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Abstract— With the advances in wearable sensor 

technology, the use of inertial body sensors in the field of 

Medicine and Healthcare increased drastically. Researchers 

found that gait data is useful for identifying various motion 

impairments. Current research in gait analysis is incorporating 

the features extracted from video data which is hard to analyze 

and needs expensive video capture equipment to collect data in 

slow motion. In this study, we utilize the ability of inertial body 

sensors to capture gait features of individuals with Anterior 

Cruciate Ligament (ACL) injury. This paper also leverages the 

causality analysis method to find the coordination between 

different features of gait data. This study was applied to 131 

individuals in which 109 have ACL injury. In this work, we 

incorporate the gait assessment technique which uses causality 

analysis and then predict various classification of individuals 

based on health condition, impacted limb prediction and 

performance of various machine learning algorithms.  
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I. INTRODUCTION 

ACL injuries are common in athletes during their 
participation in sports. These injuries are not just prevalent in 
athletes, statistics show that 7 to 8 individuals out of 10,000 
encounters this in general population but in sports 
population, this is as high as 5 to 85 individuals per 1000 [1].  
Studies show that the possibility of second-time injury after 
the first one is 15 times greater than the uninjured individual 
[1]. Studies in kinesiology showed that athletes who recover 
poorly will have asymmetries in their inter limb correlation 
in their walk. These demonstrate the relationship between 
gait biomechanics and interlimb correlation. This will also 
provide physicians to identify the chances of the second 
incidence. 

Gait assessment can be done using various available 
methods like video annotations, manual observation and with 
the inertial body sensors. These sensors will demonstrate the 
patterns in their gait data and detect gait cycles. The data 
from the gait phase decomposition corresponding to 
temporal gait features are used very often for assessment [2]. 
These features include angles, gait speed, single stance, 

double stance time or various other parameters that are 
derived from this data.   

Individual motion consists of spatial-temporal data, 
interaction, and coordination between body parts. Human 
movements can be observed by focusing on a few tracking 
points and correlating their interactions. This correlation 
between body parts consists of rich information related to 
movements of the body which is more than the temporal 
evolution of body parts.  

ACL injuries due to knee tear will impact individuals gait 
and cause abnormal motion in body parts which can be 
observed by comprehensive gait assessment on all parts of 
the human body. The comprehensive gait performance can 
be calculated from the overall interactions od different body 
parts. From this assessment, we can observe the gait 
performance of ACL patients with respect to healthy 
individuals.  

In this study, we adopt the causality-based approach 
introduced by Gong et al [3] which will provide the 
quantification of various intercorrelations in body parts for 
better separation of ACL patients and healthy subjects. Also, 
we apply different computational methods that classify 
injured limb and present condition of the patient.  We 
evaluate our model on 91 injured subjects and 13 healthy 
subjects. We also evaluate the algorithms on a gender basis 
and impacted limb. 

II. METHODS 

 The focus of this section is to present the data collection, 
experimental protocol, data processing framework, 
equipment adapted for study and the analysis of the impact 
of mobility of sports injury. 

A. Data Collection 

In this study, we collect data from injured patients and 

healthy controls using inertial body sensors provided by 

Shimmer sensing. All the participants in the study are 

equipped with 5 shimmer sensors, these are placed on their 

ankles, wrists, and sacrum. We recorded accelerometer and 



gyroscope data to capture motion. The participants in this 

study are given three tasks that needed to be performed on a 

treadmill. The participants need to walk for 5 minutes at a 

pace of 3mph, jog for 3 minutes at a pace of 6mph and run 

based on their feasibility. Data is captured at 128Hz 

sampling rate from all the sensors for better 

synchronization.  

 

Figure 1:  Illustration of the pairwise causality approach to accurately classify patients with ACL injury and their limb

In this study, we only consider walk and jog data as they 

are collected for a similar duration for all participants. This 

enables us to have a fair comparison between different 

individuals. All the data is collected at Exercise and Sports 

Injury Lab (EaSIL) at the University of Virginia. Once the 

data is collected from all the sensors it is processed using 

below methods. The complete methodology is shown in 

figure 1. The confidence of each subject is calculated based 

on the correct and incorrect predictions of each subject. The 

classification is represented as red for left limb or unhealthy 

subject and green for right limb or healthy subject in figure 

1. 

B. Signal Processing Framework 

In this work, we adopted a MATLAB program that is 

used for signal processing [4]. The first step is to segment 

each subject data in the interval of 0.1 minutes which 

consists of 768 observations. Phase Slope Index (PSI) is 

used to build a pairwise causality matrix for each segment 

that is obtained from coarse level segmentation. Third, an 

average of 5, 10 and 15 consecutive observations are taken 

so that the significant causality is considered rather than the 

insignificant causality. Finally, this data which is labeled as 

‘L’ for subjects with Left limb involved and ‘R’ for subjects 

with right limb involved is trained using RapidMiner which 

is a data science platform. 

1) Segmentation: The subjects in this study wear 

shimmer sensors that consist of Accelerometer, Gyroscope, 

and Magnetometer. The subjects wear these sensors to their 

Left Ankle, Left Wrist, Right Ankle, Right Wrist, and 

Sacrum.  These subjects are made to walk for 3 minutes then 

jog for 3 minutes and run based on their capability. In this 

study we considered data from walking and jogging and 

segmented the data for every 0.1 minutes, this is done based 

on the prior knowledge that the sensors record data based on 

a 128HZ frequency which means 128 observations per 

second, so the 0.1-minute data consists of 768 observations.   

As the sensors used in this study are deployed in the real 

world, these may be loosened or may change their mounting 

as the subjects are in motion and this may increase if the 

speed of treadmill is increased for jogging and running. The 

robust methods proposed by previous studies are used to 

eradicate these errors. In this method, the features that are 

extracted based on the linear dynamic system and change 

point discovery are combined to form different temporal 

scales that segments the time series inertial data.  

 

2) Phase Slope Index: In statistics, it is difficult to 

develop causality inference for real-world data as this is one 

of the open problems. There are many challenges in time 

series data for causality: time lags, confounders, nonlinear 

characteristics and a mixture of independent noise. Prior 

research on time series data provided two solutions which 

are Phase Slope Index (PSI) and Granger Causality (GC). 

We selected PSI over GC as PSI performs better in the 

mixture of nonlinear causality and independent noise [5]. 

The inertial datasets are used to implement PSI and GC, the 

results of both the implementation are compared and PSI 

performed well. So, for this study, PSI is considered as a 

tool in our framework to calculate causality. 

3) Pairwise Causality Matrix: The pairwise causality 

matrix is built for each segment which has 768 observations 

based on the PSI values obtained from these segments. In 

this study as we considered only walking and jogging 

motions for prediction of Left or Right ligament issue, there 

is a total of 60 pairwise causality matrices in which 30 are 

extraction from walking gyroscope signals and 30 are 

extracted from jogging gyroscope signals. 

In this study, we adopted the RapidMiner data science 

platform to train and test models. We selected six models 

for training and testing, these models include AutoMLP, 

Decision Tree (DT), Logistic Regression (LR), Neural net 

(NN), Random Forest (RF) and SVM. In this study, cross-

validation with 5-folds is used for all the models, split at a 

subject level to find the model performance for unseen 

subject data. We trained and tested every model for each 

value of n such as 5,10 and 15. This training is also done on 

raw PSI data which is available before transformations. 



III. RESULTS 

Two statistics, AUC and Kappa values are included in 
each model results to evaluate the measures. The training and 
testing performance of six machine learning methods on the 
datasets are compared in RapidMiner. The complexity, 
flexibility and the number of parameters for each method are 
different yet we use the same datasets for both training and 
testing. We examine three types of data related to walking, 
jogging and a combination of walking and jogging parallelly. 
For each type of data, the best detectors are found based on 
their AUC and kappa values.  

     In the below-mentioned tables, the model 
performances are compared for each model and variation of 
datasets. The models that are trained by neural nets and 
AutoMLP performed better than the other 4 models. This 
performance is as expected because there is no explicit 
relation between different features in the datasets. The 
weights calculation is performed during the training of neural 
nets which enabled them to identify the features that are 
noteworthy. Based on the results, AutoMLP also works well 
in detecting the injured limb. The dataset related to jogging 
has high AUC which corresponds to the highly accurate 
prediction of outcome compared to other two, walking and 
jogging datasets. Neural nets identify outcomes accurately 
for all the three datasets. There are fewer parameters in 
models like neural nets and AutoMLP when compared to 
deep learning models but still shows reliable performance in 
detecting the injured limb.  

TABLE I: MODEL PERFORMANCE FOR HEALTHY VS UNHEALTHY 

PREDICTION 

ML 
Algorit

hm 

Walk Jog Walk+Jog 

AUC Kappa AUC Kappa AUC Kappa 

Auto 
MLP 

0.756 0.530 0.75 0.382 0.762 0.362 

DT 0.611 0.267 0.603 0.294 0.55 0.145 

LR 0.739 0.168 0.684 0.144 0.686 0.018 

NN 0.764 0.436 0.681 0.506 0.69 0.213 

RF 0.853 0.258 0.894 0.282 0.744 0.142 

SVM 0.603 0 0.46 0 0.543 0 

TABLE II: MODEL PERFORMANCE FOR LEFT VS RIGHT ACL LIMB 

PREDICTION 

ML 
Algorit

hm 

Walk Jog Walk+Jog 

AUC Kappa AUC Kappa AUC Kappa 

Auto 
MLP 

0.73 0.314 0.786 0.402 0.686 0.230 

DT 0.525 0.031 0.570 0.155 0.532 0.041 

LR 0.601 0.073 0.670 0.175 0.621 0.106 

NN 0.745 0.349 0.770 0.399 0.745 0.349 

RF 0.581 0.034 0.689 0.179 0.561 0.052 

SVM 0.606 0.113 0.680 0.178 0.621 0.077 

TABLE III: MODEL PERFORMANCE FOR MALE LEFT VS RIGHT ACL LIMB 

PREDICTION 

ML 
Algorit

hm 

Walk Jog Walk+Jog 

AUC Kappa AUC Kappa AUC Kappa 

Auto 
MLP 

0.880 0.629 0.852 0.532 0.782 0.418 

DT 0.629 0.248 0.697 0.254 0.599 0.078 

LR 0.652 0.186 0.697 0.256 0.632 0.124 

NN 0.838 0.526 0.839 0.507 0.749 0.323 

RF 0.701 0.291 0.853 0.324 0.665 0.110 

SVM 0.661 0.241 0.69 0.193 0.632 0.090 

TABLE IV: MODEL PERFORMANCE FOR FEMALE LEFT VS RIGHT ACL LIMB 

PREDICTION 

ML 
Algorit

hm 

Walk Jog Walk+Jog 

AUC Kappa AUC Kappa AUC Kappa 

Auto 
MLP 

0.795 0.447 0.897 0.647 0.770 0.333 

DT 0.551 0.086 0.532 0.249 0.5 0.118 

LR 0.658 0.189 0.704 0.324 0.638 0.217 

NN 0.798 0.445 0.854 0.247 0.756 0.372 

RF 0.622 0.094 0.842 0.247 0.599 0.120 

SVM 0.665 0.188 0.699 0.336 0.645 0.118 

 

 

Figure 2: Individual accuracy of the classification algorithms (e.g., random 
forest, Auto MLP, SVM) trained from the features extracted from the 

multidimensional sensor data based on cause-and-effect relationships of 

inter-limb movement. 
 

 

Figure 3: Individual accuracy of the classification algorithms for predicting 

impacted limb in male individuals. 



 

Figure 4: Individual accuracy of the classification algorithms for predicting 

impacted limb in female individuals. 

IV. DISCUSSION 

This study mainly focuses on the applicability of body 
sensors to assess motion impairments in individuals with 
ACL related injuries. In this study, the individuals with ACL 
injuries from athlete’s pool are recruited within ages range 
20±10yrs. The ability of algorithms to predict impacted limb 
and classify between healthy and unhealthy individual will 
support physicians to observe interlimb correlations which 
are difficult to demonstrate with human eye or video data. 
This will also act as an evidence to support when an injured 
individual can return to his training or sport. As the second 
incidence in these ACL patients is very high, this study is 
useful to identify their recovery based on the classifications 
of an algorithm, if it is unable to predict the impacted limb 
which relates to the recovery of a patient this implies the 
recovery of patients. 

In this study, we focused on 4 types of datasets that are 
used for classifying different variations like Healthy-
Unhealthy, ACL Left-Right, Male ACL left-Right, and 
Female ACL Left-Right. From the table I which is related to 
the classification of healthy and unhealthy individuals we 
observe that both walking and jogging data gives the best 
results with both AutoMLP and neural net. We can observe 
from the table I that kappa values which are an inter-rater 
reliability are as high as 0.53. This is good with a dataset that 
consists of 11 healthy and 91 unhealthy individuals. Also, 
from figure 2 we can observe the confidence of the algorithm 
in predicting Unhealthy individuals is very high compared to 
predicting healthy individuals which are expected from this 
type of dataset. The features extracted from various 
extremities of the various body parts show a clear distinction 
between motion data of healthy and unhealthy individuals. 
This distinction will help understand the mobility 
impairment in the patients with ACL. 

From Table II, we classify the impacted limb based on 
the causal matrices obtained from the gait data that is 
recorded using body sensors. We can observe that the Jog 
data performed well with an AUC and kappa values of 0.786 
and 0.402. This is better compared to the walking data. This 
is due to a clear distinction between gait while walking and 
jogging data wherein walking the body acts as a pendulum 
with locked knees but in case of jogging the knees are 
unlocked. This difference in knee movement during these 
two scenarios will make jog data to contain richer 
information compared to walking. As most of the impact due 
to ACL is on the limb movements rather than other body 
parts and the movement of legs will also influence the 
movement of hands that relate to unconscious actions. The 

body sensors in all these locations for gait analysis is a 
recommended setting.  

We also categorized this data on gender basis to analyze 
the performance of different algorithms and compare their 
performance to observe if there is any variation on a gender 
level. The data set consists of 45 Male and 46 Female 
individual’s data. From table III and IV we can observe that 
the performance of algorithms in predicting female data is 
better than male data. We can observe the similar trend in the 
confidence of algorithms in predicting each individual 
impacted limb mentioned by L and R for left and right limb 
from figures 3 and 4. We can observe that the confidence of 
predicting is higher in female individuals by a slight margin 
compared to the male individuals. The highest AUC and 
Kappa values of female data are 0.897 and 0.647, for male 
individuals, this is 0.88 and 0.629. We can also observe that 
the type of data that gives the best performance for male and 
female individuals is different. In the case of female 
individuals, Jog data gives the best performance whereas in 
the case of male individuals the predictions on walk data 
performed well. This is supported by studies in psychology 
and human perception, one study [6] on gait also showed that 
the variation in gait can be observed in the coronal plane 
pelvis and hip range where the motion varies between male 
and female individuals. As our study places an inertial body 
sensor on the sacrum (upper part of hip) of the individual, 
this supports the understanding of differences in performance 
variation of different datasets between male and female 
individuals. 

From this study, we observe that gait analysis with 
causality can act as an extra support for classifying patients 
with ACL from healthy individuals and predict impacted 
limb even if there is no difference in human observation data. 
We also observe that the performance of the neural network 
algorithms in better than other ML algorithms. This also 
encourages us to perform the next level of analysis with deep 
learning algorithms that can be customized with more 
neurons and different weight calculations.  

Our future work focuses on extensive analysis with deep 
neural networks and adapts extra dimensions like galvanic 
skin response to observe pain in individuals. We are also 
focusing on individual hops from jumping data to see if this 
feature will improve the predictions compared to current 
analysis. 
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