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Design of an Al-Based Algorithmic Coach for Analyzing and Generating Optimal Tactical

Strategies in Football
By
Assist. Lect. Ayman Raad Fares
Abstract

This study aimed to design an Al-based algorithmic coach utilizing artificial intelligence

techniques, specifically Graph Neural Networks (GNNs), to analyze and generate optimal
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tactical strategies in football, with a particular focus on corner—kick situations. The researcher
adopted a descriptive analytical approach using a systems development methodology. The
proposed model was developed based on a dataset comprising 600 corner kicks collected

from the Iraqi Premier League.

The system architecture consisted of four main components: a data layer, a preprocessing
layer for transforming tactical situations into graph representations, a modeling layer employing
a three—layer Graph Convolutional Network (GCN), and a recommendation layer responsible

for generating tactical suggestions and retrieving similar game situations.

The performance of the proposed system was evaluated by 15 experts in football coaching
and sports analysis. The results demonstrated that the algorithmic coach achieved a prediction
accuracy of 82.5% in forecasting goal-scoring outcomes and an accuracy of 85.7% in
retrieving tactically similar corner—kick situations. Furthermore, the results of the #test revealed
statistically significant differences (a < 0.01) in favor of the recommendations generated by the

proposed system compared with conventional human coaching recommendations.

The study concluded that the Al-based algorithmic coach can serve as an effective decision—
support tool for football coaches in tactical planning, particularly for teams with limited technical
and financial resources. The researcher recommends further developing the system to include

the analysis and optimization of other types of set—piece situations in football.

Keywords: Algorithmic Coach; Artificial Intelligence; Graph Neural Networks; Tactical

Strategies; Corner Kicks; Football.
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