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 Football team management involves complex decision-making processes that require 

evaluating high-dimensional player attributes while accounting for positional roles and 

tactical structures. Modern football simulation environments, such as Football Manager, 

provide rich datasets suitable for exploring decision-support approaches to lineup selection 

and formation planning. This paper proposes a hierarchical role-based scoring framework 

for automated best XI selection and formation-based role assignment. The method 

organizes player attributes into role-specific groups and applies weighted aggregation to 

reflect positional relevance, producing interpretable role scores for eight football positions. 

The framework is evaluated using a full-season simulation on a real club dataset, comparing 

three lineup strategies: default AI tactics, mean-based attribute scoring, and the proposed 

hierarchical weighting approach. Results demonstrate that the weighted scoring framework 

achieves substantially improved league performance under the evaluated conditions, as 

reflected by higher points accumulation and improved goal difference compared to baseline 

methods. The findings highlight the importance of structured role modeling in football 

analytics and support the use of simulation-based environments as valid testbeds for 

decision-support systems. The proposed approach is intended to assist, rather than replace 

human managers, offering analytical recommendations that enhance tactical decision-

making in football simulations and serious games.  
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1. INTRODUCTION 

 

Over the past decade, digital simulation environments and serious games have increasingly been utilized not only for 

entertainment purposes but also as analytical tools for studying complex decision-making processes [1], [2], [3], [4], [5]. In 

particular, sports management simulations provide a controlled yet high-fidelity environment for modeling strategic choices, player 

performance, and tactical outcomes, enabling researchers to investigate decision-support mechanisms in domains characterized by 

uncertainty and multi-criteria trade-offs. 

Football team selection and tactical formation design constitute complex multi-criteria decision-making problems, requiring 

managers to balance performance dimensions, positional constraints, and contextual considerations [5], [6]. Player effectiveness in 

football is inherently role-dependent [7]: the attributes defining a central defender differ fundamentally from those required of an 

attacking midfielder or striker [8], [9]. However, many computational player evaluation approaches rely on uniform or implicitly 

weighted attribute representations, failing to capture the semantic importance of attributes across tactical roles [10]. As a result, 

player rankings and role assignments often lack tactical interpretability, limiting their practical value for human decision-makers. 

Football Manager (FM) is widely recognized as one of the most detailed football simulation environments, modeling technical, 

physical, mental, and hidden player attributes on a standardized scale [11]. Its high-fidelity representation of player roles and tactical 

systems has led to its increasing use as a research-oriented platform for decision support, talent evaluation, and tactical 

experimentation, including adoption within the FIFAe ecosystem as an official competitive title [12]. Nevertheless, despite the 

richness of available data, selecting an optimal starting eleven and assigning players to role-appropriate positions within a formation 

remains a non-trivial task. Default in-game recommendations often rely on generic star ratings or predefined role heuristics, while 

human managers frequently depend on intuition or trial-and-error simulation, resulting in inconsistent and time-consuming decision 

processes across tactical setups. 

To address this gap, this paper proposes a role-aware attribute weighting framework for automated best XI selection and 

formation assignment. Instead of treating all attributes equally, the proposed approach hierarchically models attribute importance 

by role, grouping attributes into conceptually meaningful categories (e.g., key, preferred, supporting, and hidden attributes) and 

assigning interpretable weights at both the attribute and group levels. The framework is designed as a decision-support system, 

assisting human managers by providing transparent recommendations rather than replacing managerial judgment. 

The main contributions of this study are summarized as follows: 
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1. A hierarchical, role-aware scoring mechanism that evaluates player suitability across multiple football roles using 

structured attribute groupings. 

2. An interpretable decision support framework for best XI selection and formation assignment without relying on black-box 

learning models. 

3. A comparative evaluation against a baseline mean-based scoring approach to assess selection consistency and role 

allocation differences. 

4. A season-level simulation study examining the practical impact of fully adopting the proposed recommendations within a 

football simulation environment 

 

 

2. BACKGROUND 
 

2.1 Football Manager as a Serious Game and Research Environment 
 

Serious games are increasingly recognized as valuable research platforms that function as controlled simulation environments 

rather than mere entertainment systems [13], [14], [15], [16], [17]. By embedding domain knowledge, rule-based mechanics, and 

structured feedback loops, serious games enable systematic experimentation on complex decision-making processes while 

maintaining a balance between realism and experimental control. In contrast to data-driven performance analytics based solely on 

real match telemetry, simulation-based serious games allow researchers to isolate decision variables, explore alternative strategies, 

and evaluate decision-support mechanisms under repeatable and internally consistent conditions [18]. 

Football Manager (FM) represents one of the most comprehensive football simulation environments available, modeling 

thousands of professional players through detailed technical, physical, mental, and hidden attributes defined on a standardized 

numerical scale [19]. These attributes are curated through extensive scouting processes and are tightly integrated with tactical roles, 

formations, and match-engine logic. As a result, FM provides a high-fidelity abstraction of football management decision-making, 

making it particularly suitable for studying squad selection, role assignment, and formation design within a serious-game context. 

Its adoption within the FIFAe ecosystem as an official competitive title further reinforces its acceptance as a realistic football 

simulation platform, although it is not intended to replace real-world match data or empirical performance analysis [12], [20]. 

 

 
Figure 1. Football Manager in FIFAe World Cup 2024. (Source: inside.fifa.com) 

 

Despite its richness and widespread practical use, Football Manager remains underexplored as a formal research environment 

for decision support systems. Existing academic work in sports analytics has largely focused on predictive modeling, optimization, 

or machine-learning-driven performance estimation using real match data, often prioritizing outcome accuracy over interpretability. 

In contrast, Football Manager offers an internally coherent simulation space where the objective is not to predict real-world 

outcomes, but to support human managerial reasoning under tactical and structural constraints. 

This gap highlights the opportunity to position Football Manager as a serious-game laboratory for developing and evaluating 

interpretable decision support frameworks. Rather than treating the simulation as a black-box optimizer, a DSS-oriented approach 

can leverage FM’s structured attribute system and role semantics to generate transparent, controllable recommendations that align 

with how football managers reason about player suitability, tactical balance, and squad depth. Such an approach complements 

existing sports analytics research by shifting the focus from predictive performance to explainable decision support within a high-

fidelity simulation environment. 

 

2.2 Player Evaluation and Role-Based Analysis in Football 
 

Player evaluation in football has traditionally relied on aggregated performance indicators, expert scouting judgments, or 

simplified indices that condense multiple attributes into a single overall rating. While such representations offer computational 

convenience and intuitive summaries, they often obscure the role-dependent nature of football performance. A player’s 

effectiveness cannot be meaningfully assessed in isolation from tactical role and team context, as the competencies required of a 

central defender, fullback, or attacking midfielder differ substantially despite potential overlap in raw attributes. 

In both real-world football analytics and simulation environments, many computational approaches remain position-agnostic, 

treating player attributes as universally comparable across roles [21], [22]. This paradigm implicitly assumes that attributes 

contribute equally or consistently regardless of tactical function, leading to evaluations that lack semantic alignment with football 
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decision-making. As a consequence, players may be ranked highly in global assessments while being poorly suited for specific 

roles within a formation, resulting in recommendations that are difficult to interpret or apply tactically. 

Role-based analysis has emerged as a response to this limitation, recognizing that football performance is inherently contextual 

and function-specific. Modern tactical systems emphasize specialization, where positional labels alone are insufficient to describe 

on-pitch responsibilities. For example, two midfielders may occupy similar nominal positions but fulfill fundamentally different 

roles depending on tactical instructions, team structure, and game phase. Effective player evaluation therefore requires not only 

identifying relevant attributes, but also modeling their relative importance within each tactical role. 

Despite extensive football analytics literature [23], [24], [25], explicit role-semantic attribute weighting remains under-explored 

in simulation-based decision support system (DSS) contexts, particularly in environments where interpretability and tactical 

reasoning are primary objectives. Existing approaches frequently prioritize predictive accuracy or optimization objectives, often at 

the expense of interpretability and tactical clarity. In contrast, decision support frameworks for football management must align 

with how human managers reason about player suitability, emphasizing transparent role semantics over outcome-driven abstraction. 

This study adopts a role-aware evaluation perspective that explicitly models attribute importance according to tactical function 

rather than positional labels or global ratings. By structuring player evaluation around role-specific semantic groupings, the 

proposed framework seeks to bridge the gap between quantitative attribute data and qualitative football reasoning, providing 

interpretable recommendations that support formation design and squad selection decisions within a simulation environment. These 

considerations naturally motivate a decision support system perspective, where the goal is not to predict match outcomes, but to 

assist managers in making transparent, role-consistent tactical decisions. 

 

2.3 Decision Support Systems in Sports and Simulation Environments 
 

Decision Support Systems (DSS) have been widely applied in sports analytics to assist coaches and analysts in selection, training, 

and tactical planning [26], [27], [28]. In contrast to predictive or outcome-optimized systems, DSS frameworks aim to enhance 

human decision-making by presenting structured, interpretable information [29]. This paradigm is particularly relevant in football, 

where tactical decisions often involve subjective judgment, contextual awareness, and strategic trade-offs that cannot be fully 

automated. 

Within football simulation platforms such as Football Manager, DSS-oriented approaches are especially appropriate. The 

simulation environment already encapsulates complex match dynamics, making it impractical to derive closed-form optimal 

solutions. Instead, a DSS can provide rational, explainable recommendations that managers may adopt, adjust, or override based 

on their tactical philosophy. 

Unlike optimization-driven team selection models that search for globally optimal lineups, our framework emphasizes 

explainable, controllable recommendations aligned with tactical reasoning. 

 

2.4 Decision Support Systems in Sports and Simulation Environments 
 

A common limitation in player evaluation systems is the use of flat or uniform aggregation methods, such as simple averaging 

across attributes [30]. While computationally straightforward, mean-based scoring implicitly assumes equal importance among 

attributes, which rarely reflects real football decision-making. More refined approaches introduce weighted aggregation, allowing 

domain knowledge to inform attribute prioritization. 

However, naive attribute-level weighting can introduce unintended bias, particularly when attributes overlap across multiple 

roles. For instance, mental attributes such as aggression or concentration may dominate scores across roles if not structured properly, 

leading to unrealistic role assignments. This highlights the need for hierarchical weighting structures, where attributes are grouped 

by functional relevance and weighted at both the attribute and group levels. 

 

 

3. METHOD AND MATERIAL 
 

3.1 Data Source and Simulation Environment 
 

This study utilizes Football Manager 2024 as the primary simulation environment and data source. FM2024 is widely recognized 

as one of the most detailed football management simulation platforms, incorporating an extensive database of player attributes, 

tactical roles, and match dynamics curated by professional scouts and analysts worldwide. Each player is described using a 

standardized 1–20 attribute scale, covering technical, mental, physical, and hidden characteristics, enabling consistent quantitative 

analysis without additional normalization. 

In this research, squad data are extracted from FM2024 club databases, focusing exclusively on pre-season player attributes. 

Match engine manipulation, in-game tactical micro-adjustments, training effects, and real-time managerial interventions are 

deliberately excluded. This design choice ensures that the proposed framework functions strictly as a decision support system (DSS), 

isolating player quality and role suitability from confounding in-game stochastic factors. 

All experiments were conducted using Football Manager 2024 as a closed-world simulation environment. Squad data were 

exported from a single pre-season snapshot such that each player is represented only by static attributes available at the start of the 

season. To support reproducibility, we record the FM2024 version and database state used at export time, the club dataset name, 

and the export schema (attribute columns). 
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3.2 Problem Definition and Role-Based Abstraction 
 

Squad selection in football is inherently a multi-criteria decision problem, where players cannot be evaluated using a single 

universal metric. A defender, midfielder, and forward contribute through fundamentally different skill sets, making global ranking 

approaches insufficient and potentially misleading. 

Given a squad 𝑆 = {𝑝1, 𝑝2, . . . , 𝑝𝑛} where each player 𝑝𝑖  is described by a vector of attributes 𝐴𝑖 ∈ ℝ𝑚, the objective of this study 

is to rank and assign players to tactical roles 𝑅 = {𝑟1, . . . , 𝑟𝑘} under formation constraints 𝐹, such that role suitability is maximized 

while preventing player duplication. 

To address this issue, the proposed framework adopts a role-based abstraction, decomposing squad evaluation into eight tactical 

roles commonly encountered in modern football systems [31]: Goalkeeper, Central Back, Fullback/Wingback, Defensive 

Midfielder, Central Midfielder, Winger, Attacking Midfielder and Striker. 

This abstraction enables players to be assessed not by their natural listed position alone, but by their functional suitability for 

tactical roles within a formation. Consequently, a player may score highly in a role that differs from their registered position, 

reflecting real-world tactical flexibility. 

 

3.3 Decision Support Problem Formulation 
 

The proposed framework is formulated as a multi-criteria decision support problem, rather than a supervised classification or 

clustering task. No ground-truth labels exist for optimal player–role assignments in Football Manager environments, and tactical 

effectiveness is inherently context-dependent and subjective. 

Given a squad of players described by multi-dimensional attributes and a set of tactical roles constrained by a formation, the 

objective is to rank and assign players to roles in a manner that maximizes role suitability while preserving interpretability and 

tactical coherence. 

Unlike classification approaches, the framework does not attempt to predict a predefined class label. Unlike clustering 

approaches, it does not seek latent group discovery. Instead, it provides transparent, explainable recommendations that support 

human decision-making. 

Consequently, the framework aligns with decision support system (DSS) paradigms commonly applied in complex managerial 

simulations, where explainability, controllability, and tactical reasoning are prioritized over predictive accuracy. 

Figure 2 is the proposed framework of this research. 

 

 
Figure 2. Proposed Framework 

 

3.4 Hierarchical Attribute Weighting Framework 
 

Figure 3 illustrates the overall framework of the proposed multi-level role-based scoring mechanism. The framework transforms 

raw player attributes into final role suitability scores through a two-stage weighting process consisting of attribute-level aggregation 

followed by group-level integration. 
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Figure 3. Hierarchical Role-Based Attribute Weighting Framework 

 

3.4.1 Attribute Grouping Strategy 

Rather than assigning equal importance to all attributes, the proposed framework introduces a hierarchical weighting mechanism. 

For each tactical role 𝑟 ∈ {𝐺𝐾, 𝐶𝐵, 𝐹𝐵, 𝐷𝑀, 𝐶𝑀, 𝐴𝑀𝑅𝐿 , 𝐴𝑀𝐶 , 𝑆𝑇} , player attributes are first partitioned into semantically 

meaningful groups: 

1. Key Attributes 

Attributes that directly define the core responsibilities of a role (e.g., Tackling and Marking for defenders, Finishing 

for strikers). 

2. Preferred Attributes 

Attributes that enhance role effectiveness but are not strictly defining (e.g., Pace for defenders, Long Shots for 

strikers. 

3. Other Supporting Attributes 

Complementary attributes related to spatial awareness, work rate, or tactical discipline.  

4. Hidden Attributes 

Non-visible attributes such as Professionalism, Consistency, Pressure Handling, and Important Match performance, 

which influence behavioral stability and long-term reliability. Hidden attributes are included to reflect behavioral 

stability factors already embedded within the Football Manager simulation model, and are treated as supporting 

signals rather than dominant determinants to preserve tactical realism. 

The summary of the attribute grouping as follow in Table 1: 

 

Table 1. Role-Based Attribute Grouping Scheme 

Role Key Attributes Preferred Attributes Other Supporting Attributes Hidden Attributes 

GK Command of Area, 

GK Kicking, 1v1, 

Reflexes, Rushing 

Out, Anticipation, 

Composure, 

Concentration, 

Positioning, Agility 

Aerial Reach, 

Communication, First 

Touch, Handling, Passing, 

GK Throwing, Decisions, 

Vision, Acceleration 

Work Rate, Bravery, Jumping Reach Professionality, 

Consistency, Pressure 

Handling, Important 

Match 

CB Heading, Marking, 

Tackling, 

Positioning, 

Jumping Reach, 

Strength 

Aggression, Anticipation, 

Bravery, Composure, 

Concentration, Decisions, 

Pace 

Passing, Work Rate, Stamina Professionality, 

Consistency, Pressure 

Handling, Important 

Match 

FB Crossing, Marking, 

Tackling, 

Anticipation, 

Positioning, 

Teamwork 

Dribbling, First Touch, 

Passing, Technique, 

Concentration, Decisions, 

Off the Ball, Work Rate, 

Agility, Pace, Stamina 

Acceleration, Vision, Aggression Professionality, 

Consistency, Pressure 

Handling, Important 

Match 
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DM Tackling, 

Aggression, 

Anticipation, 

Teamwork, Work 

Rate, Stamina 

Marking, Passing, Bravery, 

Concentration, Agility, 

Pace, Strength 

Acceleration, Vision, Positioning Professionality, 

Consistency, Pressure 

Handling, Important 

Match 

CM First Touch, 

Passing, Technique, 

Composure, 

Decisions, 

Teamwork, Vision, 

Off the Ball 

Dribbling, Anticipation, 

Flair, Acceleration, Agility 

Work Rate, Positioning, 

Concentration 

Professionality, 

Consistency, Pressure 

Handling, Important 

Match 

AM (RL) Dribbling, 

Finishing, First 

Touch, Technique, 

Off the Ball, 

Acceleration, 

Agility 

Long Shots, Passing, 

Crossing, Anticipation, 

Flair, Vision, Work Rate, 

Balance, Pace, Stamina, 

Composure 

Decisions, Concentration, Bravery Professionality, 

Consistency, Pressure 

Handling, Important 

Match 

AM (C) Dribbling, Long 

Shots, First Touch, 

Passing, Technique, 

Anticipation, Flair, 

Off the Ball, 

Decisions 

Finishing, Composure, 

Vision, Agility 

Pace, Concentration, Bravery Professionality, 

Consistency, Pressure 

Handling, Important 

Match 

ST Dribbling, 

Finishing, First 

Touch, Heading, 

Technique, 

Anticipation, 

Composure, Off the 

Ball, Agility, 

Strength, 

Acceleration 

Long Shots, Passing, 

Decisions, Vision, Work 

Rate, Balance, Jumping 

Reach, Pace, Stamina, 

Teamwork 

Positioning, Concentration, 

Aggression 

Professionality, 

Consistency, Pressure 

Handling, Important 

Match 

Note: Attribute selection is informed by Football Manager 2024 role descriptions and prior football analytics literature. 

 

Table 1 summarizes the role-specific attribute grouping scheme adopted in this study. For each of the eight tactical roles, 

attributes are organized into four semantic categories: key attributes, preferred attributes, other supporting attributes, and hidden 

attributes. This categorization reflects both the functional responsibilities of each role on the pitch and the internal player modeling 

used in Football Manager, where different attribute subsets contribute unevenly to in-game performance. By explicitly structuring 

attributes in this manner, the proposed framework preserves domain semantics while enabling hierarchical weighting without 

relying on black-box learning models. The grouping serves as an intermediate representation that bridges raw player attributes and 

role-based performance evaluation, forming the foundation for the subsequent hierarchical scoring process. 

 

3.4.2 Attribute Level Weight (Within-Group) 

While attribute grouping defines which performance dimensions are relevant to a given tactical role, it does not sufficiently 

capture the fact that attributes within the same group do not contribute equally to role effectiveness. In practical football analysis, 

certain attributes act as primary performance drivers, whereas others provide complementary or contextual support. Treating all 

attributes as equally important may therefore dilute the representational fidelity of the role model. 

To address this issue, this research introduces an attribute-level weighting mechanism within each predefined attribute group. 

The objective of this mechanism is to reflect the relative functional importance of individual attributes for a given role, while 

preserving interpretability and domain consistency. 

Let player 𝑖 have attributes {𝐴(𝑖, 𝑎)} on the Football Manager 1–20 scale. For each tactical role 𝑟, attributes are partitioned into 

semantic groups 𝑔 ∈ {key, preferred, other, hidden} (Table 1). Within each group, attributes do not contribute equally; therefore, a 

weighted mean is used to compute a group score: 

AttrScore𝑟,𝑔(𝑖) =
∑ 𝑤𝑟,𝑔,𝑎𝑎∈𝐴𝑟,𝑔

 𝐴𝑖,𝑎

∑ 𝑤𝑟,𝑔,𝑎𝑎∈𝐴𝑟,𝑔

 

where, 

𝐴(𝑟,𝑔)  : set of attributes in group g for role r 

𝑤(𝑟,𝑔,𝑎)   : attribute weight of attribute a for role r, group g 

𝐴(𝑖,𝑎)  : attribute value of player i for attribute a 
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This step ensures that attributes within the same group do not contribute equally by default. Instead, weights allow more critical 

attributes (e.g., Tackling for center-backs) to exert proportionally stronger influence. 

Weight assignments were informed by tactical role descriptions commonly used in professional football analysis and Football 

Manager (FM) role specifications. These descriptions encode decades of scouting heuristics and coaching knowledge, making them 

a suitable proxy for expert judgment in the absence of explicit ground-truth labels. 

Attributes that directly determine the core functional responsibility of a role were assigned higher weights. For example, Tackling 

and Marking receive higher importance for center backs, whereas Vision and Passing dominate central midfield roles. Supporting 

attributes were weighted lower to prevent them from overshadowing core competencies. 

Formally, for a given role r, attribute group g, and attribute a, the group score is computed as a weighted average of its constituent 

attributes. These group scores are then combined using group-level weights (described in Section 3.4.3) to produce the final role 

suitability score. 

It is important to note that although the attribute scale in Football Manager is already normalized to a uniform range (1–20), 

weighting remains necessary to encode semantic importance, not numerical scaling. Thus, the weighting process complements, 

rather than replaces, the original attribute representation. 

 

3.4.3 Group Level Integration (Hierarchical Role Score) 

The final role suitability score for player 𝑖 in role 𝑟 is computed by integrating group scores using group weights 𝜆𝑟,𝑔 : 

RoleScore𝑟(𝑖) = ∑ 𝜆𝑟,𝑔

𝑔∈𝐺𝑟

  AttrScore𝑟,𝑔(𝑖)  with ∑ 𝜆𝑟,𝑔

𝑔∈𝐺𝑟

= 1 

where, 

g  : group definition (key, preferred, other, hidden) 

Group weights prioritize key attributes as role-defining competencies, followed by preferred attributes, hidden attributes, and 

supporting attributes (Table 2). This hierarchy reduces cross-role dominance artifacts (e.g., strong general mental attributes 

overwhelming goalkeeper-specific requirements) and preserves role-consistent reasoning. The chosen group weights encode a 

stable importance ordering rather than an optimized parameter set; alternative configurations can be substituted to reflect different 

tactical philosophies without changing the algorithmic structure. 

 

Table 2. Hierarchical Group Weights per Role 

Role Key Attributes Preferred Attributes Other Supporting Attributes Hidden Attributes 

GK 0.60 0.25 0.05 0.1 

CB 0.60 0.25 0.05 0.1 

FB 0.60 0.25 0.05 0.1 

DM 0.60 0.25 0.05 0.1 

CM 0.60 0.25 0.05 0.1 

AM (RL) 0.60 0.25 0.05 0.1 

AM (C) 0.60 0.25 0.05 0.1 

ST 0.60 0.25 0.05 0.1 

Note: The weighting is informed by Football Manager 2024 role descriptions and prior football analytics literature. 

 

The numerical values assigned to attribute-level and group-level weights are not intended to represent optimal or universally 

fixed parameters. Instead, they encode relative importance ordering derived from tactical role semantics, Football Manager role 

descriptions, and established football analysis heuristics. 

Importantly, the effectiveness of the framework does not rely on precise numerical tuning of the weight values, but on the relative 

dominance ordering among attribute groups. Preliminary sensitivity checks during development indicated that moderate variations 

in weight magnitudes preserve role ranking consistency, provided that key attributes remain dominant. The framework is therefore 

robust to reasonable weight adjustments and is intentionally designed to support configurable tactical preferences rather than fixed 

optimization. 

Key attribute groups are intentionally assigned dominant weights to ensure that role-defining competencies govern final role 

suitability scores, while preferred and supporting attributes provide contextual refinement. Hidden attributes are weighted 

conservatively to prevent behavioral dominance artifacts, particularly across fundamentally different roles (e.g., outfield players 

being misclassified as goalkeepers due to strong mental attributes). 

This configuration emphasizes interpretability and domain alignment over numerical optimization. The framework is therefore 

extensible: alternative weight configurations can be substituted to reflect different tactical philosophies or managerial preferences 

without altering the core algorithmic structure. 
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3.4.4 Natural-position Compatibility Bonus (Soft Constraint) 

Football Manager lists positional familiarity, but the proposed framework evaluates functional suitability based on role scores. 

To preserve tactical coherence, we apply a soft compatibility bonus when a player’s registered position matches the target role: 

𝑅̃𝑖,𝑟 = {
(1 + 𝛽) 𝑅𝑖,𝑟 , if player 𝑖 is natural for role 𝑟

𝑅𝑖,𝑟 , otherwise
 

where 𝛽 = 0.10 in this study. 𝛽 was deliberately kept small to prevent positional familiarity from overpowering role suitability. 

 

3.4.5 Baseline: Unweighted Mean Aggregation 

A baseline model is constructed by averaging the same role-relevant attributes used in Table 1 with equal weights (no within-

group weighting and no group-level hierarchy). This baseline ensures that any observed differences arise from the hierarchical 

weighting structure rather than attribute selection or formation constraints. For each role 𝑟, a baseline score is computed as: 

𝑅𝑖,𝑟
mean =

1

∣ 𝒜(𝑟) ∣
∑ 𝐴(𝑖, 𝑎)

𝑎∈𝒜(𝑟)

 

This baseline reflects common heuristic practice in community analyses (simple averaging) and isolates the benefit of 

hierarchical weighting by keeping the attribute sets consistent between methods. 

 

3.5 Formation-Demand Role Assignment 
 

After computing role-specific scores using the proposed hierarchical attribute weighting model, a squad selection mechanism is 

required to translate these scores into a practical team configuration. Football team construction is inherently constrained by tactical 

formations and positional requirements, making simple global ranking insufficient. 

To address this, we propose a hierarchical role-based squad selection algorithm that assigns players to formation-specific roles 

based on their computed role scores, while respecting positional constraints and avoiding duplicate assignments. The algorithm is 

designed to generate a complete starting lineup as well as additional reserve layers, enabling robustness against injuries, fatigue, or 

tactical rotation. 

The scoring model produces a matrix of role suitability scores 𝑅𝑖,𝑟. The remaining task is a constrained assignment problem: 

selecting 11 players under formation quotas while preventing duplicate selection and maintaining interpretability. 

The complete selection procedure is summarized in Algorithm 1. 

Algorithm 1 
Input: 

1. Player squad 𝑆 = {𝑝1, 𝑝2, . . . , 𝑝𝑛} 

2. Attribute set 𝐴 extracted from Football Manager 2024 

3. Role set 𝑅 = {GK, CB, FB, DM, CM, AM(RL), AM(C), ST} 

4. Formation constraints 𝐹 

5. Role-specific attribute groups and weights 

Output: 

1. Ranked role suitability scores 

2. Layered squad recommendations (XI₁, XI₂, XI₃) 

Steps: 

1. Extract technical, mental, physical, and hidden attributes for all players from the Football Manager 2024 

database. 

2. For each tactical role 𝑟 ∈ 𝑅, partition player attributes into four semantic groups: 

key, preferred, supporting, and hidden attributes. 

3. Compute a role suitability score for each player by: 

a. Aggregating weighted attributes within each group. 

b. Combining group scores using predefined group-level weights to obtain a final role score. 

4. Independently rank players for each role based on their computed role scores. 

5. Select players for each role according to the chosen formation while preventing player duplication. 

6. Generate multiple squad layers (Starting XI, Second XI, Third XI) to provide substitution and rotation 

alternatives. 

7. Present ranked player lists and formation-aligned squad compositions as recommendations for human managers. 

 

 

This procedure is deterministic and transparent, serving as an operational workflow for translating role suitability scores into 

formation-constrained squad recommendations rather than as a search or optimization algorithm. 

Algorithm 1 assigns players role-by-role according to formation quotas using adjusted scores 𝑅̃𝑖,𝑟. After each selection, the 

chosen player is removed from all remaining candidate pools to guarantee uniqueness. The same procedure is repeated on the 

remaining squad to generate layered recommendations (𝑋𝐼1, 𝑋𝐼2, 𝑋𝐼3), representing starting lineup and substitute depth. 
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After selecting candidate players, formation-specific constraints are applied. Each formation is defined using role quotas (e.g., 3 

CBs in a 3-5-2 system). Within each layer, players are reassigned to formation positions using adjusted role scores, including a 

natural role bonus for players whose registered positions align with the assigned role. 

This step decouples player quality assessment from tactical deployment, ensuring that formation choice influences role 

distribution without altering underlying player evaluation. 
 

3.6 Starting XI Selection and Squad Layering 
 

 
Figure 4. Multi-layer Squad Workflow 

 

Based on role scores and formation demands, players are ranked independently for each role. A generic role-based Starting XI 

is constructed by sequentially selecting top-ranked players while preventing duplication. To account for squad depth and injury 

contingencies, the framework generates three squad layers: 

1. Layer 1: Primary Starting XI 

2. Layer 2: Secondary XI (first substitutes) 

3. Layer 3: Tertiary XI (rotation and depth) 

This layered design reflects realistic squad management practices and extends beyond single-lineup optimization 

 

 

4. ANALYSIS AND RESULTS  

 

4.1 Dataset Description and Experimental Setup 

 

The experimental evaluation was conducted using an in-game squad dataset extracted from Football Manager 2024, focusing on 

Khon Kaen United, a professional football club competing in the Thai League. The club was selected due to its challenging 

competitive context, as it was widely predicted to face relegation by the end of the season. This prediction was subsequently 

confirmed in the real-world outcome, where Khon Kaen United was officially relegated at the conclusion of the season. Such 

alignment between in-game simulation and real-world results provides a compelling and realistic evaluation setting, reinforcing the 

relevance of the proposed analytical approach for assessing squad composition and player role suitability under adverse competitive 

conditions. The squad consists of 48 registered players with 78 total attributes, spanning all primary football roles including 

goalkeepers, defenders, midfielders, and attackers. 

It is important to emphasize that this experimental setup is designed as a demonstrative case study rather than a comprehensive 

performance benchmark across multiple clubs or leagues. The selection of a single lower-tier professional team serves to illustrate 

how the proposed decision support framework behaves under realistic constraints such as limited squad depth, role overlap, and 

uneven attribute distributions. The objective of this evaluation is therefore not to claim universal performance dominance, but to 

demonstrate the framework’s decision-support behavior and its practical impact when applied consistently within a realistic football 

management scenario. 

 

Table 3. Overview of the Khon Kaen United Squad 

Item Description 

Club Khon Kaen United 

League Thai League 1 

Media Prediction Rank 16/16 

Game Version Football Manger 2024 

Total Player 48 Players 

Player Roles GK, CB, FB, DM, CM, AM (RL), AM (C), ST 

Total Attributes 78 

Attribute Scale Discrete Integer Scale (1-20) 
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4.2 Experimental Results 

 

4.2.1 Role-Based Player Scoring Results 

This section presents the role-based player scoring results generated by the proposed hierarchical attribute weighting framework. 

Each player is evaluated across eight distinct football role. For each role, player scores are computed by aggregating weighted 

attribute groups. Each group contributes to the final role score according to predefined group-level weights, ensuring that core 

tactical requirements dominate the evaluation while contextual and psychological factors provide supplementary influence. 

Unlike conventional averaging approaches, the proposed framework integrates hierarchical weighting at both attribute-group 

and role levels, allowing the scoring mechanism to reflect the tactical and functional demands of each playing position. As a result, 

players may achieve high scores in roles that differ from their natural positions, highlighting potential positional versatility and 

tactical reallocation opportunities. 

 

Table 4. Role Scores Matrix for Selected Players 

Name 

Role Scores 

GK CB FB DM CM AMRL AMC ST 

Pongwarin Inthamma 7.1615 5.265 5.105 5.2325 6.1 5.1925 5.52 5.2525 

Chaloempat Ploywanrattana 6.4134 6.045 5.575 5.6675 5.925 5.2875 5.515 5.3925 

Jirawat Wangthaphan 7.2857 4.55 4.92 4.7825 5 4.8575 4.715 4.5625 

Intharat Sap-so 5.6855 8.355 9.055 11 7.315 7.83 6.85 7.3525 

Phumin Boers 6.3181 9.185 8.79 9.24 7.5 8.24 7.47 7.75 

Thinnakorn Asurin 6.41 10.06 10.1225 9.325 8.315 8.1275 7.93 8.1325 

Jakkrit Parapol 6.4284 7.07 8.3725 7.82 9.73 10.4675 9.815 9.4875 

Steeven Langil 6.4242 8.765 8.95 8.8 10.04 11.4325 10.49 10.3625 

Kriangkrai Puangchan 4.4560 5.025 4.48 5.255 5.97 8.36 6.725 6.92 

Brenner 6.5731 10.08 8.9775 10.46 9.79 10.48 10.17 10.81 

Thammayut Theephuwiang 5.5876 6.15 5.7125 5.7825 7.455 8.9 8.27 8.755 

 

Table 4 illustrates that each player exhibits distinct performance profiles across different roles. While players generally achieve 

their highest scores in positions aligned with their nominal roles, several cases reveal competitive scores in alternative roles, 

indicating positional versatility. This observation supports the framework’s ability to uncover latent tactical potential beyond 

predefined player positions. The complete role scores matrix for all players is available as supplementary material. 

Goalkeeper scores are predominantly influenced by reflexes, one-on-one ability, and command of area. While traditional 

goalkeepers dominate the top rankings, several outfield players achieve moderate GK scores due to strong mental and physical 

attributes. However, their scores remain consistently lower than specialist goalkeepers, indicating that the framework preserves 

positional realism. 

The role-based ranking results demonstrate that the proposed scoring framework prioritizes functional suitability rather than 

nominal position labels. Several defenders appear among top defensive midfield candidates, reflecting real-world tactical 

adaptations commonly observed in modern football systems. 

Overall, the role-based scoring results confirm that the proposed hierarchical weighting framework produces differentiated and 

interpretable player rankings aligned with tactical football principles. These scores serve as the foundation for subsequent starting 

XI selection and formation assignment, which are discussed in the following section. 

 

4.2.2 Formation-Based Squad Composition Results 

Based on the computed role scores, players were assigned into tactical formations following predefined role quotas. Tables 5 

shows the resulting lineups for three squad layers.  

 

Table 5. Three Layers Lineup Results for 4-2-3-1-DM Formation 

No Position Primary Starting XI Secondary XI Tertiary XI 

1 GK Jirawat Wangthaphan  Vimol Chomchuen  Pongwarin Inthamma  

2 CB1  Shunya Suganuma  Josh Grommen  Saksit Jitwichan  
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3 CB2  Phumin Boers  Rachata Somporn  Chatchai Chiakklang  

4 FB1  Thinnakorn Asurin  Ernesto  Samphan Kesri  

5 FB2  Wasan Homsan  David Cuerva  Panupong Hansuri  

6 DM1  Intharat Sap-so  Thothawit Srangdee  Worarit Mungkhun  

7 DM2  Lossémy Karaboué  Naruphol Ar-Romsawa  Chitsanuphong Choti  

8 AMC  Parndecha Ngern-prasert  Jakkrit Parapol  Thawin Butsombut  

9 AMRL1  Steeven Langil  Alongkorn Jornnathong  Parakorn Wor-klang  

10 AMRL2  Brenner  Niphitpon Hadchan  Thammayut Theephuwiang  

11 ST Woranat Thongkhruea  Teerasil Wattayuchutikul  Wichakorn Saenwim  

 

Table 6 presents the lineup construction results for the 4-2-3-1-DM formation across three squad layers. The results show the 

assignment of players into tactical roles based on their computed role scores rather than their natural positions. This layered structure 

provides a depth-aware squad configuration suitable for rotation, injury mitigation, and tactical continuity. 

 

4.2.3 Superscripts 

To match authors and their own affiliations, please insert numerical superscripts, i.e., “1, 2, 3, 4 …” followed by a space, after name 

and, correspondingly, before affiliation. If all the authors are affiliated to the same one organization, any number is no need.  

Do not forget to denote the corresponding author with a superscript asterisk (*). You may offer emails of all co-authors. But in 

the final version of your manuscript, only one valid email of the corresponding author will be kept. 

 

4.3 Comparative Evaluation 

 

The comparative evaluation proceeds from selection-level similarity (player overlap), to tactical flexibility (role change ratio), 

and finally to downstream season-level performance. As the proposed framework is formulated as a decision support system rather 

than a predictive or optimization-based model, the goal of evaluation is not to establish statistically generalized superiority across 

all possible teams or seasons. The comparative analysis is therefore intended to assess whether hierarchical role-aware weighting 

produces more tactically consistent and interpretable squad decisions than flat aggregation baselines within the same simulation 

environment. 

 

Table 6. Lineup Comparison between the baseline and the proposed framework 

No Position Primary XI (Baseline) Primary XI (Proposed Framework) 

1 GK Vimol Chomchuen  Jirawat Wangthaphan  

2 CB1  Shunya Suganuma  Shunya Suganuma  

3 CB2  Phumin Boers  Phumin Boers  

4 FB1  Lossémy Karaboué  Thinnakorn Asurin  

5 FB2  Ernesto  Wasan Homsan  

6 DM1  Brenner  Intharat Sap-so  

7 DM2  Steeven Langil  Lossémy Karaboué  

8 AMC  Parndecha Ngern-prasert  Parndecha Ngern-prasert  

9 AMRL1  Thawin Butsombut  Steeven Langil  

10 AMRL2  Naruphol Ar-Romsawa  Brenner  

11 ST Woranat Thongkhruea  Woranat Thongkhruea  

 

4.4 Full-Season Simulation in Football Manager 2024 

 

To evaluate the practical impact of the proposed decision-support framework in a realistic football environment, a full-season 

simulation was conducted using Football Manager 2024. Unlike purely algorithmic evaluations, this simulation aims to assess how 
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the recommended lineup and formation influence team performance when fully adopted within an established football simulation 

engine. 

  
(a)      (b) 

Figure 5. Starting lineup in the simulation (a) proposed framework, (b) baseline 

 

In the simulation, the manager fully adopted the framework’s recommendations at the start of the season. Tactical behavior, 

match strategies, and training schedules were left unchanged, allowing the simulation to isolate the effect of lineup and role 

optimization. This setup reflects a realistic scenario where a human manager leverages analytical support while retaining full control 

over tactical execution. The following metrics were collected: 

a. League position at the end of the season 

b. Total points accumulated 

c. Win–draw–loss record 

d. Goals scored and conceded 

 
(a) 

 
(b) 
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(c) 

Figure 6. Full-season simulation results from (a) default AI tactis, (b) baseline, (c) proposed framework 

 

It is important to emphasize that the simulation is not used to train or optimize the algorithm itself. Instead, it serves as an external 

validation layer that evaluates whether analytically optimized player-role assignments translate into improved performance within 

a complex, dynamic football simulation environment. By integrating FM2024 as an evaluation platform, the study bridges analytical 

decision-support models with applied sports simulation, aligning with the scope of serious games research. 

 

Table 7. Summary of the full season simulation 

Lineup Strategy Position Points W-D-L GS GC GD 

Default AI Tactic 16/16 11 1-8-21 17 66 -49 

Mean Scoring 16/16 12 3-3-24 40 84 -44 

Weighted Scoring 8/16 41 11-8-11 60 57 3 

Note: W-D-L = Win-Draw-Loss, GS = Goal Scored, GC = Goal Conceded, GD = Goal Differences. 

 

Figure 6 and Table 7 present the full-season simulation results comparing three lineup selection strategies: the default AI tactic, 

mean-based scoring, and the proposed hierarchical weighted scoring approach. The default AI configuration resulted in a last-place 

finish, accumulating only 11 points with a severely negative goal difference (−49), indicating limited tactical effectiveness and 

poor squad utilization under automated decision-making. 

The mean scoring baseline demonstrated a marginal improvement in total points and goals scored. However, the team still 

finished at the bottom of the league with an unstable performance profile, reflected by a high number of losses and goals conceded 

figure. This suggests that simple attribute averaging is insufficient to capture role-specific demands and contextual player suitability 

within a competitive season. 

In contrast, the proposed weighted scoring strategy achieved a markedly superior outcome, finishing 8 th out of 16 teams with 41 

points. The improvement is evident across all key indicators, including a balanced win–draw–loss record, increased goals scored, 

reduced goals conceded, and a positive goal difference. These results indicate that incorporating hierarchical role-aware attribute 

weighting leads to more coherent squad construction and improved tactical stability over a full season simulation. 

Overall, the findings demonstrate that while baseline methods offer limited gains, the proposed framework provides a practical 

and effective decision-support mechanism capable of enhancing in-game performance when fully adopted by a human manager. 

This section thus validates the framework’s potential impact prior to further discussion and generalization in the next section. 

 
(a)      (b) 
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(c)      (d) 

Figure 7. Comparative season performance of three lineup selection strategies evaluated through a full season simulation, 

including (a) final league position, (b) total points accumulated, (c) win-draw-loss-distribution, and (d) offensive and defensive 

performance indicators 

 

 

5. DISCUSSION 

 

5.1 Impact of Hierachical Weighting Role Scoring on Team Performance 

 

This improvement can be attributed to the framework’s ability to explicitly model positional relevance through hierarchical 

weighting. Unlike mean-based scoring, which assumes equal importance across attributes regardless of playing role, the proposed 

method differentiates between key, preferred, supporting, and hidden attributes for each role. This allows player evaluation to better 

reflect the functional demands of specific positions within a formation, leading to more coherent squad composition and role 

assignment. 

While the mean-based scoring baseline provides a simple and computationally efficient method for player evaluation, it fails to 

capture contextual differences between player roles. As observed in the simulation results, the mean-based lineup exhibited 

marginal improvement over the default AI tactic but remained ineffective in improving overall competitive performance. 

This limitation arises from the uniform treatment of attributes, which can unintentionally favor players with balanced but role-

irrelevant attributes. In contrast, the proposed hierarchical weighting mechanism prioritizes attributes aligned with positional 

responsibilities, resulting in more role-consistent player selection. The notable reduction in goal difference and increase in total 

points under the weighted approach further confirms the practical advantage of structured role modeling over flat aggregation 

methods. 

The results suggest that incorporating role-specific attribute structures is critical for generating effective lineup 

recommendations, particularly in environments with high attribute dimensionality such as Football Manager 2024. 

From a serious games perspective, these results indicate that structured role semantics can meaningfully alter emergent 

simulation outcomes without modifying the underlying game engine. This highlights the potential of decision-support overlays as 

lightweight yet impactful analytical layers within complex simulation environments. 

 

5.2 Decision-Support Perspective and Managerial Interpretation 

 

It is important to emphasize that the proposed framework is designed as a decision-support system, rather than an autonomous 

team management agent. The system provides ranked player recommendations and formation-based role assignments, while the 

final tactical decisions remain under human managerial control. 

In practical usage, a human manager may choose to fully or partially adopt the suggested lineup, adjust tactical instructions, or 

override recommendations based on contextual factors such as opponent analysis or player morale. This aligns with the intended 

use of decision-support systems in sports analytics, where computational models assist rather than replace human expertise. 

The full-season simulation conducted in this study represents a scenario in which the manager fully adopts the recommendations 

generated by the framework, allowing an objective assessment of its standalone contribution to team performance. 

A primary limitation of this study lies in the use of a single-club case study for evaluation. While the observed performance 

improvements demonstrate that the proposed framework functions effectively within the tested scenario, framework validity should 

not be interpreted as universal performance superiority across all clubs, leagues, or competitive contexts. Tactical effectiveness in 

football simulations remains highly context-dependent, and different squad compositions or league dynamics may lead to different 

outcomes. Nevertheless, the results confirm that the framework behaves as intended as a decision support mechanism, producing 

role-consistent selections that translate into improved in-game stability under the evaluated conditions. 

Future work may extend this framework by incorporating dynamic attribute updates across the season, multi-club and cross-

league evaluations, and integration with tactical instruction optimization. Additionally, hybrid approaches combining the proposed 

hierarchical scoring with learning-based optimization techniques may further enhance decision-support capabilities in football 

management simulations. 
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6. CONCLUSIONS 

 

This study proposed a hierarchical, role-aware decision support framework for automated lineup selection and formation-based 

role assignment in football team management, evaluated using the Football Manager 2024 simulation environment. By structuring 

player attributes into role-specific groups and applying weighted aggregation, the framework captures positional relevance more 

effectively than conventional mean-based scoring. Full-season simulation results demonstrate that the proposed weighted approach 

shows superior performance under the evaluated conditions compared to both default AI tactics and a mean-based baseline across 

key performance indicators, including league position, total points, and goal difference. These findings reinforce the role of serious 

games not merely as training or entertainment tools, but as experimentally controlled environments for evaluating decision-support 

mechanisms that emphasize interpretability and human-centered reasoning. 

The framework is intentionally designed to support, rather than replace, human managerial decision-making, providing 

analytically grounded recommendations for squad selection and role deployment. While the current evaluation focuses on a single 

club and static player attributes, the results highlight the effectiveness of hierarchical role modeling in complex football simulations. 

Future work may extend the framework to incorporate dynamic tactical adjustments, multi-season analysis, or cross-league 

validation, further strengthening its applicability within serious games and computational sports analytics.  
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