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Abstract

Purpose: This study aims to model and predict team performance outcomes during the 2023 FIFA Women’s World Cup by integrating
a supply chain perspective into sports analytics. The research addresses a gap in the literature by focusing on the distribution and flow
of player and team performance data, which is critical for optimizing decision-making in modern football management, media reporting,
and logistics. Research design, data and methodology: Data were collected from 60 matches involving 16 national teams, incorporating
detailed player-level performance metrics. Five feature engineering strategies and seven machine learning algorithms were compared
through rigorous nested cross-validation techniques. This analytical pipeline represents a structured supply chain of data processing and
model evaluation. Results: Among the tested algorithms, logistic regression consistently outperformed others, achieving 99% accuracy
under nested cross-validation and 95.8% accuracy on an independent test set. This indicates robust generalizability and practical
reliability in predicting match outcomes. Conclusions: This study contributes a comprehensive machine learning framework tailored for
women’s football, emphasizing the importance of data distribution efficiency. The results offer practical implications for enhancing
performance forecasting, supporting coaching strategies, streamlining media reporting, and improving event supply chain operations in
international sports tournaments.
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1. Introduction

Predicting match outcomes in international football
tournaments has garnered considerable attention due to
potential implications for sports analytics, strategic planning,
and media engagement. Despite extensive research
predominantly focused on men's football, women's football
analytics remains underrepresented, characterized by
limited methodological rigor, inadequate predictive
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modeling, and scarce comparative feature evaluations.
Given these gaps, there is a clear need for comprehensive,
data-driven predictive frameworks tailored explicitly for
women's international football.

The FIFA Women's World Cup provides a unique and
complex competitive environment, challenging traditional
predictive methodologies due to its hierarchical structure,
diverse competitive contexts, and limited match data. This
study addresses these challenges by systematically
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evaluating various feature engineering approaches and
machine learning algorithms using detailed, granular player-
level performance metrics collected from the FIFA 2023
Women's World Cup. Our primary objectives are to identify
football and predictive strategies, understand the distinctive
predictive dynamics within women's football, and
contribute to methodological robustness in sports analytics.

This paper is structured as follows: Section 2 reviews
relevant literature, highlighting historical progressions,
methodological advancements, and key research gaps.
Section 3 outlines the dataset's detailed characteristics,
emphasizing data collection and preprocessing. Section 4
describes our analytical methodologies, including feature
engineering strategies, machine learning algorithms, and
rigorous validation frameworks. Section 5 presents
empirical findings, systematically comparing predictive
performances across models and feature sets. Section 6
discusses broader implications, methodological
contributions, limitations, and future research directions
derived from our findings.

2. Literature Review

2.1. Historical Overview of Football Outcome
Prediction

Football match outcome prediction has undergone
substantial evolution from basic statistical approaches in the
1990s to sophisticated machine learning (ML) methods in
recent years. Early works, such as those by Dixon and Coles
(1997) and Rue and Salvesen (2000), employed statistical
models like Poisson and Bayesian dynamic generalized
linear models, typically achieving accuracy rates between
50-60%. By the early 2000s, these statistical approaches
were complemented by machine learning techniques,
significantly improving predictive accuracy and robustness.
Tax and Joustra (2015) and Baboota and Kaur (2019)
notably advanced the field by integrating comprehensive
ML algorithms and feature engineering, reaching accuracy
rates of up to 75%. Despite advancements, traditional
methods were constrained by methodological simplicity,
data availability, and validation challenges.

2.2. Machine Learning Approaches in Football
Analytics

Machine learning algorithms have increasingly
dominated football analytics, with logistic regression, SVM,
random forests, XGBoost, and neural networks being
prominent methods. Logistic regression, despite its
simplicity, consistently performs robustly and offers
interpretability. Ensemble methods, particularly random

forests and gradient boosting, provide high predictive power
by handling complex feature interactions, though at the cost
of interpretability. Neural networks, while theoretically
powerful due to their ability to model nonlinear
relationships, have practical limitations such as data
requirements and interpretability challenges. Recent
comparative studies (Baboota & Kaur, 2019; Hubacek et al.,
2019) highlight that no single algorithm universally
outperforms others across all contexts, emphasizing the
importance of tailored model selection and rigorous
validation methods such as nested cross-validation.

2.3. Feature Engineering and Data Utilization

Effective feature engineering critically impacts
predictive model performance in sports analytics. Initial
approaches focused predominantly on basic performance
statistics like goals, possession percentages, and shots.
However, recent advancements advocate for incorporating
advanced metrics such as expected goals (xG), detailed
passing networks, and tactical metrics like pressing actions.
Studies by Carpita et al. (2015) and Sarmento et al. (2018)
have underscored the importance of distinguishing between
absolute versus relative team performance metrics, as well
as leveraging player-level rather than solely team-level data.
Our study significantly contributes to this area by
systematically comparing multiple feature engineering
strategies to identify the most robust predictors for women's
international tournament outcomes (Kang & Kim, 2023).

2.4. Tournament vs. League-Based Prediction

Predictive modeling distinctly varies between league
and tournament contexts. League-based predictions benefit
from extensive historical data, facilitating robust model
training and validation. Conversely, tournament predictions,
such as for the FIFA World Cup, present unique challenges
due to limited matches, diverse competitive levels, and
tournament structure dynamics (group stages vs. knockout
stages). Recent research indicates that tournament-based
predictions benefit substantially from incorporating
tournament-specific variables and rigorous simulation
frameworks (Groll et al., 2018; Schauberger & Groll, 2018).
Our study addresses these challenges explicitly by
leveraging tailored feature sets and validation methods
specifically suited to tournament contexts.

2.5. Women's Football Analytics: Current State

Women’s football analytics remains significantly
underrepresented compared to men's football research.
Existing studies, like Groll et al. (2019), have highlighted
distinctive aspects of women's football, including unique
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scoring patterns, disparities between team capabilities, and
variations in tactical approaches. Despite these insights,
predictive modeling specifically tailored for women's
football remains sparse. Our research directly addresses this
gap by providing comprehensive and specialized analytical
methods designed explicitly for the women's international
tournament context, thereby substantially advancing the
field (Kim & Kang, 2022).

2.6. Research Gaps and Opportunities

The existing literature reveals critical gaps including the
scarcity of predictive research tailored to women's football,
limited comparative analyses of feature engineering
strategies, inadequate methodological rigor in validation
procedures, and insufficient attention to the unique
dynamics of tournament play compared to league formats.
Our study addresses these deficiencies through meticulous
methodological rigor, comprehensive comparative analysis
of multiple ML algorithms, and robust nested cross-
validation techniques. By clearly delineating these gaps, we
underscore the importance of future research directions,
including real-time predictive modeling, qualitative feature
integration, longitudinal studies, and broader cross-
tournament validations to enhance the generalizability and
practical applicability of football analytics.

3. Data Collection

The dataset used in this study comprises detailed player-
level performance metrics obtained from the FIFA 2023
Women's World Cup, covering all matches played
throughout the tournament. This dataset represents an
invaluable resource for analyzing team performance and
prediction modeling at the highest competitive level of
women's international football.

3.1. Dataset Overview

Our dataset includes a total of 2,400 individual player-
match records derived from 60 matches involving 16
national teams and 320 distinct players. Each data point
meticulously captures performance statistics for an
individual player within a single match, thus offering highly
granular insights into both individual contributions and
collective team dynamics. Specifically, the dataset consists
of evenly balanced records with a binary target variable
representing match outcomes—win or loss—from each
team's perspective, ensuring a perfect balance with 1,200
wins and 1,200 losses. This balance naturally results from
the tournament structure, which inherently pairs one
winning and one losing team per match, with each team

typically fielding approximately 20 players per game.
3.2. Variable Categories and Descriptions

To provide comprehensive analytical depth, the dataset
features 31 distinct variables grouped into five main
categories: identifiers, team rankings, match outcomes,
performance metrics, and positional indicators. Identifiers
include unique match and player IDs, facilitating
straightforward linkage and analysis. Team rankings,
captured as FIFA rankings dated June 2023, reflect pre-
tournament standing and are critical for predictive modeling
without introducing data leakage from post-event outcomes.

Performance metrics constitute the most extensive set,
meticulously detailing multiple dimensions of play: passing
performance (e.g., passes attempted and completion rate),
attacking performance (goals, attempts at goal, cross
completion), defensive capabilities (tackles made and won,
interceptions, blocks), advanced tactical metrics (line breaks
attempted and completed, pressing actions, possession
contests won), and physical performance indicators (total
distance covered and top speed achieved). Finally, positional
indicators explicitly categorize players into defenders,
midfielders, and forwards, enabling nuanced positional
analysis. This structured categorization is summarized
comprehensively in Table 1.

3.3. Data Quality and Preprocessing

3.3.1. Data Completeness

The dataset demonstrates exceptional quality with
negligible missing values, a notable strength ensuring robust
analysis. Each recorded player-match combination includes
fully complete performance metrics, allowing reliable and
detailed modeling without the imputation challenges often
faced in sports analytics.

3.3.2. Temporal Considerations

A crucial aspect of the dataset is the careful temporal
structuring that maintains analytical integrity. The FIFA
ranking data utilized for modeling is strictly from June 2023,
pre-dating the tournament commencement. This ensures no
inadvertent inclusion of post-tournament information,
effectively eliminating potential data leakage. Such
temporal clarity is pivotal for predictive modeling accuracy,
closely mirroring realistic forecasting scenarios where
future outcomes are unknown.

3.3.3. Target Variable Distribution

As mentioned, the binary target variable demonstrates
perfect balance, inherently achieved by tournament design.
This balanced distribution mitigates common machine
learning challenges such as class imbalance, simplifying
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model training and evaluation and ensuring reliable
performance metrics (Kang & Kim, 2023).

3.4. Tournament Structure Impact

The structural characteristics of the FIFA Women's
World Cup significantly influence the dataset's analytical
dynamics. The variability in match frequency per team,
ranging from a minimum of 4 to a maximum of 13 games
depending on progression within the tournament, introduces
hierarchical complexities into the dataset. The knockout
tournament format also inherently establishes natural
performance hierarchies, contributing distinct competitive
contexts for analytical exploration. Additionally, substantial
variations in team strength—indicated by FIFA rankings
ranging from 3rd to 43rd globally—create diversified
competitive scenarios crucial for nuanced predictive
modeling. Despite the comprehensive player-level records
totaling 2,400 observations, analyses at the team level
aggregate down to 120 team-match combinations, and
game-level modeling further consolidates data to 60 unique
match scenarios.

3.5. Methodological Implications

The dataset’s structure presents several critical
considerations for machine learning approaches. Its
comprehensive performance metrics spanning numerous
game dimensions and balanced target distribution are
evident strengths, significantly reducing complexities
typically encountered with sports data, such as class
imbalance and incomplete datasets. Moreover, the high-
quality, professionally gathered data ensures analytical
reliability and robustness.

Nevertheless, the hierarchical nature of the data (players
nested within teams and matches), combined with varying
team sample sizes due to tournament progression,
necessitates careful methodological adjustments, such as
appropriate aggregation techniques and robust cross-
validation strategies. Additionally, the relatively modest
final sample size of 60 matches for team-level modeling
poses inherent constraints regarding statistical power and
generalizability. The subsequent methodological section
details specific strategies employed to address these
challenges, ensuring that our analytical approaches are both
rigorous and contextually appropriate.

4. Methods
4.1. Overall Analytical Framework

To rigorously predict match outcomes in the FIFA 2023
Women's World Cup, we employed a comprehensive

analytical framework tailored to the complexity inherent in
sports performance prediction and the hierarchical structure
of our dataset. This approach systematically incorporates
detailed feature engineering, extensive model evaluation
across various algorithms, and rigorous validation
procedures. Recognizing the limited sample size inherent in
tournament data—comprising just 60 matches—we
emphasized robust validation techniques to minimize the
risk of overfitting and to provide reliable estimates of model
performance.

4.2. Data Preprocessing and Hierarchical Aggregation

4.2.1. Target Variable Definition

The predictive modeling targeted binary outcomes of
match results from each team's perspective, encoded as win
(1) or loss (0). This naturally resulted in a balanced dataset,
aligned with the symmetrical structure of match outcomes
in the tournament format, simplifying modeling procedures
by eliminating concerns related to class imbalance.

4.2.2. Temporal Data Integrity

To prevent data leakage and simulate real-world
predictive scenarios, our dataset strictly included pre-
tournament FIFA rankings and performance statistics
recorded during the matches, explicitly excluding any post-
tournament data. This ensured temporal integrity, allowing
realistic forecasting conditions analogous to genuine
predictive situations.

4.2.3. Hierarchical Data Aggregation

Given the player-level granularity of the original dataset,
aggregation was necessary to derive meaningful team-level
metrics for predictive modeling. We systematically
aggregated player-level statistics to team-level summaries
using multiple aggregation methods: sum for cumulative
actions such as passes and tackles, mean for efficiency
measures such as pass completion percentages, and
maximum values for peak performance indicators such as
top speed and maximum distance covered. This approach
captured diverse dimensions of team performance including
cumulative effort, average efficiency, and peak capability.

4.3. Feature Engineering Strategies

We systematically developed and compared five distinct
feature engineering approaches; each grounded in different
theoretical perspectives on team performance prediction.

4.3.1. Basic Performance (Absolute Values)

This baseline approach utilized fundamental team
performance metrics, such as total passes, goal attempts,
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tackles, blocks, interceptions, total distance covered, and top
speed achieved. These straightforward absolute metrics
were hypothesized to directly reflect team quality and
effectiveness.

4.3.2. Basic Performance (Team Differences)

A comparative approach was employed by calculating
the performance differences between competing teams
within each match. Metrics like differences in goal attempts,
pass completions, and tackles were expected to highlight
competitive advantages directly influencing outcomes.

4.3.3. Advanced Performance (Absolute Values)

Expanding beyond basic metrics, this strategy integrated
advanced tactical elements including crosses, line breaks,
pressing actions, and possession contests. These metrics
aimed to capture deeper tactical and strategic facets of
contemporary football, potentially enhancing predictive
accuracy.

4.3.4. Derived Statistical Features

This method involved creating secondary metrics
through statistical transformations, such as efficiency ratios
(success rates), composite indices, and standardization
techniques. Such derived features aimed to encapsulate
nuanced team dynamics and overall efficiency in
performance.

4.3.5. Ensemble Feature Combinations

Combining various methodologies, this comprehensive
feature set incorporated absolute and relative team
performance metrics, aggregated using multiple statistical
methods simultaneously. This hybrid approach aimed to
leverage complementary insights from different analytical
perspectives, providing a robust predictive basis.

4.4. Machine Learning Models

Our analysis evaluated seven diverse machine learning
algorithms selected to represent distinct learning paradigms
and complexity levels. These included linear models
(Logistic Regression), tree-based ensembles (Random
Forest, Gradient Boosting, XGBoost, LightGBM), instance-
based methods (Support Vector Machines), and neural
network approaches (Multi-Layer Perceptron). This
comprehensive model evaluation provided insights into the
relative strengths and limitations of each approach within
the context of sports outcome prediction.

4.5. Hyperparameter Optimization

To prevent model overfitting given the modest dataset
size, hyperparameter tuning was conservatively executed

via systematic grid search methods. Each algorithm
underwent targeted exploration within practical parameter
ranges, balancing computational efficiency with
thoroughness in parameter space exploration. Model-
specific grids included regularization parameters, tree depth,
learning rates, and kernel types to optimize each algorithm
effectively.

4.6. Validation Methodology

We implemented nested cross-validation to obtain
unbiased performance estimates despite dataset limitations.
This involved an outer loop (5-fold stratified cross-
validation) for performance estimation and an inner loop (3-
fold cross-validation) for hyperparameter tuning. Final
model evaluation was executed on a separate held-out test
set (20% of data), providing an independent assessment of
predictive capability. Comprehensive metrics—including
accuracy, precision, recall, F1-score, and ROC-AUC—were
utilized to robustly evaluate model performance.

4.7. Statistical Analysis and Interpretation

Performance across models was systematically
compared using cross-validation metrics, with statistical
significance assessed through paired t-tests, recognizing
potential limitations due to sample size. Feature importance
analyses were conducted to elucidate the relative
contributions of predictors, assessed via model-specific
measures (e.g., logistic regression coefficients, random
forest importance scores). Stability and sensitivity analyses
further informed interpretations regarding model robustness
and generalizability.

4.8. Implementation Details

Analyses were executed in Python, utilizing libraries
such as Scikit-learn for machine learning procedures,
Pandas and NumPy for data handling, and Matplotlib for
visualization.  Rigorous  reproducibility = measures—
including fixed random seeds, documented software
versions, and modular code organization—were maintained
to ensure analytical transparency.

4.9. Methodological Limitations and Considerations

Acknowledging inherent methodological constraints,
we recognized sample size limitations impacting statistical
power and generalizability. The specific context of the 2023
Women's World Cup, including team strength distribution
and tournament format, was noted as potentially limiting
broader applicability. While our systematic feature
engineering provided rigorous insights, we acknowledged
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that alternative methodologies might yield complementary
perspectives. Consequently, this methodological framework
was designed to maximize analytical reliability within
inherent constraints, facilitating robust conclusions.

5. Results
5.1 Feature Engineering Performance Comparison

Our initial comparative analysis systematically assessed
five distinct feature engineering strategies using multiple
machine learning algorithms. Table 5.1 provides a detailed

Table 1: Feature Engineering Performance Comparison
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performance comparison across these feature sets, clearly
illustrating the predictive accuracy and robustness across
various strategies.

Logistic regression consistently outperformed other
algorithms across all feature sets, demonstrating
approximately 79.2% accuracy with high precision and
recall. The similarity in performance across different feature
engineering methods suggests fundamental team
performance metrics effectively encapsulated critical
predictive signals. The relatively large standard deviations
indicate inherent variability and challenge in predicting
match outcomes within a tournament context, reflecting
fluctuating team performances across matches.

Feature Set Best Performing Model | Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | ROC-AUC (%)
Basic Performance (Absolute) Logistic Regression 79.2+12.4 80.3+125 |79.2+124 | 789+125 85.8+12.1
Advanced Performance (Absolute) Logistic Regression 79.2+12.4 80.3+125 |79.2+124 | 789+125 85.8+12.1
Combined - .
(Absolute + Differences) Logistic Regression 79.2+12.4 80.3+125 |79.2+124 | 789+125 85.8+12.1

5.2. Algorithm Performance Assessment

Further detailed analysis compared the predictive
capabilities of seven distinct machine learning algorithms
using the basic absolute feature set. Table 5.2 summarizes
these comparative results.

Table 2: Machine Learning Algorithm Performance

Logistic regression notably emerged as the superior
model, yielding the highest accuracy (79.2%) and ROC-
AUC (85.8%). While simpler linear models like logistic
regression and SVM consistently outperformed more
complex ensemble methods, the moderate differences in
accuracy suggest algorithmic complexity may not
dramatically enhance predictive power beyond featyre,

Algorithm Accuracy (%) Precision (%) Recall (%) F1-Score (%) ROC-AUC (%)
Logistic Regression 79.2+12.4 80.3+12.5 79.2+12.4 78.9+12.5 85.8+12.1
SVM 75.8+10.7 76.7+£10.8 75.8+10.7 75.6+10.8 80.6 + 15.7
Random Forest 73.3+5.0 73.9+4.5 73.3+5.0 73153 83.2+9.1
XGBoost 73.3+7.7 745+6.7 73.3+7.7 72.8+8.4 81.2+9.2
LightGBM 72.5+6.8 73.0£6.5 72.5+6.8 72.3+6.9 77.2+104
Gradient Boosting 71.7 £ 3.1 72.3+26 71.7 £ 3.1 71.4+34 79.1+9.1
Neural Network 70.0+ 6.1 70.3+6.0 70.0+6.1 69.8 +6.3 77.6+10.4
LightGBM 72.5+6.8 73.0£6.5 72.5+6.8 72.3+6.9 77.2+104

5.3. Nested Cross-Validation with Hyperparameter
Tuning

Nested  cross-validation was employed  with
hyperparameter tuning on the combined feature set,

Table 3: Nested Cross-Validation Performance

significantly enhancing model performance. Table 5.3
illustrates these refined results clearly.

These enhanced accuracies underscore the efficacy of
comprehensive feature sets, rigorous preprocessing, and
systematic hyperparameter optimization in predictive
modeling (Phommahaxay et al., 2019).

Algorithm Accuracy (%) Precision (%) Recall (%) F1-Score (%) ROC-AUC (%)
Logistic Regression 99.0+ 2.0 100 £ 0.0 98.0+4.0 98.9+ 2.1 99.8+0.4
SVM 97.9+25 98.2+ 3.6 98.0+4.0 98.0+2.5 99.8+0.4
Neural Network 96.9+ 2.5 98.0+4.0 95.8+5.2 96.7+2.7 100+ 0.0
Random Forest 89.6+4.7 90.1+5.8 89.8+6.3 89.8+4.3 95.6+2.7
XGBoost 85.3+5.3 87.3+71 83.1+9.0 84.8+6.3 949+20
Gradient Boosting 81.1+9.8 89.3+13.2 72.7+16.9 78.6+12.3 91.7+1.7
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5.4. Summary of Key Findings

The comprehensive evaluation yielded several critical
insights:

1. Algorithm Effectiveness: Logistic regression
consistently outperformed complex models, highlighting the
efficacy of interpretable linear approaches for tournament
prediction.

2. Feature Engineering Robustness: Fundamental
performance metrics consistently provided strong predictive
signals, indicating minimal benefit from extensive feature
transformations.

3. Validation Importance: Nested cross-validation with
hyperparameter tuning notably increased accuracy and
reliability of predictions.

4. Consistent Model Performance: Multiple algorithms
consistently achieved high accuracy, indicating clear and
stable predictive patterns. These insights enhance our
understanding of predictive modeling's potential and
highlight the importance of methodical validation in sports
analytics.

6. Discussion

Our findings offer several insights into the dynamics of
women's international football and the broader implications
of predictive modeling. The high predictive performance of
our models reveals fundamental determinants of outcome,
particularly emphasizing the importance of passing and
defensive metrics. Metrics such as passes attempted and
completion percentage align with core football principles
highlighting possession and technical proficiency. In the
context of women's football—where physical disparities are
generally narrower than in the men's game—technical skill
and tactical discipline play a more decisive role.

Interestingly, several seemingly contradictory metrics
emerged with predictive significance. For instance, while
"interceptions” were generally less predictive than
possession recovery statistics, the latter—particularly
recoveries in midfield areas—were consistently associated
with match success. This pattern may reflect the tactical
importance of controlled pressing and transitional play
rather than isolated defensive actions. Likewise, "top speed"
and "distance covered" both proved predictive, but their
contribution varied depending on context. High top speed
often correlated with successful counter-attacking strategies,
while distance covered was more relevant for teams
employing high pressing and possession-based styles. These
findings suggest that interpreting performance metrics
require consideration of broader tactical schemes and match
contexts, as supported by tactical analysis literature (Carling
et al., 2014; Rein et al., 2016).

Defensive indicators like tackles made and tackle
success rate also emerged as strong predictors. These
findings support the long-standing tactical view that
"defense wins championships," especially in knockout
tournaments where a single mistake can lead to elimination.
This suggests that women's international football places a
premium on defensive structure and organization. The
significance of physical performance metrics, including
total distance covered and top speed, reflects the sport's
evolution toward higher athletic intensity. As women's
football becomes increasingly professionalized, physical
performance now plays a critical role in shaping match
outcomes. These attributes are aligned with modern tactical
trends such as high pressing and off-the-ball movement.

Additionally, the comparable effectiveness of different
feature engineering approaches suggests that relative team
strength, rooted in basic technical execution, may be more
predictive than tactical variation. This insight is consistent
with the strategic conservatism typically observed in
tournament football, where teams often prioritize
consistency and error minimization over innovation. Our
findings further highlight the unique characteristics of
women's international football, notably the presence of more
pronounced performance disparities than in the men’s game.
These disparities likely reflect unequal access to
infrastructure, resources, and development programs across
countries (Nantharath et al., 2023)

While our analysis aggregates performance at team level,
the influence of positional roles remains apparent. Stronger
tournament teams tend to exhibit robust defensive lines and
composed midfield positions commonly associated with
experienced players and disciplined execution. Although
offensive metrics contribute meaningfully, defensive and
possession-based indicators consistently hold more
predictive power. Cross completion rates, in particular,
emerged as a relevant attacking metric, reaffirming the role
of traditional approaches such as set pieces and wide play.

Theoretically, this study raises important considerations
about competitive balance and tactical evolution in women’s
football. The predictive success of basic performance
metrics points to developmental priorities for emerging
national teams, suggesting that fundamental technical skills
and defensive training should be prioritized over complex
tactical schemes. From a coaching standpoint, our findings
emphasize preparation focused on technical execution,
defensive positioning, and disciplined transitions. For
instance, coaches might structure drills around improving
pass completion under pressure, accelerating recovery runs,
or reinforcing midfield compactness.

Similarly, in terms of player development and scouting,
national programs might achieve greater success by
investing in technically proficient athletes capable of
executing core tasks reliably. Grassroots initiatives could
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emphasize passing and defensive technique training from
early stages, aligning with the indicators identified in our
models. Additionally, this framework provides a reference
for match analysts seeking to benchmark team performance
and identify areas of tactical strength or vulnerability.

Beyond competitive and tactical applications, our
findings also offer utility in broadcasting and fan
engagement. Key performance metrics identified in this
study could be incorporated into real-time analytics to
enrich commentary and deepen viewer understanding. This
application is particularly timely given the growing
popularity of women’s football and the expanding market
for data-driven insights.

In sum, our discussion underscores both the
methodological and practical relevance of predictive
modeling in women's football. By linking analytical
performance to core football principles and tactical
structures, this research bridges the gap between data
science and domain expertise, contributing to both academic
inquiry and applied practice.

7. Conclusion

Our research contributes to predictive modeling
capabilities in women's international football by
demonstrating the effectiveness of comprehensive feature
engineering, systematic methodological frameworks, and
rigorous validation techniques. Logistic regression, utilizing
detailed performance metrics, consistently yielded high
accuracy, improving upon existing benchmarks from
previous studies. Our findings indicate that fundamental
performance metrics provide robust predictive insights,
underscoring the practicality and interpretability of simpler
modeling approaches (Kim & Kang, 2022).

Despite methodological rigor and high predictive
performance, inherent limitations related to sample size,
generalizability, and unmodeled qualitative factors must be
acknowledged. Future research should extend this approach
across multiple tournaments, incorporate dynamic temporal
modeling, and integrate qualitative analyses for broader
validation and practical applicability. From a practical
standpoint, our findings offer concrete guidance for
coaching staff and performance analysts. For instance,
training programs could be tailored to enhance passing
accuracy and defensive recovery speed, while match
analysis routines may prioritize high-frequency tracking of
tackles and possession regain patterns. By offering a
structured framework linking key performance indicators to
training and tactical planning, this study provides a
foundation for both scholarly and practical advancement in
women's football analytics.
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