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Abstract. This study examines the patterns that lead to successful of-
fensive zone re-entries during power plays, based on event-based data. To
this end, the initial dataset was used to create a structured dataset of re-
entry attempts, capturing spatial, movement-related, and pass-specific
features. The exploratory analysis shows that successful re-entries are
characterized by more direct, forward-oriented movements as well as the
use of wide lanes instead of the middle of the ice. An XGBoost model is
then used and achieves solid predictive performance which confirms that
these patterns contain relevant information. The interpretation is done
by using SHAP values which particularly highlight the importance of
progressive passing patterns, while lateral or backward-oriented actions
negatively influence success. Overall, the study provides data-driven in-
sights into effective re-entry strategies and demonstrates the added value
of combining descriptive and predictive analysis in ice hockey.
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1 Introduction

Special teams situations are arguably one of hockey’s biggest factors in winning,
and commonly perceived to play an outsized role in determining the outcome
of games, like previous studies show[1]. With approximately 20 percent of game
time accounting for special teams situations [2], a penalty in ice hockey can
significantly alter the game’s dynamic by disrupting the offensive and defensive
strategies of both teams. Due to the increased scoring opportunities that come
with Power-Play opportunities, both teams and fans often put great weight on
the Power-Play. However, the importance of special teams, in particular success
leading patterns on the Power-Play, has not been extensively studied in hockey
analytics.
This paper aims to quantify the importance of the re-entry process into the
offensive zone by the Power-Play team after puck recoveries and studies which
patterns in the build-up in the defensive and neutral zone lead to a successful re-
entry. After the Methodology in chapter two, we perform an exploratory analysis
in chapter three by splitting the re-entry process into different parts. The fourth
chapter then combines the elements and introduces an XgBoost model which



aims to identify the patterns that lead to a successful re-entry in the whole
process. This paper will be closed by a brief summary of the key-findings and
future ideas and potentials that could improve or extend this approach.

2 Methodology

This paper performs a multi-stage analysis process, aiming to identify, quantify
and interpret re-entry situations in Power-Play situations from SHL event data
provided by Sportlogiq. This process integrates methods, such as data processing,
feature engineering, descriptive analysis, and predictive modeling using XgBoost
as the main model.

2.1 Data Processing and Engineering

The original event data set was chronologically sorted by game and time, and
then Power-Play and Penalty-Kill situations were clearly identified. Building
on this, structured feature engineering was performed, during which pass types
were cleaned and standardized, and re-entry attempt starts were defined. Using
sequential logic, individual re-entry attempts were constructed from this data,
including success labels, duration, and efficiency metrics to create a labeled data
set for analyzing re-entry success. A re-entry attempt was considered successful
if the Power-Play team enters the offensive zone and gains or maintains posses-
sion of the puck within 5 seconds. All other events, such as an entry without
subsequent puck control, an intercepted pass, or a puck going out of play etc.,
count as unsuccessful re-entry attempts. The efficiency metric used in the ex-
ploratory analysis was calculated by the success value and the total time of the
attempt.

2.2 Analysis and Modeling Steps

For the exploratory analysis the spatial structure of entries was differentiated by
defining both entry and exit lanes whose relationship to efficiency and probabil-
ity of success was analyzed. Subsequently, in the analysis of the neutral zone,
movement metrics such as forward movement, lateral movement, total distance,
and the directness of the attack (“straightness”) between the exit and entry points
were first calculated and compared between successful and unsuccessful re-entry
attempts to identify fundamental patterns in transition play. After that, a com-
parison of entry types was conducted which specifically contrasts dump-ins and
controlled entries in terms of their average success rates.
Based on a previously constructed attempt dataset, an XGBoost classification
model was developed to predict the success of re-entry attempts using structural
game features. The data was split into training and test sets, using a stratified
sample to preserve the class distribution. Subsequently, a gradient boost model
with defined hyperparameters was trained, and the model performance was eval-
uated on the test data set using metrics such as AUC and accuracy. To interpret



the model results, SHAP scores were used to transparently analyze the influence
of individual variables on the probability of successful re-entry.

3 Exploratory Re-Entry Dynamics

This chapter presents an exploratory analysis of the identified re-entry attempts
in order to detect underlying patterns and differences between successful and
unsuccessful sequences. The focus is particularly on spatial structures (lanes),
movement dynamics in the neutral zone and the effectiveness of different types
of entries.

3.1 Exit and Entry Lanes

Fig. 1: Defensive Zone Exit and Offensive Zone Entry Lanes Efficiency

To analyze the spatial structure of re-entry attempts, the ice was divided into
several horizontal lanes in order to systematically examine differences in the use
and efficiency of various attacking routes. The goal is to understand through
which areas of the neutral zone teams are particularly successful and efficient in
reaching the offensive zone. Fig. 1 shows the average efficiency of re-entries along
these lanes, each at the point of crossing the blue line. It shows that the outer
lanes (top and bottom of the image) exhibit the highest efficiency values while
the central lanes achieve significantly lower values. This suggests that attacks
down the wings are, on average, more effective than those through the center,
which can be explained by a higher defensive density in the central area. It
can also be seen that the efficiency decreases slightly after the transition into
the zone, suggesting that not every entry automatically leads to stable offensive
control.

3.2 Neutral Zone

The neutral zone is the area on the ice where the foundation for success is laid,
not only during even-strength play, but also on Power-Play entries.



(a) Unsuccessful entry (b) Successful entry

Fig. 2: Neutral Zone Movement with the puck

Fig. 2 illustrates the movement patterns in the neutral zone for unsuccessful
and successful re-entry attempts. Visually, it is evident that successful entries
are significantly more linear and structured. These visual impressions are con-
firmed by exploratory metrics. Successful attempts exhibit a higher average for-
ward movement (45.1 vs. 37.1) and, at the same time, fewer lateral movement
(21.1 vs. 26.1). Additionally, the total distance is slightly higher for unsuccessful
attempts, suggesting more inefficient movement paths. The difference is partic-
ularly evident in the “straightness” of the movement: successful entries achieve
a significantly higher value here (0.878 vs. 0.686) and thus proceed much more
directly towards the offensive zone.

3.3 Dump-In vs Controlled Entry

The dilemma between Dump-Ins and controlled entry is a controversial topic
in ice hockey. For example, Eric Tulsky, now GM of the Carolina Hurricanes,
found that Dump-Ins are more beneficial in Power-Play situations than in Even-
Strength due of the ability of having an extra player to recover the puck[3].
Patrick Holden took a closer look at the Washington Capitals and found that
controlled puck drops were the key to their success, while the team struggled
when, during Power-Plays, they were too often forced to simply shoot the puck
into the opponent’s zone[4].
In this study, a comparison of entry types revealed significant differences in the
effectiveness of re-entry strategies during the Power-Play. With a success rate of
73.6%, controlled entries are more than twice as likely to succeed as Dump-Ins
(34.6%). This result was further supported by efficiency metrics: controlled en-
tries achieve a significantly higher average efficiency (0.093 vs. 0.041), suggesting
that they are not only more frequently successful but also lead more quickly to
stable offensive control. Controlled entries allow the attacking team to enter the
offensive zone in a more structured and controlled manner, while Dump-Ins are
more dependent on subsequent puck wins and are thus associated with greater
uncertainty.



4 Predictive Modeling and Interpretation of Re-Entry
Success

4.1 XGBoost Model for Re-Entry Success Prediction

The results of the XGBoost model showed that the previously identified pat-
terns in re-entry behavior do indeed have significant predictive power. With an
accuracy of 0.66 and an AUC of 0.72, the model was able to reliably distinguish
between successful and unsuccessful attempts, although its discriminatory power
was still considered moderate. This suggests that the features used, particularly
direction of movement, passing patterns, and spatial structure, capture key as-
pects of re-entry success, but do not fully account for all relevant influencing
factors. The performance of the model therefore confirms the exploratory find-
ings: successful re-entry is not a matter of chance but follows clear, recurring
patterns. At the same time, the moderate performance indicates that additional
factors such as defensive pressure, timing, or individual player actions play an
important role, which can only be partially accounted for in the current dataset.

4.2 Model Interpretation using SHAP Values

Fig. 3: SHAP graph with Feature Values

The SHAP analysis provided detailed information on the specific drivers of
the model and allows the classification of the most important influencing fac-
tors. In Fig. 3 it becomes particularly clear that forward-oriented passing pat-
terns such as “north” and “stretch” are consistently positively correlated with
the success of re-entries, especially when these actions are used frequently. This
underscores the importance of progressive, space-creating sequences in transition
play. In contrast, backward-oriented or less purposeful actions such as “south”
passes tend to have negative effects, suggesting inefficient or delaying patterns
of play. The spatial variables also confirm the previous results: central lanes are
more frequently associated with negative contributions, while outer lanes can
exhibit positive effects. Furthermore, it appears that dump-ins are less advanta-
geous compared to controlled entries.



5 Summary

Overall, the results consistently show that successful re-entry attempts are char-
acterized by more direct and forward-oriented movement patterns in the neutral
zone. Successful entries exhibit greater forward movement and, at the same time,
less lateral movement. This is particularly reflected in their significantly higher
“straightness”, which indicates a clearer and more purposeful path into the of-
fensive zone. Unsuccessful attempts, on the other hand, are characterized by
more lateral and, overall, less efficient movements. Entries through the outer
areas of the field are the most efficient, while the central lanes perform signif-
icantly worse. This points to structural advantages of attacks down the wing,
presumably due to lower defensive density on the outside. The model-based
analysis confirms these patterns. The XGBoost model achieved solid predictive
performance (AUC: 0.72, Accuracy: 0.66) and identified forward-oriented pass-
ing patterns such as “north” and “stretch” as particularly positive for success.
In contrast, backward-oriented actions (“south”) and Dump-Ins tend to have a
negative effect.

6 Future Ideas and Potentials

There is particularly great potential in the use of tracking data, which allows for
a more detailed analysis of pressure situations, duels, and offensive and defensive
structures. This could also enable the integration of more dynamic features in
the future, such as speed, distances to opponents, or positional play. Overall,
this would help to better understand the processes behind successful re-entries
and significantly increase the explanatory power of the models. Furthermore,
the model’s performance could be further improved with a larger dataset, as
additional seasons would enable more stable patterns and more robust estimates.

7 Code Access

The code used in this project can be accessed here:
https://github.com/VincentRiem/LINHAC
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