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Background  
Athlete injury risk assessment and management is an important, yet challenging task for 
sport and exercise medicine professionals. A common approach to injury risk screening is 
to stratify athletes into risk groups based on their performance on a test relative to a 
cut-off threshold. However, one potential reason for ineffective injury prevention efforts 
is the over-reliance on identifying these ‘at-risk’ groups using arbitrary cut-offs for these 
tests and measures. The purpose of this commentary is to discuss the conceptual and 
technical issues related to the use of a cut-off in both research and clinical practice. 

Clinical Question   
How can we better assess and interpret clinical tests or measures to enable a more 
effective injury risk assessment in athletes? 

Key Results   
Cut-offs typically lack strong biologic plausibility to support them; and are typically 
derived in a data-driven manner and thus not generalizable to other samples. When a 
cut-off is used in analyses, information is lost, leading to potentially misleading results 
and less accurate injury risk prediction. Dichotomizing a continuous variable using a 
cut-off should be avoided. Using continuous variables on its original scale is 
advantageous because information is not discarded, outcome prediction accuracy is not 
lost, and personalized medicine can be facilitated. 

Clinical Application   
Researchers and clinicians are encouraged to analyze and interpret the results of tests 
and measures using continuous variables and avoid relying on singular cut-offs to guide 
decisions. Injury risk can be predicted more accurately when using continuous variables 
in their natural form. A more accurate risk prediction will facilitate personalized 
approaches to injury risk mitigation and may lead to a decline in injury rates. 

Level of Evidence    
5 

INTRODUCTION 

Athlete injury risk assessment and management is an im-
portant, yet challenging task for sport and exercise med-

icine professionals (herein referred to as sport medicine). 
Unfortunately, risk assessment and management efforts 
have been largely ineffective,1‑5 due in part to the persis-
tent focus on trying to identify ‘high-risk’ groups based 
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on arbitrary cut-offs for different tests or measures,2,4 

amongst many other issues that have been well discussed 
elsewhere.1,6‑8 

A cut-off is a numeric value of a continuous (or numeric) 
variable (e.g., knee valgus angle) that is used to classify 
people into mutually exclusive risk groups (i.e., high vs. 
low risk) based on the values’ position above or below the 
cut-off. Cut-offs have been proposed for almost every test 
or measure used for clinical decisions (e.g., strength limb 
symmetry index (LSI) ≥90%).9 Cut-offs are commonly used 
in research because they are perceived to be more clinically 
relevant (than a continuous variable),10 aid clinical deci-
sion making,9,10 or help simplify the interpretation of re-
sults.11‑13 However, these are pseudo-benefits. The ‘sim-
plicity’ of a cut-off comes at a considerable cost - a cost 
that could create more problems than solutions for clini-
cians.11‑14 Sadly, awareness of this cost is often overlooked 
or unknown in sport medicine research, despite having 
been long established elsewhere in medicine.15 Using a cut-
off (compared to a continuous variable in its natural form) 
will influence the analysis results, can increase the risk of 
a false positive finding, and inflate relationships (between 
predictors and outcomes) that are not present.11‑15 

How can the sport medicine community better assess 
and interpret clinical tests or measures to enable effica-
cious injury risk assessment in athletes? Examining the 
pros and cons of cut-offs is a sensible place to begin, with 
the potential for widespread benefits. Therefore, the pur-
pose of this commentary is to 1) raise awareness of how 
common cut-offs are in sport medicine practice, 2) outline 
the conceptual issues related to the use of a cut-off, 3) dis-
cuss the issues of using cut-offs in research and how these 
can be resolved, 4) discuss the issues with making clinical 
decisions using cut-offs from the literature and introduce 
a few possible solutions. This commentary aims to encour-
age researchers to avoid using cut-offs in research (with a 
few exceptions) and build knowledge among clinicians on 
how to critically evaluate this type of research and increase 
their comfort using continuous variables to facilitate evi-
dence-based practice. Throughout this commentary, exam-
ples from previously published works are used to highlight 
what has been done for illustrative purposes. The intention 
of this commentary is for the sport medicine community to 
reflect on these examples to progress the field forward. 

THE COMMONALITY OF CUT-OFFS IN SPORT 
AND EXERCISE MEDICINE 

Cut-offs are used daily and have led to important advances 
in clinical practice. A non-exhaustive list of examples is 
provided in Table 1 to highlight this commonality, but there 
are numerous others. This section discusses two widely 
used cut-offs in sport medicine, strength LSI and range of 
motion, and discuss how they are implemented in practice. 

ACL RETURN TO SPORT TESTING, USING LIMB 
SYMMETRY INDEX ≥90% 

To combat high second ACL injury incidence, a set of dis-
charge criteria have been proposed,2 one of which is knee 
extensor strength LSI with a cut-off of ≥90% to ‘pass’.2 

These criteria have improved clinical care by reinforcing the 
need for routine objective testing. The use of a cut-off (in 
this context) has made clinical implementation of these cri-
teria less daunting at a time when having clinicians objec-
tively test strength was a challenge in and of itself. The 
cut-off (≥90% of the non-injured leg) provides an internal 
comparator at a percentage representative of an ‘A’ grade. 
This cut-off has guided informed conversations about the 
athlete’s physical readiness for sport and create easy-to-
understand goals. 

CANADIAN CERVICAL SPINE FRACTURE RULE, RANGE OF 
MOTION ≥45O 

The Canadian Cervical Spine Rule22 is a decision-making 
pathway that was developed to help clinicians promptly de-
cide if there is a need for neck radiography. Multiple cut-
offs are used, one of which is ≥45o active neck rotation.22 

The advantages of this cut-off are numerous. The cut-off 
value (45o) is simple to remember and easy to gauge with-
out measurement tools (e.g., a goniometer). When a de-
cision is needed immediately and the condition is serious 
(i.e., cervical fracture), the simplicity of the cut-off out-
weighs any negatives. In this example, there is a critical 
need to not miss anyone with a fracture (i.e., minimize false 
negatives) and get radiographs for all people who might 
have a fracture. There is little (if any) additional benefit 
from knowing their actual range of motion in this context. 
This decision rule (using cut-offs) has helped sport medi-
cine clinicians make quick decisions that have likely saved 
the lives of many athletes. 

SUMMARY 

In some situations, a cut-off has simplified implementation 
of objective measurement and decision-making for clini-
cians. Clinicians often do not have full technical knowledge 
on all tests/measures available, such as the relationship 
shape (i.e., straight line or curvilinear) with the outcome. 
As highlighted briefly with these examples, a cut-off may 
help clinicians still apply a test/measure that follows best-
available evidence and facilitate quick decision making in 
the moment (e.g., clearing an athlete for return to match 
play after ankle sprain). As discussed in the following sec-
tions, the use of a cut-off to indicate ‘high or low risk’ is a 
flawed piece of information that is commonly considered to 
facilitate decision making. 

THE PROBLEMS WITH CUT-OFFS 

The benefits and simplicity of using cut-offs in sport med-
icine practice have been briefly appreciated. However, in 
most instances, the associated costs may be too great and 
outweigh those benefits.11 This section will discuss the 
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Table 1. Examples of Cut-offs in Sport and Exercise Medicine Practice          

Variable Cut-off Context & Description 

Knee extensor/
flexor strength 

90% 
LSI 

In athletes post ACLR, meeting strength ≥90% LSI is thought to infer protection from second 
ACL injury.9 

Knee extensor 
strength 

3.0 
Nm/kg 

In athletes post ACLR, having strength above 3 Nm/kg is thought to mean their strength is 
sufficient.10 

Hop Performance 
90% 
LSI 

In athletes post ACLR, meeting hop ≥90% LSI is thought to infer protection from second ACL 
injury.9 

Functional 
Movement Screen 

14 If a person score ≤14 on the FMS, they are thought to be at increased injury risk. 

Systolic Blood 
Pressure 

130 
mmHg 

People whose systolic blood pressure is above 130 mmHg are considered Stage 1 
hypertensive. 

BMI 
30 

kg/m2 People whose BMI is above 30 are considered obese. 

Patient Acceptable 
Symptom State 

Varies 
based 

on 
metric 

The value, that when higher, signifies the person after ACL tear can be assumed to have 
acceptable symptoms.16 

Minimum 
Clinically 
Important 
Difference/
Change 

Varies 
based 

on 
metric 

The minimum amount of difference between groups or change within a person/group that 
would indicate the change is correlated to some clinical improvement.16 

Stadium elevation 
644 ft/
196 m 

Concussion risk in football is thought to be less when games are played above 644 ft of 
elevation.17 

Shoulder TROM 
Deficit 

6o 
Arm injury risk is thought to be increased when the difference of greater than 6o between 
dominant and non-dominant throwing shoulder total range of motion (external + internal 
rotation) in baseball pitchers.18 

Shoulder ER 
Deficit 

5o Arm injury risk is thought to be increased when the difference of greater than 5o between 
dominant and non-dominant throwing shoulder external rotation in baseball pitchers.19 

Shoulder 
Horizontal 
Adduction Deficit 

15o Arm injury risk is thought to be increased when the difference of greater than 15o dominant 
and non-dominant throwing shoulder horizontal adduction in baseball pitchers.20 

Heart rate training 
zones 

Zone 4: 
80-90% 
HRmax 

Training in Zone 4 approximates training at or near your lactate threshold.21 

LSI (Limb Symmetry Index), Nm (Newton meters), kg (kilograms), ROM (range of motion), BMI (body mass index), FMS (functional movement screen), BP (blood pressure), ER (exter-
nal rotation), TROM (total range of motion), HRmax (maximum heart rate) 

conceptual issues related to the use of a cut-off, the errors 
of statistically deriving a cut-off, the downsides of analyz-
ing data based on that cut-off, and the challenges of trans-
lating cut-offs into clinical practice. 

CUT-OFFS ARE NOT CONCEPTUALLY PLAUSIBLE 

There are strong conceptual arguments against applying 
a cut-off for a continuous measurement. First, a split of 
the data makes the strong assumption that there is a true 
biological dichotomy in the underlying construct (e.g., 
strength value associated with injury risk). Such di-
chotomies rarely exist as most constructs lie on a contin-
uum.4,23,24 

For example, classifying the weather as ‘hot’ or ‘cold’ 
based on a cut-off of 22.5o C (72.5o F for Americans) may 
be helpful for quick communication with friends. However, 
there is no temperature cut-off that can truly quantify ex-
clusively ‘hot’ or exclusively ‘cold’. The same argument 
holds when using strength LSI ≥90% to define exclusively 

‘high-risk’ and ‘low-risk’ groups. There will always be over-
lap and blurring of the cut-off lines.4 

The dichotomy also assumes there is a distinct biologic 
or clinically relevant difference between groups defined by 
a cut-off, and similarities within groups that are paradox-
ical.13,14,25 Using the weather example, temperatures that 
are directly on either side of the cut-off (i.e., 22.4oC and 
22.6oC) are assumed to be distinctly different (with differ-
ent heat illness inducing thermal radiation), while temper-
atures within the same group but on opposite ends of the 
distribution are identical (e.g., 0oC and 20oC). It is not rec-
ommended to plan your vacation packing list based on your 
friend saying, “The weather will be below 22.5oC”. Packing 
for 0oC won’t be helpful when the temperature will be 15oC 
(Figure 1). The same issues arise with arbitrary cut-offs in 
clinical practice (e.g., ≥90% LSI), where a patient with 50% 
LSI is assumed to have the same biological injury risk and 
is ultimately treated the same as a patient with 87% LSI. 
If you do not use a cut-off to decide what clothes to bring 
on vacation, why should a cut-off be used to make critical 
medical decisions? 
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A cut-off does not allow visualization of the relationship 
shape (linear or nonlinear) because it assumes a constant 
relationship within each group and an unrealistic step-
change between groups (Figure 1). The relationship shape 
is informed by the data, and it is critical to examine it. 
For example, body mass index has a ‘J’ shaped relationship 
with all-cause mortality risk.23 The risk (of all-cause mor-
tality) is increased at low and high values of body mass in-
dex, while those in the middle (~25 kg/m2) are at decreased 
risk.23 Theoretically, strength LSI may follow a similar non-
linear pattern with injury risk, as large asymmetry on both 
ends (e.g., below 80% and above 120%) could be associated 
with higher injury risk, but this has yet to be empirically 
tested. 

As a real-life example of these issues, American football 
teams were adjusting their concussion injury prevention 
programs through different equipment purchases such as 
a jugular vein compression collar because research found 
lower concussion rates when playing at stadiums in the 
‘high altitude’ group, with a cut off of 644 ft (196 m) of el-
evation used in the analysis.17,26 This finding means that 
the multiple stadiums under 100 ft of elevation should take 
the same action as the lone stadium near the cut-off (640 
ft), which seems physiologically implausible if the mech-
anism is related to cerebral pressure and partial oxygen 
pressure.14,27 However, a recent study (using elevation as a 
continuous variable in its native form) confirmed this was 
nothing more than a spurious association (due to the use of 
an arbitrary cut-off),14,24 and compressing the jugular vein 
is not necessary to prevent concussions, and would be po-
tentially dangerous. 

CUT-OFFS IN RESEARCH AND DATA ANALYSIS: 
ISSUES AND SOLUTIONS 

THE DRAWBACKS OF CREATING AN ‘OPTIMAL’ CUT-OFF 

One of the first issues for researchers (and clinicians) to un-
derstand is how any cut-off was created. Many sport med-
icine studies seek to find a so-called ‘optimal’ cut-off that 
clinicians can use to facilitate their decisions (see Table 1 
for examples) – ‘optimal’ (sic) in a perceived data-driven 
sense. A few techniques have been used to accomplish this 
task, including the minimum p-value approach (or maxi-
mum association), quantile splitting (i.e., median), and re-
ceiver operator characteristic (ROC) curves. This section 
reviews the technical issues with each, with relevant exam-
ples provided where able to allow clinicians to reflect on 
their own practice and help them become more comfortable 
critiquing these types of research studies. 

MINIMUM P-VALUE OR MAXIMUM ASSOCIATION 
APPROACH 

The minimum p-value approach involves testing a variety 
of cut-offs in a univariable analysis and choosing the one 
that gives the lowest p-value or highest measure of associa-
tion with the outcome such as an injury (e.g., odds ratio).13,

15 The minimum p-value approach is fraught with issues.13,

15 p-values are influenced by the sample size,28 analytical 
decisions,28 and tests against the null hypothesis.28 As with 
any study, researchers should determine what sample size 
is needed prior to undertaking any analysis.29 Further, test-
ing different cut-offs (in the same dataset) by performing 
multiple, non-independent statistical tests (i.e., the subse-
quent test is based on what was found previously) violates 
statistical assumptions and results in severe inflation of the 
error rate (up to 10-fold increase)15,30 and p-values that are 
too small.15 Researchers would then be at risk of selecting a 
spurious cut-off that likely wouldn’t be observed in a repeat 
analysis in a new sample of similar participants.15 Null-hy-
pothesis testing of a cut-off is not informative (i.e., testing 
if cut-off at value “x” is better than nothing at all), as op-
posed to testing against another plausible cut-off of a test 
that has clinical value. Most critically, this approach can 
lead to regrettable research practices such as ‘p-hacking’ 
and HARKing (i.e., hypothesis after results are known),31 

or vague purpose statements such as ‘identify value of this 
test’ without a pre-specified analytic plan.32 

MEDIAN SPLITTING 

Median splitting is when two groups are made using one of 
the quantiles of the data (i.e., the median). This technique 
results in one group including all those with values below 
the median and the other with values above it. This data-
driven method lacks any biologic plausibility to support its 
use.33 If there is a magic cut-off that creates mutually ex-
clusive groups, why would it be at the median? The most 
prominent example of this technique in sport medicine is 
altitude and concussion risk (highlighted above),14,24 but 
has been seen when classifying ACL injury risk based on 
‘strong vs. weak’ back squat at both the median and the 75th 

vs. 25th quartiles (in the same study),34 and many other ex-
amples in arm injury risk screening of overhead athletes us-
ing range of motion.35 To highlight the issue of plausibility, 
in the back squat example, the ‘weak group’ (below the me-
dian) also includes people who were stronger than 49% of 
their peers, which does not seem ‘weak’. When used, these 
cut-offs are specific only to the sample they came from and 
lack generalizability to any other sample or to the athlete 
in front of you (the clinician) because the median value of 
a clinician’s group of athletes is likely going to be differ-
ent than the one used within the study.11,33 Furthermore, 
a cut-off based on a median (or any quartile) split is not a 
meaningful addition to the literature because this impedes 
the ability to perform a meta-analysis since different me-
dian values are identified across studies. 

RECEIVER OPERATING CHARACTERISTIC (ROC) CURVES 

Researchers often use ROC curves to identify the ‘optimal’ 
cut-off using either the position that is closest to perfect 
discrimination (between injured and uninjured) or through 
the Youden index.36 When trying to identify a cut-off of a 
potential injury predictor, this approach falls apart.37 First, 
the two criteria to define ‘optimal’ typically will not agree 
in the same dataset.36 While the actual curve picture is of 
little value,37,38 the area under the ROC curve (AUC) rep-
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Figure 1. Hypothetical Plot of the Relationship Between Temperature and Heat Illness Risk            
Figure 1 represents a hypothetical (but plausible) nonlinear relationship between temperature and the log-odds of experiencing a heat illness event (e.g., heat stroke, heat syncope 
etc.). The line of no log odds (an odds ratio of 1) is at 0 (dotted light grey line). A cut-off was applied at 22.5oC (black dotted line) to split the data into ‘Cold’ and ‘Hot’ categories. The 
light blue line (cold category) and red line (hot category) represent the mean log-odds of each respective category. The step-chance function induced by dichotomizing is represented 
by connecting the blue and red lines via the black dotted line at the cut-off. The solid blue line is the appropriate (hypothetical) nonlinear relationship. The Black and Blue boxes rep-
resent visualization of two data points (i.e., temperatures) that are on the ends of ‘cold’ category and the red and orange box are the same for the ‘hot’ category. Appreciate that the 
Black and Blue boxes are drastically different but are assumed to have the same odds of heat illness, while the red and blue boxes are much similar but assumed to have much differ-
ent odds. 
Abbreviations: OR (odds ratio) 

resents the cut-offs ability to discriminate between those 
with and without the outcome (ranges from 0.5 to 1.0, with 
0.5 being no better than a random guess and 1 being per-
fect).39 Having a higher AUC is advantageous but does not 
guarantee better clinical utility or reliability of individual 
risk predictions.38‑40 The ‘optimal’ cut-off selected may not 
even have good discriminate ability and common “labels” 
(e.g., poor or strong discriminate ability) based on a cut-
off of the AUC values are not justified or recommended.39 

For instance, the AUCs for generalized joint hypermobil-
ity (based on Beighton score of ≥5) and second ACL injury 
(AUC: 0.69; 95%CI: 0.54, 0.84) or ipsilateral second ACL 
injury (AUC: 0.65, 95%CI: 0.47, 0.84) had quite wide con-
fidence intervals, and one even extended below the lower 
range of 0.5 indicating suspect discriminant ability.41 When 
an AUC (and confidence interval) is not reported, clinicians 
should be extremely weary of that cut-off because they have 
not been provided with one key piece of information to 
evaluate its performance. Additionally, ROC curve analyses 
are strongly affected by sample size.37 Unfortunately, sam-
ple sizes are generally not calculated to support this type of 
analysis, and ROC curves are routinely created using very 
small samples.6,10,42 Additionally, ROC curves are rarely re-
ported with their associated confidence intervals (i.e., im-
precision). This prevents readers from appreciating how ac-
curate (or inaccurate) the cut-off might be when making a 
broader inference to the intended population. 

THE USE OF CUT-OFFS FROM PREVIOUS RESEARCH 

Commonly, researchers consult the existing evidence and 
choose a cut-off value for their new study that has been 
previously published (e.g., RTS testing using 90% LSI cut-
offs). This approach may seem scientifically justified. Un-
fortunately, the derivation and clinical context of the cut-
off (from previous research) must be considered before 
adoption. Rarely is cut-off use justified beyond, “previously 
established cut-off” with a citation. For example, the 644 ft 
of elevation cut off (see above) was carried forward into fu-
ture studies17,26,43 or used as justification for exploring the 
same relationship in the same way43,44 despite challenges 
to its validity,45‑47 and a similar study finding the opposite 
relationship direction.48 As another example, 3.0 Nm/kg is 
commonly referred to as the cut-off for ‘sufficient’ quadri-
ceps strength after ACLR.49 This cut-off was derived from 
ROC curves from two different studies which dichotomized 
a continuous self-reported outcome measure of knee func-
tion to serve as the outcome (although one identified 3.1 
Nm/kg as the cut-off).10,50 Both studies did not indicate a 
sample size calculation, with only 22 total participants in 
one,10 and the other using a subset of participants from 
a larger multisite study, but did not account for any clus-
tering this causes.50 Recent literature has found knee ex-
tensor torque to be unrelated to self-reported measures 
of knee function in multivariable analyses,51,52 suggesting 

Limitations of Separating Athletes into High or Low-Risk Groups based on a Cut-Off. A Clinical Commentary

International Journal of Sports Physical Therapy

https://ijspt.scholasticahq.com/article/122644-limitations-of-separating-athletes-into-high-or-low-risk-groups-based-on-a-cut-off-a-clinical-commentary/attachment/242238.jpeg


these outcomes may not be the best choice to anchor ‘suffi-
cient’ strength against. 

THE ISSUES OF ANALYZING CONTINUOUS DATA USING A 
CUT-OFF 

So far, this commentary has discussed the conceptual 
shortcomings of cut-offs, as well as the technical issues 
of generating a so-called ‘optimal’ cut-off for use in data 
analysis (or clinical practice). Next, this commentary fo-
cuses on the issues that arise when a cut-off is used in data 
analysis (as opposed to the continuous variable in its native 
form). 

First, using a cut-off can result in spurious research find-
ings, as shown with the concussion example (above).14,24 In 
that example, the incorrect implications (from results us-
ing a cut-off) had the potential to change equipment man-
ufacturing or sporting policies that would have been of no 
benefit, and potentially harmful, to the athlete.27 Second, 
the results of analyses are less accurate and less clinically 
useful when using a cut-off. This point has been shown 
in epidemiology25 and in sport medicine.8 When predict-
ing injuries in military servicemembers, one study directly 
compared prediction models that kept continuous variables 
in their natural form (with/without nonlinear shapes) to 
the same model that used cut-offs.8 The prediction model’s 
ability to discriminate between injured and uninjured par-
ticipants (i.e., discrimination, area under the ROC curve), 
and the accuracy of predictions (via calibration slope and 
calibration in the large) were much worse when using cut-
offs instead of continuous variables in their natural form.8 

In the end, this means that the well-developed model (com-
pared to the model with cut-offs) could improve injury risk 
screening by correctly identifying 47 more individuals who 
likely will experience an injury (per every 100 screened).8 

As another example, a recent study showed that there was 
a nonlinear relationship between peak quadriceps strength 
and hop test performance after knee joint injury (adjusted 
R2: 0.66).52 When a median split was applied to the data 
and re-analyzed (not published), the adjusted R2 was much 
lower (0.20). While R2 is a data-set-specific metric of model 
fit, it is clear that there is much less variance accounted for 
when using the median cut-off. 

There are a few reasons why poor accuracy accompanies 
dichotomization with a cut-off. First, there is a loss of sta-
tistical power.11‑13,15 If the split was at the median, it can 
be equivalent to discarding as little as 36% of the data 
and would require a 1.57 times larger sample to overcome 
this.53 Discarding information is arguably a questionable 
research practice when study participants have consented32 

to the use of their data and invested time and energy to 
help researchers address these questions. When a cut-off 
is made at differing ends of the distribution (e.g., the 25th 

or 75th percentile), there is a risk of sparse data bias be-
cause one group might be much too small and likely will 
have too few events (i.e., injuries).41,54 Sparse data bias re-
sults in critical imprecision, rendering the results difficult 
to be confident in or interpret.54 When a variable with too 
few observations and events in one group is used in a multi-
variable analysis, sparse data bias is exacerbated with point 

estimates and confidence intervals that can extend to in-
finity.54 Within the sport medicine field, odds ratios with 
a confidence interval width substantially larger (over 100x 
larger)34,41,42,55‑58 than what is considered as a ‘large ef-
fect’ in meta-analyses (i.e. odds ratio of 5)59 have been re-
ported. Sparse data bias is avoidable in this case and is the 
duty of the researcher to ensure they are not making this 
error that renders the data borderline illogical. When con-
fidence interval width (of an odds or risk ratio) is greater 
than 50, clinicians should be quite hesitant to use that cut-
off in practice. 

On certain occasions, four groups could be created based 
on quartiles instead of two. This approach is certainly pre-
ferred (over dichotomization) because power loss is re-
duced.11,13 However, the concerns for sparse data bias per-
sist since there is no guarantee that groups have a sufficient 
number of observations or events,54 and the assumptions of 
creating the multiple cut-points must still be met (See Bin-
ney and Mansournia for a detailed review).24 This approach 
also requires more analytic degrees of freedom due to the 
increased number of parameters to estimate. The analytic 
‘simplicity’ the researcher was hoping for (by using a cut-
off) is now lost when comparing four groups instead of two. 
Using a flexible approach with a continuous variable, such 
as a spline, fractional polynomial, or generalized additive 
models maximizes efficiency and avoids these issues. How-
ever, care must be taken to not overfit the data and consul-
tation from a statistician should be sought. For more com-
plete discussions on handling nonlinear relationships, the 
curious reader is referred elsewhere.60‑64 

Another detrimental issue occurs when the same data 
set used to create an ‘optimal’ cut-off is then used to assess 
the factor-outcome association using that cut-off. These re-
sults will be drastically inflated because the data used to 
‘test’ how strong the factor-outcome association is (e.g., 
multivariable analysis), was also used to ‘determine’ the 
best cut-off to maximize that very same relationship.13,

15 This sort of circular analysis happens frequently50,65‑67 

and is of the utmost importance for clinicians to under-
stand when interpreting research because it makes the cut-
off value seem more believable, meaningful and important 
to implement in practice. As a hypothetical example, ROC 
analysis of preseason ankle dorsiflexion range of motion 
data is used to create a cut-off that best classifies athletes 
based on if they experienced an ankle sprain over the past 
season. The new cut-off (e.g., 5o) has created two groups 
(high- and low-risk), which are then compared to deter-
mine the association between group membership (above or 
below the cut-off) and risk of having had the same ankle 
sprain injuries over the past season. This error is almost 
identical to splitting a sample of athletes into ‘high’ and 
‘low’ quadriceps strength groups based on the median value 
and then comparing the two groups (above or below the 
median), to see which one has greater quadriceps strength. 

THE SOLUTION FOR RESEARCHERS: USING CONTINUOUS 
VARIABLES IN THEIR NATIVE FORM 

On the surface, keeping continuous variables as such may 
seem like increasing analytical complexity and hindering 
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interpretation- an argument often touted in favor of di-
chotomization. However, keeping a continuous variable     
in its natural form decreases data complexity, improves         
outcome prediction, and can facilitate personalized       
medicine in ways a cut-off cannot     .8 These points have 
been alluded to throughout this commentary with both hy-
pothetical and empirical examples from the sport medi-
cine literature. Collectively, injury risk assessment would 
be substantially improved by maximizing the data and 
keeping continuous variables as such. Table 2 provides 
some common; but not exhaustive, scenarios that show 
these benefits. 

CUT-OFFS IN CLINICAL PRACTICE: ISSUES, 
NUANCES, AND POSSIBLE SOLUTIONS 

Thus far, this commentary has highlighted the commonal-
ity of cut-offs in sport medicine and focused on technical 
details and pitfalls related to the derivation and use of cut-
offs in research. In this section, the issues that clinicians 
face when using cut-offs in clinical practice, some impor-
tant nuances where cut-offs may be useful, and potential 
solutions are discussed. 

THE ISSUES TRANSLATING CUT-OFFS INTO CLINICAL 
PRACTICE 

The most important issue with using cut-offs in clinical 
practice is the decreased ability to facilitate individualized 
care or personalized medicine.70 When clinicians group pa-
tients based on a cut-off (e.g., <90% LSI), and are labeled 
‘high-risk’, any subsequent decision using this information 
is driven by group membership. The decision will be the 
same for all patients in that group (e.g., ‘not allowed to 
RTS’) and does not factor in the possibility of misclassifi-
cation due to measurement error.71 However, this approach 
is not reflective of best practice for the RTS process,72 as it 
ignores the athlete’s role in shared decision making, their 
own risk assessment, any time or financial considerations, 
benefits and harms of corresponding treatments, and omits 
consideration of other relevant factors, such as individual 
characteristics (e.g., age, sex, sport type/level), rehabilita-
tion goals, and current recovery trajectory. Even if a cut-off 
is still used, it should be just one piece of information that 
is considered alongside many others to make a personalized 
decision for that athlete. 

Cut-offs may also struggle to apply to multiple geo-
graphic locations and contexts. In the fictitious tempera-
ture example, the cut-off for ‘hot’ is likely quite different 
for individuals in Phoenix (Arizona) compared to Seattle 
(Washington). When thinking of common cut-offs in your 
own context, would or should there be an expectation that 
they (the cut-offs) would be the same for different sports, 
positions or even age-groups or competition levels? There 
are additional issues translating cut-offs into the clinic that 
were already highlighted in this commentary, including a 
lack of generalizability (see median splitting section) and a 
lack of any sound biologic rationale (see Cut-Offs Are Not 
Conceptually Plausible section). 

Often during rehabilitation or injury risk screening, a 
common cut-off is used as a goal. This can be a nice over-
arching target. What can occur is that once the goal is 
met, tracking of that test/measure stops even though it is 
an important construct. This is a problematic practice be-
cause sport and rehabilitation are dynamic environments 
and constructs like strength or movement performance 
(two common injury risk screening tests) may change 
quickly for many reasons. Additionally, once the cut-off is 
met (e.g., >90 LSI), it does not necessarily mean the athlete 
has returned to prior level of performance and additional 
intervention may be necessary. 

IMPORTANT CLINICAL NUANCES RELATED TO CUT-OFF 
USE 

While there are many upsides to not using a cut-off in clini-
cal practice, in certain circumstances they may be preferred 
and beneficial.24 These situations are commonly when de-
cisions need to be made quickly for emergent medical sit-
uations such as in the presence of a possible cervical frac-
ture or an ankle sprain to gauge the need for radiographs. 
These situations are when the consequences of a false neg-
ative (i.e., they have a fracture, and it was missed) greatly 
outweighs the harms of a false positive (radiation exposure, 
cost, and loss of game time). In these situations, the value 
of the continuous variable in the decision rules is irrelevant 
for any future decision making (e.g., how many steps taken 
after ankle sprain, Ottawa Ankle Rules). The use of a cut-
off allowed the diagnostic utility of these rules to be modu-
lated so the test could ‘catch all’. 

Policy making to cover a large number of athletes is an-
other nuance where a cut-off is likely necessary. For exam-
ple, a sport club may implement that all athletes under age 
16 must perform an ACL injury prevention program since 
peak incidence is in adolescents,73 the club has mostly un-
der 16-year old athletes, and/or the medical providers lead-
ing the program are only available when the younger ath-
letes are practicing, while it is optional for all other athletes 
if they can make the listed times. These policies can help 
prioritize resource deployment at the larger scale. The ben-
efits of these (hypothetical) policies should then be for-
mally evaluated and updated based on their performance 
and any other contextual nuance (e.g., spike in ACL inci-
dence in 18-year-olds). 

POSSIBLE SOLUTIONS FOR CLINICIANS 

Continuous variables are not widely used in sport medicine 
practice and many clinicians may be hesitant to attempt in-
terpreting them with patients. There are a few potential so-
lutions that have been identified in this commentary, how-
ever a more robust decision framework is likely necessary 
to fully guide clinical practice, which is beyond the scope 
of this work. This commentary proceeds with a few options 
that hopefully are the start of this conversation amongst 
the community. 

Since clinicians are not expected to have full technical 
knowledge of different test/measures (e.g., relationship 
shape), there is the potential to use risk calculators or web-
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Table 2. Examples Highlighting the Use of a Continuous Variable         

Benefit Example Considerations 

More Precise 
Clinical 
Decision 
Making 

The clinician can now make an accurate prognosis about how 
long and the anticipated costs to improve their risk prediction 
from 15% to 5%. The patient and clinician can decide how 
realistic and beneficial this is in comparison to the costs and 
other external considerations (e.g., time before season starts). 

More 
Accurate 
Understanding 
of 
Relationships 

Nonlinear terms do increase analytic complexity and makes 
interpretations more challenging. However, the improved 
precision and accuracy characterizing the relationship 
outweighs these complexities.13 

More 
Accurate and 
Clinically 
Useful Injury 
Risk 
Predictions 

The more accurate and reliable the injury risk predictions are, 
the more effectively resources can be allocated for the specific 
service members based on the estimated risk (between 0-1). 

LSI (limb symmetry index), ROM (range of motion) 

• Having to interpret a change by one unit of 

measure improves the precision of test and 

measure data for clinical decisions. 

• While evidence does not support its use for 

knee injury risk identification,2 its common 

for 90% hop test LSI to be a cut-off for high 

vs. low risk groups. 

• Dichotomizing hop testing at 90% LSI can 

only inform the clinician about what group 

(albeit meaningless group) the patient falls 

into. 

• Within a hypothetical prediction model, for 

every 1% lower LSI (from 100%), equals a 

1% higher predicted probability of a knee 

injury. Someone with an LSI of 90% would 

have a 10% predicted risk, compared to an-

other athlete with 85% LSI. 

• If hop test LSI is kept as a continuous vari-

able, more precise information, specific to 

the patient in front of them, can be effec-

tively used to make shared decisions after 

weighing additional factors relevant to the 

patient and their goals. 

• Within professional baseball, a recent pre-

diction model observed that there is a non-

linear association between horizontal ad-

duction ROM and arm injuries (J shape).68 

• There is a ‘sweet spot’ of horizontal adduc-

tion ROM (~ 0o) in relation to arm injury 

prediction. Too much or too little horizontal 

adduction ROM, the predicted risk is 

higher.68 

• If a linear relationship was assumed, then 

less ROM would be incorrectly assumed as 

lower predicted risk, almost certainly alter-

ing clinical decision-making, in a potentially 

harmful way. 

• Improved outcome prediction has been em-

pirically shown within the sport medicine 

field when using continuous variables in-

stead of cut-offs.69 

• A set of injury prediction models were built 

using the same variables and data in military 

service members.69 

• The model with continuous variables (and 

nonlinear associations where indicated) was 

more accurate and had better clinical utility 

than the model that used cut-offs for all 

variables. 

• The ability to correctly discriminate be-

tween those with and without injury was 

0.90 vs. 0.63 (1.0 is perfect). 

• The reliability and accuracy of the predicted 

injury risk was better 0.92 vs. 0.84 (with 1.0 

is perfect). 

• The amount of variance explained by the re-

gression model was much higher (0.64 vs. 

0.07). 

• Clinically, the improved model would accu-

rately identify an additional 47 injuries per 

100 individuals screened over and above 

the original model with cut-offs. 
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based apps in clinical settings. These tools are growing in 
popularity and are starting to accompany many research 
studies developing risk prediction scores. For example, 
Rhon et al.8 published a link (within their supplemental 
file) to an interactive nomogram where clinicians directly 
input the values (continuous variables) of each test and 
measure and the predicted probability (0-1) of the outcome 
(time loss injury) is calculated directly for the clinician 
based on the published prediction model. Once an injury 
risk probability is known, this can be directly communi-
cated to the athlete and facilitate an informed discussion. 
In the end, the clinician and patient team (along with other 
relevant parties) may still need to establish a ‘cut-off’ or 
risk threshold of when they will intervene or not. However, 
this is a clinical decision and not a statistical one, where 
other pieces of information (see The Issues Translating 
Cut-offs into Clinical Practice Section for examples) are ab-
solutely necessary to consider and each risk threshold cut-
off will be different from athlete to athlete. A similar ap-
proach has been well discussed in medical research38,40 and 
in a recent commentary on this topic.24 

While decision aids are being created over time, clini-
cians are encouraged to identify the key details from these 
types of research studies. These details include the rela-
tionship shape (i.e., straight line or curvilinear), and the 
relationship magnitude (and precision via confidence in-
tervals) for a 1-unit change in the test/measure on the con-
tinuous scale. Table 2 provides a simple example clinicians 
can refer to. 

To overcome issues of using a cut-off as a goal, clinicians 
are encouraged to track the actual value of the test/measure 
over time and focus on understanding its trends. This track-
ing allows them to understand how quickly (or slowly) that 
test/measure is changing, how common it is for the athlete 
to fluctuate above/below the cut-off, and the actual value 
could be used to compare to any available normative data 
(e.g., The Dashboard for ACL Reconstruction Testing, 
https://acldashboard.com). By focusing on the continuous 
value, and incorporating other information, this may de-
crease the chance that once the target is hit, it and other 
information are disregarded. 

SUMMARY AND RECOMMEDNATIONS TO 
IMPROVE SPORT AND EXERCISE MEDICINE 
INJURY RISK ASSESSMENT RESEARCH AND 
PRACTICE 

Two core themes were highlighted throughout this com-
mentary. First, dichotomizing continuous variables using 
any cut-off comes at considerable costs. Second, there is 
improved accuracy and clinical utility of research and clini-
cal test or measures data when continuous variables are an-
alyzed and interpreted when retained in their natural form. 
To move the field forward, a set of recommendations for 
both researchers and clinicians are outlined in Table 3. 

This commentary has made recommendations that are 
not widely used in sport medicine research. However, the 
recommendations for data analysis are in line with the 

CHAMP Statement (A Checklist for statistical Assessment 
of Medical Papers)29 and have been well established in 
other medical research fields. By presenting a detailed re-
view and providing both challenges and potential solutions, 
clinicians can become more cognizant of important details 
when reading injury risk assessment research and start to 
increase their familiarity and comfort when interpreting 
and using continuous values to make decisions with ath-
letes. 

CONCLUSION 

Current practices of injury risk assessment and manage-
ment can be more effective by reducing the use of and 
reliance on cut-offs to identify those ‘at-risk’ vs. ‘not at-
risk’. By embracing continuous variables in their natural 
form in data analysis, researchers can provide more accu-
rate information to clinicians. By understanding the limi-
tations of research deriving and using cut-offs, clinicians 
can better critique research and reduce the implementation 
of low-quality evidence into practice. Collectively, using 
continuous variables in their natural form can make injury 
risk assessment more accurate, facilitate personalized med-
icine, and ultimately improve the care of the athlete’s being 
served. 
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Table 3. Research and Clinical Recommendations     

Research Recommendation Details 

Avoid dichotomizing continuous variables in research. 
Instead, analyze them as in their natural form. 

- 

Assess whether the relationship between continuous factor 
of interest and the outcome is linear or nonlinear. 

Descriptively report data based on any common cut-off to 
help bridge the gap for readers who are becoming more 
comfortable interpreting continuous variables. 

If a cut-off must be used, authors should choose one based 
on sound biologic reasoning. 

Clinical Recommendations Details 

Clinicians should avoid seeking out or using a cut-off to 
facilitate their decisions. 

Clinicians may still use common cut-offs to set goals, but 
core decisions should be made in the spirit of personalized 
medicine and factor in the actual test/measure value, not 
the cut-off. 

ACLR (anterior cruciate ligament reconstruction) 

• Recommended methods include splines or fractional polynomials.74 

• Consult a statistician to identify which approach is best suited for your 

question during the development stage of the project. 

• If a nonlinear relationship is identified, including plots can aid interpreta-

tion. 

• Report the number of participants above or below the common cut-off 

and the median and range within each group. 

• Statistical tests should not be used on these descriptive data. 

• This decision must be well justified in the manuscript with discussion 

about the clinical context of use and how a cut-off is more advantageous 

than a continuous variable. 

• Data driven methods should not be used to generate the cut-off. 

• Sensitivity analyses should be performed to assess the consistency of 

findings by choosing alternate cut-offs and using continuous variables to 

repeat the primary analysis. 

• Track and visualize the actual values of tests or measures. 

• Become comfortable interpreting the value and communicating this to 

the patient. 

• Normative values (and their range) can help give context to this value. 

• For example, early planning of rehabilitation after ACLR can include a 

goal of restoring strength to a minimum of 90% of the other leg. 

• Seek to understand what the patient’s own risk assessment is when mak-

ing decisions. For example, predicted risk is 30% chance of injury, patient 

is not willing to return to sport until they have a 20% predicted chance of 

injury or less. 
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