Errors matter: ACL injury risk and the biomechanics of unsuccessful trials
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ABSTRACT
Landing tasks coupled with cognitive-motor demands are commonly used to assess biomechanical risk markers for anterior cruciate ligament (ACL) injury. However, most studies discard unsuccessful trials, despite these potentially better reflecting real-game injury situations, as they arise from decision-making or motor-control errors. This exploratory study investigated the biomechanics of unsuccessful trials in cognitively challenging jump-land-jump tasks using a cluster analysis approach.
Unsuccessful landings were classified as distinct mechanisms in failed (decision-making error) or bad (motor error) trials and analyzed separately, including 24 and 30 athletes, respectively. The multivariate average of successful trials were used to defined the optimal pattern, and the most abnormal failed and bad trials were identified based on their distance from the optimal pattern. Peak sagittal and frontal plane hip and knee biomechanics were extracted, and analyzed using principal component and hierarchical cluster analysis.
Failed trials revealed four distinct motor strategies (p < 0.001), in some cases characterized by greater frontal-plane misalignments, which may be considered injury risk markers. In contrast, two clusters emerged among bad trials (p < 0.001), but with low separation and relatively small principal component scores, suggesting minor adjustments rather than qualitatively different strategies. This suggests that the type of landing error (decision-making vs. motor-planning) may influence kinematics and joint-loading.
This study highlights a latent dimension of injury risk that may be overlooked when considering only successful task execution. The biomechanical analysis of unsuccessful trials may help identify cognitive-motor factors affecting neuromuscular control and motor planning, potentially complementing current ACL injury risk screening approaches.
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INTRODUCTION
ACL injuries are among the most debilitating injuries in sport, indeed the return-to-sport progression usually requires from 6 to 12 months, while pre-injury performance level is not guaranteed1. Most ACL injuries occur during non-contact cutting and landing maneuvers2. Despite the biomechanical differences between these two injury mechanisms, in the last decades video analyses have identified common biomechanical features that may be linked to the ligament loading and subsequent injury risk, such as the excessive knee medial displacements and the reduction of lower limb flexion, that increase shear forces at tibial proximal end and axial compressive load3. Laboratory tests that replicate injury-related sports motions (e.g., cutting and landing tasks) are commonly adopted to screen for ACL injury risk and support rehabilitation in the return-to-sport process4,5. However, the overall injury rate is not decreasing, while the risk of reinjury in sports remains high6. 
Beyond biomechanical risk markers and individual non-modifiable anatomical characteristics, such as ligament laxity, neurocognitive abilities have been recognized as potentially relevant ACL injury risk-related factors7–9. Indeed, in recent years, cognitive load introduced through unanticipated protocols or dual-task conditions has been implemented in laboratory biomechanical testing, as this approach may be more ecologically valid by replicating unpredictable and cognitively challenging real-game situations and allowing for the concurrent assessment of athletes’ motor and cognitive abilities10–14. The cognitive demand is often included in laboratory tests using visual stimuli that dynamically change a predetermined task requirement (e.g., jump right or left when a light turns green), which may reveal potential athletes’ deficiencies in rapidly adapting the movement and avoiding harmful motor patterns15,16. 
Although cognitive stimuli are believed and purposely implemented to increase cognitive-motor demands, affecting movement outcomes and, as a consequence, the number of errors or suboptimal patterns, to our knowledge, the vast majority of studies have focused exclusively on analyzing the biomechanics of what researchers usually consider “successful” or “valid” trials10,17. In this case, task execution and motor patterns could be considered optimal, although invalid trials, often discarded, might provide a more representative characterization of an athlete’s exposure to injury risk, which indeed often arises from suboptimal motor planning and execution errors9. However, only a few studies have included a notational analysis of invalid trials18,19, and very limited evidence is available regarding their biomechanics relative to valid trials20.
Execution errors can arise from heterogeneous mechanisms, making the analysis of invalid trials challenging. Indeed, an invalid trial can be defined not only as a deviation from task requirements (a cognitive error as a failure of the decision-making process), but also as an incorrect movement execution (a motor error as a failure of the movement planning process, such as sliding, pivoting, or losing balance) despite the fulfillment of task requirements18. The same athlete may thus exhibit different types of errors, even within the same testing session; consequently, averaging invalid trials to compare them with valid ones may not be appropriate, as this approach may mask or compensate for the biomechanical effects of specific types of errors.
A possible solution to these challenges is to categorize the outcomes using an unsupervised exploratory approach, grouping the data based on inherent similarity rather than applying predetermined boundaries, as in cluster analysis21. A recent study has proposed using cluster analysis to discriminate movement patterns associated with ACL injury risk22. In a similar manner, this approach could be applied to categorize different unsuccessful biomechanical patterns, some of which may increase the athlete’s exposure to ACL injury risk. Additionally, the analysis of invalid trials should include the optimal movement patterns observed in successful trials, as comparing their kinematics and kinetics with those of unsuccessful trials may help identify potentially harmful biomechanical changes that current screening methods cannot detect, thereby providing a more comprehensive dimension of injury risk.
To our knowledge, this is the first study to explore this approach to identifying ACL injury risk markers in cognitively challenging landing tasks by analyzing the biomechanics of invalid trials. Invalid trials were selected and categorized, also considering their “deviation” from the successful motor pattern observed in valid trials, and cluster analysis was adopted to identify and group biomechanical profiles. We explored the use of cluster analysis to discriminate different motor patterns, whose error mechanisms might be associated with known ACL risk profiles, indicating greater risk markers in certain individuals.

METHODS
This cross-sectional observational study was approved by the institutional Ethic Committee (protocol No. 10/2022) and complied with the ethical standards for research involving human participants established by the Declaration of Helsinki. We approached the experimental question using an exploratory approach, as direct comparison with previous evidence is limited regarding biomechanical analysis of invalid trials23.
Participants
Given the nature of the study and the lack of prior published evidence, the sample size was pragmatically selected for a secondary analysis as part of a broader research project examining the influence of cognitive-motor factors on injury-related biomechanics23,24. Fifty participants (25 males and 25 females) were recruited for the project after signing written informed consent that included detailed protocol information, risks, and benefits. To be included, participants had to be between 18 and 35 years old, be involved in competitive ball team sports characterized by frequent unanticipated jumps and cutting movements (e.g., basketball, volleyball, soccer, rugby), report a Tegner activity score higher than 525, train at least twice per week and compete in an official match per week, have a minimum of 5 years of sport-specific experience, and hold a valid medical clearance for competitive sport participation in accordance with national regulations. Individuals were excluded if they had a history of lower limb surgery, had sustained a concussion or lower limb injury within the 6 months preceding the testing session, or reported color blindness. 
Experimental protocol
The present study was part of a broader research project in which participants first completed baseline cognitive–motor tests and then performed sport-specific jump-land-jump tasks with increasing levels of cognitive demand26,27. The entire experimental session was conducted on a single day and lasted approximately 3 hours, with jump testing requiring around 2 hours.  Before starting with jump-land-jump tasks, participants’ height and body mass were measured using a digital stadiometer and scale (Soehnle 7831, Soehnle GmbH, Backnang, Germany), with a resolution of 0.1 cm and 0.1 kg, respectively, and the dominant limb was identified as the preferred one to kick a ball as far as possible28. Participants’ characteristics are reported in Table 1.
TABLE 1 NEAR HERE
Participants performed a standardized warm-up, including squats, vertical jumps, and drop jumps, and they were allowed to familiarize themselves with the jump-land-jump tasks before initiating the protocol. They were instructed to jump from a 30-cm box placed at a distance equal to 50% of their height from two force plates, land with one foot on each plate, and immediately perform a subsequent jump at a 45° angle to the right or left26. The direction of the secondary jump was indicated by two smart indicators (WittySEM, Microgate Srl, Bolzano, Italy) positioned 2 m away from the anterior edge of the force plates at a 45° angle, to stimulate peripheral vision. The jump-land-jump tasks were performed under three conditions: anticipated (ANT), unanticipated (UNA), and cognitively-challenging (COG). 
In the ANT condition, one smart indicator was already turned on (green light) before the beginning of the trial, thus the participant knew a priori the direction of the secondary jump. In both UNA and COG conditions, the smart indicators were triggered by a photocell (WittyGATE, Microgate Srl, Bolzano, Italy) properly positioned between the box and the force plates to activate the visual cue during the flight phase (250-300 ms before ground contact), allowing adequate time to react12,15. In the UNA condition, one of the smart indicators turned green, indicating the direction of the secondary jump. Finally, in the COG condition, the smart indicators could display three color combinations, to further increase the cognitive load: one of the smart indicators turned green indicating the direction of the secondary jump, similarly to the UNA condition (green-off); one smart indicator turned green and the other turned blue, with the blue one specifying the direction of the secondary jump (blue-green, represented in Figure 1); one indicator turned green and the other turned red, indicating that the participant was required to stop on the force plates without performing the secondary jump (red-green). 
FIGURE 1 NEAR HERE
The task conditions were performed in a randomized order, and each condition ended when the participant completed at least three valid jumps per direction (in the COG condition, for each color combination). A rest of 1 minute between trials and 3 minutes between conditions (or after ten trials of the same condition) was granted to avoid the onset of fatigue10,15. A trial was considered valid when the participant performed the secondary jump in the correct direction (or correctly stopped in the red-green combination) immediately after landing with one foot on each force plate without sliding, double-stepping, or losing balance. Especially in the COG condition, as expected, participants performed a considerable amount of invalid trials, that were classified as “failed” when participants selected an incorrect direction for the secondary jump (cognitive error), and as “bad” when participants initiated the second jump in the correct direction but with suboptimal execution (motor error; e.g., uncoordinated posture, loss of balance, or deviation from the intended 45° direction).
Kinematics and kinetics were collected using an 8-camera optoelectronic motion capture system (SMART-DX EVO, BTS Bioengineering, Milano, Italy) sampling at 100 Hz and two time-synchronized force plates (P-6000, BTS Bioengineering, Milan, Italy) sampling at 500 Hz. A whole-body cluster-based marker with 57 reflective markers were positioned on participants’ body: forehead and lateral sides of the head (attached to an elastic headband), 7th cervical vertebra, jugular notch, xiphoid process, 10th thoracic vertebra, and bilaterally on acromia, middle deltoids, iliac crests, posterior and anterior superior iliac spines, elbow medial and lateral epicondyles, laterally on forearms, radial and ulnar styloid processes, medial and lateral femoral condyles, tibial tuberosities, medial and lateral malleoli, calcanei, laterally on feet, 1st and 5th metatarsal heads, and four rigid 3-marker clusters fixed on shanks and thighs with elastic bands26. 
Data processing and statistical analysis
Visual3D (HAS-Motion, Kingston, Ontario, Canada) was used to compute biomechanical variables, using an inverse kinematics model. Marker trajectories were interpolated, and hip and knee joint angles and external moments of both dominant and non-dominant limbs were computed using a Z-X-Y Cardan rotation sequence, restricting the knee joint to t rotational degrees of freedom. Joint moments were normalized to the participants’ body weight. Signals were then filtered using a fourth-order zero-lag Butterworth low-pass filter at 10 Hz26. 
A customized MATLAB code (The MathWorks Inc., Natick, MA, USA) was created to further data processing and statistical analysis. Valid and invalid (failed and bad) trials of the COG condition were considered in this analysis, including both green-off and blue-green combinations toward the dominant side. Failed and bad trials were analyzed separately, given their distinct mechanisms and implications. All failed or bad trials were retained, and an equal number of valid trials were randomly selected for matched comparison for each participant. When only two invalid trials were available, three valid trials were included. Then, hip adduction, hip flexion, knee abduction, and knee flexion angles and moments of both limbs29,30 were extracted in a 100-ms time interval after the initial ground contact (vertical GRF > 10 N), defined as the high-risk window for ACL injuries31, and normalized using a z-score transformation32. 
To identify potentially hazardous invalid trials, we identified abnormal invalid trials for each participant as those that deviated most from the individual optimal pattern, a biomechanical profile derived from the average time series of each variable across the selected valid trials33. Then, for every trial included (valid and invalid), the multivariate deviation from the optimal pattern was quantified by computing the Euclidean distance over time. The instantaneous distance was integrated over the movement duration, yielding a single scalar distance value per trial. Distances from valid and invalid trials were compared using linear mixed-effects models, with trial type (valid vs. failed or bad) as a fixed effect and subject as a random effect, to account for within-subject dependency and imbalanced numbers of trials. For visual inspection, a paired t-test through statistical parametric mapping (SPM) (spm1d MATLAB package, version M.0.4.10, http://www.spm1d.org/index.html) was also performed on distance time series to illustrate when valid and invalid trials deviated from the optimal pattern throughout the entire considered movement phase. Distance time series of each condition were averaged for all participants prior to this inspection.
For each participant, invalid trials were classified as abnormal when their scalar distance from the optimal movement pattern exceeded the mean + 1 standard deviation (SD) of the distances observed in the corresponding valid trials. Peak values of the biomechanical variables were extracted from these trials, and principal component analysis (PCA) was performed for dimensionality reduction34. The number of principal components (PCs) to consider was pragmatically determined based on cumulative explained variance (70-80%), the Kaiser criterion (eigenvalue > 1), and visual inspection of the scree plot (rapid change in slope of the eigenvalue curve)32,35. After determining the retained components, PC scores and variable loadings were subsequently extracted. 
Abnormal trials were then grouped using hierarchical clustering (Ward’s method) applied to the selected principal component scores, using Euclidean distance22. The optimal number of clusters was determined using silhouette analysis, which quantifies how well each trial is separated from neighboring clusters based on within- and between-cluster distances. The solution with the highest mean silhouette value was selected22,36. Cluster separation was evaluated using non-parametric statistical tests applied to each PC, to account for potentially unbalanced cluster sizes. If the optimal number of clusters was greater than two, Kruskal–Wallis tests were performed, followed by pairwise comparisons using Mann–Whitney U tests with Holm correction. If only two clusters were identified, Mann–Whitney U tests with Benjamini–Hochberg correction were applied across all PCs. A significance level of 0.05 was adopted for all statistical analyses.

RESULTS
Complete descriptive statistics of raw biomechanical variables collected in the study are reported in the Supplementary Materials (Table S.1).
Failed trials (decision-making errors)
Twenty-four participants performed at least two failed trials and were therefore eligible for analysis, resulting in a total of 76 failed trials (12 males, 12 females; age: 22.9 ± 1.6 years; height: 174.9 ± 9.6 cm; weight: 69.0 ± 10.1 kg). 
Figure 2 depicts: a) the boxplot representing the distance distribution of valid and failed trials with respect to the optimal pattern, and b) the SPM t-test to visualize differences over time. 
FIGURE 2 NEAR HERE
The specific linear mixed model confirmed that valid and failed trials differed in distance from the optimal pattern (p < 0.001). 
The abnormal failed trials, whose distance exceeded the mean + 1 SD of the valid-trial distance distribution, were 54 (from 21 participants). The PCA results on abnormal failed trials (Kaiser criterion, scree plot, cumulative variance) are represented in Figure 2c. Although the scree plot did not indicate a clear change in slope, four PCs (PC1F - PC4F) were considered adequate to describe the biomechanics of these tasks, based on the Kaiser criterion (4 PCs) and cumulative variance analysis (72%). 
The silhouette analysis reported an optimal number of clusters of 4, with a mean silhouette value of 0.513 (Figure 2d). Relevant loadings of the first four PCs, the mean and SD of the scores for each cluster, and the results of the Kruskal-Wallis and post-hoc analyses are reported in Table 1. 
TABLE 1 NEAR HERE
The first three PCs were significantly different among clusters (p < 0.001), thus the post-hoc analysis was not performed on PC4F. Figure 3 displays the clusters from the dendrogram, along with a boxplot of the score distributions for the principal components that showed significant differences between clusters.
FIGURE 3 NEAR HERE
Bad trials (motor errors)
Thirty participants performed at least two bad trials and were therefore eligible for analysis, resulting in a total of 106 trials (12 males, 18 females; age: 23.1 ± 2.5 years; height: 173.8 ± 9.4 cm; weight: 66.9 ± 9.0 kg). 
Figure 4 depicts: a) the boxplot representing the distance distribution of valid and bad trials with respect to the optimal pattern, and b) the SPM t-test to visualize differences over time. 
FIGURE 4 NEAR HERE
The specific linear mixed model confirmed that valid and bad trials differed in distance from the optimal pattern (p < 0.001). 
The abnormal bad trials, whose distance exceeded the mean + 1 SD of the valid trial distance distribution, were 65 (27 participants). The PCA results on abnormal bad trials (Kaiser criterion, scree plot, cumulative variance) are represented in Figure 4c. Although the scree plot did not reveal a clear change in slope, a total of five PCs (PC1B – PC5B) was considered adequate to describe the biomechanics of these tasks, based on the Kaiser criterion (4 PCs) and cumulative variance analysis (75%). 
The silhouette analysis reported an optimal number of clusters of 2, with a mean silhouette value of 0.38 (Figure 4d). Relevant loadings of the first five PCs, the mean and SD of the scores for each cluster, and the results of Mann–Whitney U tests are reported in Table 2. 

TABLE 2 NEAR HERE
The PC1B was significantly different between clusters (p < 0.001). The clusters are displayed in the dendrogram in Figure 5, along with the boxplot showing the score distributions for the PC1B.
FIGURE 5 NEAR HERE

DISCUSSION
The aim of this study was to explore a novel approach to identify ACL injury risk markers during unanticipated landing tasks by specifically analyzing invalid trials, categorized as failed and bad trials and related specifically to cognitive and motor errors, in relation to the successful motor pattern.
Four distinct motor patterns were identified among failed trials. This was expected, as failed trials usually result from cognitive decision-making errors that are inherently more heterogeneous. Since PC4F did not contribute to cluster discrimination, the results were interpreted using PC1F, PC2F, and PC3F. Cluster 1 appears to be primarily driven by PC3F, as reflected by the markedly elevated PC3F scores (mean ≈ 2.5) compared with the other clusters, while PC1F and PC2F show only moderate deviations from zero. Since PC3F is mainly characterized by greater dominant knee abduction and reduced non-dominant knee abduction angles, this profile indicates a pronounced frontal-plane knee asymmetry, making this cluster the most frontal-plane-driven pattern observed37. Only five trials from two participants were assigned to cluster 1, indicating that the pronounced frontal-plane interlimb asymmetries observed during failed trials were limited to a small number of athletes. Cluster 2 was characterized by relatively small scores across all principal components, indicating the absence of a strongly representative biomechanical pattern. This suggests that cluster 2 represents the least extreme profile and may reflect a more common, intermediate movement strategy within the sample, executed by most participants. Cluster 3 demonstrated strongly negative PC1F and PC2F scores (mean ≈ -3.7 and mean ≈ -2.3, respectively), with PC3F values near zero. Both PC1F and PC2F with negative scores are characterized by an increased non-dominant knee abduction angle, which may enhance the risk of injury of the non-dominant ACL [ref]. On the sagittal plane, PC1F and PC2F seem to have opposite trends: decreased dominant and non-dominant hip flexion moment in PC1F, which may be considered potentially harmful for ACL38, while increased dominant and non-dominant hip flexion moment in PC2F. Therefore, cluster 3 did not reflect a generalized reduction in hip contribution; rather, it was characterized by a redistribution of frontal-plane hip mechanics between limbs, with reduced hip adduction in the dominant limb and relatively greater hip adduction in the non-dominant limb. Additionally, the near-zero PC3F indicates minimal frontal-plane knee asymmetry. While cluster 3 did not show marked asymmetry in this plane, the reduced dominant hip contribution along the primary sagittal axis suggests a relatively greater reliance on the knee joint. From a mechanistic perspective, such a knee-driven strategy has been associated with increased ACL loading in certain task conditions38. However, in the absence of substantial frontal-plane knee loading, this pattern cannot be unequivocally interpreted as representing elevated ACL injury risk. Finally, cluster 4 was defined by strongly positive PC1F scores, with PC2F and PC3F values close to zero. This configuration reflects a clear hip-dominant sagittal strategy in the dominant limb, characterized by a greater hip flexion moment contribution and reduced reliance on the knee, with no marked frontal-plane asymmetry. Among the four clusters, this pattern appears comparatively less consistent with biomechanical features typically associated with increased ACL loading. Similar to cluster 2, cluster 4 included a large number of trials, indicating that this movement strategy was frequently observed in the sample. Overall, only the two athletes classified within cluster 1 exhibited a movement pattern more consistent with biomechanical features associated with ACL injury, particularly due to the pronounced frontal-plane knee asymmetry. Moreover, the two athletes belonging to cluster 3 demonstrated a pattern only partially characterized by an ACL-related risk profile, mainly reflecting a lower sagittal hip contribution with only mild frontal-plane asymmetry. The majority of the sample was distributed across clusters 2 and 4, which appeared mechanically less indicative of ACL injury–related patterns.
Regarding the analysis of bad trials, two clusters were identified. However, the silhouette value, used to assess the clustering quality, was low, suggesting weak separation and possible overlap between them. This finding could potentially be related to the nature of bad trials: unlike failed trials, they are not the consequence of decision-making errors but rather of suboptimal motor execution of a jump performed in the correct direction. Accordingly, it seems reasonable that fewer and more homogeneous clusters of bad trials emerged. Only PC1B significantly contributed to clustering, but the mean scores were small in magnitude in both clusters, with absolute values ranging between 1 and 2. Specifically, cluster 1 was primarily characterized by a positive contribution of PC1B, while cluster 2 showed a negative contribution. Positive PC1B scores implied reduced dominant knee abduction angle and moment, and increased dominant and non-dominant hip flexion moments. This strategy may be relatively more protective for ACL integrity, as it is characterized by reduced medial knee displacement and frontal-plane knee loading, combined with greater sagittal-plane hip contribution, which may enhance load absorption at the hip while attenuating mechanical demand at the knee3,38. Consequently, the movement pattern features of cluster 2, which is characterized by negative PC1B scores, could be more commonly associated with increased ACL injury risk3.
Although analyzing unsuccessful trials can already be considered a significant novel approach with respect to taking into consideration only valid trials, potentially concealing cognitive-motor deficiencies, as in the vast majority of the literature pertaining to injury-related biomechanical testing, we believe that further discriminating and comparing distinct types of error may help in expanding this potential dimension of the injury risk. Failed trials, which originate from cognitive decision-making errors under unanticipated conditions, were associated with a broader spectrum of motor strategies and, in some cases, with more pronounced frontal-plane deviations. In contrast, bad trials, reflecting suboptimal motor execution despite correct decision-making, exhibited more homogeneous and less distinctive biomechanical patterns. This distinction suggests that the underlying origin of the error (cognitive or motor) may differentially influence the resulting joint loading strategies. The analysis of invalid trials, especially those arising from decision-making errors, may provide additional insights into latent movement tendencies that remain compensated during successful task execution. Under cognitively demanding and time-constrained conditions, some athletes may be less able to maintain optimal movement coordination, thereby revealing underlying movement strategies that are not evident in anticipated or successfully completed trials20. From this perspective, invalid trials may function as a form of cognitive-motor “stress test” that challenges the efficiency of neuromuscular control and motor planning. Conversely, bad trials were characterized by fewer and less clearly separated clusters, with relatively small principal component scores. This suggests that suboptimal motor performance in the absence of decision-making errors may involve less marked deviations from the optimal pattern. The limited cluster distinctiveness and lower silhouette values further indicate that these trials likely reflect minor adjustments rather than qualitatively different movement strategies.
Considering the study methodology, it is worth noting that if the aim is to analyze unsuccessful jump executions, the inclusion of unanticipated testing conditions appears necessary, as they are known to increase the likelihood of motor errors18. However, recent evidence supports the notion that increasing cognitive load by further expanding movement and cognitive options may stimulate adaptations beyond those associated with simple unplanned tasks11,13,39. Indeed, the unanticipated condition alone may not be challenging enough to elicit a substantial number of errors, as should be expected in sport-related tasks. In the present study, when considering all participants and task conditions (i.e., directions and color combinations), the percentage of unsuccessful trials was approximately 0% in the ANT condition. In contrast, under the UNA condition, failed trials accounted for 3% of the total number of jumps, whereas bad trials remained close to 0%. When additional cognitive load was introduced, error rates increased markedly, with failed trials rising to 11% and bad trials to 24%. These findings suggest that although unanticipated tasks are a prerequisite for eliciting execution errors, the concurrent imposition of additional cognitive demands may be fundamental to obtaining a sufficient number of invalid trials for meaningful biomechanical analysis aimed at identifying athletes with reduced cognitive-motor control, who may consequently be at higher risk of injury.
Limitations
An inherent limitation of this exploratory study is that the number of participants included in the analysis of unsuccessful trials was constrained by the unpredictable occurrence of errors. It is important to underline that the study was not designed to induce or force errors, but to elicit natural performance under cognitively challenging conditions, without artificially increasing the likelihood of failure. Indeed, despite further increasing task difficulty, which could yield more unsuccessful trials, this approach would inevitably require more jump executions, which may promote the onset of physical fatigue, mental fatigue, and psychological stress, factors that could alter movement mechanics and act as confounding factors in the analysis10,40.
In addition, analysis of the flight phase may provide a more detailed evaluation of the athlete’s decision-making and motor-planning abilities to rapidly adapt motor control following stimulus presentation. Characterizing kinematic and muscular activation adjustments before landing could provide deeper information regarding the mechanisms underlying unsuccessful trials, distinguishing between deficits in perceptual-cognitive processing and limitations in neuromuscular adaptability.

PERSPECTIVE 
This study proposed a novel framework that incorporates analysis of invalid trials as a potentially latent meaningful dimension in the ACL injury risk profile. Distinct biomechanical profiles deviating from individual optimal patterns emerged, which would have remained undetected if only successful trials had been considered, as in standard methodologies. Further discrimination between error types revealed differences among unsuccessful trials, plausibly due to distinct cognitive-motor mechanisms. Since no investigations have adopted similar methodological frameworks, this limits direct comparisons with previous evidence are limited. Nevertheless, this study provided a basis for future research to replicate and confirm the present results. 
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TABLES
Table 1. PC loadings (absolute value ≥ 0.30), cluster-related PC scores (mean ± SD), and the results of Krustal-Wallis tests and post-hoc analyses for failed trials.
	
	PC1F
	PC2F
	PC3F
	PC4F

	Variable
	Loadings

	HAAD
	0.10
	0.40
	-0.14
	0.54

	HFAD
	-0.22
	-0.38
	0.19
	0.04

	KAbAD
	-0.16
	0.12
	0.80
	0.26

	KFAD
	-0.23
	0.01
	0.10
	-0.11

	HAMD
	0.11
	0.28
	0.08
	0.50

	HFMD
	0.43
	-0.35
	0.09
	0.24

	KAbMD
	-0.23
	0.06
	0.22
	-0.02

	KFMD
	-0.28
	0.24
	-0.01
	-0.03

	HAAND
	-0.37
	0.02
	-0.20
	0.16

	HFAND
	-0.22
	-0.35
	0.20
	0.04

	KAbAND
	-0.41
	-0.37
	-0.37
	0.45

	KFAND
	-0.21
	0.02
	0.06
	-0.07

	HAMND
	-0.08
	0.14
	0.00
	0.03

	HFMND
	0.31
	-0.35
	0.08
	0.22

	KAbMND
	-0.07
	-0.13
	-0.02
	0.19

	KFMND
	-0.19
	0.05
	-0.08
	0.04

	Cluster (N trials)
	Scores

	1 (5)
	-0.88 ± 0.32
	0.85 ± 0.55
	2.55 ± 0.30
	-0.91 ± 1.55

	2 (24)
	-1.13 ± 0.81
	0.37 ± 1.29
	-0.64 ± 0.76
	-0.02 ± 0.80

	3 (4)
	-3.70 ± 0.84
	-2.31 ± 0.34
	0.04 ± 0.51
	0.63 ± 0.44

	4 (21)
	2.21 ± 1.12
	-0.19 ± 1.05
	0.12 ± 0.77
	0.12 ± 1.22

	K-W p-value
	<0.001*
	0.002*
	<0.001*
	0.254



HAA = hip adduction angle, HFA = hip flexion angle, KAbA = knee abduction angle, KFA = knee flexion angle, HAM = hip adduction moment, HFM = hip flexion moment, KAbM = knee abduction moment, KFM = knee flexion moment. Subscripts D and ND denote the dominant and non-dominant limbs, respectively. K-W = Kruskal-Wallis test. * represents significant results (p < 0.05).



Table 2. PC loadings (absolute value ≥ 0.30), cluster-related PC scores (mean ± SD), and the results of Mann–Whitney U tests for bad trials.
	
	PC1B
	PC2B
	PC3B
	PC4B
	PC5B

	Variable
	Loadings

	HAAD
	-0.15
	-0.23
	-0.31
	0.65
	-0.21

	HFAD
	-0.22
	0.31
	-0.27
	-0.23
	-0.17

	KAbAD
	-0.35
	-0.26
	-0.31
	-0.13
	-0.42

	KFAD
	-0.22
	0.04
	-0.01
	-0.06
	0.09

	HAMD
	0.02
	-0.37
	-0.02
	0.04
	0.03

	HFMD
	0.39
	0.01
	-0.29
	-0.15
	-0.16

	KAbMD
	-0.39
	-0.27
	-0.10
	-0.35
	0.03

	KFMD
	-0.27
	-0.11
	0.14
	-0.06
	0.23

	HAAND
	-0.04
	0.04
	0.63
	-0.26
	-0.39

	HFAND
	-0.21
	0.30
	-0.27
	-0.22
	-0.18

	KAbAND
	-0.25
	0.60
	0.14
	0.35
	-0.24

	KFAND
	-0.21
	0.01
	-0.01
	-0.05
	0.10

	HAMND
	-0.07
	-0.22
	0.11
	0.00
	-0.23

	HFMND
	0.40
	0.10
	-0.27
	-0.30
	-0.16

	KAbMND
	-0.12
	0.23
	-0.21
	-0.05
	0.54

	KFMND
	-0.20
	-0.05
	0.09
	-0.14
	0.19

	Cluster (N trials)
	Scores

	1 (26)
	1.79 ± 1.29
	0.35 ± 1.02
	-0.33 ± 1.12
	0.17 ± 0.83
	-0.08 ± 0.97

	2 (39)
	-1.19 ± 0.89
	-0.23 ± 1.50
	0.22 ± 1.29
	-0.11 ± 1.19
	0.05 ± 0.95

	M-W p-values
	<0.001*
	0.283
	0.154
	0.784
	0.552



HAA = hip adduction angle, HFA = hip flexion angle, KAbA = knee abduction angle, KFA = knee flexion angle, HAM = hip adduction moment, HFM = hip flexion moment, KAbM = knee abduction moment, KFM = knee flexion moment. Subscripts D and ND denote the dominant and non-dominant limbs, respectively. M-W = Mann-Whitney U test. * represents significant results (p < 0.05).



FIGURES
Figure 1. Representation of the blue-green COG condition. 
[image: Immagine che contiene cartone animato, treppiede, illustrazione

Il contenuto generato dall'IA potrebbe non essere corretto.]


Figure 2. (a) Boxplot representing the distribution of the total multivariate Euclidean distance of valid and failed trials with respect to the optimal pattern; (b) t-test through SPM on the multivariate distance temporal series between valid and failed trials with respect to the optimal pattern; (c) scree plot and cumulative variance for PCA; (d) silhouette analysis for clustering. 
[image: Immagine che contiene testo, diagramma, Diagramma, linea

Il contenuto generato dall'IA potrebbe non essere corretto.]


Figure 3. Dendrogram showing cluster separation for failed trials (top); boxplot of score distributions across clusters for principal components showing significant differences in the Kruskal–Wallis tests (middle); graphical representation of cluster motor patterns.
[image: ]


Figure 4. (a) Boxplot representing the distribution of the total multivariate Euclidean distance of valid and bad trials with respect to the optimal pattern; (b) t-test through SPM on the multivariate distance temporal series between valid and bad trials with respect to the optimal pattern; (c) scree plot and cumulative variance for PCA; (d) silhouette analysis for clustering.
[image: Immagine che contiene testo, diagramma, Diagramma, linea

Il contenuto generato dall'IA potrebbe non essere corretto.]


Figure 5. Dendrogram showing cluster separation for bad trials (top); boxplot of score distributions across clusters for principal components showing significant differences in the Mann–Whitney U tests (middle); graphical representation of cluster motor patterns.
[image: ]
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