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In athletics, efficient screening tools are sought to curb
the rising number of noncontact injuries and associated
health care costs. The authors hypothesized that an
injury prediction algorithm that incorporates movement
screening performance, demographic information, and
injury history can accurately categorize risk of noncon-
tact lower extremity (LE) injury. One hundred eighty-
three collegiate athletes were screened during the
preseason. The test scores and demographic information
were entered into an injury prediction algorithm that
weighted the evidence-based risk factors. Athletes were
then prospectively followed for noncontact LE injury.
Subsequent analysis collapsed the groupings into two risk

categories: Low (normal and slight) and High (moderate
and substantial). Using these groups and noncontact LE
injuries, relative risk (RR), sensitivity, specificity, and
likelihood ratios were calculated. Forty-two subjects sus-
tained a noncontact LE injury over the course of the
study. Athletes identified as High Risk (n = 63) were at a
greater risk of noncontact LE injury (27/63) during the
season [RR: 3.4 95% confidence interval 2.0 to 6.0]. These
results suggest that an injury prediction algorithm com-
posed of performance on efficient, low-cost, field-ready
tests can help identify individuals at elevated risk of non-
contact LE injury.

The National Collegiate Athletic Association (NCAA)
Injury Surveillance System reviewed over 182 000 inju-
ries and 1 million exposures from 1988 to 2004 and
found over 50% of all injuries involved the lower
extremities, most notably the ankle and anterior cruciate
ligament (ACL) (Hootman et al., 2007). Researchers
have attempted to identify musculo-skeletal injury risk
factors in collegiate athletes in order to reduce the vast
number of noncontact injuries and associated disability
and health care costs (Hergenroeder, 1998; Dick et al.,
2009). Research efforts to date have primarily yielded
single risk factors as predictors of injury. The most com-
monly identified intrinsic musculo-skeletal risk factors
in collegiate athletes include previous injury, low or high
body mass index, muscle flexibility deficits, faulty lower
extremity (LE) biomechanics, dysfunctional movement
patterns, and core motor control deficits (Dahle et al.,
1991; Krivickas & Feinberg, 1996 Cholewicki et al.,
2005; Zazulak et al., 2007; Chorba et al., 2010).

It is unrealistic to individually test for each of the
known risk factors. Therefore, a screening process that
uses field-expedient tests that incorporates multiple
potential risk factors, along with proper weighting of
these factors, may be useful. Recently, researchers have

identified two reliable, field-expedient measures that
have been associated with identifying athletes at
increased risk of injury. The Lower Quarter Y-Balance
Test™ (YBT-LQ) — is a reliable derivative of the Star
Excursion Balance Test (Plisky et al., 2006; Plisky et al.,
2009a). The YBT-LQ requires single-limb dynamic
balance while the contralateral limb completes an open
chain excursion in the anterior, posteromedial, and pos-
terolateral directions. High school basketball players
with asymmetry and females scoring poorly compared to
age-matched norms on the YBT-LQ are more likely to
become injured (Plisky etal., 2006). In addition,
researchers have reported that poor performance on the
YBT-LQ can identify individuals with an existing
chronic ankle instability and ACL deficiency
(Herrington et al., 2009; Sefton et al., 2009).

Another reliable field-expedient test is the Functional
Movement Screen™ (FMS) (Minick et al., 2010; Butler
et al., 2012a; Schneiders et al., 2011; Teyhen et al.,
2012). The FMS ranks seven fundamental movement
patterns, incorporates three clearing tests, and is
designed to screen for major movement limitations and
asymmetries (Cook et al., 2006a, b). A lower score on
the FMS has been shown to be predictive of injury in
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professional football players (Kiesel et al., 2007), female
collegiate athletes (Chorba etal., 2010), firefighters
(Butler et al., 2013), and military personnel (O’Conner
et al., 2011; Lisman et al., 2013).

In addition to field-expedient tests, historical and
demographic risk factors (e.g., previous injury, age,
gender, and sport) are easy to collect and may be helpful
in improving risk identification. Synthesizing multiple
factors, rather than relying on any one factor to predict
injury may serve to improve the accuracy of injury pre-
diction. A computer algorithm that aggregates the results
from these field-expedient tests and historical factors
may assist the sports medicine professional in identify-
ing athletes at increased injury risk. Further, current
trends in evidence-based medicine are to individualize
intervention programs by matching specific treatments
to appropriate patients (Brennan et al., 2006; Fritz et al.,
2007; Stanton et al., 2011). Injury risk reduction may
require a similar process, in which each athlete is cat-
egorized by a composite of individual risk factors. Sports
medicine professionals could then allocate resources to
those at increased risk of injury. Implementation of field-
expedient, evidence-based screening tools, and an injury
risk algorithm may help categorize those at greatest risk,
particularly when incorporated into a pre-participation
physical or return to sport testing.

Thus, the purpose of this study was to examine the
relationship between the risk category calculated by the
Move2Perform injury risk algorithm (Move2Perform
LLC, Evansville, Indiana, USA) and noncontact LE
injury in collegiate athletes. We hypothesized that those
athletes in the highest risk categories (moderate and sub-
stantial) would demonstrate a statistically significant
elevation in injury rate of noncontact LE injuries com-
pared to the lowest risk categories (normal and slight).

Methods
Study design

A prospective cohort study was conducted with 10 men’s and
women’s collegiate teams from a variety of sports over the course
of their respective competitive seasons. Informed consent was
obtained from each subject prior to data collection. The institu-
tional review board of Lebanon Valley College approved the study.

Population

The study involved one hundred eighty-three intercollegiate ath-
letes from 10 NCAA Division III sports teams at one institution.
Any athlete on an active team roster was given the opportunity to
participate in the study. Inclusion criteria included the following:
(a) self-reported lack of musculo-skeletal injury (e.g., post-
operative conditions, musculo-tendinous, ligamentous, or bony
defects) within 6 months prior to the start of the study, (b) no
musculo-skeletal pain at the time of testing (0 on a 0—10 numeric
pain scale), and (c) medically cleared for sport participation. Of
the 273 athletes that were eligible for participation in this study, 76
declined to participate, 10 had a previous injury within the last 6
months (failed to meet inclusion criteria), and four were currently
under a medical restriction prohibiting participation in the study
(Fig. 1).
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Subjects recruited
(n=273)
*® 10 sports teams

Declined participation
(n=76)

Accepted participation
(n=197)

Inclusion criteria not met
(n=14)

* Injury < 6 months: (1=10)
* Medical restriction: (n=4)

Included in study (n=183)
* Males: (n=118)
* Females: (n=65)

Injured in sport season
(n=42)
* Males: (n=23)
*Females: (1=19)

Fig. 1. Flow diagram indicating selection of subjects in the
study and injuries incurred.

Table 1. Distribution of study participants by sport and gender

Sport Men Women Combined
(n=118) (n=165) (n=183)

Football 59 NA 59

Basketball 13 13 26

Soccer 17 15 32

Baseball 13 NA 13

Softhall NA 10 10

Field hockey NA 15 15

Ice hockey 16 NA 16

Volleyball NA 12 12

One hundred eighty-three athletes met the inclusion criteria and
elected to participate in and complete the study, including 118 men
(height: 1.84 = 0.06 m; weight: 89.1 = 17.1 kg; age: 19.4 = 1.1
years) and 65 women (height: 1.63 = 0.10 m; weight: 65.1 =
8.6 kg; age: 19.0 = 0.8 years). The sample size was fairly evenly
distributed among the various sports with the exception of football
(Table 1), which yielded a larger number of participants. The
investigators tracked all subjects during their respective competi-
tive sport season.



Data collection
Questionnaire

Prior to the athlete’s competitive season, each subject completed a
survey that included questions regarding demographics, history of
previous injury, and current medical restrictions.

Injury surveillance tracking protocol

The certified athletic trainers at the college were trained in the injury
surveillance protocol and the Sports Injury Monitoring System
(SIMS) software (Flantech, Iowa City, lowa, USA). The SIMS
software was used to monitor the incidence and nature of noncon-
tact LE injuries. A noncontact LE injury was defined as any insult
(including overuse or chronic conditions) from the hip to the foot (a)
caused by a mechanism other than a direct outside force, (b)
requiring medical intervention, and (c) resulting in one or more
days of time lost from participation in sports-related activities. The
specific mechanism of injury was determined via history and/or
direct observation. As per the injury surveillance protocol, infor-
mation such as date of injury, clinical diagnosis, time lost from sport
participation, and date of return to unrestricted sports-related activi-
ties was recorded by one of two certified athletic trainers. Prior to
entering the data into the SIMS software, each injured athlete was
assigned an identification number by the certified athletic trainer
that was used in monthly injury reports generated from the SIMS
software program. The computer-generated monthly injury reports
were compared against handwritten injury logs by the athletic
trainers and primary investigator to ensure accuracy.

Movement testing protocol

One hundred eighty-three collegiate athletes were screened, using
the YBT-LQ and FMS, in an eight-station format (i.e., seven func-
tional movement pattern stations and one YBT-LQ station) prior to
each sport’s respective competitive season. The study utilized
published protocols shown to possess good reliability for the
YBT-LQ (Plisky et al., 2009a) and FMS (Minick et al., 2010).
Additional details of the testing procedures are provided in these
studies. Data collection was performed by the primary investigator
and entry-level doctor of physical therapy students who were
trained to perform and score the YBT-LQ and FMS. Prior to data
collection, the accuracy of each student rater was tested by viewing
and scoring multiple videos of subjects performing the YBT-LQ
and FMS. Student rater accuracy was also assessed by the primary
investigator during live testing prior to data collection. Prior to
screening, all examiners completed a minimum of 7 h of YBT-LQ
and FMS training over a 2-week period led by the primary investi-
gator. The training consisted of three phases: (a) instruction/
orientation, (b) laboratory performance, and (c) examiner
assessment. The first phase consisted of examiners viewing a
battery of standardized instructional videos on the YBT-LQ and
FMS. Protocols for each of these tools were described in detail
during this phase of training. The examiners were assigned to a
specific movement screening station and only viewed the corre-
sponding instructional video describing the scoring criteria that was
applied to a specific movement pattern. A question and answer
session followed the video instruction, which was led by the
primary investigator, as a means for the examiners to enhance
clarity and expectations within the group. The second phase
involved a laboratory instruction session led by the primary inves-
tigator to address the cognitive, psychomotor, and affective
domains of learning within the examiners. During this phase, each
examiner performed three trials of screening of a specific move-
ment pattern portrayed on video and assigned a score based on the
protocol and appropriate scoring criteria. Examiner performance
was assessed by the primary investigator, who is trained in the
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respective protocols used in the study. During the third phase,
examiner assessment, a live subject was utilized and scored indi-
vidually by each examiner. The primary investigator simulta-
neously scored the same movement demonstrated and compared
the results to that of the examiner. If a 100% agreement was not
achieved and a discrepancy was identified between the examiner
and primary investigator, a debriefing session was initiated and
protocol was reviewed accordingly. It should be noted that no
reliability analysis was performed and can be deemed a potential
limitation of this study.

YBT-LQ protocol required each athlete to maintain single-limb
stance control while reaching with the free lower limb in the
anterior, posteromedial, or posterolateral directions, followed by
returning to the start position (Fig. 2). The reach distance attained
was measured by reading the tape measure in centimeters at the near
edge of the reach indicator, closest to the center of the instrument,
at the point where the most distal part of the foot reached. In order
to compare results among athletes, reach distance was normalized
to lower limb length, measured from the most inferior aspect of the
anterior superior iliac spine to the most distal aspect of the lateral
malleolus. Six practice trials were performed as suggested in each
of the three reach directions (with shoes off) to account for the
learning effect of this dynamic balance motor skill and the greatest
of three test trials was used for analysis. An overall performance
score on the YBT-LQ was calculated by averaging the maximal
normalized reach distance in each direction; this generated the
composite reach score. Absolute differences between left and right
LE reach distances were also examined to assess symmetry.

The FMS is a series of seven fundamental movements that rank
fundamental movement patterns that require flexibility, mobility,
and stability (Fig. 3; Cook et al., 2006a, b).

Three FMS clearing tests were also used (Fig. 4; Cook et al.,
2006a, 2006b).

The FMS has been shown to demonstrate good to excellent
inter-rater reliability of novice and expert raters for all the com-
ponents (Minick et al., 2010; Schneiders et al., 2011; Teyhen et al.,
2012). The FMS seven fundamental movement patterns are deep
squat, hurdle step, in-line lunge, shoulder mobility, active straight
leg raise, trunk stability push-up, and rotary stability. Each funda-
mental movement is individually scored (0, 1, 2, 3) using scoring
criteria with a total possible composite score of 21 points (Table 2;
Cook etal., 2006a, b). Specific details on the scoring of each
component can be found in previous literature (Cook et al., 2006a,
b; Minick et al., 2010; Teyhen et al., 2012).

Injury categorization algorithm

The algorithm was developed by two of the authors (P. P. and K.
K.) utilizing evidence-based risk factors. It was postulated that
athletes with multiple injury risk factors would be at greater risk
than those with fewer or no injury risk factors. The Move2Perform
algorithm has been utilized in pre-participation physical screening
examinations and clinically to aid with return to sport decisions.
This is the first research study performed to test the validity of the
algorithm.

Each subject was placed into one of the four risk categories
(normal, slight, moderate, substantial) by the algorithm. The algo-
rithm includes the following evidence-based factors: demographic
information, previous injury history, YBT-LQ score, FMS score,
and presence of pain. The algorithm considers the FMS composite
score, individual FMS test scores, results of FMS clearing tests,
presence of asymmetry on any of the five bilateral FMS move-
ments, pain during testing, previous injury, YBT-LQ asymmetry,
and YBT-LQ composite scores below the established risk thresh-
olds (Plisky et al., 2006; Kiesel et al., 2007; Chorba et al., 2010;
Butler et al., 2012b) for the individual athlete (Table 3).

The YBT-LQ composite score risk threshold is determined by
the algorithm based on competition level (i.e., junior high, high
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Anterior reach Deep squat

Hurdle step

Posteromedial reach

Posterolateral reach

b

Fig. 2. Lower Quarter Y-Balance Test™ (YBT-LQ) protocol. Fig. 3. Functional Movement Screen (FMS) protocol.
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Shoulder mobility

Active straight leq raise

-

Trunk stability push-up

Rotary stability

Fig. 3. (continued)

school, college, and professional), sport, and gender of the athlete
(Plisky et al., 2009b; Plisky et al., 2011; Butler etal., 2012b).
These YBT-LQ risk thresholds were previously determined by
extrapolating Plisky et al. ’s (2006) findings of increased risk of
injury in high school basketball players and applying it to a large
(over 10 000 athletes) database of YBT-LQ competition level, sport,

Field screens predict lower extremity injury

and gender specific scores. To illustrate how the algorithm catego-
rizes athletes, an athlete classified as normal risk of injury would
have a YBT-LQ composite score above the risk cut point for the
competition level, sport, and gender, FMS composite score above
14, injury free in the past year, no asymmetries on the YBT-LQ or
FMS, no current pain or pain with testing, and no positive FMS
clearing tests. However, an athlete that had a previous injury in the
past year, plus asymmetry on the FMS, and a YBT-LQ score below
the risk cut point for the competition level, sport, and gender would
be categorized at a greater risk than an athlete who did not have a
previous injury and possessed similar risk characteristics.

Data analyses

Upon completion of data collection, the injury status of each
athlete was determined and the unadjusted relative risk (RR) with
confidence intervals (ClIs) were computed (Portney & Watkins,
1993). The normal risk athletes were used as the reference stan-
dard, and compared with the other three risk categories, using
standard 2 X 2 contingency tables. As no injuries in the normal risk
category were reported, the frequency in each cell was increased
by one to allow calculation of the RR, sensitivity, and specificity.
Additionally, all statistics were calculated when the “normal” and
“slight” categories were combined compared to the combination
of “moderate” and “substantial” categories.

Results
Population, injury incidence, and injury risk

Forty-two subjects sustained a noncontact LE injury over
the course of the study (Table 4). The injuries spanned all
10 sports (Table 5). Twenty-seven injuries were classi-
fied as mild (missing less than 8 days), six were moderate
(missing 8 to 21 days), and nine were severe (missing 21
days or more). Twenty-three of these injuries occurred in
male athletes with 19 injuries occurring in female ath-
letes. Athletes categorized as moderate or substantial risk
were 8.9 (95% CI: 1.2 to 64.8) and 17.6 times (95% CI.:
2.5 to 123.6), respectively, more likely to sustain an
injury when compared to those categorized as having a
normal risk for LE injury. Given the wide Cls, the four
groups (normal, slight, moderate, substantial) were col-
lapsed into two categories, Low Risk (normal plus slight)
and High Risk (moderate plus substantial). The RR for
athletes in the high risk for injury was 3.4 times more
likely to get injured (95% CI: 2.0 to 6.0).

Discussion
Field-expedient screening and risk of injury

In order to move the science of injury prevention
forward, athletes should be stratified into meaningful
injury risk categories based on known risk factors. Most
researchers agree that injury risk is multifactorial and
population specific (Knapik et al., 1991; Arendt & Dick,
1995; Hewett et al., 2005; Zazulak et al., 2007). Both the
YBT-LQ and FMS have shown promise as predictors of
injury when used separately (Kiesel et al., 2007; Plisky
et al., 2009a; Chorba et al., 2010). However, the current
study has demonstrated that these field-expedient tests
combined with demographic information and injury
history placed into a multifactorial algorithm can help
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Shoulder pain provocation test (used with Shoulder Mobili

Press-up extension test (used with Trunk Stabili

component of FMS

Push-Up component of FMS

Posterior rocking test (used with Rotary Stability component of FMS

Fig. 4. Clearing tests of FMS.

Table 2. Scoring criteria for the Functional Movement Screen™

Table 3. Injury prediction algorithm components

Grade  Scoring criteria/general requirements

Components Variable (dichotomous)

0 Assigned any time during testing when pain is reproduced
in the body with the fundamental movement
1 Individual is unable to complete movement pattern or

unable to assume movement position to perform the
fundamental movement

2 Individual is able to complete movement pattern, but must
compensate in some manner to perform the fundamental
movement

3 Individual efficiently completes movement pattern correctly

without any compensation and satisfies scoring criteria

categorize individuals with the highest injury risk.
Further, if an athlete had a previous injury but passed all
of the functional testing, the algorithm placed them in
the Low Risk category. However, if the athlete had a
previous injury but did not pass the functional testing,
the algorithm placed them in the High Risk category.
Categorization based on risk of injury may allow for
prevention resources to be effectively prioritized and
allocated. Given the limited resources of most collegiate
institutions, it is paramount to direct injury prevention
efforts to those individuals found to be at the greatest risk
of injury. Once the risk category is determined using the
algorithm, individual interventions can be appropriately
and effectively implemented for those in the High Risk
category. For example, in this study, 64 athletes (34% of
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Previous injury Injury within past year causing time loss or
medical attention

Risk cut point based on

a. Gender

b. Sport

c. Competition level

>4 cm right/left asymmetry in anterior reach

Y-Balance Test™
composite

Y-Balance Test™

asymmetry direction

Functional Movement =14 total score on FMS
Screen™

total score

Functional Movement Right/left asymmetry on any of five bilateral
Screen™ FMS tests

asymmetry

Pain with testing or  Includes tenderness, burning, aching,
positive FMS jamming, radiating, sharpness or soreness,

clearing test or sensation that causes distress/concern

all those tested) were deemed High Risk and would be
targeted for individual injury prevention strategies while
the remaining Low Risk athletes could receive general
injury prevention programs (Caraffa et al., 1996; Cerulli
et al., 2001; Garrick & Requa, 2005; Filipa et al., 2010).

Some limitations of this study should be noted. The
wide range of RR CIs may be viewed as a potential
limitation of this study. However, the wide Cls are the
result of the low incidence of injuries, especially in the



Table 4. Type and frequency of lower extremity noncontact injuries

Injury (n=42) Frequency Frequency
(number) (%)
Ankle sprain 7 16.6%
Anterior shin pain 5 11.9%
Hamstring strain 5 11.9%
Quadriceps strain 5 11.9%
Hip flexor strain 4 9.5%
Anterior cruciate ligament 4 9.5%
Groin/adductor strain 4 9.5%
Calf strain/Achilles 3 71%
Gluteus maximus strain 1 2.4%
Hip labral tear 1 2.4%
Hip iliotibial band 1 2.4%
Knee meniscus tear 1 2.4%
Plantar fasciitis 1 2.4%
Table 5. Number of injuries by sport
Sport Injuries (n=42)
Football 6
Basketball 6
Men’s (4)
Women’s (2)
Soccer 14
Men’s (5)
Women’s 9)
Baseball 2
Softball 1
Field hockey 4
Ice hockey 6
Volleyball 3

comparison of the Normal Risk category with the other
three categories. Since no injuries occurred in the Normal
Risk category, a frequency of one was added to each cell to
calculate the RR for these comparisons. In the combined
comparison, the raw frequencies were used, which resulted
in a narrow CI. The lower bound of the CI for the RR of the
HighRisk category was 2.0, which s statistically significant
and clinically meaningful. The current study’s inclusion
criteria specifically uses the time frame of 6 months injury
free with the absence of pain in an effort to optimize the
health of the cohort participating in the study. Considering
the current study’s narrow injury definition, the results may
be most applicable to musculo-skeletal injuries resulting
from a noncontact mechanism. Another possible limitation
is the small geographical location and resultant subject pool
that was sampled. Although athletes from only one college
were studied for this research, a wide variety of sports were
included, and there is no demographic evidence to suspect
these athletes were not representative of the larger popula-
tion consisting of all collegiate athletes. Adding subjects
would increase the external validity of this research.
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