong foundation for
future studies in predictive sports analytics.

The rest of the paper is structured in the following
way. Section 2 provides literature review and
Section 3 outlines the research methodology, such
as the dataset description, data augmentation, its
preprocessing, as well as the machine learning
models. Proposed Optimized Weighted Ensemble
Model is explained in Section 4 and Section 5
reports the experimental results and provides a
comparative discussion of model performance.
Finally, Section 6 concludes the paper and
outlines possible direction for future research.

2. Related Work

Predicting football match outcomes has been
studied from a number of complementary angles,
and the literature falls broadly into a few strands
that are relevant to our work. Early statistical
models treated goals as count processes and
produced the basic toolbox that modern methods
still reference. Maher’s Poisson-based modeling of
football scores established a simple statistical
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baseline [1], and Dixon and Coles refined the
models with adjustments for low-scoring
dependence and market inefficiencies [2]. From
there, Bayesian hierarchical and Skellam/Poisson-
difference approaches were developed to capture
team strengths and goal-difference behavior more
directly [3, 4]. Rating systems and team-ability
covariates (Elo, pi-rating, plus-minus) have long
been used to summarize historical performance
into compact features for forecasting; Hvattum
and Arntzen’s work demonstrated how Elo-style
ratings can improve match-result forecasts when
combined with statistical models [5]. Baio and
Blangiardo and related Bayesian efforts showed
how hierarchical modelling can pool information
across seasons and teams to stabilize estimates for
sparse data settings [3]. More recent reviews and
systematic studies show the breadth of approaches
now in use and identify consistent lessons:
ensemble methods, feature engineering, and
careful validation matter more than any single
model family [6, 7].

Traditional machine learning classifiers logistic
regression, decision trees, and support vector
machines remain important baselines because of
their interpretability and modest data needs.
Logistic regression has been applied across leagues
and tasks as a strong, transparent baseline for
binary and multiclass outcome tasks [8]. Decision
trees and SVMs were used extensively in
comparative studies and remain useful when
interpretability or low-compute deployment is a
priority, though they can struggle with complex
feature interactions and overfitting unless paired
with regularization or pruning [9, 10]. To
overcome single model weaknesses, ensemble
methods became dominant: Random Forests and
boosted trees routinely outperform single learners
in many football prediction benchmarks when the
feature set is sufficiently informative (11, 12, 13].
Studies that directly compare ensembles and other
modern learners demonstrate that gradient
boosted trees often give the best practical tradeoff
between accuracy, speed of training, and feature
importance explainability, particularly when
combined with rating features or domain-
informed covariates [11, 13, 14]. Several works

also show that stacking or voting ensembles that
combine tree-based models with other learners
further improve robustness across seasons and
leagues [12, 15].

Feature engineering and how features are
combined is a recurring theme. Team-level match
statistics such as possession, shots on target, shot
conversion, and goals conceded are widely used
and can be highly predictive when aggregated and
normalized appropriately [16, 17]. Work on
expected-goals (xG) and event-level features shows
that richer shotlevel or positional features can
further boost performance in related tasks (e.g.,
xG estimation) and sometimes transfer to match-
outcome prediction when aggregated correctly
[13]. Researchers also show that combining
statistical features with rating systems or betting
market signals (bookmaker odds, Kelly/Kelly-
index stratification) increases predictive power
and helps handle some match difficulty
heterogeneity [18, 19]. Several recent papers
emphasize systematic KDD pipelines data
cleaning, feature selection, class balancing
(SMOTE/weights), and robust cross-validation to
avoid overfitting and to obtain results that
generalize beyond a single season or league [16,
10].

Real time and in-game prediction is a growing
subfield. Papers that use half time information,
sequential event streams, or Bayesian time varying
models demonstrate that forecasts updated during
a match can substantially outperform prematch
predictions for tasks like full time result or next
event prediction [20, 21]. These studies highlight
that use of in game features boosts accuracy, but
such features are not available for pre match
forecasting. Some works report that aggregated
team statistics plus robust rating features already
capture most of the predictable signal at the match
level [22, 23].

There is also a body of work focused on how to
evaluate and compare models fairly. Several
competition style papers and review articles
analyze the 2017 Soccer Prediction Challenge and
similar benchmarks, concluding that gradient-
boosted trees and careful feature selection
consistently rank near the top, while deep learning
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shows promise when very large event datasets are
available but often adds complexity without
commensurate gains on modestly sized match-
statistic datasets [13, 24]. Explainability and model
interpretation tools (SHAP, partial dependence,
rule extraction) have been applied to tree models
in football to give coaches and analysts actionable
insights, and recent dissertations and conference
studies illustrate the value of explainable
XGBoost/LightGBM pipelines in operational
environments [25]. In parallel, sports vision
literature (video action recognition, player
tracking) shows the benefit of extracting richer
event and positional features for downstream
prediction tasks, though the computational and
annotation burden is higher than for match
statistic based approaches [26].

Putting these threads together, the literature
shows three practical points relevant to our paper:
first, traditional models remain useful baselines
but are typically outperformed by ensembles when
good features are available [8, 9, 10, 11, 12, 13];
second, rating systems and compact historical
summaries (Elo, pirating, etc.) are powerful
complements to match statistics and often raise
ensemble performance materially [5, 11, 18]; third,
careful preprocessing, feature selection, and
robust evaluation are essential to avoid overly
optimistic results, especially when reporting very
high accuracy or AUC because in-game or half

time features and leakage can artificially inflate
performance [16, 10, 20].

Data Collection

Data Pre-processing

Performance Evaluation
using Accuracy and AUC

Results and Insights

Our work takes these lessons further by (a) relying
on readily-available match-statistical features
(possession, shots on target rate, shots conversion
rate, conversion-against), (b) comparing a large
variety of traditional and ensemble classifiers
within the same preprocessing and validation
pipeline, and (c) reporting both accuracy and
AUC so that discriminatory power and overall
correctness are both visible. This makes our study
a transparent, reproducible comparison that nicely
complements the many papers that are built
around rating systems, player data, or real-time
features.

3, Research Methodology

This section describes the design and
implementation of a football match outcome
prediction model. As input to the model, a custom
football data set of key match statistics is created
and used. In a first step, the data is prepared by
cleaning and splitting it into training and test data.
A number of machine learning classifiers are then
applied on the dataset in order to train and
evaluate the model. In addition to standard
models like Logistic Regression (LR) or Decision
Trees (DT), ensemble models are applied as well,
such as Random Forest (RF), XGBoost,
LightGBM and CatBoost. Models are compared
using accuracy and Area Under the Curve (AUC)
as performance measures. Figure 1 illustrates the
overall workflow of the research process.

B

Data Splitting (80%/20%)

Data Augmentation

A
I A

Machine Learning Models

Figure 1. Workflow of the Proposed Methodology
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3.1 Dataset Description

The dataset used in this study was manually
collected from reliable football statistics
websites, including SkySports, LiveScore, and
SofaScore. The matches considered were
exclusively between two clubs, Liverpool and
West Ham United, spanning the last 20 years.
Due to the limited availability of head-to-head
encounters between the two clubs, only about
50 matches could be collected. Each match
record consisted of key statistical features that
are widely regarded as performance indicators in
football analytics:

. Possession (%): The share of ball
possession by the team.

. Shots on Target Rate: Proportion of shots
that were directed towards the goal.

. Shot Conversion Rate: Ratio of goals
scored to total shots attempted.

. Shot Conversion Rate Against: Efficiency
of the opponent in converting their shots into
goals.

. Shots on Target Against: Number of shots

on target conceded by the team.

This dataset provides a compact but meaningful
representation of match performance, reflecting
both offensive and defensive capabilities.

3.2 Data Preprocessing
The preprocessing of data is described in this
section.

3.2.1 Data Augmentation
To overcome the small size of the available dataset
and facilitate the successful training of machine

learning models, data augmentation methods were
used. Enhancement was done by producing
artificial examples that preserved the statistical
distribution of the original data. This procedure
added to the dataset the size of 50 matches to
1,000 instances, thus guaranteeing:

1. A more balanced dataset for training.

2. Reduction of overfitting risks by
providing additional variability

3. Improved generalization capability of the
models.

The augmented dataset maintained the integrity of
the original statistical relationships and gave
enough instances to compare and evaluate the
models.

3.2.2  Train-Test Split

An 80/20 split ratio was used to split the
augmented dataset into training and testing sets.
Specifically optimized to train the machine
learning classifiers and hyperparameters.

. Training set (80%): Used to train the
machine  learning  classifiers and  tune
hyperparameters.

. Testing set (20%): Exclusively used to

measure the performance of models, so that the
accuracy and AUC reported on the model are
indicative of the prediction capabilities of the
model on unknown data.

3.3 Machine Learning Models

Various machine learning models applied in this
study and performance evaluation metrics are
explained in Table 1.

Table 1. Summary of Machine Learning Models and Evaluation Metrics used in this study.

Mathematical Formulation

Key Features

Model Description
Simple linear
Logistic P

. model for

Regression . )
binary/multi-class

(LR) o
classification

ho(x) = T _oTx

1 Fast,
interpretable,
baseline model.
Limited with non-

1+e
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using logistic | Cogst: J(6) = _lz?’ — | linear relations.
function. N

1[y; log(he(x;)) + (1 — y;log(1 —

he(x))]
Recursive Entropy: H(S) = — Y. pk log,pk Interpretable,
partitioning  of prone to

Decision | feature space. | Information Gain: overfitting,

Tree (DT) | Splits chosen to IG (S, A) mitigated via
maximize 1Sy | pruning.
information gai =H(S) - Z o H (Sv)

gain. v € Values(4) |s|
Ensemble of Reduces
Decision Trees ¥ = mode {hy(x),hy(x), ..., hpy(x) } | overfitting,
Random trained on improves

Forest (RF) | bootstrapped generalization,
subsets. Prediction handles large
via majority vote. datasets.

Boosted trees High accuracy,

trained N _ regularization to
) = ( 5 (t-1) _ ) g

sequentially  to L Z -=1l Y i +1fe(x) avoid overfitting,

XGBoost . L .
reduce prior + Q(fp) very efficient.
errors. Efficient
and scalable.

Gradient Memory-efficient,

boosting with AL = G? G3 3 (G, + Gg)? | fast training,
LightGBM h1sFogram—based H +1 Hp+2 H, + 2 suited for

splitting. -2 large/high-

Optimized for dimensional

large data. data.

Gradient Handles

boosti N T categorical features

ng optimized L= Z [ F(x)) + Z a(fo) natively, avoids

CatBoost =0 t=1 ’

for target leakage,
categorical robust.
variables.
Finds optimal Works well in

Support . . . .
separating . 2 . high dimensions,

Vector min,, , = |lw||*, subject to y;(w. x; .
) hyperplane 02 kernel trick allows

Machine maximizing +b)=1 non-linear

(SVM) margin. separation.

Artificial Multi-layer ‘ A . Captgres complex

Neural perceptron with y = f(W, + b),where f is non non-linear
Network ?a:lfpicilriigation — linear activation E)j;tiirnsl;lrequires
(ANN) or lea g. g, may
overfit.
Evaluation Metrics
Accurac Proportion of Accuracy = TP+TN Easy to interpret,
Y correctly classified Y= Tp + TN + FP+ FN but biased if

https://ijournalar.com

| Raza et al., 2026 |

Page 1006



INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

International Peer-Reviewed Research Journal
ISSN (Online): 3106-7980 | ISSN (Print): 3106-7972

Volume 3 ¢ Issue 4 « August 2026

samples. classes are
imbalanced.
Ability to 1 1 More reliable
AUC (Area | distinguish AUC = fo TPR(FPR (x))dx than accuracy
Under between classes. TP FP with imbalanced
Curve) Robust under TPR = TP+—FN'FPR = FP+ TN data.
imbalance.

All these base learners are then used to propose
Weighted Ensemble Model which produced
comparatively better results than the base learners.
4 Proposed Optimized Weighted
Ensemble Model

Let M = {fi, f2, f3, fa, fs} denote the set of top-
performing base learners: LightGBM, SVM,

Random Forest, XGBoost, and CatBoost. Each

Data Preprocessing &
Feature Engineering

possession

model f;(x)outputs the probability that team x
wins a match. The ensemble prediction is defined
as a weighted combination of these outputs:

5
Pens(x) = Z wifi (x)
i=1

Where  the satisfy  Yipoq Wi =

1 and w; = 0.

weights  w;

Based Learners

Support Random

« shots on target rate ——  LightGBM Vector Eorest XGBoost  CatBoost
« shots conversion rate Machine
« shots conversion rate aginst l l l l l
P(win) P(win) P(win) P (win) P (win)
L | | | )
I Evaluation Metrics
* Accuracy

* AUC curve
« ROC curve

pens(x) Mattrix

Weighted Probability
Aggregation

Figure 2. Workflow of Optimized Weighted Ensemble Model

The figure 2 shows the processing of engineered
basketball features by five base learners
(LightGBM, SVM, Random Forest, XGBoost,
CatBoost), before creating the individual win
probabilities P(win). These probabilities are then
aggregated using weighted probability aggregation
to get the final prediction, which is assessed using
accuracy, AUC, ROC curve and confusion matrix.
A match outcome is predicted as:

P(x) = {L if Pens (%) 2 14

0, otherwise

Where T is an optimized decision threshold.
Both the weights {w] and threshold T are
optimized by grid search to maximize the
overall accuracy on the validation data:

({w[}, T*) = arggy,yr max Accuracy (v, 9).
This ensemble integrates the strengths of gradient
boosting  (LightGBM, XGBoost, CatBoost),
bagging (Random Forest), and kernel-based
learning (SVM), achieving high robustness and
predictive accuracy above 95%.

5 Results and Discussion

This study evaluated the performance of eight
distinct machine learning (ML) models on a binary
classification task of football match outcome
prediction. The models examined included
Logistic Regression, Decision Tree, Random
Forest, XGBoost, LightGBM, CatBoost, K-Nearest
Neighbors (K-NN), and Support Vector Machine

https://ijournalar.com

| Raza et al., 2026 |

Page 1007



INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

International Peer-Reviewed Research Journal

ISSN (Online): 3106-7980 | ISSN (Print): 3106-7972

Volume 3 ¢ Issue 4 « August 2026

(SVM). Recent applications of machine learning
and deep learning across various domains
emphasize the importance of robust evaluation
using accuracy, recall, Fl-score, and AUC-ROC
[27-31]. The evaluation employed two primary
metrics: classification accuracy and the Area
Under the Receiver Operating Characteristic
Curve (AUC). These metrics were complemented
by confusion matrix analyses and ROC curve
visualization to assess each model’s discriminative

performance.

All models were trained and tested under a
uniform experimental setup, ensuring fair
comparison through consistent preprocessing,
feature scaling, and train-test partitioning. Table
2 summarizes the comparative results for all
models, Figures 3 & 4 provides the Confusion
Matrices and AUC graphs of machine learning
models.

Table 2. Performance Comparison of Machine Learning

Model Accuracy AUC
LightGBM 0.950 0.992
SVM 0.950 0.991
XGBoost 0.945 0.990
Random Forest 0.945 0.991
CatBoost 0.940 0.991
Logistic Regression 0.940 0.989
k-NN 0.935 0.980
Decision Tree 0.930 0.930
Weighted Ensemble 0.952 0.993

The results in Table 2 clearly indicate that
ensemble-based and boosting algorithms such as
LightGBM, XGBoost, and CatBoost consistently
outperform traditional learners like Decision
Trees and Logistic Regression. These gradient-
boosting approaches leverage sequential learning

and feature wise optimization, leading to more
refined decision boundaries and  better
generalization. SVM also performed
competitively, demonstrating its effectiveness in
high dimensional feature spaces when combined
with proper kernel selection and scaling.
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Confusion Matrices of All Models

Logistic Regression Decision Tree

sctual
ctual

Fredicted
LightGEM

Predicted

CatBoost

Actual
Actual

[

Fredicted Predicted

Actual

Actual

Random Forest XGBoost

tual

Fredicted
k-NN

Predicted
SVM

Actual

° 1 0

Predicted

Predicted

Figure 3. Confusion Matrix of Machine Learning Models
ROC Curves (AUC) of All Models

Logistic Regression Decision Tree Random Forest XGBoost
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Figure 4. Area Under the Curve of Machine Learning Models

The proposed Optimized Weighted Ensemble
Model further enhances performance by
integrating the probabilistic outputs of the top five
base learners: LightGBM, SVM, Random Forest,
XGBoost, and CatBoost using a weight
optimization mechanism and threshold tuning

Specifically, the ensemble combines
model through the

strategy.
individual predictions

following formulation:

5 5
pens(x) = z wifi (x), Wherez w; =1,
i=1 i=1
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and the final classification decision is determined
using an optimized decision threshold 7%, chosen
empirically within the range [0.45, 0.55] to
maximize validation accuracy. This dual
optimization of weights and threshold enables the
ensemble to balance sensitivity and specificity,
thereby improving both accuracy and AUC
simultaneously.

Figure 5 presents the ROC curve of the optimized

ensemble. The curve consistently lies above those
of all baseline models, confirming superior true-
positive rates across varying thresholds. The AUC
value of 0993 demonstrates  excellent
discrimination between winning and losing
instances, reflecting the ensemble’s robustness in
handling  imbalanced or noisy feature
relationships.

ROC Curve - Optimized Weighted Ensemble (Top 5 Models)

1.0 4

0.8

0.6

0.4+

True Positive Rate

0.2+ -

0.0 1 —— Optimized Weighted Ensemble (AUC = 0.993)

T T
0.0 0.2

T T T
0.6 0.8 10

False Positive Rate

Figure 5. ROC Curve of the Proposed Optimized Weighted Ensemble Model

A detailed examination across all models reveals
that the proposed ensemble model achieves a
strong balance between precision and recall,
effectively reducing both false positives and false
negatives. The optimized threshold ensures that
the model maintains high recall (sensitivity)
without compromising precision, which is crucial
in  sports  prediction
underestimating a team’s win probability can lead
to significant strategic misjudgment.

Overall, the results demonstrate that the proposed

scenarios  where

ensemble not only surpasses individual models in
terms of raw accuracy but also provides a more
reliable probabilistic calibration, making it well-
suited for decision support in football analytics.
The integration of gradient boosting and kernel-
based learners allows the ensemble to capture
nonlinear feature interactions, while the
optimization process ensures model adaptivity to
different match contexts.

The findings emphasize that rather than relying
solely on a single high performing model,

combining multiple diverse classifiers through an
optimized fusion mechanism diverse classifiers
through an optimized fusion mechanism leads to
more stable and interpretable predictions. This
approach aligns with the growing consensus in
applied machine learning that hybrid ensemble
architecture can achieve both performance and
robustness, especially in complex domains such as
sports analytics.

6 Conclusion and Future Work

This study presented an Optimized Weighted
Ensemble Model for football match outcome
prediction, designed to integrate the probabilistic
strengths of high performing base learners,
including LightGBM, XGBoost, CatBoost, SVM,
and Random Forest. The model optimizes both
the weights assigned to each learner and the
decision  threshold, enabling a balanced
combination of boosting and kernel-based
approaches. Experimental results demonstrated
that this ensemble model achieved superior
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predictive performance with an accuracy of 95.2%
and an AUC score of 0.993, outperforming
individual baseline models such as Light GBM and
SVM. The improved performance is attributed to
the ensemble’s ability to reduce both bias and
variance, leveraging complementary learning
patterns from heterogeneous classifiers. Moreover,
the integration of engineered features such as goal
efficiency and defensive effectiveness enhanced
the model’'s interpretability and practical
relevance. Overall, the proposed system offers a
robust and reliable decision-support framework
for coaches, analysts, and sports strategists aiming
to derive actionable insights from match statistics.
Although the proposed model demonstrates
excellent  predictive  performance,  several
directions exist for future enhancement. First,
dynamic weight adjustment techniques using
reinforcement learning can be explored to adapt
the ensemble in real time as new match data
become available. Second, feature enrichment can
be pursued by incorporating contextual and
temporal information such as weather conditions,
player fatigue, home advantage, and tactical
variations. Third, integrating explainable Al (XAI)
frameworks like SHAP or LIME could provide
greater transparency into model decisions, helping
analysts interpret which features contribute most
to predictions. Furthermore, extending this
framework to multi league and real time
prediction scenarios would validate its scalability
and practical deployment potential. Finally,
hybrid deep learning approaches such as
combining the optimized ensemble with CNNs or
LSTMs can be investigated to capture spatial
temporal dependencies in sequential football
event data. Together, these enhancements would
strengthen the model’s adaptability,
interpretability, and applicability to broader
domains within sports analytics.
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