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ABSTRACT
Previous studies have suggested that anticipatory eye movement is
important for success in dynamic interception tasks, such as ball
sports. However, there are few quantitative studies that explore the
connection between specific eye movement and successful ball in-
terception. In this study, we used a state-of-the-art motion-capture
and eye-tracking system to monitor the eye and body movements
of 91 individuals playing ping-pong against a wall. We analyzed
24 features related to eye movement and action, using nonlinear
machine learning models to understand the relationship between
these features and successful hits. Our key findings showed that the
accuracy and timing of anticipatory saccades to the ball’s bounce
points were crucial for success. Successful hits were characterized
by more precise, just-in-time anticipatory looks and longer dura-
tion of ball pursuit compared to unsuccessful hits. This quantitative
framework is the first step towards understanding how humans
plan their actions based on visual perception in realistic, dynamic
tasks.

CCS CONCEPTS
• Human-centered computing→ Empirical studies in interaction
design.
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1 INTRODUCTION
In highly dynamic tasks, human eyes actively anticipate upcom-
ing episodes to plan and execute actions at the right time. This
is especially evident in ball sports, where the timing of the hit is
critical [Land and Tatler 2009]. In a well-known study by Land
[Land and McLeod 2000], a cricket player makes an anticipatory
saccade to the ball’s bounce point and then pursues its trajectory
with their eye movement after the bounce, before hitting the ball. A
skilled player is distinguished from a less skilled one by their faster
latency in making such an anticipatory saccade. Similarly, Hay-
hoe [Hayhoe et al. 2005] discovered that when individuals catch a
bouncing ball, their eyes anticipate the bounce point and smoothly
track the ball. In the experiment, participants initially struggled to
follow the unexpectedly altered bounce pattern of a more elastic
ball, but their performance went back to normal after a few trials.
The same pattern of eye movement—anticipatory saccades to the
bounce points followed by the smooth pursuit of the ballis also ob-
served in more dynamic tasks such as squash [Hayhoe et al. 2012]
and table tennis [Land and Furneaux 1997]. Such anticipatory sac-
cade is likely driven by the players’ internal model or the learning
of sophisticated mapping between visually obtained variables and
motor responses [Diaz et al. 2013a,b; Hayhoe et al. 2005; Land and
Tatler 2009].

Despite the emphasis placed on the significance of anticipation
and pursuit in ball sports by many previous studies, there is still
a need to study how eye movement affects performance in in-
tercepting tasks. Numerous studies have explored eye movement
differences between skilled and less skilled players, but few have
examined successful and unsuccessful hits by the same players,
except a few [Cesqui et al. 2015]. Cesqui et al. [Cesqui et al. 2015]
examined successful and unsuccessful ball interception and found
that there was no clear pattern between eye movement patterns
and catching success, except for the fact that successful catchers
followed the ball for a longer time. However, since this previous
study examined a relatively simple task, it remains unclear whether
the lack of correlation between a player’s ability to hit the ball and
their eye movements applies to more complex tasks that are more
repetitive and demanding.

Our study addressed this gap using advanced tracking techniques
and machine learning analysis. We examined gaze and action fea-
tures contributing to success or failure in ball interception during a

Konstanzer Online-Publikations-System (KOPS) 
URL: http://nbn-resolving.de/urn:nbn:de:bsz:352-2-5a1ruq2dq0c5

https://orcid.org/0000-0002-7632-375X
https://orcid.org/0000-0003-4534-6630
https://doi.org/10.1145/3649902.3653007
https://creativecommons.org/licenses/by-sa/4.0/
https://creativecommons.org/licenses/by-sa/4.0/
https://doi.org/10.1145/3649902.3653007
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3649902.3653007&domain=pdf&date_stamp=2024-06-04


ETRA ’24, June 04–07, 2024, Glasgow, United Kingdom Prasetia Utama Putra and Fumihiro Kano

dynamic task involving hitting a ping-pong ball against a wall. Ca-
sual players were monitored usingmotion-capture and eye-tracking
systems. Our key finding revealed that a player’s success related
to the timing and precision of anticipatory saccades to the ball’s
bounce point, along with prolonged pursuit before hitting the ball.

2 RELATED WORKS
2.1 Interplay of gaze and action
Previous studies have shown that in tasks involving hitting, catch-
ing, and pointing, the eyes play a leading role in guiding the hand’s
movements [Belardinelli et al. 2016; Land and McLeod 2000; Mrotek
and Soechting 2007]. In fast-paced ball sports, visual strategies in-
clude anticipation, smooth pursuit, and fixation [Land and Tatler
2009].

Saccadic eye movements are commonly used by individuals to
adjust their gaze position to the desired location. These movements
can be anticipatory or corrective [Liversedge and Findlay 2000]. An-
ticipatory saccades occur when the eye moves ahead of a stimulus
and its expected location [Hayhoe et al. 2012]. Research suggests
a link between the ability to predict the future position of a ball
and players’ performance in sports like cricket [Land and McLeod
2000; Sarpeshkar et al. 2017], squash [Diaz et al. 2013a; Hayhoe
et al. 2012], and table tennis [Land and Furneaux 1997]. Skilled
cricket players were found to start their saccades earlier than non-
skilled players [Land and McLeod 2000]. However, a recent study
contradicted this and suggested that skilled players initiate their
predictive saccades later [Sarpeshkar et al. 2017].

On the other hand, corrective saccades are performed to correct
any errors in the initial eye movements that correspond to the
target [Orban de Xivry and Lefevre 2007]. In a virtual-reality tennis
environment, it was observed that players made corrective saccades
immediately after the ball bounced to realign their eyes with the
ball [Mann et al. 2019]. Whether the eyes need to catch up or “wait”
for the target determines the direction of these correction saccades,
which can be forward or backward, relative to the direction of the
ball.

While saccades bring the target into the visual field, fixations
and smooth pursuit movements are used to maintain a stable im-
age of the target on the fovea [Lisberger 2010; Rashbass 1961]. In
squash, a combination of smooth pursuit and catch-up saccades
was observed until shortly before individuals intercept the moving
ball [Diaz et al. 2013a,b; Hayhoe et al. 2012]. Previous studies have
found that features of smooth pursuits, such as pursuit gain, track-
ing quality, and duration, influence the timing and performance of
interception [Cesqui et al. 2015; Delle Monache et al. 2015; Fooken
and Spering 2020]. Participants in a Go/NoGo task who had higher
error tracking during smooth pursuit also had higher timing errors
when responding to the stimulus. In a task involving catching a ball,
individuals who pursued the ball for a longer duration had a higher
probability of successfully catching it [Cesqui et al. 2015]. Addi-
tionally, when aiming a ball for longer distances, it was observed
that individuals had more stable tracking of the non-moving target,
indicating successful shots. The duration of this stable tracking
increased with the difficulty of the shots [Williams et al. 2002].

2.2 SHAP-analysis
Previous studies have made assumptions about the linear relation-
ship between individuals’ gaze movement and their performance.
For example, skilled cricket players tend to initiate their predictive
saccade earlier or later [Land and McLeod 2000]. In binary condi-
tions, a log-linear assumption is used to understand the difference
in duration between players with higher and lower success rates in
catching a ball [Cesqui et al. 2015].

However, the assumption of a linear or log-linear relationship
in real-life tasks, such as a continuous ball interception task where
one episode influences the next, has inherent limitations. In such
scenarios, multicollinearity of input features is likely to be present.
This can lead to high variance in the estimated parameters, thereby
reducing the reliability of the results regarding the contributions
of input features [Lipovetsky and Conklin 2001].

One potential way to address this limitation is the use of Shapley
Additive Explanations (SHAP) analysis. SHAP-analysis is a method
used in the field of machine learning to interpret the contribution
of input feature on the output of predictive models based on SHAP-
value. The unique aspect of SHAP-analysis is its model-agnostic
nature, making it applicable to both linear models and more com-
plex non-linear models [Lundberg et al. 2020]. The usability of this
approach has been demonstrated through recent quantitative stud-
ies across various fields [Lipovetsky and Conklin 2001; Lundberg
et al. 2020]. For instance, XGBoost combined with SHAP-value has
been applied in predicting New Yorkers’ incomes based on socio-
economic factors [Bai et al. 2023] and assessing the likelihood of
autism symptoms in children through behavior phenotyping [Pero-
chon et al. 2023]. Furthermore, the integration of SHAP values with
LSTM has provided insights into both unrelated and dependent
data, such as in studies of guide RNA activity [Wang et al. 2019] and
enzyme sequences [Yu et al. 2023]. Due to the potential presence
of linearity, non-linearity and multicollinearity in data of real-life
interception task, we decided to use SHAP-analysis combined with
both linear and non-linear models.

3 METHOD
3.1 Experimental design
A total of 91 participants (36 female, 54 male, and one non-binary)
were recruited for the study. The average age of the participants
was 25.29 ± 7.09. All participants had no physical disorders, and
those with hyperopia or myopia used additional lenses on their
Tobii glasses. Five participants were members of a ping-pong club,
while the rest had minimal experience or played casually. The study
protocol was approved by the Ethics Committee of the University
of Konstanz (No.39/2022).

Participants were equipped with a motion capture suit, Tobii
glasses 3, and an ECG sensor during the experiments. The motion
capture system consists 13 Vicon Vero and 1 Vantage cameras.
These equipment components operated at different sampling rates:
100 Hz for the motion capture system, 50 Hz for the Tobii glasses,
and 1-2 Hz for the ECG sensor. To synchronize the systems, we
sent TTL signals to the glasses recording unit and triggered the
recording of ECG signals when the Vicon motion capture system
started recording.
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Figure 1: Experimental setup. A: A motion capture system and wearable eye tracker to track the body and eye movement of
participants, as well as the position of the table, wall, and racket. B: The dimensions of the table and wall employed during the
experiment.

In addition to tracking participants’ movements, we also mon-
itored the motion and position of the racket, ball, table, and wall
(Figure 1 A and Figure 1 B). To facilitate tracking, markers were
attached to the table, wall, and racket, and the ball was coated with
reflective powder. The racket had a height of 24.6 cm and a width
of 15 cm. The ball had a radius of 4.5 cm. The mass of the racket
was 142.2 grams, while the ball weighed 4.04 grams.

Participants took part in both singles and doubles sessions. We
provided detailed explanations of experiments and rules before
each session with videos and a document. All participants warmed
up for 1 to 2 minutes to familiarize themselves with the equipment
and the ball. To minimize bias, we randomized the order of the
sessions.

Exclusion criteria in this study included the norm score (the ratio
of successful outcomes to the total number of episodes) and the
percentage of gaze samples. Data from 9 participants were excluded
from further analysis since their norm score was less than 0.5 (they
failed to hit the ball most of the time) or gaze sampling less than
65%.

3.2 Data pre-processing
Before extracting features, a sanity check was conducted. This
involved comparing the number of data points to the recording du-
ration multiplied by the sampling rate. A data cleaning process was
also performed to ensure data validity and eliminate noise (Detail:
Supplementary Figure 1). In order to validate the synchronization
of the data, a manual double check was conducted. The frames
obtained from tracking were cross-referenced with the eye tracking
recording duration.After that, it was visually confirmed that the
time when the ball bounced on the wall aligned with the video
recorded using the eyeglasses. To match the sampling frequency of
body tracking data, the eye-movement data was up-sampled to 100
Hz using linear interpolation.

For the motion capture system, the data cleaning process in-
volved three main steps. Firstly, a Woltering filter with a mode of
MSE and a level of 20 was applied to themotion tracking data, which

was then exported to a CSV file. We then removed segments and tra-
jectories that had swapped markers. This was done by considering
the distance and velocity of the markers (see Supplementary 3 for
detail). Then, we interpolated any missing data. To emphasize the
trend, we smoothed the ball tracking data using a moving average
with a window of 3 frames.

3.3 Definition of saccades and ball pursuit
In this study, we utilized a modified version of Duchowski’s algo-
rithm [Duchowski et al. 2002] to detect saccades in the gaze data.
The modifications were made to ensure the algorithm matched our
data’s specific characteristics, as previous research indicated that
no single algorithm worked well in various experimental scenarios
[Andersson et al. 2017] (Detail of the eye-movement definition:
Supplementary Figure S2).

Saccades were detected by applying Duchnowski’s 5-tap filter ([0,
1, 2, 3, 2, 1, 0]) [Duchowski et al. 2002] to the instantaneous visual
angle of the two consecutive gaze-in-the-head vectors; saccades
were considered during periods when the filtered velocity exceeded
40°𝑠−1, and their onset and offset were defined by acceleration
exceeding 15°𝑠−1.

An anticipatory saccade (anticipatory look) was defined as a
saccade characterized by a movement pattern that aligns with the
ball’s trajectory and possesses the largest magnitude during that
phase. Saccades occurring after the anticipatory look were classi-
fied as correction saccades, whereas all remaining saccades were
identified as normal saccades.

In the gaze data, periods that are not related to saccadic move-
ments can be attributed to either fixation or smooth pursuit eye
movements. We defined ’ball pursuit’ as either fixation or smooth
pursuit on the ball. We did not differentiate smooth pursuit eye
movement from fixation because we assumed that the looming
effect (occurred in phase 3 after the ball bounced on the table) did
not require individuals to move their eyes in order to track the ball,
as the image of the ball became larger on their retina (Figure 2).
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Ball pursuit was defined based on two criteria. The first crite-
rion was that the gaze-in-the-head in visual space relative to the
ball should be smaller than 10°. The second criterion required the
velocity of the gaze-in-the-head vector to be higher than 30°, with
the velocity of the gaze vector over ball vector should range from
0.3 to 1.2. The duration of the ball pursuit needed to be at least 50
ms or longer.

3.4 Definition of eye movement and action
features

We used tracking results of gaze, body, racket, table, wall, and ball
to extract eye-movement, action, and impact features. For eye move-
ment features, the study focused on anticipatory look and correc-
tive saccade in phase 1 (p1) and phase 2 (p2), as well as ball pursuit
variables in phase 3 (p3). The anticipatory look features included
the onset, magnitude, and precision of AL, defined as pr_p1_al_on,
pr_p1_al_mag, and pr_p1_al_prec. The corrective saccade, pr_p1_cs,
was defined as the number of saccades succeeding the anticipatory
look. In phase 3, the eye movement features included the onset
of ball pursuit (pr_p3_fx_on), its duration (pr_p3_fx_du), and the
discrepancy in distance between the ball and gaze from the average
distance during ball pursuit (pr_p3_stable).

The action features included the start of the forward swing
(ec_start_fs), the distance between the ball and the racket when it
started (ec_fs_ball_racket_dist), the ratio of ball and racket speed
(ec_fs_ball_racket_ratio) during the forward swing, and the direc-
tion of the ball and racket (ec_fs_ball_racket_dir). To determine the
start of the forward swing, we measured the acceleration of the
distance between the racket and a wall segment.

The moment of impact was defined as the point at which partic-
ipants made contact with the ball using the racket. From this, we
extracted five features: the angle of collision (im_rb_ang_collision),
the force exerted by the racket (im_racket_force), the force exerted
by the ball (im_racket_ball), the distance of the ball from the center
of the racket and the wrist (im_rack_wrist_dist), and the distance
of the ball relative to the centroid of the racket (im_rb_dist). Ad-
ditionally, we measured the deviation of the individual bouncing
point position from the centroid of the bouncing point (bounc-
ing_point_to_cent).

3.5 Definition of episodes and phases
An episode (Figure 3) was defined as a sequence of phases that in-
cluded the impact of the racket with the ball, the bounce of the ball
on the wall, the bounce of the ball on the table, and the subsequent
impact of the racket with the ball. Any individual action that com-
prised these sequences of phases was classified as a successful hit,
while any action that did not complete the sequence was classified
as a failure hit. Within one episode, three phases (Figure 3) could
be identified. Phase one (p1) started from the initial impact until
the first contact of the ball with the wall. The second phase (p2)
encompassed the period between the first bounce and the second
bounce of the ball on the table. Lastly, the third phase (p3) extended
from the second bounce to the subsequent impact.

3.6 SHAP-analysis with linear, nonlinear, and
sequential models

We analyzed the impact of features on hit rates using linear and
nonlinear models. Missing values were filled in using the K-Nearest
Neighbors imputer [Troyanskaya et al. 2001], except with XGBoost
that could handle NaN missing values. All models’ hyperparameter
values were optimized using grid-search. The imbalanced propor-
tion between unsuccessful (6.4%) and successful (93.3%) classes was
addressed by adjusting the weight of each class during training. The
Logistic regression model performed best with L1-regularization.
At a max-depth of 10, the tree-bagging model achieved its peak ac-
curacy. The XGBoost model performed best with a max-depth of 5.
To capture the sequential nature of the input features, a Long Short
Term Memory (LSTM) was utilized [Hochreiter and Schmidhuber
1997] and trained with PolyFocal loss [Leng et al. 2022] to handle
class imbalance. The inputs of LSTM were a sequence of features
from 𝑛 number of consecutive episodes. We evaluated the perfor-
mance of our model using multiple metrics, including balanced
accuracy (ACC), Matthew Correlation Coefficient (MCC), and Geo-
metric Mean Score (G-MEAN). To ensure a robust evaluation, we
carried out five-fold subject-cross-validation, considering the skill
levels of the individuals. We performed a five-fold subject-cross-
validation twice for LSTM to ensure the stability of its performance.

To evaluate the contribution of each feature on the model’s
prediction, SHAP values were utilized: TreeShap with interven-
tional feature perturbation (number of background sample was 500)
[Lundberg et al. 2018] for XGBoost and GradientShap [Lundberg
and Lee 2017] for LSTM. The confidence level was calculated by
taking the dot product of baseline SHAP-value from each fold with
the value obtained through bagging (“comparison” SHAP-value).
In each fold, a model was first trained and the baseline SHAP-value
was calculated using the test data. Then, a subset of the training
data was selected, and the model was retrained from scratch. The
“comparison” SHAP-value was then computed using the test data.
A confidence level greater than 0 indicates that the SHAP-value
results are robust.

4 RESULTS
4.1 Linear and non-linear models
Comparison between linear and non-linear models revealed that
XGBoost outperformed both Bagging and Logistic regression in
accurately determiningwhether a hit is considered optimal (success)
or not (failure) (Tabel1). XGBoost achieved a 2% higher accuracy
rate compared to the other algorithms, as well as a 0.09 higher
MCC score than Logistic regression. These results indicate that the
relationship between the features and outcomes is better modeled
as a non-linear problem rather than a linear one.

To analyze the contribution of each feature to the outcome, we
used SHAP values (confidence level equals to .85± .12; Detail: Figure
4). The average of the absolute SHAP values (Figure 4) showed that
eye-movement-related features had a smaller effect compared to
impact and action features. The feature with the highest SHAP-
value was the steadiness of the pursuit of the ball (p3_stable). On
the other hand, the duration and onset of ball pursuit had a lower
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Figure 2: Gaze and ball vector in the visual field (all figures were generated using the same data). A: The elevation of gaze and
ball vector in the visual field. B: The velocity of gaze vector in phase 1, 2, and 3. C: Each segment of gaze vector is labeled with
a type of eye movement episode.

Table 1: The balanced accuracy (ACC), Matthew Correlation Coefficient (MCC), and Geometric Mean Score (G-MEAN) of linear
(Logistic regression), nonlinear (Bagging and XGBoost), and sequential (LSTM) models. Important inputs excluded p1_al, p2_al,
and p3_fx since those features showed no contribution to the final outcome of the model.

Model Inputs ACC MCC G-MEAN
Logistic (L1-regularization) All-features 78.20 0.31 0.78
Bagging (DecisionTree-25 depth) - 77.79 0.36 0.77
Xgboost (5-depth) - 80.60 0.40 0.80
LSTM (3-sequence-length) - 79.88 0.57 0.78
Xgboost (5-depth) Important 80.50 0.40 0.80
LSTM (3-sequence-length) - 80.78 0.56 0.80

Phase 1(p1)

Phase 2(p2)

Phase 3(p3)

Ball

Figure 3: Three phases defined an episode.

contribution to the final outcome. Additionally, whether the subject
performed ball pursuit or not had almost no effect on the outcome.

In all phases, eye-movement features contributed to the success
of a hit in all phases (Figure 5). However, the specific contributions
of these features varied across each phase. In phase 1, an earlier
onset of anticipatory look had a negative effect on the final out-
come. In phase 2, an earlier onset showed a positive correlation.

Additionally, the smaller magnitude in phase 1 had a positive linear
relationship with the SHAP-value, while in phase 2, it had a non-
linear correlation. However, the precision of anticipatory look in
both phases showed a positive relationship with the SHAP-value.
Moreover, the model’s accuracy in predicting successful and unsuc-
cessful hits was not significantly influenced by whether individuals
performed anticipatory look in phase 1 and 2, and ball pursuit in
phase 3.

4.2 Sequential model
The use of LSTM improved the performance of classifying the
episodes. Although the balance accuracy and G-MEAN score did not
change significantly, the MCC score increased by 0.16. The model’s
performance might have improved because of the balanced class
proportion achieved during the striding process. However, upon
examination, it was discovered that the class proportion remained
imbalanced, with a success rate of 94.5% and an unsuccessful rate
of 5.4%.

When using LSTM for data modeling, it’s important to consider
that the significance of input features at a specific time step can
be influenced by preceding input data. This can lead to varying
correlation trends between the SHAP-value of LSTM and the fea-
tures. Our results showed a less clear correlation of the precision of
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anticipatory look in phase 1 and the onset of ball pursuit in phase
3 at episode 𝑡 − 2 and 𝑡 − 1, as well as the magnitude of anticipa-
tory look in phase 2 at episode 𝑡 . However, the correlation of other
eye-movement features, such as the precision of anticipatory look
in phase 2 and the stability of ball pursuit in phase 3, remained
consistent over time and exhibited a similar trend to the correla-
tion between XGboost’s SHAP-value (Figure 4) and eye-movement
features.

Additionally, it is worth noting that compared to XGboost’s
SHAP-value (Figure 4), the confidence level of LSTM’s SHAP-value
(Figure 6) was lower. This result is likely caused by the stochas-
tic process involved in training the LSTM and the change of data
variance during bagging in computing the confidence level [Gaw-
likowski et al. 2021].

5 DISCUSSION AND CONCLUSION
This study examined how eye movement (gaze) and action (hand
and racket) features are related to the success rate of hitting a ball
in a dynamic and repetitive task. We analyzed 24 features related
to hand, racket, and eye movements affecting ball trajectories. Im-
portantly, while the outcome of the task can be affected by both
the performance of individuals within the task and individual dif-
ferences in skill levels, we addressed this issue through subject
cross-validation.

We conducted comparisons between linear (Logistic Regression)
and nonlinear (Bagging and XGBoost) models, as well as between
sequential (LSTM) and nonsequential (XGBoost) models. Results
revealed that the nonlinear models outperformed the linear models,
and the sequential model outperformed the nonsequential model,
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in terms of accuracy in predicting the success rate (Tabel1). These
outcomes highlight the task’s nonlinear and sequential characteris-
tics.

To understand how each feature contributes to predicting the
success rate, we analyzed SHAP values in both sequential (LSTM)
and non-sequential (XGBoost) models. Not surprisingly, the action
(hand and racket) features showed strong contributions to both
models’ predictions (Figure 4 and 5), while the eye movement (gaze)
features had weaker overall contributions. Additionally, the contri-
butions of eye movement features varied between sequential and
non-sequential models (Figure 6). However, we observed consistent
correlations between each eye movement feature and SHAP values
across both sequential and non-sequential models, with confidence
levels indicating moderate to high robustness of the results (Figure
4 and 6). Nonetheless, by examining the magnitudes and confidence
levels of the SHAP values, we could identify that certain eye move-
ment features were less related to the task performances (e.g., the
occurrence of anticipatory look during phase 1 and phase 2, the
magnitude of anticipatory look during phase 2, the timing and oc-
currence of ball pursuit in phase 3). The task-related eye movement
features are: 1) timing and precision of anticipatory saccades and
the number of corrective saccades during phase 1; 2) timing and
precision of anticipatory saccades during phase 2, as well as the

number of corrective saccades; 3) duration, and stability of ball
pursuit in phase 3.

More specifically, in phase 1, the anticipatory saccades started
later after the racket hit the ball in successful episodes. Second, the
anticipatory saccades were more accurate, and fewer corrective
saccades were made in successful episodes compared to failure
episodes.

In phase 2, the optimal timings for anticipatory saccades in suc-
cessful episodes occurred 100-200 ms after the ball bounced off
the wall, compared to those in failed episodes. Additionally, these
anticipatory saccades were more accurate. In contrast to phase 1,
there were more corrective saccades in successful episodes com-
pared to failure episodes in phase 2. Finally, in phase 3, successful
episodes were characterized by greater stability in tracking the ball
trajectory and a longer duration of ball pursuit, compared to failure
episodes.

Our quantitative results, based on the contributions of eye move-
ment features to success and failure, can be interpreted in line with
previous findings. Specifically, previous studies have suggested that
anticipatory looks after the ball hits reflect the participants’ expec-
tations about their strokes [Land and Furneaux 1997]. Thus, one
possible interpretation of our observation during phase 1 is that
participants’ improved stroke expectations enhanced participants’
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Figure 6: Features contribution using LSTMmodel from each time to the final outcome. The current episode is denoted as 𝑡 ,
while the preceding episodes are denoted as 𝑡 − 1 and 𝑡 − 2. Across time, the onset of ball pursuit in phase 3 had low confidence,
highlighted in grey.

precision and efficiency in their anticipatory gaze. As participants
become more certain about controlling their strokes, they can fixate
their gaze on an intended location and wait to perform an antici-
patory saccade. This may have led to a lower magnitude and later
initiation of anticipatory gaze, as well as fewer corrective saccades.

Our observations during phase 2 are consistent with previous
studies demonstrating that participants could make accurate an-
ticipatory looks at the bouncing point at the right timings in ball
intersection task [Diaz et al. 2013a,b; Hayhoe et al. 2012; Land and
McLeod 2000]. During phase 2, the participants’ anticipatory gazes
were likely influenced by the visual characteristics of the ball, as
it bounced off the wall, rather than by their expectations about
their strokes from phase 1. Consequently, while we observed that a
higher number of corrective saccades correlated either negatively
or positively with participant performance in phases 1 and 2 respec-
tively, the negative correlation in phase 1 might suggest a failure
in forming stroke expectations, whereas the positive correlation in
phase 2 could be attributed to anticipating the ball’s trajectory.

Our observations in phase 3, characterized by longer and more
stable ball pursuit, may be linked to successful anticipation in
phase 2. Additionally, these findings align with previous research
in aiming sports such as basketball shooting and billiards, where
a phenomenon known as the ‘quiet eye’—a prolonged fixation on
a target—has been shown to improve success rates [Vickers 1996;
Williams et al. 2002].

One of the main limitations of this study is the difficulty in
establishing a causal relationship between eye-movement and the
final outcome of an action. While a combination of SHAP-analysis
and prediction models like XGBoost can help us understand how
each feature contributes to the outcome, they cannot determine
how manipulating input features will directly cause a change in

the outcome [Moraffah et al. 2020]. To investigate this, controlled
experiments are necessary, which consider confounding variables,
and use causal inference models to model the relationship between
inputs and outcomes.

In conclusion, this study utilized a motion capture system and
wearable eye-tracking technology to evaluate individuals’ eye-
movement and interception skills in dynamic tasks. We introduced
a quantitative analysis framework accompanied by a comprehen-
sive dataset. We used SHAP-analysis to show how eye movement
and action features significantly influence the outcomes of dynamic
tasks. Our results revealed that participants’ performances are most
accurately described by nonlinear and sequential models. The va-
lidity of our analysis is supported by its consistency with previous
studies, particularly regarding the characteristics of anticipatory
looks at the ball’s bouncing points. Overall, our research lays the
groundwork for a holistic approach to understanding how humans
strategize and plan their actions based on visual eye-movement in
realistic, dynamic settings.
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