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Predictive of Osteoporosis by Tree-based Machine Learning Model
Post-menopause Woman
Lee In-Ja-Lee Junho
Department of Radiological Technology, Dongnam Health university
Abstract In this study, the prevalence of osteoporosis was predicted based on 10 independent variables such as age,

weight, and alcohol consumption and 4 tree-based machine-learning models, and the performance of each model was
compared, Also the model with the highest performance was used to check the performance by clearing the independent
variable, and Area Under Curve(ACU) was utilized to evaluate the performance of the model. The ACU for each model
was Decision tree 0,663, Random forest 0,704, GBM 0,702, and XGBoost 0.710 and the importance of the variable was
shown in the order of age, weight, and family history. As a result of using XGBoost, the highest performance model and
clearing independent variables, the ACU shows the best performance of 0.750 with 7 independent variables, This data
suggests that this method be applied to predict osteoporosis, but also other various diseases. In addition, it is expected
to be used as basic data for big data research in the health care field.
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Table 1, Variable description
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Name Description Unit Type
age age - Continuous
DM3_lt Rheumatoid arthritis disease status - Categorical
BD2_32 High-risk drinking frequency - Categorical
BPS Average Sleep Time per Day Hour Continuous
BS3_1 Current smoking status - Categorical
BE5_1 Day of muscle exercise for one week - Categorical
HE_ht Height cm Continuous
HE_wt Weight kg Continuous
HE_wc Waist circumference cm Continuous
DX_Q_hsty Survey: Diagnosis I\an ;):tfr(jliz:s;;zgl;ni XI;::;Z:C e/ Waist bending / i Categorical
DX_OST Osteoporosis disease status : T-score criterion of the total femur, i Categorical

femoral neck, lumbar spine
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Table 2, Confusion matrix of classification model
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Predicted class

Positive Negative
(Osteoporosis) (Non-osteoporosis)
Positive True positive(TP) False negative(FN)
(Osteoporosis) (Osteoporosis  prediction success) (Osteoporosis prediction failure)
Actual class
Negative False positive(FP) True negative(TN)

(Non-osteoporosis)

(Non-Osteoporosis prediction failure)

(Non-osteoporosis prediction success)

Table 3, Baseline characteristics of study population

Non-0soteoporosis

Variables Osoteoporosis group(n=685) group(=1,310) fvalue
age 68.8251+8.071 59.628+8,264 ( 0.001
DM3_lt 0.271
No 643(93.869%) 1245(95.038%)
Yes 42(6,131%) 65(4,962%)
BD2_32 ( 0.001
None 190(27.737%) 393(30.000%)
Less than once a month 47(6.861%) 155(11.832%)
Once a month 14(2.,044%) 80(6.107%)
Once a week 9(1,314%) 55(4,198%)
Almost everyday 4(0.584%) 15(1,145%)
Not applicable 421(61,460%) 612(46,718%)
BPS 6.460%1,702 6.547+1.417 0.227
BS3_1 0.067
Yes 34(4.964%) 43(3.282%)
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Table 3, Baseline characteristics of study population (Cont))

Non-0soteoporosis

Variables Osoteoporosis group(=685) group(r=1,310) value
Sometimes 2(0.292%) 5(0.382%)
Not currently 32(4.672%) 40(3.053%)
Not applicable 617(90.073%) 1222(93.282%)
BES_1 ( 0.001
None 627(91.533%) 1073(81.908%)
1 day 10(1.460%) 48(3.664%)
2 days 9(1.314%) 53(4.046%)
3 days 14(2.044%) 51(3.893%)
4 days 7(1.022%) 29(2,214%)
More than 5 days 18(2.628%) 56(4,275%)
HE_ht 150,944+5,595 155.054%£5,306 ( 0.001
HE_wt 53.33017.917 59.26618.326 { 0.001
HE_wc 80.93519.013 82.94019.257 ( 0.001
DX_Q_hsty ( 0.001
Yes 90(13.139%) 254(19.389%)
No 595(86.861%) 1056(80.611%)

* age! age, DM3_lt: Rheumatoid arthritis disease status, BD2_32: High-risk drinking frequency, BP8: Average Sleep Time per Day, BS3_1:
Current smoking status, BE5_1: Day of muscle exercise for one week, HE_ht: Height, HE wt: Weight, HE wc: Waist circumference,
DX_Q _hsty: Survey: Diagnosis of osteoporosis among parents / Waist bending / Minor trauma fracture experience

* Values are presented as number (%) or meantstandard deviation,
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Predicted

Tre Decision tree Random forest Gradient boost Extra gradient boost
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rosis rosis rosis rosis
Osteoporosis 106 88 121 73 111 83 116 78
Non-osteoporosis 89 316 87 318 08 337 72 333
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Table 5, Result of prediction model evaluation
Model Area under curve Accuracy Precision Recall F1 score
Decision tree 0.663 0.705 0.782 0.780 0.781
Random forest 0.704 0.733 0.813 0.785 0.799
Gradient boost 0.702 0.748 0.802 0.832 0.817
Extra gradient boost 0.710 0.750 0.810 0.822 0.816
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