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Key considerations in the week-to-week forecasting of individual 12 

match actions in football 13 

Short-term forecasting of performance in football is crucial in week-to-week 14 
decision making. The current study presented novel contributions regarding the 15 
considerations that should be accounted for in the prediction of match actions 16 
performed in competitive matches. Firstly, the study examined if the quantity and 17 
recency of training data used to build a prediction model significantly influenced 18 
predictive accuracy. Three prediction models were built with the Exponential 19 
Moving Weighted Average method, each differing in the quantity of training data 20 
used (3, 5 and 7 preceding matchdays). Next, the study examined if contextual 21 
constraints, such as type of match action being predicted, playing position, or 22 
player age, significantly influenced predictive accuracy. Match action data from 23 
players in the top five European leagues were collected from the 2014/15 to the 24 
2019/20 seasons. The model trained using less but more recent data (3 preceding 25 
matchdays) demonstrated the greatest accuracy. Next, within the offensive and 26 
defensive phases, match actions differed significantly in predictive accuracy. 27 
Lastly, significant differences were found in prediction accuracy between playing 28 
positions, whereby actions associated with the primary task of the playing 29 
position were more accurately predicted. These findings suggest that in the 30 
forecasting of individual match actions, practitioners should seek to train the 31 
prediction model using more recent data, instead of including as much data as 32 
possible. Furthermore, contextual constraints such as the type of action and 33 
playing position of the player must be keenly considered. 34 

Keywords: prediction model, player performance, football, soccer, performance 35 
forecasting, age effect 36 

  37 
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Introduction 38 

The ability to predict the future performance of players is inherently valuable to 39 

professional football teams as they are crucial in substantiating organizational decisions 40 

on player recruitment, development, and selection (Kalén et al., 2019). Specifically, the 41 

capacity to predict the performance contributions of players in one’s own team and that 42 

of the opposition in the short-term (i.e., week-to-week) is crucial towards informing and 43 

altering team tactical strategies (Wright et al., 2012). Presently, teams heavily utilize 44 

such a game-to-game approach in performance analysis and prediction, in order to 45 

prepare strategies that exploit the weaknesses of the opponent and constrain their 46 

strengths (Wright et al., 2014). 47 

The widespread usage of performance prediction in the short-term may be 48 

attributable to the high degree of ‘noise’ that limits predictive accuracy when attempting 49 

to forecast performance far into the future (Arntzen & Hvattum, 2021). Specifically, 50 

frequency of match actions performed differ significantly as players face teams of 51 

different strengths (Liu et al., 2016), and even when they play at home or away venues 52 

(Lago-Peñas & Lago-Ballesteros, 2011). However, despite the widespread usage of this 53 

short-term performance prediction, at present there is limited understanding of the 54 

underlying mechanisms that influence the predictability of match actions. Particularly, 55 

there is a gap in current knowledge regarding the breadth, depth, and type of data 56 

necessary to train a prediction model that allows for greater accuracy in forecasting 57 

individual performance, as the inclusion of more datapoints may not necessarily relate 58 

to more accurate prediction models (Constantinou & Fenton, 2017). Critically, earlier 59 

works have highlighted that building a prediction model using all available data (risking 60 

the inclusion of potentially irrelevant data) has an adverse effect on the predictive 61 

accuracy of football performance (Baboota & Kaur, 2019; Constantinou & Fenton, 62 

2017). This has been corroborated by recent work highlighting that greater predictive 63 
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accuracy of match results in a particular competition can be garnered by utilizing less, 64 

but more recent data (e.g., the seeding pots from which the teams are drawn in that same 65 

season) as opposed to using larger, but potentially more dated dataset (e.g., club ranking 66 

coefficients built from five-year historical data) (Csató et al., 2022).  67 

At present, despite a limited understanding of how the unique characteristics of 68 

individual players affect the predictability of their match actions, professional clubs 69 

often make decisions on player selection and recruitment based on these characteristics. 70 

For example, players are valued less as they approach the age of thirty, based on the 71 

assumption that they are past their physical prime and cannot contribute equally to their 72 

younger counterparts (Dendir, 2016). However, little is known about whether the age of 73 

a player significantly influences the predictability of match actions (e.g., is dribble 74 

success frequency more predictable for younger players?). Similarly, there is a limited 75 

understanding of how on-field characteristics such as playing position affect the 76 

predictability of match actions (e.g., is the predictability of offensive match action 77 

frequency similar for forward players compared to central-midfielders?). Without 78 

further examining these underlying mechanisms, the applicability and reliability of data 79 

analytics in informing the decision-making processes at professional clubs remain 80 

uncertain (Müller et al., 2017).  81 

The current study therefore addresses three research questions. Specifically, in 82 

exploring the mechanisms of short-term performance prediction in football, we examine 83 

if (1) in predicting match action frequency, does the utilization of more preceding 84 

datapoints provide a more accurate prediction, and (2) do different match actions in 85 

football differ in their predictability? We also explore the influence of individual player 86 

characteristics on performance prediction, specifically (3) if the age or playing position 87 

of the individual significantly influences the predictability of match actions. Through 88 
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addressing these research questions, the current study would put forth a more 89 

comprehensive understanding of the critical factors that influence the prediction of 90 

future match performance, and therefore would need to be carefully considered in the 91 

construction of performance prediction models in the future. 92 

Method 93 

Data sources 94 

Match action data of professional football players in the English Premier 95 

League, French Ligue 1, German Bundesliga, Italian Serie A, and Spanish La Liga was 96 

collected from the football data website Whoscored (www.whoscored.com). The data 97 

was collected for all players who participated in the 2014/15 to 2019/20 season, 98 

resulting in a dataset of 4607 unique players.  99 

Match actions  100 

Four offensive match actions – shots, key passes, crosses, and dribbles, were 101 

selected as key offensive performance indicators as they have been highlighted as 102 

significant contributors towards team performance (Nsolo et al., 2019). Conversely, 103 

tackles, interceptions, clearances, and aerial duels won, were selected as key defensive 104 

performance indicators due to their significant contributory role towards successful 105 

defensive outcomes (Saward et al., 2019). The operational definitions of the match 106 

actions used in the current study are precisely defined by Opta Sports, the company that 107 

collected the dataset (for further details, see Liu et al., 2013). Although the frequency in 108 

which these key match actions are performed by individual players may not wholly 109 

encapsulate the performance contributions of the player, the ability to perform these 110 

actions in varying match contexts are strongly associated with team performance 111 

outcomes (Konefał et al., 2019). Therefore, being able to forecast these actions more 112 

http://www.whoscored.com/
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accurately will significantly inform the processes of opposition analysis, player 113 

selection, and player recruitment.  114 

Data filtering. To ensure a valid representation of match action frequency, we 115 

utilized a filtering process built on earlier work (Martín-García et al., 2018; Muñoz-116 

López et al., 2020). Firstly, match action data of the player was excluded if they (1) 117 

were not part of the starting line-up, or (2) did not play at least 60 minutes in that match. 118 

Subsequently, the player’s data was included in the analysis if they participated in at 119 

least 1080 minutes in each of the 6 seasons after data was filtered from the first two 120 

exclusion criteria. The individual characteristics of the 187 players that remained after 121 

filtering can be found in Table 1. 122 

** Table 1 near here **  123 

 124 
Data normalization. For each match played, match action data for each player 125 

was normalized by the total minutes played to account for differences in playtime and 126 

analysed as per 90 minute values. 127 

Mechanisms of short-term performance prediction 128 

Developing models of match action frequency prediction  129 

Based on its demonstrated success in predicting football performance (Arazi et 130 

al., 2020; Delaney et al., 2018), match action frequency was predicted using the 131 

exponential moving weighted average (EMWA) method. The EMWA algorithm was 132 

selected as it offers greater sensitivity to the volatility in each week-to-week match 133 

sample (e.g., variable match conditions, non-performance), as compared to a simple 134 

moving-average model (Bracewell, 2001). In earlier work, the EMWA model has also 135 

outperformed other models in modelling datasets with frequent occurrences of zero-136 

values, wherein zero is a natural lower bound for the variable (Maravelakis et al., 2022). 137 
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We evaluated three models (EMWA3, EMWA5, EMWA7), the difference between these 138 

models being the number of preceding match days that were used as training data for 139 

predicting match action frequency in the next match instance. Specifically, to predict 140 

match action frequency in the next match day (PFk), the EMWA3 model utilized the 141 

actual match action frequency data from the past three available match days (AFk-1, AFk-142 

2, AFk-3 ). Conversely, the EMWA7 utilized match action frequency data from the past 143 

seven match days (AFk-1 … AFk-7 ). The calculation of the smoothing factor for the 144 

EMWA, α, was defined using the span (e.g., 3, 5, or 7) and is detailed in Equation (1). 145 

The EMWA models were computed using the ewm package in pandas library 146 

(McKinney, 2010).  147 

𝛼𝛼 =
2

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 1
 148 

(1) 149 

Furthermore, to more objectively ascertain the accuracy of the EMWA based 150 

prediction models, a baseline model, BL, was built using a linear regression model 151 

trained by data from the five preceding match days. Apart from allowing us to ascertain 152 

the accuracy of the different EMWA models, the baseline model also allows us to 153 

validate our choice of using EMWA to build the prediction model. 154 

Statistical analysis 155 

To compare the accuracy of the four prediction models, a predicted frequency 156 

was generated for each of the eight match actions using data from preceding matches. 157 

The accuracy in prediction (PA) was computed as the Root Mean Square Error between 158 

the predicted frequency and actual performed frequency of the match action in that 159 

particular match (e.g., RMSE between PFk  and AFk of shots taken). For all three 160 

EMWA models and the BL model, match action frequency was predicted from the 161 
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eighth match instance (eighth match played by the player) to the last match instance. 162 

This was because the EMWA7 model requires match action data from seven previous 163 

match instances before match action frequency can be predicted. A 4 (prediction model) 164 

x 4 (match actions) two-way ANCOVA was performed twice (once for offensive match 165 

actions, and once for defensive match actions), to assess any statistically significant 166 

differences in predictive accuracy across the prediction models and across match 167 

actions. To control for the variation in raw frequency of the actions performed, the raw 168 

frequency of actions performed normalized to 90 minutes was added as a covariate.  169 

Influence of player characteristics 170 

Classifying age categories and playing position 171 

Players were categorized into three age categories based on their age when they 172 

played their first match in the dataset. The birthdates of the players were collected from 173 

the Whoscored website. The players were categorized into the (1) Development group if 174 

they were 21 years or younger in the 2014 season; the (2) Prime group if they were 22 175 

to 26 years old in the 2014 season; and the (3) Veteran group if they were 27 years or 176 

older in the 2014 season. These age bounds were selected with reference to previous 177 

studies that have divided and compared players into different age groups (Botek et al., 178 

2016; Kalén et al., 2019). However, slight modifications were made to the age bounds 179 

utilized in earlier studies as the current study observed performance on a longitudinal 180 

timeframe instead of a cross-sectional one.  181 

In addition, the players were classified into five major playing positions based 182 

on the playing position they most frequently played in, as listed in the Whoscored 183 

dataset. These major playing positions were (1) Central-Defender (Defender-Central); 184 

(2) Wide-Defender (Defender-Left, Defender-Right); (3) Central-Midfielder 185 
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(Midfielder-Central, Defensive-Midfielder, Attacking-Midfielder); (4) Wide-Midfielder 186 

(Midfielder-Left, Midfielder-Right, Defensive-Midfielder-Left, Defensive-Midfielder-187 

Right, Attacking-Midfielder-Left, Attacking-Midfielder-Right); and (5) Forward 188 

(Forward, Forward-Left, Forward-Right). 189 

 190 

Statistical analysis 191 

 To assess the influence of player characteristics on the PA of match actions, a 3 192 

(age category) x 5 (playing position) two-way ANCOVA was performed twice (once 193 

for offensive match actions, and once for defensive match actions). To limit the 194 

influence of predictive error caused by the type of prediction model used, PA data from 195 

the best performing prediction model highlighted in RQ 1 was used for the statistical 196 

analysis. To control for the variation in raw frequency of the actions performed, the raw 197 

frequency of actions performed normalized to 90 minutes was added as a covariate. 198 

Results 199 

Mechanisms of short-term performance prediction 200 

 The two-way ANCOVA performed on the predictive accuracy of offensive 201 

match actions while adjusting for raw frequency of actions performed, showed a 202 

significant main effect of prediction model used (F(3, 2975) = 180.971, p < 0.001) and 203 

match action being predicted (F(3, 2975) = 161.006, p < 0.001). The two-way 204 

interaction of prediction model and match action being predicted was also significant 205 

(F(3, 2975) = 17.446, p < 0.01). Similarly, the two-way ANCOVA performed on the 206 

predictive accuracy of defensive match actions while adjusting for raw frequency of 207 

actions performed showed a significant main effect of prediction model used (F(3, 208 

2975) = 526.604, p < 0.001) and match action being predicted (F(3, 2975) = 112.096, p 209 
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< 0.001). There was a significant two-way interaction between prediction model and 210 

match action being predicted (F(3, 2975) = 12.499, p < 0.001). As detailed in the 211 

previous section, predictive accuracy is reported as the marginal means of error in 212 

predicted versus actual frequency of the match action performed (RMSE) when 213 

normalized to 90 minutes intervals (controlling for raw frequency of the actions 214 

performed normalized to 90 minutes). 215 

Tukey’s post hoc tests revealed significantly greater predictive accuracy of the 216 

EMWA3 model compared to the BL model for offensive match actions (p < .001). The 217 

EMWA3 model also demonstrated significantly greater accuracy in comparison to both 218 

the EMWA5 and EMWA7 models (both p < .001). With regards to the match actions, 219 

the predictive accuracy of crossing frequency was significantly worse compared to that 220 

of dribbles, key passes, and shots (all p < .001). The predictive accuracy of shot 221 

frequency was found to be significantly more accurate compared to that of dribbles and 222 

key passes (both p < .001). Lastly, the predictive accuracy of key passes frequency was 223 

significantly greater than that of dribbles (p < .05). The accuracy of the different 224 

prediction models in forecasting offensive and defensive actions can be found in Table 225 

2A. Additionally, the accuracy of the best performing model identified in RQ 1 226 

(EMWA3) in forecasting offensive and defensive actions can be found in Table 2B. 227 

For defensive match actions, Tukey’s post hoc tests also revealed significantly 228 

greater predictive accuracy of the EMWA3 model compared to the BL model (p < 229 

.001). The EMWA3 model also demonstrated significantly greater accuracy in 230 

comparison to both the EMWA5 and EMWA7 models (both p < .001). With regards to 231 

the match actions, the accuracy in predicting frequency of aerial duels won was 232 

significantly worse compared to that of interceptions and tackles (both p < .001) but 233 

significantly greater than that of clearances (p < .001). The predictive accuracy of 234 
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clearance frequency was significantly worse than that of interceptions and tackles (both 235 

p < .001). Lastly, the predictive accuracy of tackle frequency was significantly greater 236 

compared to that of interceptions (p < .01). 237 

** Table 2A and 2B near here ** 238 

Influence of player characteristics 239 

The two-way ANCOVA performed on the predictive accuracy of offensive 240 

match actions using data from the EMWA3 model showed a significant main effect of 241 

playing position (F(4, 732) = 16.454, p < 0.001). There was no significant main effect 242 

of age category, and no significant two-way interaction effect of playing position and 243 

age category. Tukey’s post hoc tests revealed a significantly greater prediction accuracy 244 

of offensive match actions performed by forward players (0.484, 95% CI [0.431, 245 

0.538]) compared to central-midfielders (0.653, 95% CI [0.612, 0.694]), central-246 

defenders (0.818, 95% CI [0.760, 0.877]), and wide-defenders (0.696, 95% CI [0.636, 247 

0.756]) (all p < .001). The accuracy in predicting frequency of offensive match action 248 

performed by central-defenders was found to be significantly less accurate compared to 249 

that of wide defenders (p < .05), central-midfielders (p < .001), and wide-midfielders 250 

(0.626, 95% CI [0.530, 0.721]) (p < .05). The raw frequency of the match actions and 251 

error in prediction generated by the EMWA3 model is detailed in Table 3A and 3B. 252 

 253 

** Table 3A and 3B near here ** 254 

 255 

Next, the two-way ANCOVA performed on the predictive accuracy of defensive 256 

match actions using data from the EMWA3 model showed a significant main effect of 257 

playing position (F(4, 732) = 8.163, p < 0.001). There was no significant main effect of 258 

age category, and no significant two-way interaction effect of playing position and age 259 
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category. Tukey’s post hoc tests revealed a significantly greater prediction accuracy of 260 

defensive match actions for central-defenders (0.809, 95% CI [0.765, 0.852]) compared 261 

to forward players (0.950, 95% CI [0.908, 0.991]) (p < .001). The accuracy in 262 

predicting frequency of defensive match actions performed by forward players was 263 

significantly worse compared to that of central-midfielders (0.838, 95% CI [0.807, 264 

0.868]) and wide-defenders (0.782, 95% CI [0.737, 0.826]) (p < .001).   265 

 266 

Discussion 267 

The objective of the present study was to examine several mechanisms that are 268 

crucial in the short-term prediction of key match action frequency performed by players 269 

in competitive matches. Specifically, we examined if prediction accuracy was 270 

significantly influenced by the amount of preceding data used to train the prediction 271 

model, and the type of match action being predicted. Lastly, we also assessed if 272 

individual characteristics of the player such as playing position and age, significantly 273 

influenced the predictability of match actions. 274 

Mechanisms of short-term performance prediction 275 

The results of the current study suggest that an exponentially weighted moving 276 

average model utilizing data from three preceding match days outperforms those 277 

constructed using data from five or seven preceding match days, as well as a linear 278 

regression-based baseline model. To the best of our knowledge, this is the first study 279 

that examines the predictability of football match action frequency in the immediate 280 

future using data from preceding matches. Our results suggest that in predicting the 281 

frequency of crucial match actions performed in the immediate future (i.e., in the next 282 

matchday), the player’s form, or most recent trend of performance, may be a crucial 283 

predictor. Conversely, including the performance data of the player from a month, or 284 
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two months ago (approximately 5 and 7 match days prior), diminishes the accuracy of 285 

the prediction model. 286 

These results are in line with earlier work proposing that when constructing a 287 

performance prediction model in football, it is crucial to build the model using data that 288 

effectively optimizes predictive accuracy for the given context, rather than using all the 289 

data that is available (Constantinou & Fenton, 2017). In that respect, training a model 290 

with more data does not always increase predictive accuracy, which is reflected in the 291 

results of the current study.  292 

This may be particularly applicable when using time-series data, as a larger 293 

dataset introduces more random variables that may influence performance. For 294 

example, unpredictable variables such as accumulated fatigue due to congested 295 

schedules (Moreira et al., 2016), or changes in tactical playing style in response to 296 

certain situations (Liu et al., 2016), can significantly influence the match actions 297 

performed by players. Particularly, professional teams engage in a cyclical process of 298 

adjusting their tactics to exploit the weaknesses of upcoming opposition, and to 299 

capitalize on their own strengths based on information gained from previous weeks 300 

(Hewitt et al., 2016; Wright et al., 2012). Therefore, greater predictive accuracy 301 

demonstrated by the EMWA model built using a smaller, but more recent dataset, may 302 

be attributed to a decreased degree of potential randomness being introduced to the 303 

prediction model. Furthermore, given the significant association between player 304 

confidence and player performance highlighted in earlier work (Thomas et al., 2021), it 305 

is understandable that performance in the immediate future (i.e., subsequent week) is 306 

more strongly associated with the most recent level of performance displayed.  307 

In a practical sense, these findings may be consequential to player selection 308 

strategies of international football team managers. Specifically, given the congested 309 
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schedule of modern football, managers do not have many opportunities to trial different 310 

players before the actual tournament. Consequently, it may be a viable strategy to select 311 

players that have been “in-form” in recent domestic matches before the actual 312 

international tournament, as the current study suggests that the performance of players 313 

in recent matches are predictive of their performance in the immediate future. 314 

Conversely, our results suggest that practitioners involved in player scouting and 315 

recruitment processes should be cognizant that the likely future performance of a player 316 

is more closely related to recent performance. Therefore, such practitioners should be 317 

cautious when making recommendations or decisions informed by player performance 318 

data that spans over an extensive period. 319 

The results of the current study also suggest that within the offensive and 320 

defensive phases, there are significant differences in the predictive accuracy of match 321 

action frequency (i.e., accuracy in prediction differs significantly across offensive match 322 

actions, similarly, accuracy in prediction differs significantly across defensive match 323 

actions). These results are expected, as the total frequency and standard deviation in 324 

frequency of these match actions performed by players in matches are non-325 

homogenous, even when comparing between actions performed in the same phase of the 326 

match (see Table 3A and 3B) – with the general trend being that match actions 327 

occurring more frequently have greater standard deviations. Furthermore, we observe a 328 

positive association between the raw frequency of the match action performed and the 329 

error in prediction generated by the best performing EMWA3 model (see Figure 1). 330 

These findings are in line with earlier work highlighting that greater variability in sport 331 

performance was significantly associated with poorer predictability of eventual 332 

performance outcomes (Nibali et al., 2011). 333 
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However, the results of the current study indicate that for certain actions, there is 334 

greater consistency in the frequency in which they are performed. It may be possible 335 

that the actions that are most accurately predicted (e.g., shots, key passes, or tackles) are 336 

more resistant to the novel constraints acting on the players from week-to-week, such as 337 

the opposition or match location. In other words, the nature (or perhaps, importance) of 338 

these actions may drive players to find solutions to the task and environmental 339 

constraints presented in the match environment, in order to successfully execute these 340 

actions. For example, when playing against a highly defensive team, a forward may 341 

transition towards shooting from outside the box or having shots on goal from headers 342 

to increase their shot frequency. Conversely, the match actions which may be more 343 

contingent (i.e., less resistant) to the match conditions that vary week-to-week may 344 

therefore be less reliably predicted. For instance, the frequency of aerial duels is highly 345 

contingent on the number of long aerial passes played by the opposition, which may 346 

therefore explain why the predictive accuracy of aerial duel frequency is lowest. 347 

** Figure 1 near here **   348 

Influence of player characteristics 349 

 The results of the current study suggest that the individual’s playing position 350 

significantly influences the prediction accuracy of week-to-week frequency in match 351 

actions performed. In general, our results indicate that the frequency of defensive 352 

actions performed by primarily defensive players can be more accurately predicted 353 

compared to players in primarily offensive roles (e.g., central-defenders and wide-354 

defenders compared to forwards). Conversely, the frequency of offensive actions are 355 

more accurately predicted for players in offensive roles compared to those in defensive 356 

ones (e.g., forwards compared to wide-defenders and central-defenders). 357 
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 The direction of our findings, while preliminary, suggests that greater accuracy 358 

in prediction can be attained in the forecasting of match actions closely associated with 359 

the primary tasks of the individual player. Conversely, match actions associated with 360 

secondary roles (e.g., defensive duties demanded of forward players), may be highly 361 

contingent on the varying task and environmental constraints across matches, such as 362 

quality of opposition, match location, or consequently, match status (Lago, 2009). The 363 

diminished accuracy in predicting match actions that are secondary to the individual’s 364 

primary playing position possibly suggests that practitioners involved in player 365 

recruitment or player selection should be cautious about placing too much emphasis on 366 

the potential offensive contributions of defensive players and vice versa.  367 

 The results of our current study also highlight that there was no significant effect 368 

of age on the predictive accuracy of defensive and offensive match action frequencies. 369 

This suggests that across different age groups, there were no significant differences in 370 

the consistency of match actions performed by professional players from week-to-week. 371 

The results of the current study are interesting as existing studies examining the 372 

relationship between age and performance in elite professional football players have 373 

highlighted that physical performance generally decreases with age (Botek et al., 2016; 374 

Rellán-Guerra et al., 2019). However, the non-significant difference in predictability of 375 

defensive and offensive match action frequency across age groups highlighted in the 376 

present study raises the possibility that professional players in different age categories 377 

may be able to compensate with different competencies (e.g., development players with 378 

greater physicality, veteran players with greater match experience) to maintain 379 

consistency in their performances. However, it is important to bear in mind that the 380 

players included in the analysis were active players competing regularly at the highest 381 
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level of competition, therefore the findings may not be extrapolated to different 382 

populations (e.g., different leagues or tiers of competition). 383 

Limitations 384 

 As highlighted in the Introduction, there are several external factors (e.g., 385 

strength of opposition, playing style of opposition, or match location) that may 386 

significantly influence the frequency, and consequently, the predictability of match 387 

actions performed. Furthermore, considering that the match schedules of players largely 388 

differ depending on which competitions their teams compete and progress in (e.g., 389 

domestic cups, national team competitions, or European competitions such as the 390 

Champions League and Europa League), it is likely that the distribution of matchdays 391 

throughout the season are not uniform across the players analysed in the study. 392 

Therefore, the generalisability of the results of the current study is subject to the 393 

limitation that not all predictor factors that may be possibly influential were accounted 394 

for in the construction and assessment of our prediction models. However, the predictor 395 

factors analysed in the current study were consciously limited to avoid the possibility of 396 

overfitting our prediction models (by including what is possibly an inexhaustible list of 397 

influential factors) (Babyak, 2004), and to derive results that are largely more 398 

generalisable and more pragmatic to practitioners.  399 

Conclusion 400 

The results of the current study put forward several novel contributions toward 401 

existing literature and practice in forecasting individual match actions in football. 402 

Firstly, our results suggest that in predicting performance in the subsequent week 403 

(specifically match action frequency), prediction accuracy is enhanced with an 404 

exponential weighted moving average prediction model that includes less, but more 405 
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recent data. We also highlight that within the offensive and defensive phases, there are 406 

significant differences in the predictive accuracy of match actions, which suggests that 407 

actions cannot be forecasted equally. Furthermore, the prediction accuracy of match 408 

action frequency also differs between players in different playing positions. Particularly, 409 

the frequency of match actions that are closely associated to the primary task of the 410 

player’s playing position can be more accurately predicted.  411 
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Table 1. Characteristics of individual players 532 

 Age category 

Total  Development 
(≤ 21 years) 

Prime 
(22-26 years) 

Veteran 
(≥ 27 years) 

Central Defender 4 26 16 46 

Wide Defender 5 25 6 36 

Central Midfielder 12 34 13 59 

Wide Midfielder 3 6 2 11 

Forward 10 18 7 35 

Mean age ± SD 20.15 ± 0.9 24.25 ± 1.5 28.52 ± 1.7 24.51 ± 3.1 

Note. Age categories were determined based on the player’s age at the beginning of 

the 2014/15 season  

 533 
  534 
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Table 2A. Accuracy of models in predicting offensive and defensive actions 535 

 Prediction Accuracy 
(RMSE) 

95% Confidence Interval 
 Lower Limit Upper Limit 
Offensive actions    

EMWA3 0.679 0.644 0.713 

EMWA5 1.035 1.001 1.070 

EMWA7 1.242 1.208 1.277 

Baseline 0.915 0.881 0.950 

Defensive actions    

EMWA3 0.851 0.826 0.876 

EMWA5 1.298 1.274 1.323 

EMWA7 1.543 1.518 1.568 

Baseline 1.143 1.118 1.168 

 536 

 537 

Table 2B. Accuracy of EMWA3 model in predicting offensive and defensive actions 538 

 Prediction Accuracy 
(RMSE) 

95% Confidence Interval 
 Lower Limit Upper Limit 
Offensive actions    

Crosses 1.282 1.246 1.317 

Dribbles 0.959 0.925 0.994 

Key passes 0.883 0.848 0.917 

Shots 0.748 0.713 0.782 

Defensive actions    

Clearances 1.384 1.359 1.409 

Aerial duels won 1.239 1.214 1.264 

Interceptions 1.139 1.114 1.165 

Tackles 1.072 1.047 1.097 

  539 
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Table 3A. RMSE and raw frequency of offensive match actions 540 

 Shots Key Passes Crosses Dribbles 

RMSE of predicted 
frequency / 90 
minutes (Mean ± SD) 

0.568 ± 0.489 0.457 ± 0.348 1.262 ± 1.434 0.428 ± 0.427 

Raw frequency / 90 
minutes (Mean ± SD) 

1.388 ± 1.164 1.064 ± 0.766 1.954 ± 1.949 0.924 ± 0.806 

 541 

Table 3B. RMSE and raw frequency of defensive match actions 542 

 Tackles Interceptions Clearances Aerial duels 

won 

RMSE of predicted 
frequency / 90 minutes 
(Mean ± SD) 

0.771 ± 0.362 0.610 ± 0.321 1.217 ± 1.196 0.805 ± 0.544 

Raw frequency / 90 
minutes (Mean ± SD) 

1.775 ± 0.750 1.417 ± 0.691 2.163 ± 1.811 1.624 ± 0.957 

 543 

  544 
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Figure 1.  545 

Relationship between the raw frequency and error in predicted frequency of match 546 

actions (for the EMWA3 model) normalized to 90-minute values 547 

 548 
Note. A lower RMSE is indicative of greater prediction accuracy. 549 
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