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Abstract. Public hockey analytics often study shot-based measures,
but most actions are not shots. We implement an Expected Threat (xT)
framework incorporating rink control via two-dimensional Gaussian dis-
tributions. Our model, xT;.., evaluates player impact by separating value
into interpretable components such as passing and carrying, providing
deeper and more granular insights than traditional metrics.

1 Introduction

Mavrik Bourque of the Texas Stars was named the AHL’s Most Valuable Player
for the 202324 season, but traditional public metrics provide limited insight
into exactly what made him so dominant. Public hockey analytics have largely
focused on shot-based measures such as expected goals (xG), despite the fact
that a large majority of actions in hockey are not shots. Aggregated on-ice xG-
based metrics are useful, but they require a large sample size to be accurate,
and offer limited context about how scoring chances are created.

To address this limitation, we implement an expected threat (xT) framework
that assigns value to nearly all even-strength actions by estimating the value of
every game state and assigning credit for changes in that value to the responsible
player. The model incorporates rink control in high-danger areas via nested mod-
els for xG and probability to shoot. This approach produces an overall measure
of player impact, but also separates total value into interpretable components.
For a player with high hockey 1Q like Bourque who consistently creates value
via creative passing (see Figure|l)), we can directly observe this value by finding
the expected threat value gained from his passes. This framework can be used
to gain actionable insight into overall player quality, stylistic profiles, and role
fit, supporting decision-making for both coaching staff and front offices.
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Fig. 1: Example of a high value pass made by Mavrik Bourque

2 Calculating Expected Threat

We start by adapting the algorithm outlined by Singh (2019), originally used for
soccer analysis. First, we split the ice into a grid of two hundred 10’ x 8.5” boxes
(longer in the x, or lengthwise, direction). Then, we create a simple expected
goals model by calculating the percentage of shots that go in from each box b,

oals
Gy = g b

shotsy
We also compute how likely a player is to shoot from a given location, x.S:

shots
w8y =,
eventsy,
where an event can be one of: controlled breakout, pass, dumpin, dumpout, carry,
puck protection, or shot. Using these two quantities, we can now calculate the
quality of a shooting position in box b, given by

Gy * 5.

If a player does not shoot, he will move the puck via carrying or passing to
another location on the ice (which can be the same as his current location). Note
that this probability to move, which we will call my, is equal to 1 —xS}. In order
to evaluate the quality of a box as a position to carry or pass from, we calculate
the empirical probability that a player will move from a given box to any other
box on the ice and multiply these probabilities by the value of the other boxes.
We let Ty, denote the probability that a player will move from box b to box
b’, and define the value of box b as the expected threat of box b, xT}:

2Ty, = xSy * Gy + my, Zi,@ﬁl(THb, * 2Ty ).



The first term is the shooting location value of box b, while the second term is
the passing/carrying value of box b, Zi,o 21 (Tp—p 2Ty ), scaled by the probability
a player moves instead of shoots, m.

Notice that we need to use the 2T of other boxes to calculate xT;,. We fol-
low Singh ’S algorithm, initializing 7T, = 0 for every box and evaluating
this formula iteratively until convergence. With the first iteration we consider
only the shooting value of the box, the second we consider ”move, then shoot”,
the third "move, move, shoot”, and so on. With the data given, the algorithm
converged in eight iterations. As noted by Singh , this leads to an inter-
esting interpretation, allowing us to understand zT" as the predicted probability
of scoring within the next 8 events, starting from box b.
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Fig. 2: Expected threat of offensive zone boxes is greatest closest to the net front.

It is clear that the position of other players on the ice affects the puck carrier’s
decision making. We utilize a two-dimensional Gaussian space control approach
outlined by Fernandez et al. in order to investigate the impact of net-front
traffic on .S and xG. Under this framework, each player on the ice has influence
over some area of the rink. They have high influence very close to them, and this
influence decreases as the point of interest gets farther away. Fernandez et al.
use a two-dimensional Gaussian distribution to approximate a player’s
influence. Each player’s distribution of influence over the rink is computed by
starting with a standard two-dimensional Gaussian distribution centered at their
current position, which is then stretched and shifted based on their velocity.

We calculated these distributions for each player in each relevant event using
the tracking data and summarized them to be relevant inputs to =S and zG
models. Relevant events are relevant shooting probability model events, as de-
fined previously. For all relevant events, we drew a triangle between the location
of the puck and both posts. We then filtered to only boxes that are at least par-
tially contained within this triangle, exclusive of the box the puck is currently
in, in order to calculate net-front rink control. For each box, we integrate each
player’s rink control distribution, bounded by the box. We then sum all of the



offensive player integrated rink control values across all boxes and subtract the
defensive player integrated rink control values across all boxes. Finally, we pass
this quantity to the expit function to bound it between zero and one, so it is
more interpretable. This final quantity is the offensive triangle rink control for
a given event. Figure |3| illustrates our rink control model in action. We choose
to visualize the offensive triangle rink control broken down by box, for a more
intuitive understanding of how individual players influence team rink control
(though the final quantity will just sum across these boxes).
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Fig. 3: Example of a shot from Chicago with pressure and traffic in front of the
net. The offensive rink control is less than 50% in the boxes immediately in
front of the shooter, because a defensive player is pressuring the shooter. The
more contested zones directly in front of the net are slightly greater than 50%,
indicating a slight offensive advantage in those boxes.

We additionally include the total number of players present in the triangle
in the models, because we anticipate that the overall amount of traffic in front
of the net also matters for these estimates. Further, we wanted to make the
position-based portion of the models fully continuous as opposed to the relatively
arbitrary boxes from the simpler models we used before. The G enhanced with
rink control is estimated via a generalized additive model (GAM):

xGre = expit(te(z,y, triangle rink control) 4+ s(# of players in triangle)),

with tensor product splines capturing the relationship between goal probability
and our covariates. We use nonlinear tensor product splines (te) between the
x and y coordinates of the shot, along with the aforementioned triangle rink
control. We also account for the number of players in the triangle via a smoothing
spline (s).

Similarly, S enhanced with rink control is modeled with a GAM

xSrc =
expit(te(x, y, triangle rink control) + s(# of players in triangle) + s(zG,..)),



where we include the shot’s estimated xG,. via a nonlinear spline.
With this, the expected threat of the i** event enhanced with rink control
can be defined as

200
xTrc,i = -TSTc,i * xGrc,i + my Eb/zl(Tb—ﬂn’ * be’)7

where x5, ; is the rink control-enhanced shot probability of the i*" event, and
2Gyc,; is the rink control-enhanced goal probability of the it" event. The sum-
mation term from the original expected threat algorithm remains the same. In
order to reduce computational cost, we did not calculate rink control for events
not present in shooting or scoring datasets (i.e. events that are not part of the
aforementioned relevant shooting probability list), which means we could not
make rink control-enhanced xG or =S predictions for these events. Regardless,
we still wanted to predict shot and goal probabilities using a fully continuous
approach for all events. To do this, we fit the same GAMSs to relevant shooting
and scoring event data, just without triangle rink control or number of players in
the triangle. Because these models only require x and y coordinates, which are
present for all expected threat events, this can be used to make predictions for
all events. This allows for more fine-grained shooting and scoring probabilities
than the original boxed approach.

3 Analysis

We return to Mavrik Bourque to illustrate the effectiveness of xT,.. for player
evaluation. In our selected example play, Bourque makes an excellent pass from
a low danger position near the half wall and successfully finds a teammate in
the slot for a one-timer shot (Figure . Our implementation of x7T.. correctly
identifies this as a very valuable pass, as the z7,. when his teammate Logan
Stankoven receives the pass is significantly higher than the zT,.. when Bourque
releases the pass. We can aggregate many events like this over the course of the
season to evaluate players. Who is creating value with their passes, and who is
not? Which players turn the puck over most often in high 7., situations, wasting
great scoring chances? To answer these questions, we define the expected threat
added of the ith event as:

xTArc,i = ‘rTTC,’i+1 - fTrc,i

Where we let ¢ index the events in a given possession sequence, with ¢ 4 1
being the next event (e.g. the target of a pass receiving said pass). If event i is
a shot, the T A, value is T A, ; = G — 2T} ;. This means that it is possible
to earn negative T A,.. from a shot. If a player is in a particularly threatening
situation but a bad shooting position, it may be more optimal to move the puck
than shoot. If a non-shot action ends a possession sequence, we set the 7. ;11 to
zero, and each loose puck recovery that begins a possession sequence is assigned
xTATC,i = xTrc,i-



We chose to aggregate T A,.. over the 2023-24 AHL season by summing
each player’s T A,.. for each play. We considered other aggregation metrics, but
deemed summation to be the best. If a player consistently creates value for his
team while playing heavy minutes and fighting off fatigue throughout the long
season, he should be rewarded. Figure [ illustrates the top 10 players by total
2T A, in the dataset.

Rank Player Name Team | # Relevant Events | XTA¢

1 Mavrik Bourque  TEX 285il 15.79
2 Justin Sourdif  CLT 2083 15.07
3 Jeff Kubiak BRI 2034 13.08
4  Rasmus Asplund CLT 2038 12.69
5 Tanner Laczynski LV 1830 12.67
6 Marco Kasper GR 2034 12.10
7 Mason Jobst RCH 2203 11.75
8 Brian Pinho BRI 1954 11.62
9  William Trudeau LAV 2504 11.49
10 Justin Pearson  CLE 1705 11.46

Fig.4: 2T A,.. Leaderboard

Note Mavrik Bourque at the top of the leaderboard. While analysis using
2T A, was not necessary to know that he had an excellent season since he led the
AHL in points, it is still useful in understanding how he generated value. Figure[j]
shows how different types of plays made by the top five T A,.. skaters contribute
to their overall 2023-24 AHL zT A,... We see that Bourque generates much of
his positive zT,. via loose puck recoveries, passes, and carries, for example.
Additionally, because we only considered 5v5 events in our analysis, our model
provides evidence that he was not merely racking up points on the power play. As
a sanity check for the appropriateness of T A,.., we also observe several players
in the top 10 zT A,.. players that have ”graduated” and now play as full-time
NHL contributors for their clubs (including Bourque).
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Fig.5: Top 5 in 2T A,., broken up into components



4 Discussion

Our implementation of expected threat using hockey data is informative for eval-
uating player quality, stylistic profiles, and role fit in order to support decision-
making for both coaching staff and front offices. However, it would be ideal to
use more informative models to estimate Tj_,;.. For example, one could use the
rink control status of the entire ice as a feature in a potentially more complex
model, allowing the other players on the ice to influence where the puck carrier
is most likely to move the puck. Additionally, turnovers are often much worse in
true value than the 0 we assigned— the probability for the offense to score on that
possession is in fact 0 with a turnover, but with it comes some probability that it
leads to a goal for the opposing team, so in reality the value of a turnover should
be negative. We do attempt to somewhat account for this by assigning credit to
the defensive player who recovers the puck, giving him T A,.; = 2T; — 0 for a
loose puck recovery at event i. However, given more time, we could look at more
specific defensive impacts (e.g. blocked shots reducing the xT of the offense’s
position). In addition, the current defensive impact is entirely captured in the
loose puck retrieval category, but this also includes offensive rebounds and usual
puck retrievals. That is also why this category seems disproportionately large in
the stacked bar chart above— it is really several categories in one.

Thus, for future work, we would like to look at more categories and event
types on both offense and defense in order to find very specific strengths and
weaknesses of players. Additionally, we only investigated 5v5 events for the pur-
poses of this project, but it would be interesting to apply this methodology
to special teams too. Many of these limitations can be addressed, and we are
forced to leave them for future work due to time constraints. Regardless, ex-
pected threat is an overall powerful method of valuing non-shot actions that
can be used to quantify more complex and specific player impacts than goals or
points can alone.

References

Fernandez, J., Barcelona, F. C.; & Bornn, L. (2018). Wide Open Spaces: A
statistical technique for measuring space creation in professional soccer.

Singh, K. (2019). Introducing Expected Threat (xT). Retrieved February 19,
2026, from |https://karun.in/blog/expected-threat.html


https://karun.in/blog/expected-threat.html

	Introducing a Gaussian Rink Control-Based Expected Threat Framework to Hockey

