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ABSTRACT

Objective: The study aims to examine the predictability
of the Landing Error Scoring System (LESS) results after
the jump with the Adaptive Boosting (AdaBoost) algo-
rithm.

Materials and Methods: A model has been developed by
artificial intelligence to shorten the scoring system signifi-
cantly. In the data preprocessing stage, 17 different items
contained in the original dataset were reduced to 13. A
total of 3790 data items were included in the dataset used
in the study, and the dataset was divided into 4 different
sub-datasets. AdaBoost was chosen to give the highest
accuracy tested in five different machine learning used for
regression. The model's reliability was evaluated by test-
ing the proposed AdaBoost model with performance met-
rics.

Results: The error score given by the clinician in the
LESS was in the range of 0-86.6%. Recommended Ada-
Boost model for Sub;, Sub,, Sub;, and Sub, respectively
98%, 87%, 88%, 89% accuracy has been achieved.
Conclusions: The score given to the LESS's 8", 10", 16™,
and 17" items can be predicted with high accuracy, and
the total score can be reached through the model proposed
in the research.

Keywords: AdaBoost model, artificial intelligence, da-
taset, jump, Landing Error Scoring System
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Amag: Calismada, Adaptive Boosting (AdaBoost) algorit-
masi ile Sigramadan Sonra Yere Inis Hata Puanlama Siste-
mi (SSYI-HPS) sonuglarmin 6ngériilebilirliginin incelen-
mesi amaglanmustir.

Materyal ve Metot: Puanlama sistemini daha da kisalt-
mak i¢in yapay zeka yardimiyla bir model gelistirilmistir.
Veri 6n isleme asamasinda, orijinal veri setinde yer alan
17 farkli madde 13'e diistiriilmiistiir.

Calismada kullanilan veri setinde toplam 3790 veri yer
almus ve veri seti 4 farkli alt veri setine ayrilmistir. Regres-
yon i¢in kullanilan bes farkli makine 6grenim modelinden
en yiiksek dogrulugu veren AdaBoost se¢ilmistir. Modelin
basarisi, 6nerilen AdaBoost modelinin performans metrik-
leri ile test edilmesiyle degerlendirilmistir.

Bulgular: SSYI-HPS'de klinisyen tarafindan verilen hata
puani %0-86,6 araligindaydi. Onerilen AdaBoost modelin-
de sirasiyla Suby, Sub,, Sub; ve Suby igin %98, %87, %88,
%89 dogruluk saglanmigtir. )

Sonug: Arastirmada onerilen model ile SSYI-HPS’nin 8.,
10., 16. ve 17. maddelerine verilen puan yiiksek dogruluk-
la tahmin edilebilmekte ve toplam puana ulagilabilmekte-
dir.

Anahtar Kelimeler: AdaBoost modeli, Sigramadan Sonra
Yere Inis Hata Puanlama Sistemi, veri seti, yapay zeka,
sigrama
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INTRODUCTION

Assessment of biomechanical risk factors plays a
key role in protecting against sports injuries.'” Alt-
hough three-dimensional (3D) motion analysis sys-
tems are shown as the gold standard the develop-
ment of 2D motion analysis systems has been
brought to the agenda. The widespread use of digital
video cameras and software has also popularized the
use of 2D motion analysis systems.'”™ In addition,
Padua et al.’ has found that the results obtained in
2D motion analysis systems are valid and reliable
with 3D motion analysis systems, which also in-
creases confidence in these systems.”®

Following the Landing Error Scoring System
(LESS) protocol, the test sequence is asked to land
on the ground by making a bilateral ‘drop vertical
jump’ at the determined length.*’"! From the images
at the front and side camera angles where the land-
ing on the ground is recorded after the jump, the
error status of movements can be scored.’

The LESS: users risk analysis, neuromuscular train-
ing, post-development monitoring, etc.” in conjunc-
tion with the offering, this system for motion analy-
sis in the analysis of each athlete in the image of an
experienced evaluator, and there is a need for at least
30 minutes. On the other hand, it is predicted that
this scoring process can be achieved in a much
shorter time and independent of experience with
artificial intelligence (AI) techniques. It is thought
that AT methods'*"® in the field of health and sports
can be used to make this system more practical.
According to the information we have obtained from
the previous research studies, Al methods are not
used to estimate the LESS scoring. The purpose of
this study is to examine the predictability of the
LESS score with Al methods.

MATERIALS AND METHODS

Ethics Committee Approval: The study was ap-
proved by the Isparta University of Applied Scienc-
es Ethics Committee (Date: 23.03.2021, decision no:
3). The study was planned under the Helsinki Princi-
ples. The results of 112 people (21.7+1.2 years,
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54.5% male, 45.5% female) were evaluated. To
evaluate the results of the LESS with Al techniques
and to develop a model, they were applied.
Data Preprocessing: Seventeen different items con-
tained in the original dataset® were reduced to 13.
This inference on the dataset is determined by the
following inference.
e S7. and S8. substance affects the response to
each other.
e S9. and S10. substance affects the response to
each other.
e The outcome of substance S12., S13. and S14.
determines the outcome of substance 16.
e The outcome of substance S5. and S16. deter-
mines the outcome of substance S17.
Thirteen input and 4 output parameters were deter-
mined in the dataset (3790 items) with feature ex-
traction. Since the number of items affected by the
determined inferences is different, the dataset is di-
vided into 4 different sub-datasets. Sub; dataset was
224 counts. Sub,; dataset's classification was Sub-
stance 8, and the classification type was 0-1-Null.
The Sub, dataset was 224 counts. Sub, dataset's clas-
sification was Substance 10, and the classification
type was 0-1-Null. Sub; dataset was 502 counts.
Sub; dataset's classification was Substance 16, and
the classification type was 0-1-2. The Sub, dataset
was 336 counts. The Sub,dataset classified Sub-
stance 17, and the classification type was 0-1-2. As a
result of this partitioning, 1286 data items were ex-
tracted for training and testing the model. Of these
four sub-models, 80% of the dataset was used for
training, and 20% was used for testing.
Development of the Model: According to two statis-
tical concepts, model selection begins with predict-
ing the performance of different models to choose
the best model. According to the results, the general-
ization error is estimated, and the best model is eval-
uated.'®'” Adaptive Boosting (AdaBoost) from en-
semble learning algorithms was used in the proposed
model (Figure 1). Four subsets of data are sent to the
model separately. The AdaBoost model is trained
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and classified with initial training data. It then trans-
fers the relative weight of misclassified training data
to the next training. The second classifier model is
trained with increased weights and classified again.
In the third step, the weight is updated this way, and
the consequences are created for the final model. In
the last stage, the classification is completed by giv-
ing the model test data.'®

First of all, in the mathematical structure of the mod-
el, the dataset is represented as . Where N is the size
of the real numbers or the number of attributes in the
dataset. X is the set of scoring data. Y is a target
variable of 0, 1, or 2 because it is a triple classifica-
tion problem. The same weights are used to train all
data in the initial training phase of the model. The
addition of weighted samples is always 1, as shown
in Equation 1. For this reason, the value of each
weight is between 0 and 1 in the first stage.

1
(1) W—;E[O,l]

In the second step, using Equation 2 for this classifi-
er, its actual effect on the classification of the scor-
ing data is calculated. ¢, is the numerical value of
how effective this step will be in the final classifica-
tion. is the total number of incorrect classifications
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for the current training set divided by the training set
size.

@) . l In (1- Zerror)
) Zerror)

After entering the actual values for each classifica-
tion step, the weights, initially taken as 1/N for each
data point, are updated according to Equation 3.
Here, two cases occur for € as plus and minus. The ¢
is positive when the predicted score and actual out-
put match. In this case, the weight update does not
occur. The € value is negative when the predicted
output does not match the actual score. In this case,
the sample weight should be increased so that the
same incorrect classification is not repeated in the
next training. This process is repeated until the error
function changes or the maximum limit of the classi-
fier number is reached. The classification steps of
the proposed model are shown in the rough code
(Table 1).

3)

_ te
w,=w,_e

Performance metrics for machine learning are used
to evaluate the developed model. Performance met-
rics are used to evaluate training and test data esti-
mation results. The ratio of correctly identified sam-

Table 1. Pseudocode of the classification algorithm of the model.

N =1{x,»4,y,€{0,1,2

Input: Initial training dataset

(1) W,
Initialize the sample weights
foru=1,2, 3,...., Udo

(@)
h =L(N,N,)
Train a sample from D with Dt
6‘If
if go to (2)
1. (I-¢)
3 a =—In(——=
® "2 g,
determine the weight of ht
end

@ exp(-a,) h,(x)=f(x)
exp(a,) B (x)# f(x)

& = p,(h(x)# f(x))

Evaluate the errors of ht

Output:

H(x)= Signgl(y =h,(x))
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ples to total samples is considered by many academ-
ics to be the most plausible performance metric. By
definition, accuracy (ACC) also functions in situa-
tions when there are more than two labels.'*** How-
ever, accuracy loses its reliability when the dataset is
unbalanced, leading to an overly optimistic estimate
of the classifier's performance on the majority class.
The Matthews correlation coefficient (MCC) offers
a useful remedy for the class imbalance prob-
lem.19,21,22

For the performance evaluation of the proposed
model, ACC (Equation 1), Precision (Equation 2),
Recall (Equation 3), and Fl-score (Equation 4) are
measured. Pseudocode of the classification algo-
rithm of the model is below:

_ TP + TN
(D Accuracy = o FP T FN
(2) Precision = L
TP+ FFP
TP
(3) Recall = TP-I-—Ff'hr

Precision x Reca “jl

4 F1 =2x (
(4) score Precision + Recall

Abbreviation in the formulas above: TP: True Posi-
tives; FP: False Positives; FN: False Negatives; TN:
True Negatives.

Statistical Analysis: The SPSS v.23 package pro-
gram was used for the analysis. Clinician’ data were
presented as frequency (n), percentile (%),
meanzstandard deviation.

RESULTS

The score of the LESS determined by the clinician
was calculated as 6.8+2.1. The error score rate of
item 1 (knee flexion angle at initial contact) was
86.6%. The error score rate of item 2 (hip flexion
angle at initial contact) was 0%. The error score rate
of item 3 (trunk flexion angle at initial contact) was
48.2%. The error score rate of item 4 (ankle plantar-
flexion angle at initial contact) was 9.8%. The error
score rate of item 5 (knee valgus angle at initial con-
tact) was 14.3%. The error score rate of item 6
(lateral trunk flexion angle at initial contact) was
7.1%. The error score rate of item 7 (stance width—
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wide) was 0%. The error score rate of item 8 (stance
width-narrow) was 70.5%. The error score rate of
item 9 (foot position—toe in) was 0%. The error
score rate of item 10 (foot position—toe out) was
17%. The error score rate of item 11 (symmetric
initial foot contact) was 25.9%. The error score rate
of item 12 (knee flexion displacement) was 33%.
The error score rate of item 13 (hip flexion at max
knee) was 0%. The error score rate of item 14 (trunk
flexion at max knee flexion) was 31.3%. The error
score rate of item 15 (knee valgus displacement) was
69.6%. The error score rate of item 16 (joint dis-
placement) was 84.8% (35.7%: 1 point, 49.1%: 2
points). The error score rate of item 17 (overall im-
pression) was 98.2% (60.7%: 1 point, 37.5%: 2
points).

The model was developed in Spyder software with
Python language. The training and testing of the
model were completed on an Al machine with an 19
processor and a 24 GB video card. The confusion
matrix of the classification of 4 different scores in
different intervals in the dataset is shown in Figures
2a, b, ¢, and d. The scoring result density in the
Sub, dataset is 1, so 98% of the model has correctly
classified the result 1 (Figure 2a). It is seen that the
classification results are close to each other (0-88%,
1-84%) as the scoring result density in the Sub, da-
taset is approximately equal (Figure 2b). The classi-
fication success was similar due to the equal distri-
bution of the scoring result density in the Sub; data
(Figure 2c). It is seen that the scoring result density
in the Sub, data is almost all 1 and 2, so the result is
classified as 1 and 2 (Figure 2d).

ACC and MCC performance criteria were used to
evaluate the performance of the classification mod-
el."”?"3 Accuracy, Precision, Recall, and Fl-score
values were calculated with TP, TN, FP, and FN
values in the confusion matrix shown in Figure 2.
Accordingly, Accuracy, Precision, Recall, and F1-
score values obtained in each dataset and the aver-
age success of the model are given in Table 2.

After the model's training and testing process, test
software was developed with the C # programming
language. The trained file of the AdaBoost model
was saved in Keras software with the h5 format.
Then, the model was run by loading it into the test

Table 2. Metric values from scoring classification and comparison.

K-Nearest Support Vec- Decision Gaussian pro-
AdaBoost Neighbors  tor Machine Trees cess regression
Dataset Accuracy Precision Recall Flscore Accuracy Accuracy Accuracy Accuracy
Sub, 0.98 0.97 0.92 0.95 0.91 0.85 0.95 0.92
Sub, 0.87 0.86 0.85 0.86 0.85 0.87 0.86 0.83
Subs 0.88 0.88 0.87 0.88 0.87 0.88 0.84 0.83
Suby 0.89 0.89 0.86 0.87 0.88 0.82 0.87 0.84
Avg 0.90 0.89 0.87 0.89 0.87 0.85 0.88 0.85
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Figure 2. Confusion matrix of the score classification model for 4 datasets.

software. After the data entry of 13 items from the
test results, the model estimates for 4 items. After
the model estimates, it also calculates the total score
for expert evaluation.

DISCUSSION AND CONCLUSION

The original scoring system of 17 items could be
shortened to 13 items using Al methods. It was en-
sured that items 16™ and 17", whose scoring may
vary depending on experience, could be scored easi-
ly and accurately using Al methods. The score to be
given to the LESS's 8", 10™, 16™, and 17™ items can
be predicted with high accuracy, and the total score
can be reached with the proposed model.

It was observed that an attempt was made to easily
develop evaluation methods/tools with the help of
automated systems, such as the markerless motion-
capture system, to score the LESS.""** But after the
jump with automated systems, the 17" item of the
LESS (Overall impression item) was excluded from

the analysis because it could not be evaluated.'"** In
our research, the predictability of substances short-
ened by the model we proposed without any original
substances being excluded from the analysis was
high. The ability to predict the substances (items 16"
and 17™) that experience will come into play with
our proposed model has created an advantage.
Technology usage areas of the sports industry cover
a wide spectrum, such as health, education, and tour-
ism.”” Another fact that technological progress has
brought into our lives is AL.?® Al is a system capabil-
ity that will help to shorten the LESS with its feature
of helping motion analysis*’ and supporting decision
-making processes”® without compromising its relia-
bility. As demonstrated in our study, the fact that the
motion analysis processes of Al systems provide
convenience to the rater in the decision-making pro-
cess will make the motion analysis systems more
common and user-friendly.
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In conclusion, the score given to the 8", 10", 16", and
17" items of LESS can be estimated with a high accu-
racy rate, and the total score can be reached. In this
way, in addition to providing ease of use to researchers
who will use the LESS, 16" and 17" items can be
scored easily and with significant accuracy using Al
methods. In addition, the fact that the error scores in
the dataset studied were relatively high (3-11 points)
was considered a limitation of the study.
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