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ABSTRACT: Despite the development of various motor learning models over many decades, the question of
which model is most effective under which conditions to optimize the acquisition of skills remains a heated
and recurring debate. This is particularly important in connection with learning sports movements with a high
strength component. This study aims to examine the acute effects of various motor learning models on technical
efficiency and force production during the Olympic snatch movement. In a within-subject design, sixteen highly
active male participants (mean age: 23.13 = 2.09 years), who were absolute beginners regarding the learning
task, engaged in randomized snatch learning bouts, consisting of 36 trials across different learning models:
differential learning (DL), contextual interference (serial, sCl; and blocked, bCl), and repetitive learning (RL).
Kinematic and kinetic data were collected from three snatch trials executed following each learning bout. Discrete
data from the most commonly monitored biomechanical parameters in Olympic weightlifting were analyzed
using inferential statistics to identify differences between learning models. The statistical analysis revealed no
significant differences between the learning models across all tested parameters, with p-values ranging from
0.236 to 0.99. However, it was observed that only the bouts with an exercise sequence following the DL model
resulted in an average antero-posterior displacement of the barbell that matched the optimal displacement.
This was characterized by a mean positive displacement towards the lifter during the pulling phases, a negative
displacement away from the lifter in the turnover phase, and a return to positive displacement in the catch
phase. These findings indicate the limited acute impact of the exercise sequences based on the three motor
learning models on Olympic snatch technical efficiency in beginners, yet they hint at a possible slight advantage
for the DL model. Coaches might therefore consider incorporating the DL model to potentially enhance technical
efficiency, especially during the early stages of skill acquisition. Future research, involving even bigger amounts
of exercise noise, longer learning periods, or a greater number of total learning trials and sessions, is essential
to verify the potential advantages of the DL model for weightlifting technical efficiency.
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INT RO DU C T 1O

Since the inception of motor learning and sports pedagogy, the focus
has been more on understanding what, why, and how much variation
contributes to optimal enhancement for individual learners, than on
questioning whether such enhancement occurs. Historically, the
repetitive learning (RL) model, traced back to Plato [1] emphasized
the role of copying a role model and repeating correct trials, aiming
to enable the learner to perform certain skills with greater precision
and accuracy. The underlying belief is that by repeatedly practising
accurate movements, the motor system becomes more efficient [2].

Following the theory of behaviourism, efforts were primarily directed
towards inducing changes in movement behaviour by manipulating
external stimuli through external variations (e.g., instructions, pre-
scriptions, material aid, etc.) [2]. With the advent of the cognitive
turn [3]in psychology coupled with the emergence of cybernetics [4]
in the second half of the 20™ century, a shift of variations was ob-
servable from the system’s surroundings towards the system itself
“the learner”, although similar developments were observable in
sports pedagogy within reform pedagogy earlier [5, 6]. This shift
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involved the differentiation of tasks through models such as the Vari-
ability of Practice (VP) model, where the invariants (e.g., relative
timing, relative forces, etc.) are held constant while varying the
variable parameters (e.g., absolute timing, absolute forces, etc.) [7, 8],
and contextual interference (Cl) learning, where the schedule is var-
ied, encompassing the temporal structuring of the learning pro-
cess [9, 10].

In these models, variation of boundary conditions involved the ma-
nipulation of the person (e.g., inducing time pressure to place stress
on them [11]), varying the tasks (e.g., employing the same general-
ized motor program with varying variable parameters), and manipu-
lating the contextual and/or environmental aspects (e.g., using differ-
ent weights for throwing bean bags over varying distances [8, 9, 111.
All these manipulations were meticulously examined concerning their
impact on the learner, as it was only the learner who had to and could
adapt. Nevertheless, the entire learning process was embedded in an
external feedback loop, wherein the learning process was externally
controlled through augmented information on correctness or errors
and movement restrictions through material aids. Especially within
the domain of sports, there was often a standard role model of cor-
rect performance that always applied to all learners, with individual
variations only tolerated at the highest level of performance, formal-
ized by the principle of individualization [12]. In this context, it is im-
portant to differentiate this from the earlier principle of individuali-
ty [13, 14]. In contrast to the orientation on a previously set value
(reference movement), the stochastic resonance model as suggested
within the differential learning (DL) model [14] is derived from mod-
ern physics and occurs adaptively within a time-delayed feedback
loop when a system is exposed to an external force or oscillation that
adjusts to its time-shifted inherent natural frequency [15]. Consider-
ing the diverse range of experiences and ever-shifting boundary con-
ditions affecting learners, such as emotions, fatigue, chronobiology,
and aging the resonance principle necessitates an appropriate adjust-
ment of external forces to achieve situated resonance. This concept
has recently been termed adaptive stochastic resonance [16]. How-
ever, it was originally employed by the DL model, which first emerged
publicly in the late 1990s [17, 18]. Indeed, the DL model argues
that effective learning necessitates a more generalized introduction
of differences achieved through the integration of stochastic pertur-
bations or noise [19, 20] that should be tuned to the learner’s indi-
vidual and situational characteristics throughout the learning
process [2, 21, 22].

Despite the development of these various learning models (RL,
VP, Cl, and DL) over many decades and even though only the RL
and DL models have been originally designed for the sports field [2],
the question of which model is considered more effective for opti-
mizing skill acquisition remains a recurring topic of debate among
sports scientists, sports pedagogues, physical education teachers,
and coaches [23, 24].

According to cognitive load theory [25, 26], originally developed
for cognitive tasks, which posits that overloading the capacity of
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working memory hinders performance during the acquisition phase,
previous theoretical positions suggested a more beneficial effect dur-
ing this phase for models allowing repeated task performance (e.g.,
RL and Cl in its blocked form (bCl)) compared to those with rarely
repeated successive trials (e.g., Cl in its serial (sCl) or random (rCl)
forms and DL) [7, 10]. However, this assumption was challenged
for the Cl model in a recent meta-analysis, pooling more than 100 out-
comes from 37 studies, which showed no evidence for better acqui-
sition performance following bCl compared to sCl or rCl [23, 27].
Similarly, prior comparative studies during the acquisition phase pro-
vided evidence supporting the superiority of the DL model over the
RL model in single movement learning [28-32] and over the Cl mod-
el in multiple skills learning [14, 22, 29, 32, 33]. These findings
also contradict the cognitive overload theory and its related assump-
tions for non-cognitive tasks.

It is noteworthy that most available comparative studies in this
field have focused on coordination-dominated skills, leaving a signif-
icant gap in our understanding of the optimal learning model for skills
with additional strength aspects. To address this gap, a pioneering
study [24] investigated the acute impact of various learning models
(e.g. RL, bCl, sCl, and DL) on weightlifting technical efficiency as-
sessed by the barbell pattern and the accompanying neurophysio-
logical response. While the findings offered preliminary support for
the benefits of the DL model in terms of acute neurophysiological re-
sponse to coordination-strength-based exercises in novices, no sta-
tistically significant advantage of one learning model over the other
was revealed for these specific conditions. The analysis of averaged
technical efficiency based on time discrete values showed no signif-
icant differences between the learning models [24]. The absence of
significant differences between the different practice models in terms
of acute technical outcomes, despite the higher cognitive demand
following the DL model—evidenced by the more pronounced increase
in pulse-related parameters and perceived physical and mental ef-
fort—resulting in the lowest changes in brain activation, calls into
question a generalization of the cognitive load theory to the non-cog-
nitive field of movements.

While the recent study by Ammar et al. [24] represents a pio-
neering effort in its domain, it's important to recognize that its pri-
mary focus was on neurophysiological responses after each motor
learning bout, with relatively minimal emphasis on biomechanical
data analysis. The study analyzed only a few kinematic parameters
and did not extend to kinetic parameters, omitting many of the com-
monly utilized metrics in previous biomechanical studies of weight-
lifting. Indeed, Olympic weightlifting movements have frequently
been modelled using various time-discrete variables, such as peak
average barbell vertical and horizontal displacement, velocity, and
acceleration at various instances and in different movement phas-
es [24, 34-38]. This is often combined with kinetic variables ana-
lysing force and power-related patterns based on averaged curves of
related time-continuous patterns (e.g., peak vertical ground reaction
force (VGRF), rate of force development (RFD), power, and work)
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derived from continuous force-plate data [34, 35, 36]. In training
practice, evaluating the broadest possible spectrum of biomechani-
cal variables is often considered optimal for the monitoring of tech-
nical efficiency for an individual or a group. Accordingly, the focus
on a limited number of biomechanical features in the study of Am-
mar et al. [24] may restrict a thorough overview of how different mo-
tor learning models influence the biomechanics of strength-coordi-
nation movements.

Given the scarcity of evidence regarding the acute effect of differ-
ent motor learning approaches on biomechanical patterns during the
acquisition of complex coordination-strength movements, the objec-
tive of the present study is to comprehensively evaluate the impact
of a learning snatch bout following four distinct motor learning ap-
proaches (RL, CI with its blocked (bCl) and serial (sCl) form, and
DL) on the most common kinematic and kinetic parameters.

While learning progress is frequently seen after just one bout in
learning experiments with few degrees of freedom [10, 271, this is
rarely seen in movements with many degrees of freedom, such as in
sports contexts. For this reason, interventions lasting several weeks
are typically seen in conjunction with repetition learning of sports
movements [23]. Nevertheless, the advantages of DL (mostly mea-
sured by the performance outcome), which are amplified with in-
creasing intervention duration [39], could already be reflected in
shorter interventions with appropriately differentiated measurement
of technique performance. Considering the demonstrated advantag-
es of DL practice on brain and heart responses to similar learning
bouts [24] and recent findings that suggest the variety of skill vari-
ations in DL can reduce frontal lobe overload, thereby aiding motor
learning of movements with high degrees of freedom [2, 401, we hy-
pothesize a potential advantage in terms of technical efficiency for
the DL model. However, given the acute nature of the current study,
we hypothesize that the impact of motor learning models following
a single bout of 36 trials on both the kinematic and kinetic patterns
of the snatch would be limited.

MATERIALS AND METHODS
Participants

The needed sample size was calculated a priori based on procedures
suggested by Beck [41] and using the software Gxpower [42]. The
probability of type | (a <0.05) and type Il (1- = 0.95) errors was
fixed at 0.05, and the assumed correlation between repeated mea-
sures was 0.5. Based on the studies of John & Schéllhorn [43] and
discussions between the authors, the effect size was set to be 0.5 (me-
dium effect). The analysis revealed that a minimum of 10 participants
were considered enough to reduce the likelihood of committing a type
2 statistical error, ensuring an actual power of 95.23%.

Sixteen highly active males (mean age: 23.1 = 2.1 years,
BMI = 24.1 +2.2) without experience in the to-be-learned task,
were recruited to voluntarily participate in this study. Following the
explanation of the protocol, potential risks, and study benefits, par-
ticipants provided their written consent to engage in this research.

The inclusion criteria for participants are as follows: all participants
should be aged between 18 and 29 years old, male, and should have
at least 2 years of experience in fitness and/or CrossFit club (i.e., in-
cluding at least 6 months of performing barbell-based exercises).
Participants with prior involvement in Olympic weightlifting, current
or past neurological and/or cardiovascular issues, eye disorders, psy-
chiatric conditions, orthopaedic ailments, muscular disorders, and
those taking medications that could impact the cardiovascular sys-
tem were excluded based on the criteria. Furthermore, all partici-
pants had no chronic diseases, sleep disturbances, or extreme chro-
notypes. During the experimental period, participants reported good
to very good sleep quality with a very active lifestyle (an average of
966 =+ 275 weekly minutes across all physical activities, including
walking). The study was conducted according to the Declaration of
Helsinki and approved by the local ethics committee of Faculty 02:
Social Sciences, Media, and Sport at Johannes Gutenberg Universi-
ty of Mainz. Informed consent was obtained from all participants
who were naive to the purpose of the study and were coded with
numbers for the anonymity of personal data.

Experimental design

A randomized within-subject design was conducted to assess the
acute effects of single sessions of four different motor learning ap-
proaches (i.e., RL, bCl, sCl, and DL). The randomization was per-
formed using a free online software resource (www.randomization.
com) (accessed June 10", 2022). Additionally, to ensure balanced
groups, participants were matched by their experience levels in fitness
and/or CrossFit before randomization. After a familiarization session,
participants reported to the laboratory on four separate occasions,
with at least a one-week washout period in between [24]. During
each test session, a singular motor learning approach was imple-
mented in a randomized order, involving a single training bout. Prior
to each training bout, a standardized 10-minute warm-up was per-
formed, including 2 minutes of light jogging, 3 minutes of dynamic
stretching (leg swings, arm circles, torso twists), and 5 minutes of
activation exercises (bodyweight squats, lunges, push-ups). Each
bout comprised 36 trials of power-snatch derivatives, according to
one of the four tested motor learning approaches with a 3-minute
standardized duration. All testing sessions were conducted in the
afternoon, as previously suggested by Ammar et al. [44, 45], to
minimize the effect of diurnal biological variations [46]. The measure-
ments were conducted in controlled laboratory conditions, with stan-
dardized and minimized changes in brightness, volume, and tem-
perature. Five minutes following each learning session, three power
snatch trials with a 20 kg barbell were performed, without instruc-
tions, and barbell kinematics and kinetics data were collected. A pre-
vious study by Schdllhorn et al. [47] demonstrated that shoe heel
heights can influence walking pattern recognition rates, with the
highest rates observed using the most extreme heel heights. To con-
trol this variable, participants were instructed to wear identical shoes
during all test sessions.
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Motor Learning Approaches

The training sessions for the RL method comprised 36 sets of pow-
er snatch repetitions. In the case of the two Cl approaches (bCl and
sCl), the training sessions incorporated not only the power snatch
but also two variations: the snatch power jerk (recognized for enhanc-
ing overhead strength, stability, balance, and barbell control during
the catch-phase), Soriano et al. [48] and the high pull snatch (rec-
ognized for improving strength, speed, power, posture, and balance
in the snatch extension [49]).

Specifically, the training bout for the Clb approach involved prac-
ticing high pull snatch (A), snatch power jerk (B), and power snatch
(C) in a blocked order: 12 repetitions of A, followed by 12 repeti-
tions of B, and finally 12 repetitions of C, totalling 36 trials. On the
other hand, the training bout for the sCI approach included practis-
ing high pull snatch (A), snatch power jerk (B), and power snatch
(C) in serial order: ABC repeated 12 times, resulting in a total of
36 trials.

The DL approach incorporated the practice of the three move-
ments in a serial order (ABC x 12, resulting in a total of 36 trials)
during the training bout. However, to introduce additional movement
variability and enhance fluctuations, various changes were made to
different movement and environmental parameters. These adjust-
ments included variations in foot starting position for A, B, and C,
barbell starting position for A and C, final positions for B, practising
with eyes closed for A, B, and C, and utilizing an unstable surface
(using the aeris® muvmat [23]) for A, B, and C. Usually, in DL train-
ing, efforts are made to enhance the impact on brain activity and
encourage a self-organized learning process by incorporating varied
movements and increased fluctuations to make the system unsta-
ble [40]. The current approach to power snatch DL identified three
levels of movement variability in addition to the reference condition
(with no additional movement variability): level 1: variation in only
one movement/surrounding parameter; level 2: variation in two move-
ment/surrounding parameters; and level 3: variation in three move-
ment/surrounding parameters.

A nine-second inter-block rest period (12 repetitions) was em-
ployed in the RL and both CI conditions, resulting in a total rest pe-
riod of 18 seconds across 36 trials. Meanwhile, a six-second inter-
set rest period was implemented in the DL condition, totalling
18 seconds across 36 trials. This design aimed to standardize phys-
ical (cardiac) exertion in all motor learning approaches, considering
their impact on brain activity [560, 51] and the cardiovascular sys-
tem [52, 53]. This approach allowed us to establish a norm for train-
ing session duration, approximately 3 minutes. Moreover, each ap-
proach’s training bouts utilized the same empty barbell weighing
10 kg.

Measurements

Kinetic and kinematic measures

The snatch trials were performed on a 2.4 x 0.9 m weightlifting plat-
form and were recorded using Qualisys Track Manager
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2023.2 (Qualisys AB, Sweden). For the movement kinematics, nine
synchronised, commercially available infrared cameras (Oqus
300/310+, Qualisys AB, Sweden) positioned around the platform at
a distance of approx. 6 m from the lifting area were used. Two reflec-
tive markers were attached to the right and left ends of the barbell,
and the average of both markers was calculated to provide movement
of the bar center and thus avoid the induction of artefacts associated
with asymmetrical movement [34, 35]. The kinematic data were
collected at 250 Hz. The calibration was executed beforehand using
a calibration wand according to the Qualisys manual.

In addition, the 3D GRF were measured using two Kistler force
plates (Type 9287CA; 1000 Hz) (Kistler, Switzerland) embedded in
the ground. During the snatch trials, the tested subjects positioned
one foot each on a force plate. For this study, the total GRFs were
calculated by summing the recorded force vectors of both plates. Be-
fore the dynamic snatch trials, a static measurement (without a bar-
bell) was performed to calculate the accurate weight of the
subjects.

The recorded data was filtered using a 4™-order Butterworth low-
pass filter with a cut-off of 4 Hz for the kinematics and 15 Hz for
the kinetics. The barbell velocity was calculated by numerical esti-
mation based on the filtered barbell position trajectory. All processed
trajectories were normalized to the movement phase from the start
of the movement to the catch position [54]. The start position was
defined as the time when the vertical barbell velocity was =0.01 m-s’!,
and the catch position was defined as the first instance at which the
barbel reached a vertical velocity of 0 m-s—1 after the phase of neg-
ative vertical velocity following the maximum vertical displace-
ment [24, 54]. The trimmed barbell position and velocity trajecto-
ries were normalized based on body height, and the GRF on the basis
of body mass. All trajectories were time normalized by linearly inter-
polating the trajectories to 101 time points (0-100% of the power
snatch movement). Finally, the initial values were subtracted from
the barbell position trajectories to standardize them, ensuring that
all trajectories start from a baseline value of zero.

Kinetic and kinematic parameters

Only the anteroposterior (AP) and vertical (V) components were used
in the present study, as presented in Figure 1. Barbell kinematic
variables were modified from Nago et al. [54], Cunanan et al. [55]
and Ammar et al. [24]) and included peak vertical velocity (V-max),
peak acceleration (Acc-max), peak barbell height registered during
the turnover-phase (Y-max), barbell-height registered during the catch-
phase (Y-catch), and the vertical travel range (VTR) calculated based
on the difference between Y-max and Y-catch (Figure 1). Concerning
the horizontal displacement, key parameters included the net hori-
zontal displacement from the start position to the most rearward
position during the pull phase toward the lifter (X1), the net horizon-
tal displacement from the start position to the most anterior position
during the turnover phase away from the lifter (X2), and the net
horizontal displacement from the start position to the catch position
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(X3)[34, 35] (Figure 1). These horizontal displacements are described
as positive-negative-positive or toward-away-toward displace-
ments [35, 46, 56]. Additionally, as presented in Figure 1, the sum
of the horizontal displacement during the first and second pulls (DxV)
was analyzed along with the horizontal displacement from the most
forward position to the catch position (DxL or loop) [34, 56, 571 and
the net horizontal displacement from the start position to the catch
position (DxT).

Regarding the kinetic variables, the analyzed parameters includ-
ed the peak and average vertical ground reaction force (VGRF) dur-
ing the whole movement, the peak and average rate of force devel-
opment (RFD) until the jump, and the peak and average power output
during the whole movement. RFD was determined by dividing the

Toward/
Positive

Catch position:
vert V=0m.s-1
following Ymax

Ymax

Ycatch X20 3
DxV
X4
: Toward/
Positive
Away/ 2 Trajectory type 1
Negative

Trajectory type 2

Start position:
vert V20.01 m.s*

]

I

1

!

1

:

T »
- 0 +

FIG. 1. Snatch barbell kinematic variables Peak barbell height
(Y-max), barbell-height registered during the catch-phase (Y-catch),
and the vertical travel range (VTR), horizontal displacement during
the pull phase (X1), horizontal displacement during the turnover
phase (X2), horizontal displacement from start position to the
catch position (X3/DXT), the sum of the horizontal displacement
during the first and second pull (DxV), horizontal displacement
from the most forward position to the catch position (DxL).

difference in consecutive VGRF readings by the time interval
(0.001 seconds) between readings and Power was calculated as the
product of force and velocity at each time point [35, 46].

Statistical analyses

Mean and standard deviation (SD) values were calculated for each
variable. The Shapiro-Wilk W-test was used to verify the normal
distribution of the data. A one-way repeated measures analysis of
variance (RMANQOVA) and the Friedman test were used to analyze
the main effects of the motor learning model (i.e., 4 levels [motor
learning approaches: RL, bClI, sCl, and DL]) on kinematic and ki-
netic parameters, respectively, for data that were normally and not
normally distributed. Post hoc t-tests with Bonferroni correction or
Wilcoxon tests were used for pairwise comparison. To estimate the
meaningfulness of significant differences, effect sizes were calcu-
lated as partial eta-squared (npz) for the main effects. Values of 0.01,
0.06, and 0.13 for partial eta-squared represent small, moderate,
and large effect sizes, respectively. Significance was accepted for all
analyses at the level of p < 0.05.

RIS U L TS 15
Effect of motor learning models on Snatch kinematics patterns
The results of the tested kinematics parameters recorded following
each learning bout (RL-, bCl-, sCl-, and DL-based bouts) are pre-
sented in Table 1. One-way RMANOVA revealed a non-significant
effect of group for V-avg, V-max, Acc-max, Y-max, Y-catch, VTR, X1,
X2, and DxV with p values ranging from 0.806 to 0.996. Similarly,
the Friedmann test showed a non-significant effect of the group for
movement duration (p = 0.64), X3/DxT (p = 0.28), and DxL
(p = 0.24).

In terms of barbell trajectory, only DL adhered to the optimal bar-
bell path, exhibiting a mean positive value towards the lifter in X1,
followed by a negative value away from the lifter in X2, and revert-
ing to a positive value in X3/DXT (Figure 2). For all other models,
this optimal trajectory was followed in X2 and X3/DXT, but not in
X1, where negative instead of positive mean values were recorded
(Figure 2). When examining the barbell paths executed by each sub-
ject individually, our analysis indicated that 6 subjects could adhere
to the optimal trajectory recommended across all three snatch rep-
etitions following the DL training session. This was followed by the
Cl models, with 5 and 4 subjects aligning with the optimal path us-
ing bCl and serial sCl, respectively, while the RL model shows the
lowest adherence, with only 3 subjects following the optimal
trajectory.

Effect of motor learning models on snatch kinetics patterns

The results of the tested kinetic parameters recorded following each
learning bout (RL-, bCl-, sCl-, and DL-based bouts) are presented in
Table 2. One-way RMANOVA revealed a non-significant effect of
group (p = 0.806 to 0.996) for vVGRF mean all, vGRF mean jump,
RFD mean all, RFD mean jump, and Power mean jump with
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TABLE 1. Effect of motor-learning models on snatch kinematics

Achraf Ammar et al.

Variables/ motor

learning approach RL bClI sCl DL ANOVA/Freedman
MvT duration (s) 1.29+0.19 1.27+0.27 131+0.22 1.32+0.29 test (3) = 1.68 p = 0.642
V-avg (m-s7) 1.15+0.25 1.16 = 0.26 1.13+0.24 1.12+0.29 F (3,60) = 0.08, p = 0.972
V-max (m-s~!) 3.180.48 3.17+0.35 314042 3.15+051 F (3,60) = 0.03, p = 0.995
Acc-max (m-s™2) 3.18+0.48 3.17+0.35 3.14+0.42 3.15+051 F(3,60) = 0.03, p = 0.996
Y-max (cm) 162.06 = 16.93 158.47 = 15.88 160.19 = 18.81 161.44 = 18.08 F(3,60) = 0.13, p = 0.941
Y-catch (cm) 143.18 +21.14 141.11 £ 17.05 143.38 £ 22.24 140.75 +19.2 F (3,60) = 0.08, p = 0973
VTR (cm) 18.88 = 13.63 17351043 16.81 1033 20.69 + 13.83 F (3,60) = 0.33,p = 0.806
X1 (cm) -0.88 +7.02 -0.21+6.13 -043+873 0.31+6.74 F(3,60) = 0.08, p = 0973
X2 (cm) -16.32+6.3 -16.82 +6.97 -15.82 +8.04 -16.93 +7.33 F (3,60) = 0.08, p = 0.97
X3/DxT (cm) 10.5+8.93 6.93+9.4 9.39+10.21 9.19+9.82 test (3) = 3.83,p = 0.28
DxL (cm) 26.81 +8.25 23.75+17.17 2521 +8.17 26.12+7.35 test (3) = 4.25,p = 0.236
DxV (cm) 15.43 +8.51 16.6 = 9.56 1539+9.4 17.24+7.6 F(3,60) =0.17,p = 0.915

Average vertical velocity (V-avg), Peak vertical velocity (V-max), peak acceleration (Acc-max), peak barbell height (Y-max), barbell-
height registered during the catch-phase (Y-catch), and the vertical travel range (VTR), horizontal displacement during the pull phase
(X1), horizontal displacement during the turnover phase (X2), horizontal displacement from start position to the catch position (X3/DXT),
the sum of the horizontal displacement during the first and second pull (DxV), horizontal displacement from the most forward position

to the catch position (DxL).

TABLE 2. Effect of motor-learning models on snatch kinetics

Variables/ motor learning

approach RL bClI sCl DL ANOVA/Freedman
VGRF_max-all/jump (N) 2.59 +0.96 2.66 1.3 2.67+1.79 2.55+1.05 test (3) = 0.23,p = 0.973
VGRF_mean_all (N) 1.17+0.02 1.17 +0.02 1.17+0.03 1.17+0.02 F (3,600 =0.1,p=0945
VGRF_mean_jump (N) 1.4+0.09 1.39+0.09 138 £0.07 1.39+0.11 F(3,60) = 0.13,p = 0.944
RFD_max_all (N-s™?) 149.12+124.05  181.53+189.77  171.47 =237.94 165.5 = 152.79 test (3) = 0.98, p = 0.807
RFD_max_jump (N-s71) 10.72 +5.93 9.63 +4.29 10.96 + 4.54 10.74 = 4.58 test (3) = 2.33, p = 0.508
RFD_mean_all (N-s71) -0.02 £0.21 -0.07+0.18 -0.07 +0.19 -0.05+0.21 F(3,60) = 0.21,p = 0.887
RFD_mean_jump (N-s™?) -2.51 +0.64 -2.59 +0.76 -251+0.79 -2.44 +0.69 F (3,60 =0.12, p = 0.949
Power_max_all (W) 514+1.19 541+2.19 548 +3.57 534+181 test (3) = 0.51, p = 0917
Power_max_jump (W) 449+08 4.35+0.76 4.38+06 44+081 F (3,600 = 0.11,p = 0.954
Power_mean_all (W) 0.88 =0.25 0.88+0.25 0.9+0.26 0.85+0.29 test3) = 1.27,p = 0.735
Power_mean_jump (W) 2.04 +0.42 1.97 +0.42 1.99 +0.51 1.94+0.41 F(3,60) = 0.16, p = 0.921

Rate of force displacement (RFD) expressed in N/, vertical Ground reaction force (VGRF).

p values ranging from 0.887 to 0.95. Additionally, the Friedmann
test showed a non-significant effect of group for VGRFmax, RFD max
all, RFD max jump, Power max all, and Power mean all with p val-
ues ranging from 0.74 to 0.97.

DISCU'S'S 1O /N 15
The aim of this study was to analyze the acute effects of single bouts
of different motor learning models, namely the RL, bCl, sCl, and DL
on snatch technical efficiency and GRF using discrete data from the
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most common biomechanical monitoring parameters in Olympic weight-
lifting. The main findings showed that barbell kinematics and movement
kinetics were not statistically significantly affected by the employed
learning models during the 36-trial learning bout. No statistically sig-
nificant differences were observed between these models for any of
the 23 parameters tested. These results align with our initial 2™ hy-
pothesis as well as with the findings of Ammar et al. [24], examining
snatch barbell trajectory using data from only three related kinematics
parameters, and suggesting a limited acute impact of the used variants
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FIG. 1. The anteroposterior barbell displacement in responses to the different learning models

of motor learning models on kinematic patterns in novice weightlifters.
Considering these variants as representatives of learning approaches
may only be plausible for the repetitive and blocked learning methods.
Given that rCl and DL models incorporate a variety of concrete realiza-
tions, further research is needed to elucidate their specific effects. The
theory of “cognitive working memory overload” [26] suggests hinder-
ing technical performance during the acquisition phase when employ-
ing learning models with high cognitive demand that is typically as-
sociated with switching between numerous tasks. DL has been shown
to results in higher cognitive demand compared to the other learning
models in response to similar learning bout of 36 weightlifting trials,
as evidenced by the higher perception of mental demand and the more
pronounced decrease in heart rate variability expressed by an increase
in low-frequency band [24]. Thus, based on the “cognitive working
memory overload” theory, a poorer performance would be anticipated
following DL compared to RL, and ClI models. However, the lack of
significant impact of learning models on snatch biomechanics outcomes
revealed by the present findings and in agreement with Apidogo
etal. [22] calls this theory into question, at least in the present context.
Similarly, recent systematic reviews and meta-analyses, synthesized
over 100 acquisition outcomes from 37 Cl-related studies within

a sports context, further questioned this theory, and demonstrated no
evidence of superior acquisition performance for the Cl model allowing
repeated task performance (bCl) over Cl models featuring less fre-
quently repeated successive trials (sCl and rCl) [23, 271.

Notably, the even slightly better barbel trajectory following the
present DL compared to RL and Cl models, with the DL being the
only model to yield an average X1 that aligns with the optimal bar-
bel displacement toward the weightlifter, further challenges this the-
oretical perspective and suggests a slight non-significant advantage
for the DL model.

The observed potential advantages of the DL model on the snatch
barbell path in this study are consistent with our initial 1 hypothe-
sis and previous comparative research during the acquisition phase.
This body of evidence supports the superiority of the DL model over
the RL model in single-movement learning [28-32] and over the Cl
model in learning multiple skills [14, 22, 29, 32, 33]. These out-
comes further challenge the cognitive overload theory and its asso-
ciated assumptions for non-cognitive tasks. Moreover, they contra-
dict the notion that performing the correct movement as often as
possible, as emphasized by the RL and Cl models, is necessary for
enhanced acquisition performance.
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Contrarily, in combination with the advantages on brain activi-
ty [24] the present findings in favour of DL propose benefits from
learning through the execution of movements with many DGFs,
achievable in the DL model through the introduction of added
noise [19]. In this study, the snatch learning sessions across all mo-
tor learning models were conducted using a 10 kg barbell to miti-
gate excessive fatigue during the 36 trials, whereas the analyzed
snatch trials were performed with a standard Olympic weightlifting
barbell weighing 20 kg. Considering the change in barbell weight as
a disturbance factor and noting that only under the DL model did
the average barbell path (i.e., X1, X2, and X3) follow the recom-
mended trajectory often observed in advanced weightlifters, it ap-
pears that for novices, the DL bout provided sufficient noise towards
increased resilience to greater disturbances (e.g., change in barbell
weight). In contrast, the RL and ClI learning bouts failed to introduce
sufficient noise, essential for substantial behavioural modification.

Since DL encourages the reinforcement of novel stimuli and
noise without repetition, the resulting novelty and unfamiliarity
may also enhance the learner’s motivation. The continual confron-
tation with “novelty” aligns with the theory of “subjective informa-
tion” from cybernetic pedagogy [2, 58]. This theory posits that
while objective information remains largely constant upon exercise
repetition, subjective information—which relies on the learner’s
prior knowledge—diminishes with each repetition due to increas-
ing redundancy. To maintain or maximize an individual’s learning
rate, objective information must continually change to sustain high
levels of subjective information for the learner, necessitating the
constant presentation of new information. Accordingly, the increased
noise in DL appears to resonate with the athlete’s own noise, which
can arise from previous experiences (i.e., in the present study
achieved during the learning bout) or from the inherent similari-
ties of the practised skills.

It is noteworthy that the noisy training concept in DL shares sim-
ilarities with the training of artificial neural networks (ANN) within
machine learning (ML). Observations in ML have shown that train-
ing an ANN with an appropriate level of noise around the learning
target enhances robustness in subsequent applications [18, 591.
Therefore, it's crucial to underline that the optimal level of noise de-
pends on the initial training of the ANNs. In the sports context, de-
termining the optimal amount of noise for achieving the best learn-
ing outcomes, especially in learning whole-body movements with
a focus on coordination combined with strength, remains an open
question requiring further investigation.

In addition to the added noise, it has been previously suggested
that the DL advantage over other models might originate from a down-
regulation of frontal brain areas to a lower frequency range (i.e., the-
ta and alpha) [40, 60, 611. In this context, following DL practice,
increased theta and decreased beta and gamma frequencies (i.e.,
higher frequency range) were reported in the frontal lobes of bad-
minton learners. In contrast, Cl practice was associated with in-
creased gamma and beta frequencies, suggesting increased

Achraf Ammar et al.

cognitive stress using the Cl model compared to DL [40, 62]. This
downregulation following DL practice has been suggested to result
from the wide range of skill variations inherent in this model, which
may act as a mitigating factor for stress and overload the frontal
lobe [40, 60, 611, thus facilitating enhanced motor learning out-
comes even in movements with a high DGF [2, 24, 40].

Aiming at validating this explanation across a wider array of sports
skills, focusing on coordination-strength, a recent neurophysiologi-
cal comparative study has sought to determine whether DL practice
would lead to a downregulation in frontal brain areas to a lower fre-
quency range through a decrease in high-frequency bands and an
increase in low-frequency bands [24]. The main findings were some-
what inconclusive, as the weightlifting learning sessions demonstrat-
ed the potential to increase alpha, beta, and gamma frequencies
across most of the tested brain regions, regardless of the learning
model used. However, the studies noted the lowest number of sig-
nificant increases in beta and gamma frequencies following the DL
approach. This was coupled with a significant increase in Heart Rate
Variability’s (HRV) normalized low frequency powers and a decrease
in HRV’s normalized high frequency powers, offering preliminary ev-
idence of the acute neurophysiological benefits of DL in novices learn-
ing coordination-strength movement. Nonetheless, this hypothesis
requires further validation across a variety of coordination-strength-
based exercises.

The lack of significant impact of motor learning models on the
majority of tested snatch kinetic and kinematic parameters may be
due to the limited number of learning trials, restricted to a single
training bout of 36 trials. Indeed, previous motor learning studies
suggested longer practice durations and/or high numbers of total
learning-trials to elucidate an impact of practice models on techni-
cal efficiency [63, 641, especially in learning complex movement.
Although the DL approach has already significantly increased noise
compared to RL and bCl, the amount of noise may still have been
too small to trigger spontaneous learning. Even larger internal noise
could include larger exercise amplitudes in the sagittal plane, asym-
metric movement executions, and various initial body positions. Ex-
ternal noise could comprise variations of weights (including asym-
metric weight distribution), unstable weights such as liquid-filled
weights, or combinations of both types of noise. Consequently, fur-
ther research is required to identify potential training volume thresh-
olds (including total trial numbers and intervention duration) and/or
optimal levels of exercise noise to approach the high-performance
model of snatch trajectory following the different learning models
and to elucidate significant motor-learning model impacts. Addition-
ally, given the very short learning protocol in the present study, con-
sisting of only one learning bout of 36 trials, future research involv-
ing longer learning periods, is essential to verify the potential
advantages of the DL model on weightlifting technical
efficiency [39].

Another reason for the observed limited acute effect of learning
bouts on weightlifting technical efficiency in the present study may
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be the predominance of individual characteristics over motor learn-
ing models. This hypothesis draws on the “individuality of whole-
body movements” hypothesis, which has been a subject of interest
in human movement science for decades [65].

The concept of individuality, incorporating criteria of uniqueness
and persistence borrowed from forensic science, has undergone sys-
tematic examination and received empirical support through various
studies [8, 14, 47, 66-77]. These investigations underscore the
challenges in validating such a hypothesis using average oriented
and basic inferential statistics on discrete biomechanical parameters
due to the persistence issue in learning processes. Consequently, re-
searchers in these studies have proposed adopting more sophisticat-
ed approaches to applying the criteria of uniqueness and persistence
to the individuality of motor learning processes. Specifically, in the
context of motor learning and Olympic weightlifting movements the
analysis of continuous data through artificial intelligence techniques,
was recommended [23], such as machine learning classification,
based on subjects versus motor learning models [78], to substanti-
ate the individuality hypothesis.

Strengths and Limits

This study is a complementary analysis to the pioneering work by
Ammar et al. [24], which assessed the acute effects of various mo-
tor learning weightlifting training bouts, with a focus on neurophys-
iological responses and very limited interest in biomechanical re-
sponses. The strength of this study lies in the comprehensive
assessment of various kinetic and kinematic parameters (i.e., 23 pa-
rameters in total) commonly used to evaluate technical efficiency in
Olympic weightlifting.

In general, the limitations of the study are given by the boundary
conditions of the study design, and therefore do not allow for gener-
alization. Therefore, it is crucial to interpret the present findings with
caution, particularly the time-derived kinematic parameters such as
acceleration. Previous reports have suggested that any additional
time derivation of kinematic variables (e.g., velocity from displace-
ment or acceleration from velocity) increases the possibility of errors

by a factor of ten, especially when these parameters are assessed
using video-based kinematic analysis systems [79]. Thus, comput-
ing acceleration from time-derived velocity, which is itself derived
from the Qualysis displacement data, may yield imprecise results.

Consequently, future studies may benefit from employing other
methodologies to confirm these findings. Furthermore, because the
present study focused on young adult male novice weightlifters, stud-
ies on various populations, such as female or advanced athletes, are
needed to understand the learning processes, especially at the be-
ginning of learning.

CON CLU'S 1O/ S 00000
Despite the limited acute impact of the motor learning models on
the majorities of kinetic and kinematics snatch parameters, this study
offers preliminary evidence supporting the potential acute benefits
of the DL model in enhancing technical efficiency among beginners.
This is evidenced by the average antero-posterior displacement of
the barbell, which matched the commonly recognized optimal dis-
placement. However, to substantiate this slight acute effect, further
studies encompassing a broader range of coordination-strength-based
exercises are warranted. Additionally, future research involving longer
learning periods and a greater number of total learning trials and
sessions is essential to verifying the potential mid- and long-term
advantages of the DL model in improving technical efficiency in
weightlifting.

Acknowledgements

Financial Support: This study was supported by the Internal Univer-
sity Research Funding program at Johannes Gutenberg-University
Mainz

Conflict of interest declaration
The authors declare no conflict of interest.

REE F E R E/N C E:S /5500000000

1. Marrou HI, Harder R, Beumann C.
Geschichte der Erziehung im klassischen
Altertum. Freiburg; Miinchen: Alber;
1977.

2. Schéllhorn WI, Rizzi N,
SlapSinskaité-Dackeviciené A, Leite N.
Always pay attention to which model of 6.
motor learning you are using. Int J Environ
Res Public Health. 2022; 19(2):7-11.

3. Miller G, Galanter E, Pribram K. Plans and
the structure of behavior. New York, NY:

Holt, Rhinehart, & Winston; 1960. 7.

4. Wiener N. Cybernetics or control and
communication in the animal and the
machine. Cambridge, MA: The Technology
Press; 1948.

2001.

5. Guts Muths JCF. Spiele zur Ubung und
Erholung des Korpers und Geistes flr
Jugend, ihre Erzieher und alle Freunde
unschuldiger Jugendfreuden. 9.
Buchhandlung der Erziehungsanstalt.
Schnepfenthal; 1796.

Frébel F. Die Menschenerziehung. Leipzig:
Verlag der allgemeinen deutschen
Erziehungsanstalt; 1826/2001. /The 10. Shea JB, Morgan RL. Contextual
Education of Man. Amer Traditional Toys;

Adams JA. Historical review and appraisal
of research on the learning, retention, and
transfer of human motor skills. Psychol

Bull. 1987; 101:41-74. 11. Kerr R, Booth B. Specific and varied
doi: 10.1037/0033-2909.101.1.41.

8. Schmidt RA. A schema theory of discrete
motor skill learning. Psychol Rev. 1975;
82:225-260.

Battig WF. The flexibility of human
memory. In: Cermak LS, Craik Fl, editors.
Levels of processing in human memory.
Hillsdale, NJ: Erlbaum; 1979.

p. 23-44.

interference effects on the acquisition,
retention, and transfer of a motor skill.

J Exp Psychol Hum Learn Mem. 1979;
5:179-187. doi: 10.1037/0278-7393
.5.2.179.

practice of motor skill. Percept Mot Skills.

a BioLoay oF SporT, VoL. 42 Nol, 2025 159



12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

160 .

1978; 46:395-401. doi: 10.1177/003
151257804600201.

Harre D, et al. Trainingslehre. 5% ed.
Berlin: Sportverlag; 1975.

Matveev LP. Die Periodisierung des
Sportlichen Trainings. Fiskultura i Sport.
Moskau. Deutsche Ubersetzung;
Staatliches Komiteefiir Korperkultur und
Sport: Berlin, Germany; 1966.
Schéllhorn WI, Paschke M, Beckmann H.
Differenzielles training im volleyball beim
erlernen von zwei techniken. In: Langolf K,
Roth R, editors. Volleyball 2005—Beach
World Championships. Hamburg:
Czwalina; 2006. p. 97-105.

Tutu H. Frequency adaptation in controlled
stochastic resonance utilizing delayed
feedback method: two-pole approximation
for response function. Phys Rev E Stat
Nonlin Soft Matter Phys. 2011; 83(6 Pt
1):061106. doi: 10.1103/
PhysRevE.83.061106.

PMID: 21797301.

Krauss P, Metzner C, Schilling A, Schiitz C,
Tziridis K, Fabry B, Schulze H. Adaptive
stochastic resonance for unknown and
variable input signals. Sci Rep. 2017;
7(1):2450. doi: 10.1038
/s41598-017-02644-w. PMID:
28550314; PMCID: PMC5446399.
Schéllhorn WI. Practical consequences of
biomechanically determined individuality
and fluctuations on motor learning. In:
Herzog W, Azim J, editors. XVIIth
Conference-Proceeding of the International
Society of Biomechanics. Calgary, AB:
University of Calgary; 1999. p. 147.
Schollhorn WI. Applications of systems
dynamic principles to technique and
strength training. Acta Acad Olymp Est.
2000; (8):67-85.

Schollhorn WI. Differenzielles Lehren und
Lernen von Bewegung—Durch verénderte
Annahmen zu neuen Konsequenzen. In
Zur Vernetzung von Forschung und Lehre
in Biomechanik, Sportmotorik und
Trainingswissenschaft. Deutsche
Vereinigung flr Sportwissenschaf;

Gabler, H., Gohner, U., Schiebl, F., Eds.;
Czwalina: Hamburg, Germany, 2005;

pp. 125-135.

Schéllhorn WI, Mayer-Kress G,

Newell KM, Michelbrink M. Time scales of
adaptive behavior and motor learning in
the presence of stochastic perturbations.
Hum Mov Sci. 2009; 28(3):319-333.
doi: 10.1016

/j.humov.2008.10.005.

Schéllhorn W, Horst F. Effects of complex
movements on the brain as a result
increased decision-making. J Complex
Health Sci. 2019; 2(2):40-45.

doi: 10.21595/chs.2019.21190.
Apidogo JB, Ammar A, Salem A,

Burdack J, Schoéllhorn WI. Resonance
effects in variable practice for handball,
basketball, and volleyball skills: a study on
contextual interference and differential

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

learning. Sports (Basel). 2023; 12(1):5.
doi: 10.3390/sports12010005.
Ammar A, Trabelsi K, Boujelbane MA,
Boukhris OG, Jordan CH, Schoéllhorn WI.
The myth of contextual interference
learning benefit in sports practice:

a systematic review and meta-analysis.
Educ Res Rev. 2023; 100537.

doi: 10.1016/j.edurev.

Ammar A, Boujelbane MA, Simak ML,
Fraile-Fuente I, Rizz N, Washif JA, et al.
Unveiling the acute neurophysiological
responses to strength training: an
exploratory study on novices performing
weightlifting bouts with different motor
learning models. Biol Sport. 2024;
41(2):249-274. doi: 10.5114/biolsport
.2024.133481.

Chandler P, Sweller J. Cognitive load
theory and the format of instruction. Cogn
Instr. 1991; 8(4):293-332.

doi: 10.1207/51532690xci0804 2.
Gentile AM. Movement science: implicit
and explicit processes during acquisition
of functional skills. Scand J Occup Ther.
1998; 5(1):7-16.

Ammar A, Trabelsi K, Boujelbane MA,

et al. The effects of contextual interference
learning on the acquisition and relatively
permanent gains in skilled performance:
a critical systematic review with multilevel
meta-analysis. Educ Psychol Rev. 2024;
36:57. doi: 10.1007/s10648-024-
09892-z.

Schéllhorn WI, Nigg BM, Stefanyshyn D,
Liu W. Identification of individual walking
patterns using time discrete and time
continuous data sets. Gait Posture. 2002;
15(2):180-186.

Apidogo JB, Burdack J, Schéllhorn WI.
Learning multiple movements in
parallel—accurately and in random order, or
each with added noise? Int J Environ Res
Public Health. 2022; 19(17):10960.
Beckmann H, Schollhorn WI. Differential
learning in shot put. In: Schollhorn W,
Bohn C, Jager JM, Schaper H,
Alichmann M, editors. 1% European
Workshop on Movement Science Book of
Abstracts. KoIn: Sport & Buch StrauB;
2003. p. 68.

Trockel M, Schéllhorn WI. Differential
training in soccer. In: European Workshop
on Movement Science Mechanics and
Physiology; Mister, Germany. 2003.

p. 22-24.

Hegen P, Schollhorn WI. Get better in
different areas at the same time without
repeating? Parallel differential training of
two techniques in football. Competitive
sport. 2012; 42:17-23.

Apidogo JB, Burdack J, Schéllhorn WI.
Repetition without repetition or differential
learning of multiple techniques in
volleyball?. Int J Environ Res Public Health.
2021; 18(19):10499.

. Ammar A, Riemann BL, Masmoudi L,

Blaumann M, Abdelkarim O, Hokelmann A.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

Achraf Ammar et al.

Kinetic and kinematic patterns during high
intensity clean movement: searching for
optimal load. J Sports Sci. 2018;
36(12):1319-1330.

doi: 10.1080/02640414.2017.1376521.
Ammar A, Riemann BL, Trabelsi K,
Blaumann M, Abdelkarim O, Chtourou H,
Driss T, Hokelmann A. Comparison of 2-
and 3-minute inter-repetition rest periods on
maximal jerk technique and power
maintenance. Res Q Exerc Sport. 2019;
90(3):287-296. doi: 10.1080/0270136
7.2019.1594664.

Ammar A, Riemann BL, Abdelkarim O,
Driss T, Hokelmann A. Effect of 2- vs.
3-Minute Interrepetition Rest Period on
Maximal Clean Technique and
Performance. J Strength Cond Res.
2020 Sep; 34(9):2548-2556.

Souissi MA, Souissi H, Elghoul Y,
Masmoudi L, Trabelsi O, Ammar A, et al.
Information processing and technical
knowledge contribute to self-controlled
video feedback for children learning the
snatch movement in weightlifting. Percept
Mot Skills. 2021 Aug; 128(4):1785-
1805. doi: 10.1177
/00315125211011728.

Souissi MA, Elghoul Y, Souissi H,
Masmoudi L, Ammar A, Chtourou H, et al.
The effects of three correction strategies of
errors on the snatch technique in
10-12-year-old children: a randomized
controlled trial. J Strength Cond Res.
2023 Jun 1;

37(6):1218-1224. doi: 10.1519
/JSC.0000000000003707.

Oftadeh S, Bahram A, Yaali R, Ghadiri F,
Schéllhorn WI. External focus or
differential learning: is there an additive
effect on learning a futsal goal kick? Int
J Environ Res Public Health. 2022;
19(1):317. doi: 10.3390/ijerph
19010317.

Henz D, John A, Merz C, Schéllhorn WI.
Post-task effects on EEG brain activity
differ for various differential learning and
contextual interference protocols. Front
Hum Neurosci. 2018; 12:19.

Beck TW. The importance of a priori
sample size estimation in strength and
conditioning research. J Strength Cond
Res. 2013 Aug; 27(8):2323-2337.
doi: 10.1519/JSC.0b013e318278eeal.
Faul F, Erdfelder E, Lang AG, Buchner A.
Gx+Power 3: a flexible statistical power
analysis program for the social,
behavioral, and biomedical sciences.
Behav Res Methods. 2007;
39:175-191. doi: 10.3758/BFO
3193146.

John A, Schéllhorn WI. Acute effects of
instructed and self-created variable rope
skipping on EEG brain activity and heart
rate variability. Front Behav Neurosci.
2018; 12:311. doi: 10.3389/fnbeh
.2018.00311.

Ammar A, Chtourou H, Hammouda O,




Motor Learning Models and Weightlifting Technical Efficiency

45.

46

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Trabelsi K, Chiboub J, Turki M, et al. Acute
and delayed responses of C-reactive protein,
malondialdehyde and antioxidant markers
after resistance training session in elite
weightlifters: effect of time of day.
Chronobiol Int. 2015; 32(9):1211-1222.
doi: 10.3109/07420528.2015
.1079215.

Ammar A, Chtourou H, Hammouda O,
Turki M, Ayedi F, Kallel C, et al.
Relationship between biomarkers of
muscle damage and redox status in
response to a weightlifting training
session: effect of time-of-day. Physiol

Int. 2016; 103(2):243-261.

doi: 10.1556/036.103.2016.2.11.

. Ammar A, Chtourou H, Souissi N. Effect of

time-of-day on biochemical markers in
response to physical exercise. J Strength
Cond Res. 2017; 31(1):272-282.

doi: 10.1519/JSC.0000000000001481.
Schollhorn WI, Nigg BM, Stefanyshyn D,
Liu W. Identification of individual walking
patterns using time discrete and time
continuous data sets. Gait Posture. 2002;
15(2):180-186.

Soriano MA, Suchomel TJ, Comfort P.
Weightlifting overhead pressing
derivatives: a review of the literature.
Sports Med. 2019; 49(6):867-885.
Waller MA, Piper T, Miller J. Coaching of
the snatch/clean pulls with the high pull
variation. Strength Cond J. 2009;
31(3):47-54.

Coe DP, Pivarnik JM, Womack CJ,

Reeves MJ, Malina RM. Effect of physical
education and activity levels on academic
achievement in children. Med Sci Sports
Exerc. 2006; 38(8):1515-1519.
Hillman CH, Erickson Kl, Kramer AF. Be
smart, exercise your heart: exercise effects
on brain and cognition. Nat Rev Neurosci.
2008; 9(1):58-65.

Kupari M, Virolainen J, Koskinen P,
Tikkanen MJ. Short-term heart rate
variability and factors modifying the risk of
coronary artery disease in a population
sample. Am J Cardiol. 1993;
72(12):897-903.

Dong JG. The role of heart rate variability
in sports physiology. Exp Ther Med. 2016;
11(5):1531-1536.

Nago H, Kubo Y, Tsuno T, Kurosaka S,
Muto M. A biomechanical comparison of
successful and unsuccessful snatch
attempts among elite male weightlifters.
Sports. 2019; 7(6):151. doi: 10.3390/
sports7060151.

Cunanan AJ, Hornsby WG, South MA,
Ushakova KP, Mizuguchi S, Sato K, et al.
Survey of barbell trajectory and kinematics
of the snatch lift from the 2015 world and
2017 Pan-American weightlifting
championships. Sports (Basel). 2020;
8(9):118.

Storey A, Smith HK. Unique aspects of
competitive weightlifting: performance,

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

training and physiology. Sports Med.
2012; 42:769-790.

Souissi MA, Ammar A, Trabelsi O,

Glenn JM, Boukhris O, Trabelsi K, et al.
Distance motor learning during the
COVID-19 induced confinement: video
feedback with a pedagogical activity
improves the snatch technique in young
athletes. Int J Environ Res Public Health.
2021 Mar 16; 18(6):3069.

doi: 10.3390/ijerph18063069.

Cube FV. Kybernetische Grundlagen des
Lernens und Lehrens, 1 ed.; Ernst Klett
Verlag: Stuttgart, Germany; 1965.
Haykin S. Neural Networks:

A Comprehensive Foundation, 1% ed.;
McMaster University: Hamilton, ON,
Canada; 1994.

Dietrich A. Functional neuroanatomy of
altered states of consciousness: the
transient hypofrontality hypothesis.
Conscious Cogn. 2003; 12:231-256.
Henz D, Kenville R, Simon M,

Leinberger O, Schéllhorn WI. EEG brain
activity in differential, contextual
interference, and classical repetition-
oriented badminton serve training. In:
Radmann A, Hedenborg S, Tsolakidis E,
editors. Book of Abstracts of the 20™"
Annual Congress of the European College
of Sport Science in Malmé. Cologne:
European College of Sport Science; 2015.
p. b3.

Henz D, Schollhorn WI. Differential
training facilitates early consolidation in
motor learning. Front Behav Neurosci.
2016; 10:1-9.

Jarus T, Goverover Y. Effects of contextual
interference and age on acquisition,
retention, and transfer of motor skill.
Percept Mot Skills. 1999;
88(2):437-447.

Vera JG, Alvarez JC, Medina MM. Effects
of different practice conditions on
acquisition, retention, and transfer of
soccer skills by 9-year-old schoolchildren.
Percept Mot Skills. 2008;
106(2):447-460.

Marteniuk RG. Individual differences in
motor performance and learning. Exerc
Sport Sci Rev. 1974; 2(1):103-130.
Schéllhorn WI, Schaper H,

Kimmeskamp S, Milani T. Inter- and
intra-individual differentiation of dynamic
foot pressure patterns by means of
artificial neural nets. Gait Posture. 2002;
16(Suppl 1).

Bauer HU, Schollhorn WI. Self-organizing
maps for the analysis of complex
movement patterns. Neural Process Lett.
1997, 8:193-198.

Janssen D, Schéllhorn WI, Lubienetzki J,
Folling K, Kokenge H, Davids K.
Recognition of emotions in gait patterns by
means of artificial neural nets.

J Nonverbal Behav. 2008; 32(2):79-92.
doi: 10.1007/s10919-007-0045-3.

69.

70.

71

72.

73.

74.

75.

76.

77.

78.

79.

80.

Janssen D, Schéllhorn WI, Newell KM,
Jager JM, Rost F, Vehof K. Diagnosing
fatigue in gait patterns by support vector
machines and self-organizing maps. Hum
Mov Sci. 2011; 30(5):966-975.

doi: 10.1016/j.humov.2010.08.010.
Albrecht S, Janssen D, Quarz E,

Newell KM, Schoéllhorn WI. Individuality of
movements in music-finger and body
movements during playing of the flute.
Hum Mov Sci. 2014; 35:131-144.

. Horst F, Kramer F, Schéfer B, Eekhoff A,

Hegen P, Nigg BM, et al. Daily changes of
individual gait patterns identified by
means of support vector machines. Gait
Posture. 2016; 49:309-314.

doi: 10.1016/j.gaitpost.2016.07.073.
Horst F, Eekhoff A, Newell KM,

Schollhorn WI. Intra-individual gait patterns
across different time-scales as revealed by
means of a supervised learning model using
kernel-based discriminant regression. PLoS
One. 2017; 12(6), doi: 10.1371/journal.
pone.0179738.

Horst F, Mildner M, Schéllhorn WI.
One-year persistence of individual gait
patterns identified in a follow-up study —

a call for individualized diagnose and
therapy. Gait Posture. 2017; 58:476-480.
doi: 10.1016/j.gaitpost.2017.09.003.
Horst F, Lapuschkin S, Samek W,

Mdller K, Schéllhorn WI. Explaining the
unique nature of individual gait patterns
with deep learning. Sci Rep. 2018; 9.
Burdack J, Giesselbach S, Simak ML,
Ndiaye ML, Marquardt C, Schéllhorn WI.
Identifying underlying individuality across
running, walking, and handwriting patterns
with conditional cycle-consistent generative
adversarial networks. Front Bioeng
Biotechnol. 2023 Aug 4; 11:1204115.
doi: 10.3389/fbice.2023.1204115.
Burdack J, Horst F, Aragonés D,

Eekhoff A, Schéllhorn WI. Fatigue-related
and timescale-dependent changes in
individual movement patterns identified
using support vector machine. Front
Psychol. 2020; 11:551548.

doi: 10.3389/fpsyg.2020.551548.
Horst F, Janssen D, Beckmann H,
Schéllhorn WI. Can individual movement
characteristics across different throwing
disciplines be identified in high-
performance decathletes? Front Psychol.
2020 Sep 18; 11:2262. doi: 10.3389
/fpsyg.2020.02262.

Ammar A, Simak ML, Salem A, Horst F
and Schéllhorn WI (2024), Unveiling
individuality in the early phase of motor
learning: a machine learning approach for
analysing weightlifting technique in
novices.

Front. Bioeng. Biotechnol. 12:1426058.
doi: 10.3389/fbioe.2024.1426058
Baumann W. About cinematographic
motion analysis. Med World. 1968;
10:2168-2174.

Articles published in the Biology of Sport are licensed under an open access Creative Commons CC BY 4.0 license.

a BioLoay oF SporT, VoL. 42 Nol, 2025 161



