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ABSTRACT
Concussions are a serious public health problem, with 
significant healthcare costs and risks. One of the most 
serious complications of concussions is an increased 
risk of subsequent musculoskeletal injuries (MSKI). 
However, there is currently no reliable way to identify 
which individuals are at highest risk for post- concussion 
MSKIs. This study proposes a novel data analysis 
strategy for developing a clinically feasible risk score 
for post- concussion MSKIs in student- athletes. The 
data set consists of one- time tests (eg, mental health 
questionnaires), relevant information on demographics, 
health history (including details regarding the concussion 
such as day of the year and time lost) and athletic 
participation (current sport and contact level) that were 
collected at a single time point as well as multiple time 
points (baseline and follow- up time points after the 
concussion) of the clinical assessments (ie, cognitive, 
postural stability, reaction time and vestibular and ocular 
motor testing). The follow- up time point measurements 
were treated as individual variables and as differences 
from the baseline. Our approach used a weight- of- 
evidence (WoE) transformation to handle missing data and 
variable heterogeneity and machine learning methods for 
variable selection and model fitting. We applied a training- 
testing sample splitting scheme and performed variable 
preprocessing with the WoE transformation. Then, machine 
learning methods were applied to predict the MSKI 
indicator prediction, thereby constructing a composite risk 
score for the training- testing sample. This methodology 
demonstrates the potential of using machine learning 
methods to improve the accuracy and interpretability of 
risk scores for MSKI.

INTRODUCTION
Concussions have been identified by both 
the US National Institutes of Health (NIH) 
and the US Centers for Disease Control 
and Prevention (CDC) as a serious public 
health problem, with an annual incidence 
of up to 3.8 million and associated costs of 
approximately US$22 billion.1 Healthcare 
professionals that manage concussions are 
guided by consensus and position statements 

that make recommendations for a multifac-
eted approach to clinical concussion care. 
However, these clinical assessments may 
lack sensitivity to identify recovery as defi-
cits in numerous sophisticated assessments 
(eg, neuroimaging, blood- based biomarkers 
and other instrumented measures) persist 
beyond clinical recovery, suggesting athletes 
may return to participation (RTP) before 
complete neurological recovery.2 This prema-
ture RTP may result in the ~2× elevated 
musculoskeletal injury (MSKI) risk in the 
year following a concussion, which has been 
identified across diverse sports settings, ages 
and sexes.3 These MSKIs carry enormous soci-
etal and economic consequences affecting 
up to 12 million people annually, leading to 
20 million lost school days, lost sports time 
and costing ~US$33 billion annually in health-
care costs.4 Further, an MSKI also increases 
the risk of chronic physical complications, 
leading to reduced physical activity and may 
increase the risk of chronic health conditions 
such as diabetes and cardiovascular disease.5 
Thus, there is a need to identify those at the 
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greatest risk for subsequent MSKI to implement injury 
risk reduction techniques.

Multiple attempts have been made to identify those 
athletes at the highest risk for post- concussion MSKI but 
with limited success. Impairments in dual- task gait have 
been found in high school and collegiate athletes who 
experienced post- concussion MSKI, but these were weak 
associations without prognostic capabilities.6 Multifac-
eted clinical examinations, widely used by healthcare 
providers, are cost- effective and clinically feasible tests7; 
however, individual assessments (eg, symptoms, cogni-
tive testing) were not effective in identifying elevated 
MSKI risk.8 Similarly, clinical mental health measures 
(eg, Brief Symptom Inventory (BSI- 18), Hospital Anxiety 
and Depression Scale (HADS)) were also not predic-
tive of subsequent injury, although satisfaction with life 
had a limited association.9 Others have posited broader 
risk factors such as persistent neurocognitive deficits10; 
however, while plausible, both lack empirical evidence. 
Independent of concussion, injury prediction is notori-
ously difficult, and standard interventional studies have 
largely been unsuccessful,11 with the notable exception 
of ACL screening protocols.12 Thus, developing a post- 
concussion MSKI prediction model requires innovative 
approaches.

An ideal risk- scoring model of post- concussion subse-
quent MSKI would determine a minimal set of predictive 
clinically feasible variables (eg, demographics, health 
history, concussion characteristics and recovery) that 
can identify individuals at high risk for a subsequent 
MSKI. Thus, an integrative statistical model is needed 
to combine these disparate test measurements with 
demographic information and health history to create a 
composite risk score model for subsequent MSKI. Model 
fitting is further complicated by missing data, prevalent 
in sports medicine research and clinical practice, often 
due to time constraints during assessments and patient 
non- compliance, which may lead to biased or incom-
plete risk inferences and ineffective interventions.13 To 
overcome this systemic issue, suitable statistical method-
ologies such as data imputation techniques are crucial 
for generating reliable risk models while considering 
missing data patterns.14

Herein, we propose to generate a composite risk 
score based on clinically feasible information for post- 
concussion MSKI risk through a two- step process. First, we 
propose a weight- of- evidence (WoE) transformation,15–17 
which naturally handles missing data and heterogenous 
variables by replacing the values with univariate risk 
scores. Second, we propose using a variable selection 
algorithm and logistic regression to form the multivar-
iate composite risk score (the details will be described 
in the subsequent methodology section). Our approach 
overcomes the challenges stemming from numerous irrel-
evant covariates and prevalent missing values. Overall, 
this general and versatile data analysis and strategy is a 
step towards addressing the pressing need to understand 
post- concussion recovery and MSKI risk.

Research aims and approach
With the proposed novel analysis strategies, this study 
aims to identify post- concussion MSKI risk categories. We 
also aim to develop a clinical risk score similar to Zemek’s 
prediction of persistent concussion symptoms approach18 
for post- concussion MSKI. These clinically feasible 
approaches could allow clinicians to apply targeted inter-
ventions with known injury risk reduction approaches if 
successful.

IMPLEMENTED METHODOLOGY
We have developed an extensive longitudinal concussion 
data set (2015–2022), which includes data on 211 student- 
athlete concussions, including demographic information, 
medical history, concussion injury and recovery informa-
tion, and common data elements (CDEs) across clinical 
milestones. Data collected between 2015 and 2021 were 
part of the Concussion Assessment, Research and Educa-
tion (CARE) Consortium.19 All data collection occurred 
at the University of Delaware, which is in National Colle-
giate Athletic Association’s (NCAA) Division I and the 
Mid- Atlantic region of the USA.

The time to complete all tests was 50–60 min at baseline 
and 30–40 min at three follow- up time points following 
concussion: (1) Acute (<48 hours post- concussion), 
(2) Asymptomatic (when no concussion symptoms are 
reported and (3) Return to Play (RTP) (when the student- 
athlete returns to full participation without restriction). 
Data were extracted and compiled by the research team 
starting in February 2022 and were updated through 
January 2023 as new concussions occurred. Further, 
MSKI were updated until March 2023.

Patient and public involvement
Former NCAA athletes provided site- level feedback 
regarding study procedures, which was incorporated into 
the CARE Consortium study design.

Clinical assessments
The selected CDEs were collected following standard 
procedures established in the literature.19 Relevant 
confounding variables (eg, age, sex, injury mechanism 
and presentation, prior concussion and MSKI history) 
were collected as described below. All participants 
provided written and oral informed consent, and some 
participants consented to only a subset of access, as 
approved by the University of Delaware institutional 
review board (IRB). Each assessment has been thor-
oughly described. (online supplemental table 2). Briefly, 
neurocognitive functioning was evaluated through the 
computerised test Immediate Post Concussion Assess-
ment Tool19 with composite scores representing verbal 
memory, visual memory, motor speed and reaction time. 
The Standardised Assessment of Concussion assesses 
mental status,20 and the Balance Error Scoring System 
evaluates postural stability.21 We used two measures of 
symptom reporting, the Sport Concussion Assessment 
Tool 5 (SCAT5) symptom list,19 which lists 22 common 
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concussion symptoms weighted from 0 (symptom not 
present) to 6 (severe symptom). We used the total number 
of symptoms and symptom severity from the SCAT5. 
The BSI- 1819 is a self- report questionnaire that evaluates 
psychological distress and psychological disorders like 
depression, anxiety and somatisation. The King- Devick 
test was used to evaluate saccadic eye movements,19 and 
the Vestibular Ocular Motor Screen19 was used to eval-
uate vestibular and oculomotor function and symptoms. 
Tandem gait was used to evaluate gait and balance control 
under single and dual- task conditions, which involves 
performing a secondary task while walking.22 Lastly, both 
the reliable and valid Satisfaction with Life Scale and the 
HADS evaluated participants’ quality of life.19

Electronic medical records
The participants’ MSKI history was obtained by accessing 
the University of Delaware SportsWareOnline (Computer 
Sports Medicine, Stoughton, Massachusetts, USA) elec-
tronic health record through IRB- approved approaches 
and with the participant’s informed consent. The 
MSKI was categorised by region, side, severity and time 
loss (table 1).23 Time from each injury in relation to a 
concussion was calculated in days, with a negative value 
indicating the MSKI occurred before the concussion and 
a positive value indicating that the MSKI occurred after 
the concussive injury. Finally, the total number of unique 
MSKI was calculated for each participant (range=0–13 
injuries). For this study, we only examined MSKI that 
occurred after a concussion.

Challenges and justification for data analysis strategy
The preliminary analysis efforts are met with four issues 
that make effective MSKI risk modelling challenging. First, 
incomplete and missing data is a substantial challenge as 
prospectively assessing intercollegiate athletes in- season 
has inherent limitations; however, simply ignoring the 
missing data or using imputation may result in biased 
estimation and inaccurate inference.24 Second, our initial 

data exploration revealed non- linear and non- monotone 
relationships between the covariates and the MSKI risk, 
making it difficult to justify using a linear model such as 
logistic regression that assumes a monotone variable asso-
ciation with the risk. Third, our electronic health records 
contain a set of variables that are measured at four time 
points (baseline, acute, asymptomatic, RTP), which may 
hold strong potential for building clinically informative 
risk scores; however, they also pose a technical challenge 
to identify a (reasonably modest- sized and explainable) 
set of important variables from all possible pairs of time 
point and measurement. There are also difficulties in 
comparing the relative importance of categorical and 
continuous variables for interpretation purposes. Finally, 
dimensionality increases when we attempt to categorise 
continuous variables or encode categorical variables (see 
online supplemental table 1 for the complete list of cate-
gorical and continuous variables in our study).

In response to these challenges for effective MSKI risk 
modelling, we propose to perform a variable transforma-
tion method called WoE, which deals with missing data 
and variable heterogeneity by replacing variable values 
with their estimated univariate risk- related scores.15–17 
These scores operate on the same scale, so it simpli-
fies comparison across diverse data types. Additionally, 
it helps resolve the possible non- linear relationships 
between differing values and risk and avoids the need 
to increase the number of variables excessively. Subse-
quent modelling using variable selection methods such 
as Recursive Feature Elimination25 and Least Absolute 
Shrinkage and Selection Operator (LASSO)26 27 are then 
applied to the transformed variables to select a minimal 
set of transformed patient variables for logistic regression 
analysis, which combines variables into a composite score 
that quantifies the risk for subsequent MSKI.

MSKI data analysis
The data set consists of one- time tests (eg, mental health 
questionnaires), relevant information on demographics, 
health history (including details regarding the concus-
sion, such as day of the year and time lost) and athletic 
participation (current sport and contact level) that are 
collected at a single time point as well as multiple time 
points of the clinical assessments (baseline and follow- up 
time points after the concussion). The follow- up time 
point measurements are treated as individual variables 
and as differences from the baseline.

The statistical analysis can be described in four steps 
following the discussion of the MSKI study challenges 
and our proposed general methodology above.

Step 1. Apply a training- testing sample splitting scheme 
with a 2- to- 1 ratio of their sample sizes.

Step 2. Perform variable preprocessing with the 
WoE transformation. Technically, the WoE trans-
formation is directly applicable to a discrete- valued 
random variable  X ∈

{
x1, x2, . . . , xD

}
  and is a function 

 
WoE

(
x
)
�→ log

Pr
(
X=x|Y=1

)
Pr
(
X=x|Y=0

)
 
 that replaces the discrete value 

Table 1 Categorisation schema of musculoskeletal injuries

Region Side Severity

1. Head
2. Neck
3. Shoulder
4. Upper arm
5. Forearm/

elbow
6. Wrist
7. Hand
8. Torso
9. Pelvis

10. Thigh
11. Knee
12. Shank
13. Ankle
14. Foot

R. Right
L. Left
B. Bilateral

A. Acute/non- surgical: 
time lost from sport 
<21 days

B. Chronic/non- surgical: 
time lost ≥21 days

C. Chronic/surgical: re-
quired surgery to re-
pair, lost ≥30 days
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of a variable with the ratio of the logarithms of the condi-
tional probability of the variable value given an MSKI, 

 pX|1
(
x
)

= Pr
(
X = x|Y = 1

)
 , to the conditional probability 

of the variable given no MSKI,  pX|0
(
x
)

= Pr
(
X = x|Y = 0

)

 . As a difference of the log- probabilities, the WoE 
value is large and positive if the variable value occurs 
more frequently with an MSKI than without an MSKI; 
conversely, if WoE is large and negative, then the vari-
able value is more frequently given no MSKI than MSKI. 
In practice, the true probabilities are replaced by empir-
ical estimates. Consequently, with limited data, too many 
discrete values lead to poor estimates for values with few 
occurrences.

To summarise the WoE of a variable across all vari-
able values, the information value (IV) is computed, 

 IV
(
X
)

=
∑D

d=1
(
pX|1

(
xd
)
− pX|0

(
xd
))

· WoE
(
xd
)
 , which is 

also known as Jeffrey’s divergence between the condi-
tional distribution functions of the variable given the 
MSKI outcome (any injury regardless of severity or time 
loss).28 29 Larger divergence values between the variable’s 
conditional distributions correspond to more informa-
tive variables (higher IV values).

For a continuous variable  
∼
X ∈ R  , defining the condi-

tional distribution and the computation of the WoE 
transform requires the discretisation/binning of the 
variable values into discrete ranges. This discretisation is 
achieved by searching for the optimal binning (number 
of bins and bin edges) that maximises the IV. Ordinal 
variables can be grouped in the same manner. For cate-
gorical variables, maximising the IV can also consist of 
grouping different categories. Once the optimal binning 
is determined, the WoE transformation is applied to the 
discretised variable described above.

Step 3. Apply machine learning methods to fit a combi-
nation of the WoE- transformed measures to predict 
the MSKI indicator prediction, thereby constructing a 
composite risk score. Specifically, the well- established 
high- dimensional regression methods, including the 
LASSO27 and the high- dimensional sufficient dimension 
reduction,26 can be applied for both variable selection 
and constructing the optimal linear combinations of the 
WoE measures. After modelling fitting, the linear coeffi-
cients can be examined to quantify the contribution of 
different variables.

Step 4. Apply the predictive model from Step 3 to the 
testing data set and evaluate the results’ specificity and 
sensitivity compared with logistic regression with all orig-
inal variables.

CONCLUSIONS
We present a novel and effective data analysis strategy 
for developing risk scores for post- concussion MSKIs. 
By replacing each variable with its estimated univariate 
risk score, we address the challenges of MSKI risk model-
ling, including missing data and variable heterogeneity. 
Our method also simplifies comparison across diverse 
data types and identifies and accounts for non- linear 

relationships between different variables without adding 
too many variables to the model. If successful in a larger 
data set, these clinically feasible approaches could help 
clinicians develop and implement targeted interventions 
that reduce the risk of post- concussion MSKIs.
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