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Abstract

An important step for treatment of a particular injury etiology is the appropriate application of a
treatment targeted to the population at risk. An anterior cruciate ligament (ACL) injury risk
algorithm has been defined that employs field-based techniques in lieu of laboratory-based motion
analysis systems to identify athletes with high ACL injury risk landing strategies. The resultant
field-based assessment techniques, in combination with the developed prediction algorithm, allow
for low-cost identification of athletes who may be at increased risk of sustaining ACL injury. The
combined simplicity and accuracy of the field-based tool facilitate its use to identify specific
factors that may increase risk of injury in female athletes. The purpose of this report is to
demonstrate novel algorithmic techniques to accurately capture and analyze measures of knee
valgus motion, knee flexion range of motion, body mass, tibia length and quadriceps to hamstrings
ratio with video analysis software typically used by coaches, strength and conditioning specialists,
and athletic trainers. The field-based measurements and software analyses were used in a
prediction algorithm to identify those at potential risk of noncontact ACL injury that may directly
benefit from neuromuscular training.
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Introduction

Anterior cruciate ligament (ACL) research has resulted in >5,500 scientific articles
published in the past decade, which investigate injury incidence, mechanism, surgical repair
techniques, and rehabilitation of this important stabilizing knee ligament (35). However,
despite much scientific advancement in the treatment of ACL injury, osteoarthritis occurs at
a 10 times greater rate in ACL injured individuals regardless of the treatment (conservative
management versus surgical treatment) (5,29). Epidemiological research also indicates that
female athletes have a fourfold to sixfold increased risk of noncontact ACL injury compared
with their male counterparts playing at similar levels in the same sports (2,14). The risk of
noncontact ACL injury is coupled with increased sports participation by young women over
the last 30 years, ninefold increase in high school (31) and fivefold increase in collegiate
sports (30). The ACL injury in young athletes can lead to the loss of entire seasons of sports
participation, possible scholarship funding, significantly lowered academic performance (7),
long-term disability and up to 105 times greater risk of radiographically diagnosed
osteoarthritis (4). Based on the undesirable short-term effects and long-term outcomes after
ACL injury, a paradigm shift from research focused on treatment and rehabilitation to injury
mechanism and prevention is warranted.

High knee abduction moments (KAM) during landing predict noncontact ACL injury risk in
young female athletes with high accuracy (11). In addition, a large-scale prospective study
found that military cadets who sustained ACL injury demonstrated high KAM landing
mechanics (33). In validation of these findings, retrospective observation of noncontact ACL
injury mechanics in female athletes report knee landing and cutting alignments associated
with high KAM at the time of injury (Figure 1) (3,13,32). To achieve the objective of
reducing noncontact injury risk in female athletes, identification of those who preferentially
demonstrate high KAM landing mechanics appears salient.

Although prospective measures of high KAM during landing have identified female athletes
at increased risk for sustaining ACL injury, quantification of these measures necessitates
dedicated biomechanical laboratories, which require costly measurement tools, and labor-
intensive data collection sessions are essential to ascertain the measurements. Therefore, we
aimed to systematically develop and validate a field-based assessment to improve the
potential to identify and target injury prevention training to female athletes with increased
KAM (20-22,24,25). We hypothesized that clinically obtainable correlates derived from
highly predictive 3-dimensional (3D) motion analysis models would demonstrate high
accuracy for determination of high KAM status.

Algorithm Development

To achieve the aim to develop a field-based ACL injury prevention algorithm, we recruited
female basketball and soccer players (N = 744) from a single county public school district to
participate in testing of anthropometrics, maturation, laxity or flexibility, strength and
landing biomechanics (22). Linear regression was used to model KAM, and logistic
regression was used to examine high vs. low KAM as surrogate for ACL injury risk
(22,24,25). For validation purposes, 20 female basketball, soccer, and volleyball players
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were tested using 3D motion analysis and field-based techniques simultaneously (21,26).
Field-based measurements were validated against 3D motion analysis measures using within
and between method reliability (intraclass correlations [ICC] and Bland—Altman Plots) and
sensitivity and specificity comparisons (2 x 2 table of actual vs. model-predicted
classifications) (21).

Laboratory-Based Algorithm

The most parsimonious linear regression model included the independent predictors (f +
1SE) (a) peak knee abduction angle (1.78 = 0.05; p < 0.001), (b) peak knee extensor moment
(0.17 £ 0.01; p < 0.001), (c) knee flexion range of motion (ROM; 0.15 £ 0.03; p < 0.01), (d)
body mass index Z-score (-1.67 + 0.36; p < 0.001), and (e) tibia length (-0.50 £ 0.14; p<
0.001). This model accounted for 78% of the variance in KAM during landing. The logistic
regression model that employed these same variables predicted high KAM status with 85%
sensitivity and 93% specificity and a C-statistic of 0.96 (22).

Field-Based Algorithm

Clinical correlates to laboratory-based measures were identified and predicted high KAM
status with 73% sensitivity and 70% specificity. The field-based prediction algorithm,
including (odds ratio [OR], 95% confidence interval [CI]) knee valgus motion (centimeters)
(OR =1.43, 95% CI: 1.30-1.59), knee flexion ROM (degrees) (OR = 0.98, 95% CI: 0.96—
1.01), body mass (kilograms) (OR = 1.04, 95% CI: 1.02-1.06), tibia length (centimeters)
(OR =1.38, 95% ClI: 1.25-1.52) and quadriceps to hamstrings ratio (percent) (OR = 1.70,
95% ClI: 1.06-2.70) predicted high KAM status with C-statistic 0.81 (20,24,25) (Figure 2).

Algorithm Validation

In the validation dataset, the within variable analysis showed excellent interrater reliability
for all variables using both 3D motion and field-based methods, with ICCs that ranged from
moderate to high, 0.60-0.78 (21). In addition, moderate to high agreement was observed
between 3D motion analysis and field-based measures with ICCs ranging from 0.66 to 0.99.
Bland-Altman plots confirmed that each variable provided no systematic shift between 3D
motion analysis and field-based methods and no association between difference and average.
Regression analysis validated previous models to predict high KAM using both the 3D
motion analysis and field-based techniques, which demonstrated 80 and 75% prediction
accuracy, respectively, for this sample of female subjects (21).

Field-Based Techniques to Identify ACL Injury Risk Factors

The current development and validation steps provide the critical next progression to merge
the gap between laboratory identification of injury risk factors and clinical practices. The
validated field-based assessment algorithm delineated 5 biomechanical factors that
combined to identify high KAM during landing with high accuracy (Figure 2) (20,22,26).
Implementation of the developed prediction tool may increase both the efficacy and
efficiency of prevention strategies for noncontact ACL injury, and its widespread use may
impact the geometric rise of this injury in female athletes (20). The purpose of the current
report is to introduce novel and practical techniques to accurately capture and analyze
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measures of tibia length, knee valgus motion, knee flexion ROM, quadriceps to hamstrings
ratio (QuadHam ratio), and body mass for use in the ACL injury prediction algorithm using
field-based measurements and Dartfish software analysis.

Camera Set-Up—Two-dimensional (field-based) frontal and sagittal plane knee kinematic
data can be captured with standard video cameras. Cameras should be leveled and placed at
60-80 cm in height, perpendicular to each other in the frontal and sagittal planes. To reduce
perspective error, it is optimal to move the camera as far away from the capture area as
possible, which allows for fully zoomed view to be focused on desired capture location (34).
Two-dimensional frontal and sagittal plane cameras can be connected to a standard personal
computer and captured using Dartfish ProSuite 4.5.2.0 (Alpharetta, GA, USA).

Test Instructions—The box (31 ¢cm high) used for the drop vertical jump (DVJ, Figure 3)
should be centered on the frontal camera view and approximately 30 cm off center of
sagittal plane view away from the camera in the frontal plane position. Before test
performance of the DVJ, a standardized target should be placed overhead that is equal to the
subject’s maximal touch height during a countermovement vertical jump. The subjects will
be instructed to stand on top of a box with their feet positioned 35 cm apart. Once prepared,
the subject should drop directly down off the box and immediately perform a maximum
vertical jump, raising both arms toward the overhead target (Figure 3). If an overhead target
is not used, the test subject is instructed to “upon landing from the box, jump as high as
possible as if reaching for a basketball rebound.” (6). The subjects should be allowed one to
3 practice trials to ensure that they are able to demonstrate adequate understanding and
ability to perform the instructed test maneuver.

Image Capture—Two-dimensional frontal and sagittal plane kinematics should be
captured and measured using Dartfish ProSuite 4.5.2.0. Two digital video cameras are
aligned perpendicular to each other to capture the subject movement in both the sagittal and
frontal plane. The cameras are positioned at a sufficient distance so that the athlete is in view
during the entire movement and far enough away to reduce perspective error. The cameras
should be set up within the software to their individual specifications. For simplicity, the 4
video frames should be analyzed. (1) frontal plane view with frame before initial contact,
(o) frontal plane view of frame with knee in maximum medial (valgus) position, (I3) sagittal
plane view with frame before initial contact, and (l4) sagittal plane view of frame with knee
in maximum flexion position.

Tibialength: Field-based tibia length should be measured from the sagittal view camera
with the subject standing with knees extended before the initiating the DVJ (Figure 4).
Before measuring the distance, the video frame is calibrated to a known distance and input
into the Dartfish calibration scale. The distance between the lateral knee joint line to the
lateral malleous is then measured with the Dartfish measurement tool (Figure 5B).

Knee valgus motion: For the frontal plane analysis, each trial is analyzed by selecting the
data frame immediately before initial contact and the frame in which maximum medial knee
position occurred for the left leg (Figure 6A). Before measurement of field-based knee
valgus motion from the frontal view, the video frame should be calibrated to a known

J Strength Cond Res. Author manuscript; available in PMC 2014 September 10.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyiny vd-HIN

Myer et al.

Page 5

distance that is input into the Dartfish calibration scale (Figure 5B). The midpoint of the
joint line is identified in both frames with the marker software tool within Dartfish. The
calibrated horizontal displacement measure between the 2 digitized knee coordinates is
representative of knee valgus motion during the DVJ (Figure 5B). The snapshot tool is used
to save each analyzed frame for later presentation to the athlete to facilitate feedback during
neuromuscular training.

Kneeflexion ROM: The sagittal plane analysis is conducted by selection of the data frame
immediately before initial contact and the frame in which maximum knee flexion angle
occurred for the left leg (Figure 6A). The Dartfish angle tool is used to assess the knee
flexion angle in both frames by alignment of the 3 points with the center of rotation for the
knee, ankle, and hip joints. The displacement (ROM) of knee flexion is calculated as the
difference in knee flexion angles at the frame before initial contact and maximum knee
flexion and was representative of knee flexion ROM (Figure 6B). The snapshot tool is used
to save each analyzed frame for later presentation to the athlete during neuromuscular
training.

Body mass: Body mass is measured to the nearest kilogram on a calibrated physician scale.

QuadHam ratio: Isokinetic knee extension/flexion (concentric/concentric muscle action)
strength is measured on a standard isokinetic testing device for each leg at 300°-s71 (15).
The QuadHam ratio is calculated as the ratio of quadriceps to hamstrings peak isokinetic
torque. Some clinical settings may not have an isokinetic testing device readily available. In
this case, a surrogate measure of the QuadHam ratio can be employed that was defined using
linear regression analysis to predict QuadHam ratio based on the athlete’s body mass. The
surrogate QuadHam ratio measure can be obtained by multiplying the female athlete’s mass
by 0 .01 and addition of the resultant value to 1.10. If greater simplicity is desired, the mean
value of 1.53 can be substituted into the prediction algorithm for QuadHam ratio (23).

Discussion

To use the prediction algorithm (Figure 2), a straight edge was placed vertically so that it
touches the designated variable on the axis for each predictor value, and the recorded value
that each of the 5 predictors was used to provide “points” on the axis at the top of the
diagram. All of the recorded “points” measured using this method were then summed and
this value was located on the “total points” axis. A straight edge was used to bisect the “total
points line” to the “probability line,” which provided the probability that the athlete
demonstrated high KAM (>21.74 N-m of knee abduction) during the DVJ based on the
utilized predictive variables.

Figure 7 provides a completed nomogram based on the representative subject’s
anthropometrics (Figure 4-tibia length = 35 cm), strength measures (QuadHam ratio = 1.55
and demonstrated landing mechanics; Figure 5—-knee valgus motion = 7 cm; Figure 6—knee
flexion ROM = 58.9). The ACL injury prediction algorithm indicates that the presented
subject would demonstrate a 70% probability to demonstrate high KAM landing (Figure 7).
Using the labor-intensive data collection procedures with expensive biomechanical
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laboratory equipment, we were able to confirm this subject landed with 24.2 N-m of KAM
during her DVJ trial. This example demonstrates the novelty of the developed methodology
that employs simplified field-based measurements and Dartfish software analysis techniques
that are easily performed in the athletic training room, weight room and field to quickly and
accurately screen for high KAM.

Neuromuscular training reduces the high KAM risk factor for ACL injury, increases
performance and decreases knee, and ACL injury incidence in female athletes (9,10,12,17—
19,27,28). However, reevaluation of ACL injury rates in female athletes indicates that this
important health issue has yet to be resolved, as increased knowledge and application of
injury prevention techniques have not lead to measurable reductions in ACL injury
incidence in female athletes (1). A recent investigation by Grindstaff and colleagues
indicated that standard, nontargeted neuromuscular training programs may require
application to 89 female athletes to prevent a single ACL injury, and current evidence
indicates that limited compliance with nontargeted training may further increase the
numbers needed to treat (8,36). It is possible through the use of the presented ACL injury
risk algorithm that identification of female athletes who demonstrate risk factors for ACL
injury, such as high KAM, could be targeted for neuromuscular training and improve the
efficiency of injury prevention methods. The current methods can be used to facilitate the
next critical step to bridge the gap between laboratory identification of injury risk factors
(11,34) and clinical practices achieved in the field (16,23,26). Specifically, through targeted
application of specific neuromuscular training techniques, interventions aimed to reduce risk
factors would demonstrate improved efficiency and efficacy. Accordingly, the improved
application of neuromuscular training may dramatically decrease injury risk and help young
female athletes maintain the associated benefits of active lifestyle gained from sport
participation.

Practical Applications

The use of the described algorithmic techniques provides a systematic methodology to
accurately capture and analyze measures of body mass, tibia length, quadriceps to
hamstrings ratio, knee valgus motion, and knee flexion ROM for use in the ACL injury risk
prediction algorithm. The novel aspect of this methodology is that the ACL injury risk
prediction algorithm uses simplified field-based measurements and Dartfish software
analysis that can be easily performed in the athletic training room, weight room, or on the
athletic field. The provided prediction algorithm provides a mechanism to guide targeted
training techniques to specifically address and correct neuromuscular deficits that increase
high KAM risk within the algorithm (16). In part 11 of this series, we will discuss how to use
the information from the algorithm and apply training techniques that are specifically
intended to reduce risk of high KAM based on the individual factors identified with the
algorithmic approach.
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Figure 1.
Videographic depiction of an athlete displaying a kinematic pattern that is likely leading to

high KAM.
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A nomogram designed for use by clinicians which was developed from the regression

Page 10

analysis. It can be used to predict outcome based on tibia length, knee valgus motion, knee

flexion ROM, body mass and quadriceps to hamstrings ratio.
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Figure 3.
Depiction of the drop vertical jump test exercise.
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Figure4.
A) Tibia length was calculated/measured as the distance between knee joint center and ankle

joint center. B) Calibration of the video is performed with the Dartfish scale tool and uses a
known distance, which can be used as the video distance correction factor. In the presented
example height of the box is used as the known distance. The set scale procedure is then
used to input the actual distance. From this calibration step, all length measurements from
this camera position are calibrated for the subjects drop vertical jump trials. The measure
tool is used to measure the calibrated distance from knee center to the lateral ankle joint
center.
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Figurebs.
A) Knee valgus motion is the displacement measure between the two knee coordinates in the

frontal plane at the frame prior to initial contact and the video frame with maximum medial
knee position. B) Calibration of video is performed with the Dartfish scale tool and uses a
known distance marked on the floor in the same plane as the athlete as the correction factor
in the frontal plane axis. In the presented example, the line tool is used to draw a line
corresponding to a known distance on the floor. The set scale procedure is then used to input
this distance. From this calibration step, all length measurements from this camera position
are calibrated for the subjects drop vertical jump trials. The coordinate position of knee joint
center is denoted using the marker tool within Dartfish at the frame prior to initial contact.
The coordinate position of knee joint center is again denoted with the marker tool at the
frame with maximum medial position and is utilized as the knee valgus position. “X”
denotes the calibrated displacement measure between the two digitized knee coordinates and
represents the subject’s knee valgus motion during the drop vertical jump.
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01-02=X

Figure®6.
A) Q1 represents the initial measure of sagittal plane knee flexion angle while the subject

performs the drop vertical jump. Q5 represents the sagittal plane knee flexion angle taken at
maximum knee flexion during landing. The displacement of knee flexion is found by
calculating the differences in knee flexion position between positions (X = Q1—Q5). B) Q1
and Q are captured using the Dartfish angle tool in the video frame just before initial
contact (Q4) and at maximum knee flexion during landing (Q>) of the drop vertical jump.
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Example of completed nomogram based on the representative subject’s anthropometrics
(Figure 4—tibia length = 35 cm), strength measures (QuadHam ratio = 1.55 and
demonstrated landing mechanics; Figure 5—-knee valgus motion = 7 cm; Figure—knee flexion
range of motion [ROM] = 58.9). The anterior cruciate ligament (ACL) injury prediction
algorithm indicates that the subject would demonstrate a 70% probability to demonstrate

high KAM.
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