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Abstract: Immune cell infiltration is of great significance for the diagnosis and prognosis of cancer. In this study, we
collected gene expression data of non-small cell lung cancer (NSCLC) and normal tissues included in TCGA database,
obtained the proportion of 22 immune cells by CIBERSORT tool, and then evaluated the infiltration of immune cells.
Subsequently, based on the proportion of 22 immune cells, a classification model of NSCLC tissues and normal tissues was
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constructed using machine learning methods. The AUC, sensitivity and specificity of classification model built by random
forest algorithm reached 0.987, 0.98 and 0.84, respectively. In addition, the AUC, sensitivity and specificity of classification
model of lung adenocarcinoma and lung squamous carcinoma tissues constructed by random forest method 0.827, 0.75 and
0.77, respectively. Finally, we constructed a prognosis model of NSCLC by combining the immunocyte score composed of 8
strongly correlated features of 22 immunocyte features screened by LASSO regression with clinical features. After evaluation
and verification, C-index reached 0.71 and the calibration curves of three years and five years were well fitted in the prognosis
model, which could accurately predict the degree of prognostic risk. This study aims to provide a new strategy for the
diagnosis and prognosis of NSCLC based on the classification model and prognosis model established by immune cell

infiltration.
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Fig. 1 Flow chart of methods of constructing classification model and prognosis model of NSCLC.
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Fig. 2 ROC curve of classification model by machine
learning. Four machine learning methods: nnet-neural
network, rf-random forest, bayesglm-bayesian generalized
linear model, simpls-partial least squares. (A) ROC curves of
classification model of NSCLC tissues and normal tissues
constructed by four machine learning methods. (B) ROC
curves of classification model of LUAD and LUSC tissues
constructed by four machine learning methods. (C) The ROC
curves verified by GSE10245 in LUAD and LUSC tissues
classification model constructed by random forest method.
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Table 2 Classification model of NSCLC tissues and
normal tissues based on four machine learning methods

Model AUC g%izrg?)/ Sensitivity Specificity
nnet 0.965 ?09§§811 0.981 3) 09735 0.8750
rf 0.987 (()0954‘?118 0.983 4) 0.980 1 0.843 8
Bayesglm 0.967 ?09547118 0.983 4) 09768 0.8750
Simpls  0.978 0.940 1 0.9834 0.5312

(0.909 0, 0.963 0)

£33 ETF4MHEF IR LUAD F1 LUSC A4 5 F4EE
Table 3 Classification model of LUAD and LUSC
tissues based on four machine learning methods

Model AUC g%%;récg Sensitivity Specificity
nnet 0.818 ?07(?;167 0.783 0) 0.773 6 0.693 3
rf 0.827 ?0776(?859 0.807 0) 0.754 7 0.766 7
Bayesglm 0.819 ?07::139 0.792 0) 0.773 6 0.713 3
Simpls  0.792 0.689 3 0.723 3 0.653 3

(0.634 5, 0.740 5)
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Fig. 3 Construction of ICS by LASSO regression. (A) Ten fold cross-validation for tuning parameter selection in the
LASSO model. The numbers above the graph represent the number of cell types involved in the LASSO model. (B) The
curve intersecting the red dotted line represents the type of immune cells involved in the LASSO model: A-Mast cells
activated; B-Dendritic cells activated; C-Macrophages M1; D-Macrophages M2; E-Mast cells resting; F-Dendritic cells
resting; G-B cells naive; H-Monocytes.

A
Overall survival analysis of ICS (training) Overall survival analysis of ICS (testing)
1.00 . 1.00
) -+ High . -+ Low =+ High
= =
=075} Z 075
3 2
2 =}
2 050t 2 0.50
E E;
2 =
= -
0251 0000] 5 931 p-ooois L.
v HR:1.84(1.36-2.48) ’ HR:1.66(1.21-2.29) ‘—-'—l
0.00 ¢ 0.00
0 50 100 150 200 250 0 50 100 150
Survival time (months) Survival time (months)
Number at risk Number at risk
Low 335 54 12 3 1 0 Low 227 56 13 4
High 152 18 4 3 2 0 High | 98 22 7 1
0 50 100 150 200 250 0 50 100 150

Survival time (months) Survival time (months)

4 GRS EFESN
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BT R IR EE A NSCLC 432l
FIH A 0 B T G0 08 A0 R 3 i 5 Lk A R R S
FETER CHE . A 2EBIRIRE S A b A NSCLC f&
O XS BNRE PR NSCLC 3 (4
LUAD Y5 LUSC &#), FlJatRl a7 20Xy
NSCLC i A 3 4EFN 5 4R A7 1% 2P 7 1, $25 A
G AR RIE NSCLC &A= kst F b i A
FH o 33X — A& IR A DA B 958 240 W 3231 1) £ 2 0 NSCLLC
WS UG BE SRR SRS . A, JEFARDE
SR AL FRATTA A T T T (http://www.
biostatistics.online/NSCLC/home.php) , At 5% &
Sz 7 T NSCLC 2 W U i) i)

AWFSE ) EARAE NSCLC 2 Wr 57 Hh H
it BWAERNEZL . PR AN EATE
PIERAE | AT REARAH B R A I Ir A A5 2 .

http://journals.im.ac.cn/cjbcn

XERH, —SBE SR BA RS
o IR AP R 2510 R, A AT BB T X 5T .
FARRE DL T, XS B ROZ B HERRFE SN . 53 A Xt
F H AT T AT 6 e 2 R 2 Pl e dis o v, OE
ity 24 2P DR 2 T8 00U A e 2 4R TR R R B i
A XS T AR B A AN H
PEpEE H el L R R R L, &
A R R R 22 1) B DR e SR B v LA Y . FE R Y
g, FRATEHUEE 2109 NSCLC & 5ds &
EHHAERE, ksix NSCLC His W5 1i)n ik
frift—2 5.
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