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In association football, there exist two types of in-game data: event-sequence data provide quali-
tative information on the succession of ball-related events in time and space outlining a local view
of the match; tracking data report with fine temporal granularity the positions of the ball and every
player, allowing for a global view of the match, in which the ball is just one of many interacting
objects. Using event-sequence data, the authors place themselves within a local perspective, with
the possible undesirable consequence of missing part of relevant information. Figure 1 illustrates
this idea, by showing two alternative situations in which red Player 1 has different probabilities of
scoring a goal due to the different positions of the defenders.

By construction, event-sequence data do not report the positions of defenders, producing esti-
mates potentially affected by the presence of unobserved information correlated with the observed
outcome. To mitigate the impact of this shortcoming, multiple solutions can be accounted for. One
option consists in enriching the event-sequence data with additional qualitative knowledge regard-
ing the game situation. If also player tracking data are available, an alternative solution would be
merging any observed event in the event-sequence data with the corresponding snapshot of player
and ball positions of the tracking data set.

When this extra information is missing, a careful model specification is required. The process
defined by the authors represents a brilliant answer to this challenge. Since any sequence of ball-
related events is partially determined by the player’s locations on the pitch, the observation of a
certain sequence carries with it additional implicit information about team positioning. Unlike
most of the recent literature based on Markovian assumptions (Schulte et al., 2017; Rudd,
2011; Singh, 2019), the Hawkes-fashioned specification in equations (10)—(12) recognises all
past events as relevant factors in determining match evolution. Recognising event sequences as
partially linked to the positioning of players may justify why, according to the authors, ‘event se-
quences in football have a significant dependence on their history’.

With this model, predictive probability density functions of the occurrence of any marked event
can be derived. Hence, one could reconstruct via simulation the distribution of the number of any
event combination observable in a limited amount of time. This is allowed by joint modelling the
event sequence and the time between subsequent events, with temporal modelling standing as a
crucial feature to formulate in-game forecasts, and representing a key difference with respect to
other frameworks based on a discrete-time game-states representation (Decroos et al., 2019;
Ferndndez et al., 2021). To exploit such potentialities, fast updates of the parameters are needed,
requiring new computational approaches (Panos et al., 2021).

A final remark concerns how model complexity is addressed. It would be interesting to compare
the association rule learning method with alternative strategies in which the modelling assump-
tions (e.g. Su et al., 2016) or prior distributions (Ishwaran & Rao, 20035) directly account for
sparsity.
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Figure 1. On the left, a sketch of the pass (continuous arrow) that led to the goal scored by Jack Wilshere (red circle,
player 2) for Arsenal against Norwich, recalled in Figure 1 of the paper. Norwich player positions are reported with
smaller yellow circles. On the right, a sketch of an alternative game situation, in which defenders 3 and 4 of Norwich
City are placed, arbitrarily, in different positions with respect to the observed ones. Dashed arrows denote
unobserved shot events.

To conclude, we thank the authors for their contribution, hoping that our thoughts may enrich
the discussion.
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