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Abstract: In China, lung cancerhas the highest mortality rates among all of the malignant tumors. In order to improve

the accuracy of lung cancer surviv

a lung cancer survival predigy
(Light Gradient Boostin,
the hierarchical ten-f

combined model reaches

iction, this paper proposes to use linear regression integration and fusion to build
el RF-LGC, which is based on three algorithms — Random Forest, LightGBM
nd CatBoost (Categorical Boosting). Simulation experiments are carried out by using
validation method. Experimental results show that the prediction accuracy of the RF-LGC

20242%, which is 0.2% higher than that of a single-based model; the sensitivity has reached

89.3957%, which is 3% higher than the single-based model; the specificity has reached 78.4848%, which is 1% higher than

the single-based model. Therefore, the integrated fusion model is an accurate and convenient lung cancer survival prediction

model.
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Tab.1 Attributes of lung cancer %@el&tmn

1 Age reco year olds
2

3 Patient ID

4 Race/ethnicity

5 Primary site

6 Behavior code ICD—0—3

7 Histologic type ICD—-0-3

8 Grade

9 Laterality

10 EOD 10—nodes (1988—2003)

11 RX Summ-—Surg Prim Site (1998+)
12 Regional nodes examined (1988+)
13 Regional nodes positive (1988+)

202241 A4
(8:%)
5 it
14 Origin recode NHIA (Hispanic, Non—Hisp)
15 Reason no cancer—directed surgery
16 Diagnostic confirmation
17 Sequence number
18 EOD 10—extent (1988—2003)
19 AJCC stage 3rd edition (1988—2003)
20 Survival months
21 Survival months flag

22 @sﬁe (1988—2003)
23 ital recode (study cutoff used)
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Tab.2 AUC value of algorithm

Bk AUCH
EELIR eI 0.961
LightGBM 0.970
CatBoost 0.967
RF-LGC 0.981

3 FiEMWMNSEL 44T (Experimental analysis of
survival prediction)
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Tab.3 Experimental reswlts of lung cancer data
classificati

»

Y%k Bk -~ Ak
FEHLAR A 881279 0.768924 0.978417
LightGBM 0.863014 0.790795 0.979445

\ )‘/ o
CatBogst 0.899543 0.784861 0.980473

%LGC 0.890411 0.792683 0.980730
FEHLAR AR 0.853881 0.745020 0.975334
LightGBM 0.876712 0.780488 0.979188
CatBoost 0.894977 0.774704 0.979445
RF-LGC 0.894977 0.777778 0.979702
FEHLARAR 0.885845 0.822034 0.982785
LightGBM 0.908676 0.808943 0.982785

’ CatBoost 0.917808 0.800797 0.982528
RF-LGC 0.926941 0.802372 0.983042
FEHLARAR 0.872146 0.789256 0.979702
LightGBM 0.890411 0.809129 0.982014

) CatBoost 0.904110 0.801619 0.982014
RF-LGC 0.899543 0.800813 0.981757
FEHLARAR 0.840183 0.763485 0.976362
LightGBM 0.844749 0.777311 0.977646

’ CatBoost 0.885845 0.772908 0.978931
RF-LGC 0.867580 0.775510 0.978417
FEHLARAR 0.825688 0.765957 0.976099
LightGBM 0.844037 0.786325 0.978412

° CatBoost 0.853211 0.759184 0.976613
RF-LGC 0.853211 0.775000 0.977898
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fold cross validation
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Fig.3 Specificity comparison diagram obtained by ten—

fold cross validation
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Fig.4 Accuracy comparison chart obtained by ten—fold
cross validation
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