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Abstract  23 

As elite women’s football evolves tactically, understanding goalkeeper distribution 24 

behaviour is increasingly important for performance analysis and coaching. 25 

Traditional approaches rely on isolated passing metrics, providing limited insight into 26 

how goalkeeper actions are organised within possession structures. This study applied 27 

a graph-based clustering framework to classify goalkeeper passing behaviours in the 28 

English Women’s Super League across three seasons. The dataset comprised 29,911 29 

goalkeeper passes from 27,895 possessions. Pass embeddings were represented within 30 

a relational graph and clustered using K-means (k = 14), identifying recurrent 31 

distribution patterns shaped by spatial context, defensive pressure, and possession 32 

phase. Results indicated that behaviours were organised along continuous gradients 33 

rather than discrete categories. Central clusters reflected adaptable distributions, 34 

whereas peripheral clusters captured more specialised actions, including long passes 35 

under defensive pressure. Lateral tendencies suggested interactions between 36 

dominant-side preferences and spatial availability. Phase analysis showed goalkeeper 37 

involvement was most prominent during transitional moments, particularly at 38 

possession initiation and termination, with comparatively limited involvement in 39 

sustained attacking sequences. Collectively, these findings provide a structured 40 

account of goalkeeper distribution in elite women’s football and demonstrate how 41 

graph-based modelling can support behavioural profiling, tactical interpretation, and 42 

evidence-based coaching practice. 43 

Keywords: Goalkeeper, passing behaviour, women’s football, ecological dynamics44 
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1. Introduction  45 

The rapid development of performance analysis technologies has significantly 46 

transformed football research over the past decade, particularly through the 47 

integration of big data and advanced computational modelling approaches (Rein & 48 

Memmert, 2016). Advances in automated tracking systems, Global Positioning 49 

Systems, and video motion analysis software have enabled the collection of large 50 

volumes of positional, technical, and physical data, providing more comprehensive 51 

insights into team and player performance (Cho et al., 2022; Herold et al., 2019). 52 

These technological developments have facilitated the use of machine and deep 53 

learning methods to analyse complex interactions and extract meaningful patterns 54 

from large datasets in sport (Ayala et al., 2019; Rico-González et al., 2023). The 55 

predictive and clustered outputs generated by machine learning have been applied to 56 

injury prevention, performance enhancement, and the prediction of athlete potential 57 

(Campbell et al., 2021; Oliver et al., 2020; Sheng et al., 2021; Klemp et al., 2026). 58 

Such approaches are particularly valuable in football due to the complex and dynamic 59 

nature of player behaviour and the interactive structure of the game (Herold et al., 60 

2019). 61 

Despite these methodological advances, current evidence still provides an 62 

incomplete picture of women’s football performance, highlighting the need for 63 

systematic synthesis to consolidate what is known and identify key uncertainties 64 

(Cherappurath et al., 2024). The professionalisation of women’s football has led to 65 

notable improvements in competition quality, increased media attention, and growing 66 
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participation worldwide (FIFA, 2019; 2023). However, the extent to which existing 67 

knowledge provides an accurate and comprehensive understanding of the women’s 68 

game remains uncertain (Okholm Kryger et al., 2022). Differences in tactical 69 

behaviour, physical characteristics, and match demands between men’s and women’s 70 

football (Bradley et al, 2014; Datson et al, 2017) suggest that performance indicators 71 

validated in men’s competitions cannot be directly generalised to the women’s 72 

context (Okholm Kryger et al., 2022). Consequently, further research is required to 73 

develop a contextualised understanding of performance characteristics in women’s 74 

football. 75 

One understudied area concerns the evolving role of the goalkeeper as an active 76 

participant in collective attacking organisation. Law changes, including restrictions on 77 

handling back-passes and time limits for ball release, have increased the technical and 78 

tactical demands placed on goalkeepers (Casal et al., 2023). In modern football, 79 

goalkeepers are increasingly required to operate outside the penalty area and 80 

contribute to build-up play as additional outfield players in defensive and offensive 81 

phases (Lethole et al., 2024; Sarmento, Anguera, et al., 2018). This shift reflects 82 

broader tactical evolution in which goalkeepers initiate possession and support 83 

attacking progression (Seaton & Campos, 2011; de Baranda et al., 2019). Evidence 84 

from women’s football further indicates that goalkeepers from teams progressing 85 

beyond the group stage in international competitions show greater offensive 86 

involvement and complete more successful passes across pitch areas (Sainz de 87 

Baranda et al., 2019). Despite this growing importance, goalkeeper behaviour remains 88 
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insufficiently examined, particularly in women’s football, where contextual and 89 

performance characteristics may differ from men’s competitions. 90 

Within this expanded tactical role of the goalkeeper, ball distribution represents a 91 

key component of offensive organisation. Passing in football is widely recognised as a 92 

core performance indicator reflecting team coordination and interaction (Clemente et 93 

al., 2015; Grund, 2012; Liu et al., 2015). Passing behaviour of teams can adapt to 94 

match objectives and contextual demands, including increasing forward passes to 95 

create scoring opportunities (Memmert et al., 2017), increasing passing frequency to 96 

maintain possession (Lago-Peñas & Dellal, 2010), and playing penetrative passes to 97 

advance into the final third (Tenga et al., 2010). The growing reliance on goalkeeper 98 

foot-based distribution highlights their role in shaping possession structures and 99 

initiating attacks (Seaton & Campos, 2011), and distribution is now considered a 100 

critical technical and tactical skill (Falcão et al., 2026). However, prior research has 101 

largely focused on isolated indicators such as pass frequency, success rates, and 102 

possession metrics (Castellano et al., 2012; Lago-Peñas et al., 2010; Liu et al., 2015), 103 

with limited attention to the structural organisation of goalkeeper passing behaviour 104 

and its interaction with contextual match factors. 105 

Understanding goalkeeper distribution requires theoretical approaches that 106 

account for interactions between players, tasks, and environmental constraints. 107 

Traditional performance analysis has often examined isolated variables without fully 108 

addressing contextual dynamics (McLean et al., 2017; Sarmento, Clemente, et al., 109 

2018). From an ecological dynamics perspective, behaviour emerges through 110 
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continuous performer–environment interaction, shaped by individual, task, and 111 

environmental constraints (Araújo et al., 2006; Araújo & Davids, 2016; Davids & Ara112 

újo, 2010). Players perceive affordances and adapt actions to evolving contextual 113 

information (Fajen et al., 2008; Travassos et al., 2013), with behaviour reflecting 114 

system reorganisation rather than isolated technique (Araújo et al., 2022). 115 

Accordingly, passing should be conceptualised as a functional and adaptive process 116 

shaped by constraint interaction dynamics (Riley et al., 2011), with playing style 117 

representing recurrent behavioural patterns emerging in match contexts (Hewitt et al., 118 

2016). 119 

Recent developments in data-driven approaches have enabled more objective 120 

descriptions of passing behaviour and tactical patterns (Decroos et al., 2019; Peña & 121 

Touchette, 2012; Rein & Memmert, 2016). Previous studies have applied machine 122 

learning methods to quantify spatial invasion patterns (Bialkowski et al., 2014; Rein 123 

et al., 2017), identify player performance styles (Li et al., 2022), and analyse passing 124 

networks (Peña & Touchette, 2012; Yu et al., 2020). Other approaches have used 125 

zone-based representations and clustering techniques to examine passing styles, such 126 

as constructing heatmaps of passing distributions across spatial zones (Brooks et al., 127 

2016). Additionally, representation learning methods, such as pass2vec, a contextual 128 

vector representation of football passes, have been developed to capture player-129 

specific passing tendencies based on spatial and directional features (Cho et al., 130 

2022), while quantitative frameworks have been proposed to evaluate pass 131 

effectiveness using multivariate modelling and dimensionality reduction techniques 132 
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(Goes et al., 2019). Although these approaches provide valuable insights into passing 133 

effectiveness and stylistic tendencies, they primarily focus on spatial distributions or 134 

player-level characteristics, with limited consideration of relational interactions and 135 

contextual constraints underlying passing decisions. 136 

Graph Neural Networks (GNNs) provide a promising framework for modelling 137 

football as a system of interacting agents. By representing players or actions as nodes 138 

and interactions as edges, GNNs enable the modelling of relational structures and 139 

complex dependencies within game situations (Kipf & Welling, 2017; Veličković et 140 

al., 2018). These models have been applied to player value assessment (Decroos et al., 141 

2019; Zhao et al., 2025), tactical evaluation (Stöckl et al., 2021), and pattern 142 

recognition in football (Anzer et al., 2022). The ability of GNNs to integrate 143 

contextual and relational information aligns with ecological dynamics perspectives by 144 

capturing behaviour as emerging from interaction systems. However, limited research 145 

has applied interaction-based representation learning to examine goalkeeper passing 146 

behaviour, particularly in women’s football. 147 

Therefore, the present study proposes a comprehensive framework for analysing 148 

goalkeeper passing behaviour in elite women’s football by integrating contextual and 149 

situational information within a relational modelling approach. Specifically, this study 150 

aims to identify distinct goalkeeper passing behaviours using Graph Sample and 151 

Aggregation (GraphSAGE) to generate contextualised representations of passing 152 

actions, followed by K-means clustering to classify behavioural patterns. 153 

Furthermore, the study examines the relationships between identified passing 154 
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behaviours and match situations, including game outcomes and possession success. 155 

Hence, this research seeks to advance understanding of goalkeeper decision-making 156 

processes and provide new insights into the tactical role of goalkeepers in women’s 157 

football. 158 

2. Method  159 

2.1. Analytical Framework  160 

To examine goalkeeper passing behaviour within its interaction context, a graph-161 

based representation learning framework was adopted. GraphSAGE is a spatial-based 162 

graph neural network that learns node representations by sampling and aggregating 163 

features from local neighbourhoods, enabling inductive learning on previously unseen 164 

nodes (Hamilton et al., 2018). Possession-level graphs were constructed from match 165 

event data, where nodes represented individual passes and edges captured temporal 166 

dependencies between consecutive actions. A graph neural network was then used to 167 

learn context-aware embeddings of passes. Finally, goalkeeper passes were extracted 168 

from the learned representations and clustered using k-means to identify distinct 169 

behavioural patterns. The whole construct process is illustrated in Figure 1.  170 

**Insert Figure 1**  171 

Figure 1. The Process of GraphSAGE Based Analylitical Framework.  172 

2.2. Data Sample  173 

All 396 matches from the Football Association Women’s Super League 2022/23, 174 

2023/24 and 2024/25 season were selected with data sourced 175 

from Hudl: Statsbomb (https://www.hudl.com/en_gb/products/statsbomb). Each event 176 

https://www.hudl.com/en_gb/products/statsbomb
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contains extensive contextual information (160+ variables per event, depending on 177 

event type), including event timing, player and team identifiers, action descriptors and 178 

outcomes, and spatial information such as pitch coordinates (e.g., x–y locations, and 179 

where available additional spatial components). The study was approved by the local 180 

university [Anonymise for peer-review] ethics committee (ID: ER70779229).  181 

In total 27,895 possessions, containing 217,974 total passes, of which 182 

29,911 were performed by the goalkeeper during the possessions were 183 

extracted from the data set. Pass-level features describing spatial, technical, 184 

and contextual characteristics were extracted for subsequent analysis (see 185 

Table 1). The starting and ending area variables of a pass are condensed from 186 

StatsBombs original x (0 to 120) and y (0 to 80) positions into 25 zones based 187 

on the field reference lines (see Figure S1). Each pass was uniquely identified 188 

by its match, possession, and sequential order within the possession. As all 189 

available league matches across the three seasons were included, the dataset 190 

represents a complete population sample rather than a sampled subset. 191 

Therefore, formal a priori sample size estimation was not required. Cluster 192 

stability was evaluated using internal validity indices (CH, DB, silhouette), 193 

providing additional support for model robustness. 194 

**Insert Table 1** 195 

Table 1. Variables and Definition. 196 

2.3. Graph Modelling and Clustering  197 
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Possession-level graphs were constructed to represent passing sequences involving 198 

the goalkeeper. Within each possession, individual passes were defined as nodes, and 199 

directed edges were established between temporally adjacent passes to preserve the 200 

sequential flow of play. Each node was associated with a feature vector capturing 201 

spatial, technical, and contextual properties of the pass. GNN were employed to learn 202 

low-dimensional representations of passes by aggregating information from 203 

neighbouring actions. This process enabled each pass to be encoded not only by its 204 

intrinsic characteristics but also by its surrounding interaction context. The resulting 205 

embeddings were 64-dimensional and were subsequently used for clustering 206 

analysis.  207 

The learned goalkeeper pass embeddings were standardised using z-score 208 

normalisation prior to clustering to ensure comparable feature scales. K-means 209 

clustering (Jain, 2010; Everitt et al., 2011) with Euclidean distance was then applied 210 

to group passes with similar behavioural characteristics in the embedding space. The 211 

number of clusters was determined using a multi-criteria approach incorporating gap 212 

statistics (Tibshirani et al., 2001), silhouette analysis (Rousseeuw, 1987; Shutaywi, 213 

2021), and clustering stability (Hennig, 2007; Ullmann, 2022). Based on these 214 

evaluations, a solution with 14 clusters was selected. To enhance robustness, the 215 

algorithm was initialised 30 times with different centroid seeds (n_init = 30), retaining 216 

the configuration that minimised the within-cluster sum of squares. Each run used a 217 

maximum of 300 iterations with a fixed random state to ensure reproducibility. This 218 
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procedure enabled the identification of latent structures in goalkeeper passing 219 

behaviour not readily observable in the original feature space.  220 

2.4.Goalkeeper passing behaviour profile  221 

Following clustering, each cluster was characterised using multidimensional profiling 222 

to describe its behavioural properties. Distributions of spatial origin and destination, 223 

pass mechanics (e.g., height and body part), recipient positions, and key continuous 224 

variables were examined to capture the defining features of each passing 225 

pattern. Cluster profiling was conducted by examining spatial distributions through 226 

pass end-location heatmaps and by analysing cluster-level summaries of key passing 227 

features. To further characterise the identified clusters, principal component analysis 228 

(PCA) was conducted to examine the dominant dimensions underlying the embedding 229 

space and the variables driving cluster separation. Between-cluster differences were 230 

quantified using effect size measures and variance-based metrics (e.g., within- and 231 

between-cluster sum of squares) to assess cluster separation and distinctiveness. A 232 

two-dimensional PCA projection further illustrated the geometric relationships among 233 

clusters in the embedding space. 234 

3. Result  235 

The final k-means solution (n = 29,911; p = 64; k = 14) captured meaningful structure 236 

in goalkeeper passing behaviour, with 82.0% of total variance explained by between-237 

cluster differences (BetweenSS/TotSS = 0.820). Internal validity indices indicated 238 

moderate cluster separation (Calinski–Harabasz = 10,495; Davies–Bouldin = 1.34). 239 



 12 

The relatively low silhouette value (0.212) suggests that clusters reflect continuous 240 

behavioural tendencies rather than strictly discrete categories. 241 

3.1.PCA analysis and effect size of cluster  242 

The PCA projection (see Figure 2) demonstrated clear structural variation across 243 

clusters. Effect size analysis confirmed significant between-cluster differences across 244 

all variables (FDR-corrected q < .001). Spatial and distribution-related variables 245 

dominated cluster separation, with pass angle (η² = .85), end area (η² = .78), and pass 246 

length (η² = .70) showing the largest effects, followed by starting location (η² = .39). 247 

Moderate effects were observed for pass duration (η² = .38) and recipient position (η² 248 

= .24). Contextual indicators, including pass switching, defensive pressure, and 249 

through-ball actions, showed smaller but significant associations (Cramér’s V 250 

= .10–.17), whereas possession length and passing speed demonstrated limited 251 

explanatory power (η² < .10). PC1 primarily reflected spatial–directional variation 252 

(pass angle and end location), while PC2 captured distribution length and tempo, 253 

driven by pass length and speed (see Figure S2). 254 

**Insert Figure 2**  255 

Figure 2. Two-dimensional principal component projection illustrating the 256 

distribution of K-means GK passing behaviours clusters.  257 

3.2. Spatial profile of clusters  258 

Figure 3 shows structured spatial organisation across the 14 clusters. Rather than 259 

random dispersion, clusters were arranged along lateral corridors and depth gradients. 260 

Six mirrored cluster pairs (4&9, 3&1, 14&10, 7&8, 11&12, 5&6) demonstrated left-261 
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right lateral symmetry across pitch regions, occupying distinct vertical zones from 262 

defensive areas to advanced flanks. Starting locations were strongly concentrated in 263 

and around the penalty area, with most clusters originating in Zone 3 or adjacent 264 

boundary zones. A smaller number extended into deeper defensive regions. Overall, 265 

goalkeeper distributions exhibited a clear penalty-area-centred spatial gradient. 266 

Overall spatial distributions further supported this pattern (see Figure 4). Across all 267 

passes, starting locations were highly concentrated in the central defensive zone (Zone 268 

3, 64%) and its neighbouring region (Zone 8, 18.4%), with minimal occurrences in 269 

advanced pitch areas. This confirms that goalkeeper passing actions were primarily 270 

initiated from a restricted defensive action space. In contrast, pass destinations were 271 

more spatially distributed, with the highest frequencies observed in central and wide 272 

build-up areas (Zones 10, 7, 6, and 8). 273 

**Insert Figure 3 and 4**  274 

Figure 3. Location profile of 14 clusters (Attacking Direction from left to right). 275 

Figure 4. Location profile of all passes (Attacking Direction from left to right). 276 

Pass angle distributions further revealed clear directional structure across clusters 277 

(Figure 5). Rather than exhibiting uniform angular distributions, passes within each 278 

cluster were concentrated within narrow directional ranges, indicating consistent 279 

orientation preferences. Several mirrored cluster pairs showed opposite lateral 280 

orientations, reflecting left–right symmetric distribution patterns. Directional profiles 281 

broadly corresponded to central progression and lateral outlet behaviours, supporting 282 

the interpretation of clusters as distinct goalkeeper distribution strategies. 283 
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**Insert Figure 5** 284 

Figure 5. Pass angle of 14 clusters (Attacking Direction from left to right).  285 

3.3. Passing Feature Profile  286 

Recipient distributions revealed differentiated positional preferences (See Figure 6). 287 

Most clusters primarily targeted centre-backs (n = 8), followed by forwards and 288 

wingers (n = 4), fullbacks and wingbacks (n=2), and with 1 cluster targeting defensive 289 

midfielders (30.2%), but still mainly targeting centre-backs (50.4%). Delivery type 290 

varied, with 7 clusters dominated by ground passes and 5 characterised by higher 291 

proportions of aerial distributions. Two clusters included relatively equal on ground 292 

and high passes distributions (Cluster 14 & 10). High pass clusters were typically 293 

associated with forward and winger, or fullback and wingback-oriented targets. 294 

Footed passes predominated overall; however, clusters 5 and 6 showed elevated drop-295 

kick proportions (>10%), whereas clusters 4, 9, 3, 1, 13 and 14 demonstrated higher 296 

rates of hand distributions (>10%).  297 

**Insert Figure 6**  298 

Figure 6. Passing recipient, height and body part profile of GK pass clusters. 299 

3.4. Passing phase profile and other features 300 

Passing phase distributions differed systematically across clusters, revealing distinct 301 

temporal patterns of goalkeeper involvement within possessions. Clusters 4 and 9 302 

were strongly dominated by start-phase actions, with Clusters 2 and 12 also showing 303 

relatively high initiation involvement. In contrast, Clusters 7 and 8 exhibited similar 304 

profiles characterised by lower start-phase involvement and greater representation in 305 
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middle and late phases, whereas Clusters 3, 1, and 13 were associated with higher 306 

proportions of early and middle-phase actions, reflecting progressive build-up 307 

behaviour. Clusters 5 and 6 displayed a distinct dual-phase structure, with substantial 308 

involvement in both start and end phases, suggesting more direct distribution 309 

tendencies, while Clusters 10, 11, and 14 showed greater participation in late or 310 

terminal possession stages. Overall, most clusters were primarily associated with 311 

actions occurring in the start and early phases of possession, highlighting the 312 

prominent role of goalkeepers in initiating attacking sequences. 313 

**Insert Figure 7**  314 

Figure 7. Percentage of GK Passing Occur in Different Phase.  315 

Cluster centroid feature profiles showed clear systematic differences in distribution 316 

behaviour. Early-start clusters (Cluster 4, 9, and 13) were characterised by short 317 

durations (1.34–1.46 s), low pressure exposure (0.06–0.13), short possession lengths 318 

(≈6.1–7.8), and the lowest passing speeds (10.4–14.7). In contrast, later-stage clusters 319 

(Cluster 10 to 12 and Cluster 2) exhibited longer durations (2.21–2.67 s), substantially 320 

higher under-pressure rates (0.18–0.20), shorter possession lengths (≈4.7–6.3), and 321 

higher speeds (17.0–18.8). Clusters 7 and 8 formed a distinct build-up profile, 322 

showing the longest possession lengths (8.83–9.09) with moderate durations (~1.60–323 

1.66 s) and mid-range speeds (~14.8–15.6). Finally, Clusters 5 and 6 represented the 324 

most direct/terminal patterns, with the longest durations (3.22–3.41 s), high speeds 325 

(18.7–19.9), the shortest possession lengths (~4.37–4.39), and the only non-zero 326 

through-ball rates (0.7–1.1%). 327 



 16 

**Insert Table 2**  328 

Table 2. Centroid characteristics of 14 GK passing clusters. 329 

Interpretations of each passing cluster are provided in Table S1. Overall, these 330 

findings confirm that the clustering solution differentiated structurally distinct 331 

goalkeeper passing behaviours across spatial, temporal, and contextual dimensions.  332 

4. Discussion  333 

The aim of this study was to classify goalkeeper passing behaviours and examine their 334 

associations with game situations. The continuous gradient structure observed in the 335 

PCA projection suggests that goalkeeper passing behaviours are organised along 336 

continua rather than discrete categories, consistent with ecological dynamics 337 

perspectives in which coordinated actions emerge from interacting task and 338 

environmental constraints (Araújo & Davids, 2016; Newell, 1986). Observations 339 

nearer the origin reflected configurations aligned with dominant variance patterns, 340 

whereas peripheral clusters represented greater departures (Jolliffe, 2004). Overall, 341 

goalkeeper distributions typically originated from central defensive areas and were 342 

directed towards structured outlets across defensive and middle thirds, reflecting 343 

organised build-up behaviour.  344 

Clusters 13 and 2 were located near the global centroid, representing passing 345 

configurations with limited directional specificity. Cluster 13 comprised central 346 

distributions from the penalty area to centre-backs or defensive midfielders, positions 347 

typically associated with high betweenness centrality in passing networks (Clemente, 348 

2014), suggesting the transfer of build-up responsibility to outfield players. In 349 
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contrast, Cluster 2 involved centrally oriented distributions towards midfield and 350 

attacking zones under moderate-to-high pressure, promoting vertical progression to 351 

relieve defensive constraints (González-Rodenas et al., 2022; Sarmento et al., 2014; 352 

Araújo & Davids, 2016). These patterns illustrate continuous perception–action 353 

regulation shaped by spatial and pressure constraints. 354 

Totally 12 passing clusters demonstrated clear spatial mirror correspondences 355 

across pitch sides, although several pairs (Clusters 4&9, 3&1, and 7&8) showed 356 

functional similarity with weaker spatial symmetry. Such directional asymmetries are 357 

consistent with interactions between functional lateralisation and spatial affordances 358 

in goal-directed behaviour (Fajen et al., 2008; Vilar et al., 2012). In this dataset, 359 

81.5% of goalkeeper passes were executed with the right foot, reflecting preferred-360 

foot dominance in football (Carey et al., 2001; Stöckel & Carey, 2016). In low-361 

position distributions (Clusters 4&9 and 3&1), goalkeepers under defensive pressure 362 

tended to distribute more frequently towards the dominant side, with right-oriented 363 

passes typically longer and faster than left-directed actions. From a practical 364 

perspective, these findings suggest that goalkeeper distribution should be evaluated in 365 

relation to foot preference and directional distribution preference rather than relying 366 

solely on overall passing statistics. Assessing dominant- and non-dominant-side 367 

behaviours separately may reveal important differences in decision-making and 368 

spatial use under defensive pressure. In practice, goalkeeper foot preference may also 369 

contribute to directional biases in team build-up, shaping preferred passing channels 370 

and attacking structures. Coaches and performance analysts should therefore consider 371 
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how consistent dominant-side distributions influence team organisation, 372 

predictability, and vulnerability to pressing, while encouraging greater adaptability in 373 

non-dominant-side distribution. 374 

A related pattern emerged in higher-position distributions (Clusters 7and8, 375 

14and10, 11and12, and 5and6), where left-directed passes were associated with 376 

greater switching behaviour and lower pressure exposure than right-oriented actions. 377 

This asymmetry aligns with the temporal demands of possession organisation under 378 

defensive pressure, whereby spatial constraints in one area promote circulation 379 

towards less constrained or advanced zones (Goes et al., 2022; González-Rodenas et 380 

al., 2022; Sarmento et al., 2014). Overall, these differences reflect context-dependent 381 

behavioural regulation shaped by spatial and task constraints, with dominant-side 382 

distributions facilitating more direct progression and opposite-side actions supporting 383 

spatial reorganisation (Araújo & Davids, 2016; Goes et al., 2022). From a 384 

performance analysis perspective, these findings suggest that goalkeeper distribution 385 

should be evaluated in relation to directional context, pressure conditions, and spatial 386 

constraints rather than through aggregated passing metrics alone. Incorporating 387 

contextual indicators such as pressure exposure, switching behaviour, and spatial 388 

progression may provide a more accurate assessment of goalkeeper decision-making 389 

and tactical contribution during possession phases. 390 

The spatial distribution of clusters suggest that goalkeepers are not solely 391 

responsible for unconstrained ball distribution but may also remain involved in 392 

possession sequences under pressure, contributing to early build-up phases. Most of 393 
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passes were made by the keepers’ feet, which aligns with recent research on elite 394 

women’s football goalkeepers, which reports that goalkeeper distribution plays an 395 

active role in offensive team performance and in transitional build-up 396 

situations (Casal et al., 2023). Furthermore, technical and tactical analyses of female 397 

international goalkeepers have demonstrated significant offensive involvement in 398 

open play, with successful teams’ goalkeepers displaying higher passing participation 399 

across pitch zones (Sainz de Baranda et al., 2019). In line with broader analyses of 400 

modern goalkeeper roles, this supports the notion that contemporary goalkeepers are 401 

increasingly integrated into structured team possession rather than functioning solely 402 

as defensive specialists (Scholefield & Fitzpatrick, 2025).  403 

Passing phase analysis showed that goalkeeper distributions were predominantly 404 

concentrated in the early stages of possession, typically representing the first action 405 

following restarts or the initial organisation of attacking play. In contrast, Clusters 5 406 

and 6 occurred more frequently in the later phases of possession, highlighting 407 

goalkeeper involvement when teams reorganise defensively or respond to pressure 408 

through back passes or clearance-type actions. This pattern reinforces the 409 

goalkeeper’s functional role in regulating transitions in possession, particularly at 410 

critical moments of initiation and resolution rather than during sustained attacking 411 

sequences (Anguera et al., 2022; Sarmento et al., 2014). 412 

Clusters 7 and 8, together with the mirrored pair Clusters 14 and 10, represented 413 

the primary passing configurations observed during mid-possession phases and were 414 

associated with more advanced spatial contexts. Clear differences emerged in the 415 
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situational constraints governing these actions: Clusters 7 and 8 occurred under 416 

relatively low defensive pressure, allowing greater freedom of ball control and spatial 417 

organisation, whereas Clusters 14 and 10 were characterised by higher pressure 418 

exposure and more constrained action spaces. These latter clusters appear to reflect 419 

context-specific tactical responses, such as retaining possession under pressure or 420 

manipulating defensive structure to create attacking space. The greater dispersion and 421 

increased distance from the cluster centroid observed in Clusters 14 and 10 further 422 

emphasise their specialised nature, indicating highly adaptive behavioural responses 423 

to spatial and defensive constraints during possession organisation (Goes et al., 2022). 424 

Overall, the passing phase analysis of each cluster reflects the specific tactical 425 

role of the goalkeeper. Given positional constraints and tactical demands, goalkeepers 426 

in this sample appear more involved in maintaining possession stability than in 427 

shaping attacking progression. This interpretation is consistent with findings in elite 428 

women’s football showing that goalkeeper actions rarely lead directly to shots or 429 

goals (Casal et al., 2023). Although modern goalkeepers are increasingly expected to 430 

contribute to build-up play, their influence remains distinct from that of outfield 431 

attacking players (Falcão et al., 2026; Scholefield & Fitzpatrick, 2025).  432 

This study offers several practical implications for coaching and performance 433 

analysis. Phase-specific patterns indicate that goalkeepers are most involved during 434 

possession initiation and pressure-related situations, suggesting that training tasks 435 

should replicate these transitional contexts to develop decision-making under 436 

defensive constraints. Observed lateral tendencies further suggest interactions 437 
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between dominant-side preference and spatial conditions, informing both self- and 438 

opposition-analysis as well as the development of bilateral technical competence. The 439 

finding that goalkeeper passing was more closely associated with possession stability 440 

than sustained attacking progression may also help clarify tactical expectations and 441 

align training objectives with positional demands in elite women’s football. 442 

Several limitations should be acknowledged. First, the use of event data restricts 443 

insight into the perceptual information available at the moment of decision-making. 444 

Integrating tracking data would allow greater consideration of opponent positioning, 445 

spatial relations, and team structure. Second, although contextual variables were 446 

included, clustering may still be influenced by spatial dominance, potentially 447 

emphasising territorial patterns over underlying decision processes. Future work could 448 

reduce reliance on spatial descriptors and link passing patterns to subsequent 449 

possession outcomes. Third, while the sample represents elite women’s football, it 450 

reflects league-specific contexts and may not generalise across competitions. Finally, 451 

the study describes structural patterns rather than performance effectiveness; future 452 

research should examine how distribution types relate to progression, chance creation, 453 

or possession retention. 454 

5. Conclusion  455 

This study used a graph-based approach to characterise goalkeeper passing behaviour 456 

in elite women’s football, revealing that distributions are organised along continuous 457 

spatial and contextual gradients rather than discrete categories. By representing pass 458 

embeddings as a structured graph, we identified distinct clusters influenced by 459 
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defensive pressure, lateral tendencies, and the phase of possession, highlighting how 460 

goalkeepers adapt their distribution patterns in relation to game context.  461 

The graph analysis showed that goalkeepers exert the greatest influence during 462 

transitional phases, especially at possession initiation and termination, and appear 463 

more involved in stabilising possession than in driving sustained attacking sequences. 464 

Lateral biases and pressure-driven adaptations were also evident across cluster 465 

relationships, underscoring the value of graph-based methods in capturing nuanced 466 

behavioural patterns. Overall, this work demonstrates the utility of graph-based 467 

representation for exploring complex passing behaviours and provides a foundation 468 

for future efforts to link structural patterns with underlying decision-making processes 469 

and performance outcomes within elite football.  470 
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Table 1. Variables and Definition 690 

Metric  Definition Range of data 

Start area A calculated area by XY value of where the player executed the pass. [1, 15] 

End area A calculated area by XY value of where the passing event ended. [1, 15] 

Pass angle The angle in radian of pass. [-π, π] 

Pass height Classification labels for pass height. 1. Ground pass: balls on the ground 

2. Medium pass: balls above ground but not higher than head  

3. High pass: pass over head. 

Pass body part Classification labels for the body part that the player used to execute the pass. 0. No touch 

1. Drop kick 

2. Keeper Arm 

3. Foot 

4. Other 

Pass recipient position The position of player who receive the pass 0. No recipients. 

1. Keeper 

2. Centre Back 

3. Side Back 

4. Winger Back 

5. Defensive Midfield 

6. Midfield 

7. Side Midfield 

8. Attacking Midfield 

9. Winger 

10. Forward 

Under Pressure Boolean data to present if the player is under pressure or not, when the player was executing [0, 1] True or False 
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passes. 

Pass Switch Boolean data to present if the player is executing switching pass. [0, 1] True or False 

Pass Through Ball Boolean data to present if the player is executing through ball pass. [0, 1] True or False 

Pass Phase The scaled order number of the pass in a pass sequence. [0, 1]  

Speed The speed of pass. [0, 30] 

Pass Length Length of pass [0, 120] 

691 
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Table 2. Passing features profile of GK pass clusters’ centroid. 692 

Cluster Duration Pass Length Pass Switch Pass Through Ball Under Pressure Speed 

4 1.417 12.324 0.000 0.000 0.059 10.416 

9 1.462 13.984 0.000 0.000 0.093 11.453 

3 1.681 18.710 0.000 0.000 0.102 13.294 

1 1.688 18.988 0.003 0.000 0.117 13.131 

13 1.337 13.128 0.000 0.000 0.135 14.748 

7 1.660 21.285 0.005 0.000 0.084 14.803 

8 1.602 21.074 0.002 0.000 0.103 15.620 

14 2.214 30.743 0.060 0.000 0.195 15.910 

10 2.230 33.073 0.037 0.000 0.200 17.017 

11 2.533 40.527 0.043 0.000 0.161 18.200 

12 2.669 43.910 0.013 0.000 0.182 18.828 

2 2.487 40.726 0.001 0.000 0.181 18.834 

5 3.219 53.068 0.024 0.007 0.110 19.908 

6 3.406 53.707 0.009 0.011 0.174 18.675 
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Table S1. Archtypes of GK pass clustering. 694 

Archtypes Cluster Key features 

Low-position build up 

4 Short ground passes from the goal area towards centre-backs on either side of the pitch. Actions occur predominantly in the start phase, with the shortest durations, lowest 

passing speeds, minimal pressure exposure, and short possession sequences. 9 

Low-position wide build up 

3 Ground passes directed diagonally towards full-backs and midfield areas. Actions occur mainly in early and middle phases, with moderate duration, speed, and possession 

length. 1 

Short central build-up 13 

Forward-oriented ground passes towards central defensive and midfield zones. Actions show moderate duration, moderate pressure exposure, and central receiving 

locations. 

High-position organisation 

7 Passes directed into midfield areas with the longest possession lengths. Actions show moderate duration and speed, with lower start-phase involvement and greater 

participation in middle and late phases. 8 

Advanced wide build up 

14 Longer actions with higher pressure exposure, increased use of high passes, and distribution towards advanced areas. Actions occur more frequently in later possession 

phases. 10 

Advanced progression pass 11 Passes directed towards wide and forward areas with high passing speeds and relatively high pressure exposure. Actions occur primarily in later possession stages. 
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12 

Direct long pass central 2 

Forward high passes from the defensive third into advanced central areas, primarily received by forwards. Typically distributed at the start of possession, although 

relatively evenly represented across phases, using the foot (occasionally via drop-kick) under moderate-to-high pressure. 

Direct long pass wide 

5 Longest-duration actions with the highest passing speeds. Passes include a higher proportion of high balls and occasional through passes towards advanced areas. Actions 

occur in both start and end phases. 6 
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Figure 1. The Process of GraphSAGE Based Analylitical Framework 696 

Figure 2. Two-dimensional principal component projection illustrating the distribution 697 

of K-means GK passing behaviours clusters. 698 

Figure 3. Location profile of 14 clusters (Attacking Direction from left to right) 699 

Figure 4. Location profile of all passes (Attacking Direction from left to right) 700 

Figure 5. Pass angle of 14 clusters (Attacking Direction from left to right) 701 

Figure 6. Passing recipient, height and body part profile of GK pass clusters. 702 

Figure 7. Percentage of GK Passing Occur in Different Phase 703 

Figure S1. Zones division of football pitch (Attacking Direction from left to right) 704 

Figure S2. PCA1 and PCA 2 driver of clusters. 705 


