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A Study on the Prediction of Mortality Rate after Lung Cancer Diagnosis
for Men and Women in 80s, 90s, and 100s Based on Deep Learning

Kyung-Keun Byun*, Doeg-Gyu Lee**, Se-Young Lee**
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Abstract Recently, research on predicting the treatment results of diseases using deep learning
technology is also active in the medical community. However, small patient data and specific
deep learning algorithms were selected and utilized, and research was conducted to show
meaningful results under specific conditions. In this study, in order to generalize the research
results, patients were further expanded and subdivided to derive the results of a study
predicting mortality after lung cancer diagnosis for men and women in their 80s, 90s, and
100s. Using AutoML, which provides large-scale medical information and various deep learning
algorithms from the Health Insurance Review and Assessment Service, five algorithms such as
Decision Tree, Random Forest, Gradient Boosting, XGBoost, and Logistic Registration were
created to predict mortality rates for 84 months after lung cancer diagnosis. As a result of the
study, men in their 80s and 90s had a higher mortality prediction rate than women, and
women in their 100s had a higher mortality prediction rate than men. And the factor that has
the greatest influence on the mortality rate was analyzed as the treatment period.

Key Words : AutoML, Deep Learning Algorithms, Lung Cancer, Men and Women in 80s, 90s,
and 100s, Prediction of Mortality Rate
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Fig. 1. Composition ratio of death toll by age
(Source: Statistics Korea)
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Unit : per 100,000 people in the study

Ranking Cause of death Mortality rate
1 161.1
2 61.5
3 Pneumonia 44.4
4 Cerebrovascular disease 44.0
5 Suicide 26.0
6 Diabetes 175
7 Alzheimer's disease 15.6
8 A liver disease 13.9
9 Septicemia 12 5
10 A highly blood-synthes 12.1
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Fig. 2. Changes in the ranking of causes of death
(Source: Statistics Korea)

lung cancer 18,902
cancer of the liver 10,255

colorectal cancer 8,984

stomach cancer 7,249

N pancreatic cancer 6,931
N galibladder and other biliary tract cancers 5,277
I brest cancer 2,744

I orostate cancer 2,360

I -on-Hodgkin's lymphoma 2,607

I Leukaemia 2,038
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Fig. 3. Death toll by cancer species in 2021
(Source: National Cancer Information Center)
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Name
C34 | malignant neoplasm of bronchial and lung
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C340 | malignant neoplasm of the main bronchus
malignant neoplasm of the upper lobe,

C341

MY B2te] AES olSat AlEe] L T bronchial ubes. of lungs
= o bl S0 107 T C342 Malignant neoplasm of mesenchymal,
= 890 E4ok= AR g A5t AEY bronchial, or lung
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- - - bronchial tubes and Iungs
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Table 3. 5 Algorithm and Input Parameter Values

Parameters(value)
Acriterion(gini) Amax_depth(5)
Amin_samples(leaf 1)
Acriterion(gini) Amax_depth(5)
Amin_samples_leaf(1)
An_estimators(10)

Arandom_state(None)
Alearning_rate(0.1)

Gradient Boosting | Amax_depth(3)
Asubsample(1.0)

Aetal0.3) Agammal0)
Amax_depth(3)

Logistic Regression| AC(1.0) Arandom_state(None)

Algorithm Type

Decision Tree

Random Forest

XGBoost
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Table 4. Performance evaluation index

Measurement formula

P
(7P + FP)
= Percentage of predicted values where actual
values occur

A Precision =

P
(TP + FN)
= Proportion of probing accurately detected values
classified in the mode

A Recall =

. Prediction
Sortation Positive Negative
. True Positive False Negative
Positive
Actuality (TP) (FN)
Negative False Positive True Negative
¢ (FP) (TN)
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Table 6. The prediction results of mortality rate for men in 80s

Algorithm Type Precision Recall
Decision Tree D.T. 0.80 0.83
Random Forest | RF. 0.77 0.93

Gradient Boosting | G.B. 0.80 0.83
29 seHibstlE XGBoost X.B. 0.79 0.89
Fig. 9. Surgeryl/Non-surgery ratio Logistic Regression| L.R. 0.79 0.83
Average 0.79 0.89

DT. RF. G.EB. XB. LR Average

m Precision m Recall
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) Fig. 11. The prediction results of mortality rate for men in 80s
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Fig. 10. Treatment period ratio
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_ Table 7. Analysis of factors affecting mortality rate in men in 80s
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33%(12,122%), 247197} 18%(6,755%), 36714 Ranking Tonebe mportance
W7F 11%(3,870%), 487HEW7t 8%(3,0469), 607K Operation status_surgery 0.02767
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The chief soldier code_C342 0.00135
The chief soldier code_C341 0.0013
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The chief soldier code_C343 0.00059
The chief soldier code C349 0.00051
The chief soldier code_C34 0.00003
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Table 8. The prediction results of mortality rate for women in 80s

Algorithm Type Precision Recall
Decision Tree D.T. 0.65 0.79
Random Forest | RF. 0.65 0.80

Gradient Boosting | G.B. 0.65 0.80
XGBoost X.B. 0.65 0.80
Logistic Regression| L.R. 0.66 0.78
Average 0.65 0.79

D.T. RF. G.B. XEB. LR. Average

m Precision m Recall
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Fig. 12. The prediction results of mortality rate for women in 80s
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Table 9. Analysis of factors affecting mortality rate in women in 80s

Ranking Variable Importance
1 Treatment Period 0.8905
2 Surgery 0.03258
3 Non-surgery 0.03099
4 The chief soldier code_C348 0.01283
5 The chief soldier code_C343 0.00973
6 The chief soldier code_C349 0.00924
7 The chief soldier code_C340 0.00743
3 The chief soldier code_C34 0.00378
9 The chief soldier code_C341 0.00165
10 The chief soldier code_C342 0.00127
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Table 10. The prediction results of mortality rate for men in 90s

Algorithm Type Precision Recall
Decision Tree D.T. 0.91 1.00
Random Forest | RF. 0.91 1.00

Gradient Boosting | G.B. 0.91 0.99
XGBoost XB. 0.91 0.99
Logistic Regression| L.R. 0.90 1.00
Average 0.91 1.00

DT R.F. G.B XB. LR Average

m Precision m Recall

T2 13, 900 Y AILYE o= Znt

Fig. 13. The prediction results of mortality rate for men in 90s
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Table 11. Analysis of factors affecting mortality rate in men in 90s
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Table 13. Andlysis of factors affecting mortality rate in women in 90s

Ranking Variable Importance Ranking Variable Importance
1 Treatment Period 0.80247 1 Treatment Period 0.9006
2 The chief soldier code_C341 0.10018 2 The chief soldier code_C343 0.03218
3 Operation status_surgery 0.02904 3 The chief soldier code_C340 0.02638
4 The chief soldier code_C343 0.02818 4 Operation status_non-surgery 0.01338
5 Operation status_non-surgery 0.0178 5 Operation status_surgery 0.01251
6 The chief soldier code_C349 0.00999 6 The chief soldier code_C349 0.00792
7 The chief soldier code_C340 0.0077 7 The chief soldier code_C341 0.00589
8 The chief soldier code_C342 0.00453 8 The chief soldier code_C348 0.00105
9 The chief soldier code_C348 0.0001 9 The chief soldier code_C342 0.00008
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Table 12. The prediction results of mortdlity rate for women in 90s

Algorithm Type Precision Recall
Decision Tree D.T. 0.89 0.91
Random Forest | RF. 0.89 0.91

Gradient Boosting | G.B. 0.86 0.95
XGBoost X.B. 0.86 0.95
Logistic Regression| L.R. 0.86 0.94
Average 0.87 0.93

D.T. R.F. G.B. HB. LR,

Average

m Precision m Recall

T 14, 90tH oM AlRIE
Fig. 14. The prediction results of mortality rate for women in 90s
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Table 14. The prediction results of mortdlity rate for men in 100s

Algorithm Type Precision Recall
Decision Tree D.T. 0.96 1.00
Random Forest | RF. 0.96 1.00

Gradient Boosting | G.B. 0.96 1.00
XGBoost X.B. 0.96 1.00
Logistic Regression| L.R. 0.96 1.00
Average 0.96 1.00

D.T. RF. [<X:) HEB. LR

Average

m Precision m Recall

T8l 15. 1000 A ARLE o= Znt
Fig. 15. The prediction resuts of mortdlity rate for men in 100s
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Table 15. Analysis of factors affecting mortality rate in menin 100s
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Tabe 17. Andysis of factars affecting mortdlity rate in women in 100s

Ranking Variable Importance
1 Treatment Period 0.6178
2 The chief soldier code_C349 0.22024
3 The chief soldier code_C341 0.10429
4 Operation status_non-surgery 0.03276
5 Operation status_surgery 0.02491

Ranking Variable Importance
1 Treatment Period 0.35879
2 Operation status_non-surgery 0.24903
3 The chief soldier code_C343 0.11422
4 The chief soldier code_C349 0.11273
5 Operation status_surgery 0.09626
6 The chief soldier code_C341 0.06897
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Table 16. The prediction results of mortality rate for women in 100s

Algorithm Type Precision Recall
Decision Tree D.T. 1.00 1.00
Random Forest RF. 1.00 1.00

Gradient Boosting | G.B. 1.00 1.00
XGBoost X.B. 1.00 1.00
Logistic Regression | L.R. 1.00 1.00
Average 1.00 1.00
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Ha. 16. The prediction results of mortality rate for women in 100s
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Table 18. Results of predicting the average mortality
rate of men and women in 80s, 90s, and 100s

T Average precision| Average recall
s Male 0.79 0.89
Female 0.65 0.79
Male 091 1.00
s
Female 0.87 0.93
Male 0.96 1.00
T 100 100
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