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[Abstract]

Nowadays, interest in health care is increasing due to Coronavirus (COVID-19), and a lot of people are
doing home training as there are more difficulties in using fitness centers and public facilities that are used
together. In this paper, we propose a personalized exercise recommendation algorithm using personalized
propensity information to provide more accurate and meaningful exercise recommendation to home training
users. Thus, we classify the data according to the criteria for obesity with a k-nearest neighbor algorithm
using personal information that can represent individuals, such as eating habits information and physical
conditions. Furthermore, we differentiate the exercise dataset by the level of exercise activities. Based on
the neighborhood information of each dataset, we provide personalized exercise recommendations to users
through a dimensionality reduction algorithm (SVD) among model-based collaborative filtering methods.
Therefore, we can solve the problem of data sparsity and scalability of memory-based collaborative filtering

recommendation techniques and we verify the accuracy and performance of the proposed algorithms.
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I. Introduction
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II. Related Works

2.1 Data Classification Techniques
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2.1.2 Classification
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2.2 Personalized Recommendation Techniques
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2.2.1 Rule-based Filtering
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2.2.2 Content-based Filtering
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Fig. 1. Content—based Filtering Process
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Fig. 2. Memory—based Collaborative Filtering
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2.2.4 Model-based Collaborative Filtering
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III. Dataset
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Table 1. Result of logistic regression
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MTRANS -0.111 a wheel chair
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Table 2. Obesity user dataset
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[ Obesity(user) dataset ] [ Exercise(item) dataset ]
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Fig. 3. Recommendation System Architecture

Aokt Al ARIS] AubAlQl SLzQl 7] 3of ofish A}
M|3] AmHEH 7|9 ASF HEE ;@j@_} AFRA} Hjo|g]
Q1 vIgE Holg] AlS ARgSl §1A Zoieh, AA=] 2
= ARttt ol9, 2X|AH HE B9l H|ee] s
EPfj= columnidt &9] ARBUAS ZH= columns<
AEis) dolg AlZ AlHdshal, k-22A o]k dalelE
= &l A clolg Alo] ofAls] vigte] JeE A
ZA7Jsh=A] &jlett). E3t, ofo]&l HlojE ARl &5 ©
o[g] A2 52| 2ol mef 571e] 2Fe= FFal s
g 15 25 columng Hlol&| Alof] F7ts) AfL/detct.

AdE = 7i9] ofE Al ¥igoR Item user
matrixs AJ/dsty 29 7|8F ¥ THP HY & A
7IR9Q1 ol ol YelEs AR £ A|AH

2 7a) A8AIA B3 W 5 AL AU

2

4:

olr

=4

4

4.2 Create Item user matrix
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Fig. 4. Item User Make Matrix

Table 4. Item user matrix

user exercise rating

0 1 Cycling, mountain bike 5
Cycling, <10mph,

1 1 . ) . 4
leisure bicycling

523526 | 2111 Walking, pushing 5
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523527 2111 Teach phys.lcal education, 5
exercise class
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V. Experiments
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5.2 The result of the experiment

AollA AAIRE 7 B7F A=<l precision, recall,
Fl, J2]1 accuracys AREsl & ALoj|A A|otsh= &
A AARIY oF d5S BVl Bt

M, learning rate %2 0.00062 A FAL,
epoch g2 t2A s A4S sl = 2t ol d=
Table 5} 7t}

Table 5. Result of different n_epochs

epoch precision recall F1 accuracy
5 0.965 0.526 0.68 0.668

10 0.957 0.682 0.797 0.766

15 0.98 0.781 0.869 0.842
20 0.999 0.824 0.904 0.882

¢ Table b5 HIFog Jotg RASEH, O3 1

% 57 o] Uepd 5 9lck.

Result of different epochs
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Fig. 5. Result of different epochs
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Table 6. Result of different learning rate
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Fig. 6. Result of different learning rate

5.3 Comparison experiments
5.3.1 Compare Precision, Recall, F1 values
2 AFolA o] Addo] wlwa] 79 Y TEF
AR ZARE sliEstal 7HQl shEet ¢
M= 585 Yol e FA THle AEs 2
oA AlQtsh=s 24 7Hat vlus] Br]= ik §A,

ki

Q15 @45 AR AA Alo] W A HSH A
U = pyle - based FA WS ARRSH did

(Personalization + Rule-based) [5]2} DBSCAN iﬂ1i
Bl 2nei32 A8 ClojEl $RY 3

. o s
29 WY Pue 5

Table 7. Comparison with other techniques by
precision, recall, f1 score values

System Precision Recall F1
Proposed System 0.99 0.8 0.89
Personalization
+ Rule-Based [5] 0.73 0.98 0.84
Cluster+CF [3] 0.86 0.76 0.81

Ir_all precision recall F1 accuracy
0.0001 0.921 0.425 0.582 0.59
0.0003 0.967 0.562 0.711 0.693
0.0005 0.957 0.682 0.797 0.766
0.0007 0.978 0.77 0.862 0.834
0.0009 0.998 0.802 0.889 0.866

7M1 A3t BEE FA0] AFSSHAAIRE Hlolg Al &
qho] vlel & A= precision

2 F1 23204 of 5% O U2 452 &
It} ESt 3‘31551% Yre|5Z A8l tlolHE &

=2 CIr
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SIAAITE 711 4T FEE FA0f| ARESHA] &2 [3]9] &
A Pt vwslE o, o] =FoA AItshs wRol
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fl 5214 o 8% Cf LFe 458 oIS stelgt 4 9lct

5.3.2 Compare RMSE values
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Table 8. Comparison with other model by RMSE values

System RMSE
Proposed System 0.6044
IBCF-SVD [4] 0.8199
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VI. Conclusions
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