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Abstract

In this paper, we explore the application of RNA-sequencing data and ensemble machine learning to predict lung cancer and
treatment strategies for lung cancer, a leading cause of cancer mortality worldwide. The research utilizes Random Forest,
XGBoost, and LightGBM models to analyze gene expression profiles from extensive datasets, aiming to enhance predictive
accuracy for lung cancer prognosis. The methodology focuses on preprocessing RNA-seq data to standardize expression levels
across samples and applying ensemble algorithms to maximize prediction stability and reduce model overfitting. Key findings
indicate that ensemble models, especially XGBoost, substantially outperform traditional predictive models. Significant genetic
markers such as ADGRFS is identified as crucial for predicting lung cancer outcomes. In conclusion, ensemble learning using
RNA-seq data proves highly effective in predicting lung cancer, suggesting a potential shift towards more precise and personalized
treatment approaches. The results advocate for further integration of molecular and clinical data to refine diagnostic models and
improve clinical outcomes, underscoring the critical role of advanced molecular diagnostics in enhancing patient survival rates
and quality of life. This study lays the groundwork for future research in the application of RNA-sequencing data and ensemble

machine learning techniques in clinical settings.
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1. Introduction
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3. Research

3.1. Collecting RNA-seq Data

2 3= National Cancer Institute(NC)2} National
Human Genome Research Institute Home(NHGRI)O| A FE5}
£ The
Carcinoma(TCGA-LUSOZZMEO|AM XNI3st= HIOIHE 7|
o2, & 504HO| HIO|Ef R 56907712 RNA-seq datas
Zatetn QUCE O] HO|He me| HEHI MEZQ 2HXpet
ks ERH =HE UH2 HoHE

Cancer Genome Atlas-Lung Squamous Cell
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R EAZ, 2 |AX Z¥ OHOHE Transcripts Per
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F2 U A HuE = YAEE WCE TPM RNA-seq data
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RPK = Gene Length in kilobases @
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Figure 1: Scatter Plot of -log10(P-value)

3.4. Ensemble Artificial Intelligence Model
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3.4.2. eXtreme Gradient Boosting

eXtreme Gradient Boosting(XGB)= 7|7 sh&0IM 42|
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3.4.3. Light Gradient Boosting Machine
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Table 1: Optimized hyperparameters for each algorithm
Algorithm Hyper parameter

-n_estimators: 100

- min_samples_split: 10
- min_samples_leaf: 4

- max_samples: 0.7

- max_leaf_nodes: None
- max_features: 'auto’

- max_depth: 10

- bootstrap: True

- subsample: 0.6

- n_estimators: 100

- min_child_weight: 3

- max_depth: 5

- learning_rate: 0.05

Random Forest

XGBoost
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- gamma:

0

- colsample_bytree: 1.0

- subsample: 0.7
-num_leaves: 20

LightGBM - min_child_samples: 30

- max_depth: 10
- learning_rate: 0.1

- colsample_bytre: 1.0

Table 1 2
S10| I k2t 0] B
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e
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n
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3.6. Evaluating Ensemble Models

2 gTF0MeE HY oS0 ArSE
2 RF, XGB, 2|1 LightGBM 2| 852 HE7I5t7| 25t0]

M ZEX Fa E7t XEE Y8t

Error(MSE)2 0= 2ot AA g9l

ooz ALEL o XrE OF 24X 37|18 F5E5

w0l =8 o5 J=2E7t =82

ZAD0|AM XGB ZEO0| 0.003 2| MSE %2
QKAHE LIEtSHCE Mean Absolute Error(MAE)

olOjstct, A Zatof EH XGB Z20| 0.001
JbE e Zhe LiEton), =3 Ho|Eo I

[

boad 2tel Zoigt xolel dds

o

-
=
=
n
o% gto] MM o] Aokt 2HEXS EEH
o0, OHIZIXIZ 20| WE4E o

u]

o
Bl M22 /T HolHo OisiME

2.51 < ADGRF5 <= 4.20

0.00 < MIR30C2 <= 0.18 4
LINC00924 > 0.17 4

SPN <= 0.68 |

0.78 < CAPN8 <= 2.06 4
MCTS2P > 3,99 4

CFD <= 5.50 {
AC007952.3 <= 0.00 4
0.11 < DPF1 <= 0,33

AC113346.1 <= 0.14

SCUBEL > 0.22 4
AL078624.2 <= 0.00 4

0.02 < GACAT2 <= 0.07 4
0.93 < AC007996.1 <= 1.84
SLC9A3 <= 0.19 4

EFR3B > 0.56 1
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