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Impact of personal characteristics on learning performance in virtual reality-
based construction safety training - Using machine learning and SHAP -
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Abstract : To address the high accident rate in the construction industry, there is a growing interest in implementing
virtual reality (VR)-based construction safety training. However, existing training approaches often failed to consider
learners' individual characteristics, resulting in inadequate training for some individuals. This study aimed to
investigate the impact of personal characteristics on learning performance in VR-based construction safety training
using machine learning and SHAP (SHAPley Additional exPlanations). This study revealed that age exerted the
greatest influence on learning performance, while work experience had the least impact. Furthermore, age exhibited
a negative relationship with learning performance, indicating that the introduction of VR-based construction safety
training can be effective for younger individuals. On the other hand, academic degree, qualifications, and work
experience exhibited a positive relationship. To enhance learning performance for individuals with lower academic
degree, it is necessary to provide content that is easier to understand. The lower qualifications and work experience
have minimal impact on learning performance, so it is important to consider other learners' characteristics so as to
provide appropriate educational content. This study confirmed that personal characteristics can significantly affect
learning performance in VR-based construction safety training, highlighting the potential for leveraging these
findings to provide effective safety training for construction workers.
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Fig. 2. Flowchart of ‘VR-based training for
fall prevention on scaffold’
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Table 1. A summary of participant’s personal characteristics

Classification Number
<20 years old 3
20 - 29 years old 8
Age 30 - 39 years old 8
40 - 49 years old 3
50 - 59 years old 4
> 60 years old 4
None 23
Craftsman 5
Quialification Industrial engineer 2
Engineer / Master craftsman 0
Professional engineer / Architect 0
Less than high school graduate 4
) High school graduate 17
Academic degree -
Associate degree 3
More than bachelor degree 6
<6 months 22
6 months~1 year 2
1 year~2 years 3
Work experience 2 years~3 years 0
3 years~4 years 0
4 years~5 years 0
> 5years 3

Table 2. Scoring criteria for personal characteristics

Personal . L
. Answer type Score Scoring criteria
Age Self-recorded input | Input value
None 0
Craftsman 15
Industrial engineer 20 Refer to the gradlng
Qualification . table for the construction
Engineer / Master 30 technology qualification
craftsman index
Professional 0
engineer / Architect
Less than high
school graduate 10
(Non-major)
Academic High school 5 Refer to the grading
d duat table for the construction
egree graduate Huc
- technology education index
Associate degree 18.5
More than bachelor
20
degree
< 1years 0
1-2years 440 Refer to the grading
2 - 3 years 994 table for the construction
quk 3- 4years 1358 . technology experience
experience index / conversion formula
4 -5 years 16.31 |- (log N/log40) x 100 x 0.4
% N = years of experience
> 40 years 40
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HotAl 271 mi2oll, e shksu|olE 9 E4o= Qls |
SFo] WS 4= QITE. ol st FAHEQl ZAIE WRIsH] 9
5Hod, LOOCV (Leave-One-Out Cross-Validation)g A&
ol o5 EHe] sg AB6IATE LOOCVeE n7he] HloTH
% ot 7H9] Blo|HE dAEEIoHE &&6tal, LIHA n—17H
9] HIOJHE SIEHOIHE E8d dSHEE 50kl
Soh= BHAJOTY. ofof mheh ntHY| skse Zdsly] IIH—I—Oﬂ
BAR1G9] @77 WlskAl 21, olEHEo] g5 nH
9 Oﬂ§ Jtof Tt HHgtO = AEELE
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= o250 WSS ATiEOR Vs 8718 4 A
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Table 3. Hyperparameters by machine learning algorithm

Model Hyperparameter

Ridge - alpha: 1

- max_depth: 50

- max_features : sqrt
-min_samples_leaf : 2
- min_samples_split : 8
- n_estimators : 100

RF
(Random Forest)

- learning_rate : 0.07

- max_depth : 3

- min_child_weight : 3
-gamma: 0

- subsample : 0.8

- colsample_bytree : 0.7

XGBoost
(eXtreme Gradient Boosting)

- reg_alpha: 1
SVR ée'rr;gl : sigmoid
(Support Vector Regression) | _ gamma : auto

- hidden_layer_sizes : (100, 100)
- activation = logistic

MLP - alpha=0.05
(Multi-Layer Perceptron) - learning_rate = constant
- solver = Ibfgs
- max_iter = 500
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Table 4. Comparison of forecast performance by machine learning

algorithm

Qualification

AcademicDegree

WorkExperience . +0.04

0.000 0.025 0.050 0.075 0.100 0.125

mean(|SHAP value|)

0.150 0175

a) Global importance

High
PP

Age

Qualification

Feature value

AcademicDegree ]
WorkExperience

Low
-0.3 0.2 0.1 0.0 0.1 02

SHAP value (impact on model output)

03
b) Local importance

Fig. 3. SHAP value of SVR model
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(Multi-Layer Perceptron) 0.261 0.103 7231}0“:]‘. E]’%ﬂ’ ?E}O], Qj'j’o:]y X}Zﬂm *5%*@“1, 7.5]&1] 3":]'7‘5_‘1,()]]/\-], 51]'
S0l dgke NAl= IEHE FAEoRE AHEA
At otCt.
4.2 SHAPE 280t ot dnt G930l M « O1Y: 01O B2 B FHo| X&) 08 7RO &(-)
2 A tojA= SHAPE &83al0] skt geks f] O] aieko]l B 0] QUoal, WER Oz 118 BXE HO|
A= JHQIEH O ZQ TS AFESIUCK Table 5, Fig. 3, Figs. 11 Qlof, ¢181 esdike 29 IS 2 e
A1-A4 in Appendix). SVRE AIQIst HE La1g|5ofA], ¢ & 4= AACE &, HFO] =25 VR 7| -
g, 8, AH, d8coR skadutol ggks nixls AS 9| skaM 7 WA LERU= e SRlstITE
Table 5. Comparison of feature importance by machine learning algorithm
Ridge RF XGBoost SVR MLP
No 9 (Random Forest) (eXtreme Gradient Boosting) | (Support Vector Regression) (Multi-Layer Perceptron)
Feature Weight Feature Weight Feature Weight Feature Weight Feature Weight
1 Age 0.147637 Age 0.166809 Age 0.180372 Age 0.172429 Age 0.165209
2 Ag’demic 0o0ga7 | A@demic 46106 | AdEMIC | hesuss | Qualification | 009209 | ACEMIC | 6093569
egree Degree Degree Degree
3 | Qualification | 0.080302 | Qualification | 0.062827 | Qualification | 0.009522 Aéae‘éf;“eic 0.086486 | Qualification | 0.084981
4 Work 0.026013 Work 0.00376 Work 0.000423 Work 0.015756 Work 0.029463
Experience Experience Experience Experience Experience
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