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Abstract
The ability to predict the outcome of others' actions is a fundamental skill that relies on action-
perception coupling. However, our understanding of the role of factors such as kinematics and the
appearance of effectors in this process is limited. The present study sought to investigate the respective
contributions of kinematics and visual appearance of the effectors to action prediction. To this end,
healthy participants were asked to estimate the time-to-contact between a human hand and objects
exhibiting either biological or non-biological kinematics, under two visual conditions: occlusion (i.e. the
final 50% of the action trajectory was occluded) and full vision. We found that prediction accuracy was
higher for biological kinematics (independent of effector appearance) and was insensitive to visual
condition, unlike for non-biological kinematics. Conversely, participants' responses were less variable for
human biological kinematics, particularly in the occlusion condition. In contrast, responses were less
variable for non-biological kinematics in the full vision condition. Furthermore, biological kinematics
applied to a moving object exhibited higher variability in both visual conditions. These findings therefore
reveal that biological kinematics are essential for accurate outcome prediction, whereas response
variability depends on the interaction between motion kinematics and effector appearance.

Introduction
The capacity to predict the outcomes of others' actions is a prerequisite for effective social interaction
and adaptive behaviour. Accurate prediction enables individuals to foresee the consequences of
observed movements despite sensory delays and transient sensory impairments (Urgen and Saygin,
2020). A seminal account posits that action prediction relies on action-perception coupling, whereby
observed movements are matched with their corresponding motor representations in the observer’s
brain through the involvement of internal models of action (Wolpert and Flanagan, 2001).

Indeed, an inverse internal model would enable the mapping of action observation onto its motor
counterpart (Erlhagen, 2003). This would permit a comparison of the kinematic features extracted in
visual input with an endogenous knowledge of the observed motion kinematic (Hilt et al., 2026). Such a
processing likely relies on the elaboration of an efference copy within the observer’s motor system,
which would then be used to predict the outcomes of the observed action through a forward internal
model (Miall, 2003). The interaction between inverse and forward internal models would permit an
implicit process of motor simulation when an observer tries to predict the future states of an observed
action (Grush, 2004; Jeannerod, 2006).

The proposal of an action-perception coupling involvement to action prediction is substantiated by a
series of behavioural evidences (Craighero et al., 2008; de Assis Chagas et al., 2021; Graf et al., 2007; Hilt
et al., 2026; Saunier et al., 2021, 2008; Stapel et al., 2012). For instance, Saunier et al. (2008; 2021)
demonstrated that the estimate of the final position of a unique point-light dot depicting a complex body
trajectory and occluded in its final part was dependent on the motion kinematic features. In a recent
study, Saunier et al. (2023) observed that participants could accurately predict the time-to-contact
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between the observed hand and an object during a reaching-to-grasping action even if the final part of
the action was occluded (see also Craighero et al., 2008). Recently, Hilt et al. (2026) demonstrated, using
an inference paradigm, that prediction in action observation involves a dynamic process. This process
allows internal forward predictions to be updated throughout a continuous comparison between
observed kinematics and the implicit knowledge of their internal counterparts. In addition to these
behavioural evidences, neurophysiological studies have demonstrated that the mere observation of
human actions is sufficient to engage the sensorimotor system, as well as visual areas, in order to infer
its outcomes (Abreu et al., 2012; Rangel et al., 2021). The premotor cortex, the parietal lobule, the
superior temporal sulcus plus the cerebellum comprise such a broad network (Calvo-Merino et al., 2006;
Gazzola and Keysers, 2009; Urgen and Saygin, 2020). This network promotes a functional mapping of
the visual input to the corresponding motor representations (Giorello and Sinigaglia, 2007).

Nonetheless, studies investigating the interaction between kinematic features and the appearance of the
effector in order to predict the consequences of observed actions remain sparse. For instance, Stadler et
al. (2012) utilised a classical point-light display of biological motion (Johansson, 1973) in a task
involving predicting the coherent continuity of actions after a brief period of occlusion. The authors
demonstrated that participants were more sensitive to human velocity profiles than artificial ones when
solving the task (Stadler et al., 2012). However, when an ecological visual scene was employed, the
appearance of the observed agents interfered with the judgements about action continuity after a
transient occlusion (Saygin and Stadler, 2012). Therefore, the specific influence of appearance and
kinematics on the accurate prediction of upcoming actions remains unclear. Acknowledging the
interaction between kinematics and effector appearance is particularly relevant given the increasing
prevalence of human interaction with animated objects in their daily life. Indeed, many domains of
sensorimotor optimisation currently rely on technologies using artificial agents and/or virtual objects –
e.g. sport training and sensorimotor rehabilitation (Payedimarri et al., 2022; Witte et al., 2025); as such, a
better interactions comprehension of the underlying sensorimotor mechanisms will enable to improve
these methodologies and their translational applications.

In the present study, we sought to disentangle the respective contributions of kinematic features and
stimulus appearance using an action prediction paradigm. This paradigm involved estimating the time-
to-contact (TTC) between the hand and an object when the final part of the effector’s trajectory was
occluded. The hand followed a biological velocity profile, whereas the moving object could be displaced
according to a biological or non-biological (i.e., constant velocity) velocity profile. Thus, if action
prediction mainly relies on kinematics, biological motion should produce higher accuracy of TTC
prediction regardless of the effector’s appearance. Otherwise, if action prediction mainly relies on the
effector’s appearance, the moving object should produce similar TTC prediction regardless of kinematic
features. On other hand, if both factors interact (kinematic and effector’s appearance), the human
condition should produce the most accurate TTC predictions.

Materials and Methods
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Participants
Thirty-one undergraduate students (22 females; mean age 24.1 ± 3.7 years) from the Federal University
of the Pará (Brazil) participated in this study. All subjects exhibited normal or corrected visual acuity, had
no history of any psychiatric or neurological impairment and were right-handed according to short online
version of the Edinburg Handedness Inventory (https://www.brainmapping.org/shared/Edinburgh.php;
Oldfield, 1971). The participants were naïve with regard to the objectives and hypotheses of the study.
They gave their informed consent before the beginning of the experiment, which was carried out in
accordance with the ethical standards of the Declaration of Helsinki (World Medical Association, 2013).
The local ethical committee approved the procedures (CAAE: 64960417.8.0000.5147).

Apparatus and stimuli
The stimuli comprised four videos (resolution: 640 x 480 pixels; 30 frames/s) depicting either a left hand
reaching-to-grasp an object or the object moving towards a static hand until contact was made. All
stimuli were displayed on a 21” colour flat screen (black background, resolution 1024 x 768 pixels with a
refresh rate of 60 Hz) connected to a PC (Presentation, Neurobehavioral Systems, Inc.). The hand motion
followed a biological kinematic while the objects (a ball, a cube, a cup, or a car toy) could move in
accordance with either biological or non-biological kinematic features. Accordingly, the stimuli were
categorised as follows: Hand Motion (HM) - hand reaching-to-grasp an object; Biological Object (BO) -
object moving towards the hand according to the biological kinematic of horizontal movement, where
the acceleration time is equal to the deceleration time (i.e., the time to peak velocity ≈ 50% of the
movement time; Gentili et al., 2007); and Non-Biological Object (NBO) - object moving towards the hand
at constant velocity (i.e., ≈ the mean of BO velocities). For all motions, two visual conditions were
displayed: an occlusion condition where the 50% of the final motion trajectory was hidden by a black
rectangle, or a full vision condition of the visual scene. The stimuli were created using Adobe Premiere
Pro software (Adobe, Inc). All videos were presented in sagittal view with the movement of the hand or
object from left to right.

Procedure and design
Each participant sat at a comfortable viewing distance (≈ 60 cm) from the screen in a dimly lit room.
Their task was to predict the time-to-contact (TTC) between the hand and the object in both visual
contexts (occlusion and full vision) by pressing the space bar on the keyboard. The experiment
comprised four blocks of twenty-four repetitions each (HM vs. BO and HM vs. NBO), always initiated by
the two occluded blocks. The trials were pseudo-randomised within each block. One group of
participants initiated the occlusion and full vision blocks with HM and BO, while the second group
initiated the occlusion and full vision blocks with HM and NBO. To familiarise themselves with the
experimental design, the subjects participated in a practice session. This session comprised four
occluded trials (prior to the occlusion block) and four full-vision trials (before the full vision block) for
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each condition (HM, BO and NBO). The objects used in the practice session were different to those used
in the experimental session. Each trial began with a fixation cross appearing in the centre of the screen
for a duration of 500 ms. This was followed by the presentation of the video. To indicate the effector (i.e.,
hand or object), a red arrow appeared above it for 500 ms prior to the initiation of motion. Each video
was repeated three times within each block, for a total of twelve repetitions for each condition (4 videos
x 3 trials). The participant had until 1500 ms to respond following the presentation of the video, with the
subsequent trial commencing immediately thereafter (Fig. 1).

Figure 1 Experimental design. A. From top to bottom, an example of video sequence for each kinematic
feature (i.e., hand motion (HM), biological object (BO) and non-biological object (NBO)) for both visual
conditions (occlusion and full vision). The transparent rectangles represent the occluded part of the
video. In the experiment, a black rectangle was used to provide a complete occlusion. The abscissa axis
expresses the action timing as a the percentage of their total duration (i.e., normalised time). B. Timeline
of the experiment with four successive blocks. The first two blocks were occlusion blocks, and the last
two were full vision blocks. The sequence of blocks (i.e., black or red) was randomised between the
participants.

A question was presented ("What object appeared in the previous video?") after six successive trials to
control the subjects’ attention. They were instructed to respond as fast as possible, and the number of
wrong responses were recorded by the experimenter.

Data analysis

Kinematic analysis
A kinematic analysis of the different effectors was performed using a semi-automatic visual tracking
(Kinovea software vers. 2025.2; https://www.kinovea.org). The x and y coordinates of the effectors were
extracted. These coordinates were filtered with a second-order Butterworth low pass filter at 5 Hz. The
wrist trajectory and tangential velocity profile were analysed for the human motion (HM; Fig. 2A).
Displacement of the centre of the object and its tangential velocity profile were analysed for both the
biological (Fig. 2B) and the non-biological (Fig. 2C) objects.

Figure 2 Kinematic features of effectors. The solid lines of the left panel and right panel represent,
respectively, the mean of effector trajectory and tangential velocity profile (A. wrist for HM; B. and C.
centre of the object for BO and NBO). The shadow areas represent the standard deviation. The time was
normalised as the percentage of action duration for the tangential velocity profile.

The following parameters were computed: mean velocity (px/s), motion duration (ms) and displacement
(pixels); peak velocity value (px/s) and time to peak velocity (TPV, expressed as a percentage of the
acceleration time divided by the action duration), for HM and BO only (Table 1).
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Table 1
Kinematic features (mean ± standard deviation) human motion (HM), biological object (BO) and non-

biological object (NBO)
Kinematic parameters HM BO NBO Statistical

results

Time to peak velocity
(%)

47.73 (± 5.04) 50.25 (± 2.39)   p > 0.05

Peak velocity (px/s) 586.11 (± 
58.45)

503.56 (± 
73.27)

  p > 0.05

Mean velocity (px/s) 313,83 (± 
16.78)

218.93 (± 
12.98)

167.77 (± 
12.73)

p < 0.01

Motion duration (ms) 1250 (± 88.2) 1058.3 (± 50) 1216.7 (± 
110.6)

p < 0.05

Distance (px) 375.83 (± 
18.33)

231.72 (± 4.71) 233.87 (± 5.6) p < 0.05

A Kruskal–Wallis test was conducted to compare the kinematic parameters of mean velocity, motion
duration and distance, followed by a Dunn’s post hoc comparison with a Holm correction when p < 0.05.
A Mann-Whitney test was conducted for the peak velocity and TPV values, with a significant threshold of
p < 0.05. Notably, no statistical significance was observed between the TPV of HM (47.73 ± 5.04%) and
BO (50.25 ± 2.39%), both of which reached ≈ 50% (U = 10, p > 0.05, rrb =−0.25). Peak velocity values also
did not differ significantly (U = 1, p > 0.05, rrb = 0.875) between HM (586.11 ± 58.45px/s) and BO (503.56 

± 73.27px/s). However, the mean velocity was found to have a significant effect (H (2) = 9.85, p < 0.01, η2

= 0.87; Kruskal-Wallis test), with a lower mean velocity observed for NBO than for HM (p < 0.01, rrb =−1).

A distance effect was also observed (H (2) = 8.346, p < 0.05, η2 = 0.705; Kruskal-Wallis test), as the HM
path was longer than the BO path (p < 0.05). Finally, the motion duration showed a significant difference
(H (2) = 6.851, p < 0.05, η2 = 0.539; Kruskal-Wallis test), with a shorter duration observed for BO than HM
(p < 0.05).

Time-to-Contact predictions
The accuracy of the TTC prediction was calculated for each trial as the difference in milliseconds
between the participant’s response time and the real TTC (constant error, CE). Regarding the hand
motion, the real TTC was defined as the initial contact between the object and the manual thumb-index
finger pinch. With regard to the object motion, the real TTC was defined as the first contact between the
object and the third finger. Furthermore, the variability of participants’ responses is expressed as the
mean standard deviation (VE: variable error). Erroneous recordings, such as those resulting from
multiple keyboard taps, and participants’ responses that exceeded two standard deviations above or
below the group mean for each experimental condition, were discarded in the final statistical analysis.
Moreover, participants who had undergone more than four trials discarded were excluded from the final
analysis. Consequently, the results of two participants (S13 and S23) were excluded. For the remaining
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participants, 1.7% of repetitions were excluded for HM block 1 (occlusion: 1.7%; full vision: 1.7%), 1.4% of
repetitions for HM block 2 (occlusion: 0.9%; full vision: 2%), 4.2% of repetitions for BO (occlusion: 2.6%;
full vision: 5.7%) and 5% of repetitions for NBO (occlusion: 6.6%; full vision: 3.4%). The CE and VE dataset
was found to be normally distributed (p > 0.05, Shapiro-Wilk test). No statistically significant differences
were observed between the first and second blocks for the hand motion condition in the two visual
conditions (t (28) = 0.506, p > 0.05 and t (28) = -1.957, p > 0.05 for the occlusion and full vision
conditions, respectively). Furthermore, no learning intra-block effect was observed for any of the
experimental conditions when comparing the mean of the first three trials with the mean of the last three
(HM1 occlusion: t (28) = -0.608, p > 0.05; HM2 occlusion: t (28) = -0.567, p > 0.05; BO occlusion: t (28) =
-1.118, p > 0.05; NBO occlusion: t (28) = -0.882, p > 0.05; HM1 full-vision: t (28) = -1.838, p > 0.05; HM2
full-vision: t (28) = -1.705; p > 0.05; BO full-vision: t (28) = -1.893, p > 0.05 and NBO full-vision: t (28) = 
1.811, p > 0.05). Accordingly, the mean of the two HM blocks was utilised for subsequent analysis. The
participants’ CE and VE were compared using a repeated-measures ANOVA with the following factors:
visual conditions (occlusion vs. full vision) and kinematics (HM, BO and NBO). The significance level was
set to p < 0.05, and the Holm method was applied where significant effects were observed. A
Greenhouse-Geisser correction was applied when the sphericity of the data was not respected
(Mauchly’s test, p < 0.05). Moreover, a multinomial logistic regression model (leave-one-subject-out,
LOSO) was utilised to verify the predictability of kinematics from behavioural data. To avoid inflating
classification accuracy due to within-subject dependencies, a LOSO cross-validation procedure was
carried out. In each fold, all observations from one participant were excluded from model fitting and
used exclusively for testing. This approach evaluates the model’s ability to generalise to unseen
participants. Finally, the attentional task was analysed using a t-test. No significant differences in
attention were observed between the two kinematic blocks (HM vs. BO and HM vs. NBO; t = 0.178; df = 
77; p > 0.05). Similar attentional results were observed when the visual conditions were compared
(occlusion vs. full vision: t = 0.297; df = 77; p > 0.05). All statistical analyses were carried out using JASP
(JASP, 2022) and R (R Core Team, 2021) software environments.

Results

Constant Error
The study revealed that neither visual condition had a statistically significant effect (F (1, 28) = 0.83, p > 
0.05, �2G = 0.006). Therefore, participants' accuracy was not dependent on the available visual
information, since the accuracy of the occlusion condition was 110.98 ms (SE: ± 41.09) compared to
89.38 ms (SE: ± 30.76) for full vision condition (p > 0.05, Cohen’s dz = 0.147). However, a significant
kinematic effect was found (F(1.597, 44.70) = 144.66, p < 0.001, �2G = 0.459) due to the discrepancy
between the NBO kinematic (287.71 ms (SE: ± 25.00)) and both the HM (20.23 ms (SE: ± 25.01); p < 
0.001, Cohen’s dz = -1.82) and BO kinematic (-7.40 ms (SE: ± 31.38); p < 0.001, Cohen’s dz = -2.008;
Fig. 3A). It is noteworthy that no statistically significant differences were observed between the HM and
BO kinematics (p > 0.05, Cohen’s dz = 0.188). Finally, an interaction between visual conditions and
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kinematics was observed (F(1.987, 55.628) = 7.26, p < 0.01, �2G = 0.012). In both visual conditions
(occlusion and full vision), prediction accuracy for biological kinematics differed significantly from that
for non-biological kinematics (HM_occ vs NBO_occ, p < 0.001, Cohen’s dz = -2.067; BO_occ vs NBO_occ,
p < 0.001, Cohen’s dz = -2.222; HM_fv vs NBO_fv, p < 0.001, Cohen’s dz = -1.572; BO_fv vs NBO_fv, p < 
0.001, Cohen’s dz = -1.794). However, no significant difference was found between biological kinematics
(HM_occ vs BO_occ, p > 0.05, Cohen’s dz = 0.155; HM_fv vs BO_fv, p > 0.05, Cohen’s dz = 0.12).
Interestingly, the visual condition significantly impacted the accuracy of CE, but only for non-biological
kinematics (p < 0.05, Cohen’s dz = 0.455; Fig. 3B). Indeed, the accuracy for non-biological kinematics was
higher in the full vision condition (254.29 ms (SE: ± 16.28)) than in the occlusion condition (321.12 ms
(SE: ± 30.45)).

Furthermore, in the context of non-biological kinematics, participants demonstrated a reactive rather
than a predictive response. This assertion is substantiated by the mean CE, which exceeded 200
milliseconds, aligning with a simple reaction times of around 200ms (for a review see Silverman, 2010).

Variable Error
The VE of the participants depended on the visual conditions (F(1, 28) = 76.282, p < 0.001, �2G = 0.284).
Indeed, participants demonstrated reduced variability when reaching to grasp an object with complete
visual information (88.61 ms (SE: ± 6.62)) compared to the occluded condition (128.20 ms (SE: ± 8.06);
p < 0.001, Cohen’s dz = 1.239).

Furthermore, a significant kinematic effect on VE was identified (F(1.971, 55.194) = 63.652, p < 0.001,
�2G = 0.275). The VE results of BO kinematics (135.55 ms (SE: ± 7.52)) differed significantly from those
of HM (91.70 ms (SE: ± 4.99); p < 0.001, Cohen’s dz = -1.372) and NBO kinematics (97.96 ms (SE: ± 8.44);
p < 0.001, Cohen’s dz = 1.176). No significant discrepancy was observed between the HM and NBO
outcomes (p = 0.125, Cohen’s dz = -0.196). Finally, the VE results revealed an interaction between visual
conditions and kinematics (F(1.707, 47.798) = 6.92, p < 0.01, �2G = 0.067). Therefore, kinematics differed
within each visual condition, such as occlusion (HM: 102.19 ms (SE: ± 5.74); BO: 153.58 ms (SE: ± 7.66);
NBO: 128.83 ms (SE: ± 7.79)) and full vision (HM: 81.21 ms (SE: ± 3.15); BO: 117.53 ms (SE: ± 5.75);
NBO: 67.09 ms (SE: ± 4.02); Fig. 4A). Furthermore, each kinematic interfered with the VE depending on
the visual condition, since the occlusion condition of each kinematic demonstrated higher variability in
participants’ responses when compared to the full vision condition of the same kinematic (HM occ vs.
HM fv, p < 0.01; BO occ vs. BO fv, p < 0.001; NBO occ vs. NBO fv, p < 0.001; Fig. 4B).

Probability results – LOSO model
To complement the previous results, a LOSO model was performed on constant error data to evaluate
whether the kinematics could be discriminated from behavioural data (Fig. 5). Non-biological kinematics
were classified above chance level (0.33) and were clearly discriminated in both occlusion (0.76; p < 
0.001) and full vision (0.93; p < 0.001) conditions. Similar results were observed for biological object
kinematics (0.69; p < 0.001, for both occlusion and full vision conditions).
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For the hand motion, the model was unable to correctly discriminate it to biological object kinematics
from the behavioural data. These results confirm that the key factor in accurately predicting the
outcomes of an action is the motion kinematics (biological and non-biological), rather than the
appearance of the effector.

Discussion
The present study sought to investigate the respective contributions of kinematics and visual
appearance of effector to action prediction. Our results suggest that prediction accuracy is primarily
driven by the kinematic features of the motion, regardless of the effector appearance. However, the
response variability depended on an interaction between movement kinematics and effector
appearance. Indeed, the consistency of these predictions appears to be determined by their congruence.

Accuracy of action prediction
The present findings support to the hypothesis that the temporal accuracy of action prediction relies on
implicit motor knowledge. This knowledge is then compared to the spatio-temporal features of the visual
input (Craighero et al., 2008; Saunier et al., 2023; Stapel et al., 2012), through the recruitment of internal
models of action (Miall, 2003). Participants demonstrated a higher accuracy in their TTC estimates when
the effector moved according to biological rather than non-biological kinematics. Furthermore, occluding
the final part of the effector’s trajectory did not affect prediction accuracy when the motion followed
biological kinematics. It is therefore proposed that the matching of implicit motor knowledge (i.e.
internal kinematic representations) with the kinematics extracted from visual input compensates for the
loss of visual information during action observation. Sensorimotor predictions processed by forward
internal models of action (Hilt et al., 2026), would compensate for transient loss of sensory input. This
result aligns with the extensive literature on the predictive capabilities of the sensorimotor system in
motion inference tasks (Pozzo et al., 2006; Saunier et al., 2021, 2015, 2008).

Nonetheless, in scenarios where there was a discrepancy between the visual input and internal
representations of biological kinematics, participants tend to rely on reactive rather than predictive
processing. Indeed, the participants exhibited a constant error exceeding 200 milliseconds under non-
biological conditions. This delay is consistent with reaction times reported in visuomotor tasks
(Silverman, 2010). Unlike to biological motion, the availability of visual information significantly impacted
the accuracy of predictions for non-biological motion. Participants demonstrated a greater accuracy
when they had a full vision of the non-biological action. However, despite the entire availability of the
visual information, participants continued to exhibit a behavioural pattern consistent with reactive
processing. We propose that the non-biological kinematics from the visual input, combined with the
implicit knowledge of biological kinematics rules, would introduce a conflict that affects the ability to
elaborate an accurate prediction of the action outcome.
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Additionally, the impact of the movement's trajectory on the action prediction accuracy was examined. If
TTC estimates depended on the simplicity of the motion’s trajectory – defined as a straight horizontal
path without a change of direction – it would be expected that more complex movements involving a
change of direction would be less accurate. However, our results did not support to this hypothesis.
Despite the hand’s complex trajectory involving horizontal and vertical displacements (i.e., a parabolic
trajectory) and a biological velocity profile (i.e., acceleration and deceleration), participants
demonstrated greater accuracy in estimating the TTC than for an object moving horizontally at a
constant velocity. It was hypothesised that a simple trajectory with a constant velocity would facilitate
the visual pursuit of the target and consequently improve TTC accuracy estimation throughout visual
extrapolation processing (Kerzel et al., 2001; Nijhawan, 2008). In contrast, the enhanced prediction
accuracy observed for the biological effector (the hand or the object in the present study) suggests that
action prediction cannot be explained solely by visual processing. The present findings support to the
proposal that implicit motor simulation based on biological features, such as velocity and knowledge of
biomechanical constraints (Saunier et al., 2015), contributes to the prediction of temporal outcomes,
even when the observed actions follow a more complex kinematic pattern.

Furthermore, the LOSO model supports the predominance of kinematic features over effector
appearance in order to facilitate accurate action prediction. As behavioural data demonstrated, the
model could clearly distinguish between biological and non-biological kinematics. However, analysis of
hand motion data showed that the model could not reliably differentiate between this and data obtained
from biological objects. This finding further supports the proposal that the appearance of the effector is
irrelevant in predicting the outcomes of a biological action.

Variability of action prediction
We found that the variability was lower for HM and NBO than for BO. This specific discrepancy in BO can
be explained by the difference between the perceived kinematic and the effector appearance. Indeed,
according to biological kinematics, the displacement of an object appears incongruous in the absence of
human-object interaction. This incongruence may introduce noise when processing of internal models of
actions, resulting in inconsistent responses from participants in both visual conditions (occlusion and
full vision) compared to HM and NBO. Studies have demonstrated that discrepancies between the
appearance of actors and their kinematics interfere with the activity of the parietal lobule (Saygin et al.,
2012). The parietal lobule is notably associated with internal models of action, particularly the forward
model (Blakemore and Sirigu, 2003; Fontana et al., 2012).

With concerning to the HM, we observed a greater consistency in the estimates in the occlusion
condition than in the BO and NBO conditions. Given the HM’s higher complexity, we expected this to be
reflected in increased variability. However, this was not the case and supports the idea of consistent
prediction for human motion, particularly in the absence of the complete sensory information (Saunier et
al., 2008). In the full vision condition, the variability was lower for the NBO. For this specific experimental
condition, we propose that the constant velocity of the object, when combined with full visual
information, improves the consistency of participants’ estimates.
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Conclusion
The present study aimed to elucidate the relative contributions of movement kinematics and the
effector’s appearance to action prediction. It has been demonstrated that the temporal accuracy of
action predictions is driven by the kinematic features. However, consistent estimates depend on
congruence between kinematics and effector appearance. The results of the present study have direct
implications for how we perceive the animate objects with which we interact daily, and appear useful in
developing new protocols for sensorimotor rehabilitation or sports training involving human-object
interaction.
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Figures

Figure 1

Experimental design. A. From top to bottom, an example of video sequence for each kinematic feature
(i.e., hand motion (HM), biological object (BO) and non-biological object (NBO)) for both visual
conditions (occlusion and full vision). The transparent rectangles represent the occluded part of the
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video. In the experiment, a black rectangle was used to provide a complete occlusion. The abscissa axis
expresses the action timing as a the percentage of their total duration (i.e., normalised time). B. Timeline
of the experiment with four successive blocks. The first two blocks were occlusion blocks, and the last
two were full vision blocks. The sequence of blocks (i.e., black or red) was randomised between the
participants.

Figure 2
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A kinematic analysis of the different effectors was performed using a semi-automatic visual tracking
(Kinovea software vers. 2025.2; https://www.kinovea.org). The x and y coordinates of the effectors were
extracted. These coordinates were filtered with a second-order Butterworth low pass filter at 5 Hz. The
wrist trajectory and tangential velocity profile were analysed for the human motion (HM; Fig. 2A).
Displacement of the centre of the object and its tangential velocity profile were analysed for both the
biological (Fig. 2B) and the non-biological (Fig. 2C) objects.

Kinematic features of effectors. The solid lines of the left panel and right panel represent, respectively,
the mean of effector trajectory and tangential velocity profile (A. wrist for HM; B. and C. centre of the
object for BO and NBO). The shadow areas represent the standard deviation. The time was normalised
as the percentage of action duration for the tangential velocity profile.
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Figure 3

Raincloud plots for the interactions between visual conditions and kinematics (panel A) and between
kinematics and visual conditions (panel B). Each dot represents the mean constant error for each
participant and each kinematic: Hand Motion (HM), Biological Object (BO) and Non-Biological Object
(NBO). Dash lines link the mean constant error values (± SEM). The box plots depict the 95% confidence
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intervals and, the data distributions were observed for each experimental condition. *** p < 0.001; * p <
0.05.

Figure 4

Raincloud plots for interactions visual conditions versus kinematics (A) and kinematics versus visual
conditions (B). Each dot represents the mean constant error of each participant for each kinematic:
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Hand Motion (HM), Biological Object (BO) and Non-Biological Object (NBO). The dash lines link the mean
values of prediction error (± SEM). The box plots depict 95% confidence intervals and the data
distributions for each experimental condition were observed. ***, p < 0.001; **, p < 0.01; *, p < 0.05.

Figure 5

Matrices of the LOSO model derived from behavioural data in the occlusion (left panel) and full vision
(right panel) conditions. The columns represent the actual kinematic, whilst the rows represent the
predicted kinematic. The numerical values represent the ratio of the predicted kinematic to the actual
kinematic (column normalised). The colour intensity of red is indicative of the classification probability,
ranging from 0 to 1. The chance level was set to 0.33. A binomial test was conducted to verify the
classification probability of kinematic that differed to chance level. ***, p < 0.001.
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