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INTRODUCTION

 Movement screens are used to identify abnormal movement patterns that:

i) Are indicative of dysfunction

ii) May increase risk of injury or hinder performance

 Abnormal patterns are traditionally detected subjectively through visual

observations by a coach, clinician, or ergonomist [1].

 Applying pattern recognition techniques to kinematic or kinetic data can

provide an objective, data-driven method to identify unique and statistically

important patterns [3].

 Objective and quantitative, or data-driven methods can:

i) Remove issues related to intra- and inter-rater reliability.

ii) Offer the potential to detect new and important features that may or not be

observable by the human eye [1,2].

 Therefore, the purpose of this work was to develop and test an objective, data-

driven framework for classifying movement, thus providing proof-of-concept.

METHODS
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FRAMEWORK:

 The proposed framework consists of 5 parts (Figure 1) :

1. A movement task or screen

2. Collection and pre-processing of desired kinematic/kinetic data

3. Feature selection/pattern recognition to identify key patterns and features

4. Machine learning to classify based on chosen criteria

5. Scoring of movement quality

PROOF-OF-CONCEPT [4]:

1. Movement Screen: 542 athletes performed a 21 movement screening battery;

however, only 7 movements completed uni- or bilaterally were analyzed:

 Unilaterally: Drop-jump

 Bilaterally: Bird-dog, hop-down, L-hop, lunge, step-down, and T-balance

2. Data Collection: Kinematic data were collected by Motus Global on 542

athletes ranging in skill level from beginner (e.g. youth, recreational) to

professional (e.g. NBA, MLB, NFL, FIFA).

3. Feature Selection: PCA was applied to time-series marker trajectory data for

all athletes for each individual movement to extract important features. The first 35

PCs were retained based on pilot work.

4. Machine Learning: A linear discriminant function (LDF) with leave-one-out

validation was used to classify athletes as either novice or elite with first 35 PC

scores used as the input data.

5. Scoring: Each athlete’s data were projected onto the LDF to calculate the

likelihood of being either an elite or novice athlete.
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RESULTS

Figure 1. A schematic of the developed framework for classifying movement.

Development of a data-driven framework for classifying 
movement patterns

DISCUSSION

 This work offers proof that the framework is effective at objectively

classifying and scoring athletes based on skill level.

 The benefit of this framework is its flexibility in terms of accommodating

several different movement and data types, as well as pattern recognition and

machine learning/scoring techniques.

 Currently, we are evaluating the framework’s performance with other types of

data, machine learning techniques, and classifiers.

Male Female

Movement n Elite Novice Elite Novice PEV (%) Classification Rate (%)

Bird-Dog Left 380 242 83 12 43 99.95 72.63

Bird-Dog Right 387 244 88 11 44 99.95 75.97

Drop-Jump 275 168 64 7 36 99.91 82.91

Hop-Down Left 396 242 99 10 45 99.94 76.77

Hop-Down Right 396 242 97 11 46 99.93 76.26

L-Hop Left 266 159 67 6 34 99.91 76.69

L-Hop Right 267 160 67 6 34 99.91 80.15

Lunge Left 399 246 97 12 44 99.87 74.69

Lunge Right 401 248 97 12 44 99.88 76.31

Step-Down Left 399 246 98 12 43 99.95 78.20

Step-Down Right 399 247 96 11 45 99.95 75.94

T-Balance Left 392 244 92 11 45 99.92 70.66

T-Balance Right 395 244 94 12 45 99.93 73.67

 Depending on the movement, 70.7-82.9% of athletes were correctly classified

as either elite or novice using a LDF with leave-one-out validation (Table 1).

 Interpretable movement quality scores for each athlete for each task were

then calculated (Figure 2).

Figure 2. Reconstructed movement and movement report for an elite basketball player (red) and a novice

golfer (black) based on the linear discriminant analysis model and individual PC scores.

A) Reconstructed movement of the T-balance right at 0, 50 and 100% of the movement.

B) The scores describe percent likelihood of the athlete being an elite athlete based on the athlete’s

performance for each movement. Each horizontal bar represents a 0-100% likelihood for a movement. BR =

bird-dog right; BL = bird-dog left; LHR = L-hop right; LHL = L-hop left; SR = step-down right; SL = step-down

left; HR = hop-down right; HL = hop-down left; LR = lunge right; LL = lunge left; TR = T-balance right; TL =

T-balance left; DJ = drop-jump.

Table 1. The number of athletes (n), percent explained variance (PEV) for the first 35 principal components,

and percentage of correctly classified athletes as either elite or novice using a linear discriminant analysis

model with leave-one-out validation for each movement.
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