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Background:Lung adenocarcinoma (LUAD) is the most common histological type of lung cancers, which is
the primary cause of cancer‐related mortality worldwide. Growing evidence has suggested that tumor
microenvironment (TME) plays a pivotal role in tumorigenesis and progression. Hence, we investigate the
correlation of TME related genes with LUAD prognosis.

Method:The information of LUAD gene expression data was obtained from The Cancer Genome
Atla(TCGA). According to their immune/stromal scores calculated by the ESTIMATE algorithm,
differentially expressed genes(DEGs) were identified. Then, we performed univariate Cox regression
analysis on DEGs to obtain genes that are apparently bound up with LUAD survival (SurGenes).
Functional annotation and protein-protein interaction (PPI) was also conducted on SurGenes. By
validating the SurGenes with another data sets of lung cancer from Gene Expression Omnibus (GEO), 106
TME related SurGenes were generated. Further, intersection analysis was executed between the 106 TME
related SurGenes and hub genes from PPI network, PTPRC and CD19 were obtained. And Gene Set
Enrichment Analysis and CIBERSORT analysis were performed on PTPRC and CD19. Based on the TCGA
LUAD dataset, we conducted factor analysis and Step-wise multivariate Cox regression analysis for 106
TME related SurGenes to construct the prognostic model for LUAD survival prediction. LUAD dataset in
GEO (GSE68465) was used as the testing dataset to confirm the prognostic model. Multivariate Cox
regression analysis was used between risk score from the prognostic model and clinical parameters.

Result:106 TME related genes were collected in our research totally, which were markablely correlated
with the overall survival(OS) of LUAD patient. Bioinformatics analysis suggest them mainly concentrated
on immune response, cell adhesion, and extracellular matrix. More importantly, among 106 TME related
SurGenes, PTPRC and CD19 were highly interconnected nodes among PPI network and correlated with
immune activity, exhibiting significant prognostic potential. The prognostic model was a weighted linear
combination of the 106 genes, by which the low-OS LUAD samples could be separated from the high-OS
samples with success. This model was also able to rebustly predict the situation of survival (training set:
p-value<0.0001,area under the curve (AUC) =0.649; testing set: p-value=0.0009, AUC=0.617). By
combining with clinical parameters, the prognostic model was optimized. The AUC achieved 0.716 for 3
year and 0.699 for 5 year.

Conclusion:A series of TME-related prognostic genes were acquired in this research, which could reflect
immune disorders within tumor microenvironment, and PTPRC and CD19 show the potential to be an
indicator for LUAD prognosis and tumor microenvironment modulation. The prognostic model constructed
base on those prognostic genes presented a high predictive ability, and may have clinical implications in
the overall survival prediction of LUAD.
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12 Abstract

13 Background: Lung adenocarcinoma (LUAD) is the most common histological type of lung 

14 cancers, which is the primary cause of cancer‐related mortality worldwide. Growing evidence 

15 has suggested that tumor microenvironment (TME) plays a pivotal role in tumorigenesis and 

16 progression. Hence, we investigate the correlation of TME related genes with LUAD prognosis.

17 Methods: The information of LUAD gene expression data was obtained from The Cancer 

18 Genome Atlas (TCGA). According to their immune/stromal scores calculated by the ESTIMATE 

19 algorithm, differentially expressed genes (DEGs) were identified. Then, we performed univariate 

20 Cox regression analysis on DEGs to obtain genes that are apparently bound up with LUAD 

21 survival (SurGenes). Functional annotation and protein-protein interaction (PPI) was also 

22 conducted on SurGenes. By validating the SurGenes with another data sets of lung cancer from 

23 Gene Expression Omnibus (GEO), 106 TME related SurGenes were generated. Further, 

24 intersection analysis was executed between the 106 TME related SurGenes and hub genes from 

25 PPI network, and PTPRC and CD19 were obtained. And Gene Set Enrichment Analysis (GSEA) 

26 and CIBERSORT analysis were performed on PTPRC and CD19. Based on the TCGA LUAD 

27 dataset, we conducted factor analysis and Step-wise multivariate Cox regression analysis for 106 

28 TME related SurGenes to construct the prognostic model for LUAD survival prediction.  

29 LUAD dataset in GEO (GSE68465) was used as the testing dataset to confirm the prognostic 

30 model. Multivariate Cox regression analysis was used between risk score from the prognostic 

31 model and clinical parameters. 
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32 Results: 106 TME related genes were collected in our research totally, which were markablely 

33 correlated with the overall survival(OS) of LUAD patient. Bioinformatics analysis suggest them 

34 mainly concentrated on immune response, cell adhesion, and extracellular matrix.  More 

35 importantly, among 106 TME related SurGenes, PTPRC and CD19 were highly interconnected 

36 nodes among PPI network and correlated with immune activity, exhibiting significant prognostic 

37 potential. The prognostic model was a weighted linear combination of the 106 genes, by which 

38 the low-OS LUAD samples could be separated from the high-OS samples with success. This 

39 model was also able to rebustly predict the situation of survival (training set: p-

40 value<0.0001,area under the curve (AUC) =0.649; testing set: p-value=0.0009, area under the 

41 curve (AUC) =0.617). By combining with clinical parameters, the prognostic model was 

42 optimized. The AUC achieved 0.716 for 3 year and 0.699 for 5 year.

43 Conclusion: A series of TME-related prognostic genes were acquired in this research, which 

44 could reflect immune disorders within tumor microenvironment, and PTPRC and CD19 show the 

45 potential to be an indicator for LUAD prognosis and tumor microenvironment modulation. The 

46 prognostic model constructed base on those prognostic genes presented a high predictive ability, 

47 and may have clinical implications in the overall survival prediction of LUAD.

48

49 Introduction

50 Lung cancer is the most common cause of cancer-related deaths worldwide.1 Non-small cell lung 

51 cancer (NSCLC) represents 85% of lung cancers, mainly including lung adenocarcinoma 

52 (LUAD), lung squamous cell carcinoma (LSCC).2 Notably, the incidence of LUAD significantly 

53 increased and surpassed of LSCC and it constitutes nearly 40% of all lung malignancies.3 

54 Although with multiple kinds treatment methods, including surgery, chemotherapy, radiotherapy, 

55 and dramatic treatment shift of some targeted therapeutic agents, the prognosis for LUAD 

56 patients remains poor worldwide, with 5-year relative survival currently at 18%.4-6 Therefore,   

57 understanding the mechanism of carcinogenesis and therapeutics of lung cancer is quietly 

58 important. 

59 At present, the pathogenesis of LUAD has not been adequately described, however, there are 

60 increasing study support the view of tumor microenvironment critically influence gene 

61 expression of tumor tissues, and the clinical outcomes further. The tumor microenvironment 

62 (TME) is a complicated mixture, immune and stromal cells are two major types of non-tumor 

63 factors. They have been certified to promote the development of diagnostic and prognostic 

64 assessment process of lung cancer7-9. Hence, exploring the molecular composition and function 

65 of the TME is critical to effectively manage cancer progression and immune response10-11.

66 Previous studies have solved the problem of the complexity of tumor infiltrating immune cells in 

67 LUAD. Most of these studies assessed tumor-infiltrating immune cells by immunohistochemical 

68 analysis of a single marker.14-16 Fortunately, computational analysis of tumor immune cell 
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69 interactions is now available by bioinformatics tools. In 2013, Yoshihara firstly reported an 

70 algorithm called ESTIMATE (Estimation of STromal and Immune cells in MAlignant Tumor 

71 tissues using Expression data). The infiltration level of stromal and immune cells was predicted 

72 by calculating stromal and immune score based on data from the Cancer Genome Atlas (TCGA) 

73 data sets by ESTIMATE.17 Subsequent reports applied the innovative algorithm to different 

74 cancer, such as prostate cancer,18 breast cancer,19 and colon cancer,20 which further confirmed 

75 the effectiveness of the algorithm based on big database.

76

77 We analyzed immune/stromal scores of LUAD cohorts from TCGA, which was derived from 

78 ESTIMATE algorithm, and extracted a series of TME associated prognostic gene in LUAD. 

79 Among those TME associated prognostic gene, PTPRC and CD19 were particular interested for 

80 they are highly interconnected in PPI network, and closely correlated with immune-related 

81 activity by GSEA analysis and CIBERSORT analysis. Combine those prognostic genes, we 

82 constructed a prognostic model which could provide a moderate OS prediction for LUAD alone, 

83 and provide a robust prediction with clinical parameters.

84

85 Materials & Methods

86 Data acquisition  

87 From TCGA database, including 576 samples, gene expression RNAseq and clinical information 

88 such as pathological stage, survival of LUAD were downloaded and prepared for the analysis of 

89 differential expression. The data set was submitted by University of North Carolina TCGA 

90 genome characterization center based on the Illumina HiSeq 2000 RNA Sequencing platform 

91 (Oct 13, 2017). We downloaded the estimate, immune and stromal scores of 517 LUAD samples 

92 from TCGA in ESTIMATE website. Stromal score that captures the presence of stroma in tumor 

93 tissue, immune score that represents the infiltration of immune cells in tumor tissue, and estimate 

94 score that infers tumor purity. And the Estimate score is equal to the Immune score plus the 

95 Stromal score. Fifty-nine samples were deleted for lack of immune and stromal scores in 

96 ESTIMATE website. From GEO database with the accession number GSE68465, consisting of 

97 442 samples, gene expression profile and LUAD clinical data were obtained to validate the 

98 differential expression gene and test the prognostic model. The data set was submitted by Mervi 

99 Heiskanen based on Affymetrix HG-U133A (May 01, 2015).  

100

101 Distinguishing of differentially expressed genes (DEGs)
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102 The raw data of TCGA was pre-processed by limma algorithm.21 The adjusted P-values (adj. p) 

103 < 0.05 and|Log2 (FC)|>1 were set as the cut-offs to screen for differentially expressed genes.

104  

105 Heatmaps and clustering analysis 

106 ClustVis web tool was used to create heatmaps and clustering.22 

107

108 Enrichment analysis of DEGs.

109 DAVID conducted functional enrichment analysis, including biological process, molecular 

110 function and cell component to analyze DEGs,23 an essential foundation for visualization, 

111 annotation, and integrated discovery. KEGG (Kyoto Encyclopedia of Genes and Genomes) 

112 pathways was also performed by the database of DAVID. False discovery rate (FDR) < 0.05    

113 was used as the cut-off. Biological process and KEGG pathway analysis were also conducted on 

114 module gene, P<0.05 was considered to indicate a statistically significant difference. 

115

116 Screening of survival-related DEGs

117 Kaplan–Meier plots and univariate Cox regression were used to visualize the association 

118 between the genes expression and overall survival of patients to explore its prognostic value. 

119 Statistical significance was examined using the Log-rank test. P < 0.05 were considered 

120 statistically significant. 

121

122 Integration of PPI network and screening of modules

123 STRING database was used to retrieve predicted PPIs. Only experimentally validated 

124 interactions with a combined score >0.4 of all associations obtained in STRING were selected to 

125 construct the PPI network using Cytoscape software.24 The Molecular Complex Detection 

126 (MCODE) plugin in Cytoscape was then utilized to find clusters of the PPI network. Degree 

127 more than 90 was set as a cut-off criterion and identified as hub genes.

128

129 Gene Set Enrichment Analysis 

130 From Molecular Signatures Database, Hallmark and C7 gene sets v6.2 collections were 

131 downloaded as the target sets. GSEA performed using the software gsea-3.0. 517samples from 

132 TCGA were used for GSEA, and only gene sets with NOM p < 0.05 and FDR < 0.25 were 

133 considered as signifificant.

134

135 TICs Profile 

136 CIBERSORT computational method was applied for estimating the TIC abundance profifile in 

137 all tumor samples, which followed by quality fifiltering that only 517 tumor samples with p < 

138 0.05 were selected for the following analysis. 
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139

140 Construction of the risk assessment model

141 To reduce the dimensionality and eliminate collinearity, factor analysis was performed on 106 

142 prognostic genes. Then we used the Step-wise multivariate Cox regression analysis to obtain 

143 factors correlated with overall survival significantly(SurFactors). By combining the score 

144 coefficient of factors weighted by their regression coefficients and standard deviation, the risk 

145 index of each gene was calculated as follows:

146
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150 By combining the expression values of prognostic genes weighted by their risk index, the 

151 following risk scores can be established for each patient:
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153 where  was the number of prognostic genes, and  the expression value of gene .n iexp i

154  

155 Survival and statistical analysis 

156 We calculated risk score (RS) for every sample from testing data set based on the prognostic 

157 model and divided the specimens into two different groups based on the median RS. Kaplan–

158 Meier survival curves were drawn and compared the two subgroups via log-rank tests. We 

159 divided the samples into two group according to their overall survival, receiver operating 

160 characteristic (ROC) curves were drawn by IBM SPSS statistics 22, and area under the curve 

161 (AUC) was calculated. Moreover, the univariate and multivariate analyses of survival were 

162 conducted to identify the prognostic factors for LUAD patients from TCGA data set. A 

163 nomogram and Calibration plots were established based on the TCGA LUAD cohort. The 

164 nomogram and calibration plot analysis were conducted by using the R package “rms” and 

165 “rmda.” All tests were two‐tailed, and P < .05 was considered statistically significant. All 

166 statistical analyses were conducted using R software version 3.4.2.

167

168 Results

169 ESTIMATE algorithm of LUAD
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170 Transcriptional expression profiles and clinical information of 517 LUAD patients were 

171 collected from TCGA database. Among them, 277 (53.6%) patients were female, 240 (46.4%) 

172 were male. Pathological stage included 277 patients (53.6%) of stageⅠ,122 (23.6%) stage Ⅱ ,84 

173 (16.3%)stage Ⅲ ,26 (5%) stage Ⅳ and 8 (1.5%) unknown. Based on ESTIMATE algorithm, the 

174 scores of stromal and immune were calculated, ranging from-1355.85 to 3286.67 and -1959.31 

175 to2098.77, respectively. The Estimate score was significantly associated with Pathological stage 

176 (Figure 1A, p=0.0436). The lowest Estimate score was at the most advanced pathological stage, 

177 the stage IV. Immune score showed remarkable prognostic potential, correlated with the 

178 pathological stage (Figure 1B, p=0.026), while Stromal score showed no correlation with the 

179 pathological stage (Figure 1C, p=0.145).

180

181 To explore whether the potential correlation existing between survival benefits and 

182 immune/stromal scores, 517 LUAD patients were divided into high and low score groups based 

183 on their scores.  Kaplan-Meier survival curves (Figure 1D) showed that immune score 

184 significantly correlated with overall survival. Compared to the cases in the low score group, 

185 patients with high immune scores have longer median overall survival (1725 d vs. 1235 d, p = 

186 0.0152 in log-rank test). Although there was no statistically significant correlation between the 

187 stromal score and overall survival, patients with higher stromal scores had longer median overall 

188 survival (Figure 1E, 1830 d vs. 1293 d, p= 0.0599 in log-rank test).

189

190 Identification of DEGs 

191 To identify DEGs profiles according to immune/stromal scores, we obtained the gene expression 

192 array of 517 LUAD patients obtained TCGA database. Based on the comparison of immune 

193 scores of high group and low group, after analysis with the limma software package algorithm, 

194 there were 903 genes up-regulated and 56 genes down-regulated. We draw the heatmap with the 

195 top highly variate gene to (Figure 2A). Similarly, 1007 up-regulated genes and 30 down 

196 regulated genes were obtained for high stromal score compared with low score (Figure 2B). It is 

197 obvious that up-regulated DEGs,  no matter for comparison based on immune scores nor 

198 stromal scores, take the major part in total DEGs. Therefore, we decide to focus on up-regulated 

199 DEGs in further analysis.

200

201 Enrichment analysis of DEGs

202

203 To reveal the biological function of the DEGs, GO and KEGG pathway enrichment analysis 

204 were performed for the up-regulated DEGs. GO analysis showed that immune up-regulated 

205 DEGs were remarkably enriched in immune response by biological processes, receptor activity 
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206 by molecular functions, and plasma membrane by cellular component, respectively (Figure 3A-

207 C). Similarly, stromal up-regulated DEGs mainly enriched in cell adhesion by biological 

208 processes, extracellular matrix binding by molecular functions, and extracellular space by 

209 cellular component, respectively (Supplementary Figure 1A-C). KEGG pathway were both 

210 mainly enriched in cytokine-cytokine receptor interaction and cell adhesion molecules (CAMs) 

211 pathway(Figure 3D, Supplementary Figure 1D).

212

213 Overall survival analysis of DEGs

214 To make further efforts to elucidate if up-regulated DEGs could give benefits to the LUAD 

215 patient survival, Kaplan–Meier survival and univariate Cox proportional hazards regression 

216 analyses were performed on the up-regulated DEGs. The cases whose overall survival <30 days 

217 were excluded. The results showed that 446 immune related DEGs correlated with patient 

218 survival(p<0.05), 387 stromal related DEGs correlated with patient survival(p<0.05). Among all 

219 those genes, there were 291 duplicates of immune and stromal genes, a total of 542 genes 

220 (prognostic DEGs) associated with overall survival in patients with LUAD (Table S1).

221

222 Construction of PPI network by prognostic gene

223 Based on the STRING database, PPI network was obtained by using Cytoscape software to 

224 clarify the interaction between prognostic DEGs. The network was constructed by 13 modules, 

225 and we choose the top three significant modules ranked by mcode score for further study (Figure 

226 4). A total of 527 nodes and 4661 edges were screened from the PPI network. According to the 

227 criteria above, eight nodes (PTPRC, ITGAM, LCP2, CTLA4, CD80, ITGAX, CD19, CCR5) 

228 were identified as hub genes. Consistently, these hub genes serve crucial roles in maintaining the 

229 top three modules. 

230

231 Prognostic gene validate and intersection analysis with PPI network

232 To test whether these prognostic genes have prognostic significance in other LUAD cases. 

233 Microarray expression profile dataset GSE68465 from GEO database was downloaded. After 

234 using the Robust Multichip Averaging (RMA) method to normalize the sequence matrix data, the 

235 data were subjected to prognostic gene selection. There are 176 genes among 542 prognostic 

236 genes cannot find in GSE68465 dataset because of Platform differences. Of the remaining 366 

237 genes, 106 genes were confirmed involving in LUAD patient survival. By intersection analysis 

238 the 106 prognostic genes with hub genes of PPI network, only PTPRC and CD19 were existed 

239 both.

240

241 The correlation of PTPRC and CD19 expression with clinicopathological factors

242 Based on the study above, PTPRC and CD19 expression level were correlated with overall 

243 survival of LUAD patient, and PTPRC and CD19 high-expression group with longer survival. 

244 To explore the correlation of PTPRC and CD19 expression with clinical characteristic in LUAD 
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245 patient, we analysis the PTPRC and CD19 expression level with TNM stage. The result indicated 

246 that the PTPRC and CD19 expression were negative correlated with the TNM stage of LUAD 

247 patient, and with the TNM stage rising, the expression of PTPRC and CD19 declined(Figure 5).

248

249 PTPRC and CD19 could be an indicator in TME status

250 To further elaborate the role of PTPRC and CD19 in LUAD, we implement GSEA in the high 

251 and low expression group of PTPRC and CD19. The result display that, in the high expression 

252 level whether PTPRC or CD19, the genes were basically enriched in immune relative activities 

253 including allograft rejection, complement and inflammatory response. In the low expression 

254 level of PTPRC, the genes were basically enriched in glycolysis, and typical tumor pathway 

255 including MYC-targets-V1 and MYC-targets-V2. As to the low expression group of CD19, 

256 genes were gathered in metabolic pathway. In C7 collection, many genes were concentrated in 

257 the high expression group of no matter PTPRC nor CD19, and both low expression group enrich 

258 few gene (Figure 6). 

259 Further,we performed correlation analysis between PTPRC and CD19 and 22 kind of immune 

260 infiltration cell. The result reveal that 16 kinds of immune infiltration cell were related with the 

261 expression of PTPRC(Figure 7), 15 kinds associated with CD19(Figure S 2).

262

263

264 Construction and validation of the prognostic model

265 Factor analysis was used to determine common axes (or dimensions) of patterns and structures, 

266 which were measured by a reduced set of 106 predicted genes. The first twelve factors explained 

267 about 81.808% of the variation in the 106 prognostic genes. After multivariate Cox regression 

268 analysis, five factors correlated with survival were obtained (p<0.05). Through the formula 

269 mentioned before, the final prognostic model combined with 106 candidate gene were 

270 constructed. Further, to test the predictive ability of the prognostic model, the microarray 

271 expression profile dataset GSE68465 was downloaded and we calculate the risk score for each 

272 patient. Based on the median risk score, we divided the patients into high- and low-risk group. 

273 We choose the log-rank test to identify the differences of OS between subgroups. The results 

274 showed that the overall survival of the high-risk patients is shorter than those in the low-risk ones 

275 in both TCGA dataset and GSE68465 (p<0.0001, p=0.0009 respectively, Figure 8A-B). Then, to 

276 estimate whether the prognostic model is predictive of relapse free survival (RFS). We divided 

277 the patients into high- and low-risk group compared with the median risk score, log-rank test 

278 indicate that the prognostic model we build could predict the RFS of LUAD. ROC curves were 

279 also applied to evaluate the sensitivity of the prognostic model,and the ROC curves showed that 

280 the AUC value of the prognostic model reached 0.649, 0.617 in TCGA dataset and GSE68465 

281 respectively. The result indicates a substantially effective performance of the prognostic model 

282 for overall survival prediction(Figure 8C-D). 

283

284 To optimize the model with clinical charateristics  
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285 Further, univariate and multivariate Cox regression analysis have been executed between some 

286 of clinical pathological parameters and risk score of the prognostic model (Table1). The result 

287 showed that the risk assessment model was an independent prognostic factor for prognostic. As 

288 the constructed risk assessment model with great prognostic value, we intended to improve the 

289 prognostic accuracy by intergrating with LUAD clinicopathological factors. We designed a 

290 nomogram to predict the survival of LUAD patient by combing T stage, lymph nodes metastasis, 

291 recurrence and risk score (Figure 9A). The AUC of the model was achieved 0.716 for 3 year and 

292 0.699 for 5 year (Figure 9D-E). Figure 9C-D show the nomogram calibration plots for predicting 

293 the overall survival of 3 years and 5 years of patient.

294

295

296

297

298

299 Discussion

300 Lung-cancer-related deaths is quite a large scale in the world which could be the most in patients 

301 who suffer cancer. And LUAD, as the most common type of lung cancer, is able to account for 

302 more than half of the morbidity and mortality of the lung cancer patient.25,26 Currently, growing 

303 evidence has suggested that TME plays a pivotal role in tumor initiation and progression,27,28 

304 especially the recent immunocheckpoint inhibitors have noticeable effects on lung 

305 adenocarcinoma. However, patient prognosis and disease progression involved with TME related 

306 genes in LUAD have not been elucidated clearly. In the present study, 1910 genes involved in 

307 immune response and cell adhesion were identified by comparing different immune/stromal 

308 scores of LUAD samples from the TCGA database. Besides, we performed survival analysis and 

309 revealed that 542 of them were associated with overall survival in LUAD patients. After 

310 performing cross validation through GSE68465, we obtained 106 TME related genes in which 

311 prominent correlation is found compared with prognosis situation. Of these survival-associated 

312 gene, 59 genes have been reported with the preliminary result. More importantly, among 106 

313 TME related SurGenes, PTPRC and CD19 were highly interconnected nodes among PPI 

314 network and correlated with immune activity, exhibiting significant prognostic potential. 

315 Meanwhile, to explore the significance of these genes simultaneous changes for LUAD, we 

316 constructed and validated a risk assessment model that predicted survival of LUAD based on 106 

317 genes.The prognostic model achieved robust predictive ability by combing with the clinical 

318 parameter we filtrated by multivariate Cox regression analysis.Recently, we notice that there are 

319 other prognostic model build by immune gene in LUAD28, however, compared with their 

320 prognostic model, the prognostic model we build have some advantages. First of all, we 

321 constructed the model by factor analysis. Factor analysis is a kind of algorithms in biometrics. It 

322 represents a complex array of structure-analyzing procedures used to identify the 

323 interrelationships among a large set of observed variables and then, through data reduction, to 
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324 group a smaller set of these variables into dimensions or factors that have common 

325 characteristics. It is a tool to reduce multidimensional data to lower dimensions while retaining 

326 most of the information29. Secondly, our prognostic model was constructed by immune gene and 

327 stromal gene rather than only included immune gene, considering the effect of stromal gene on 

328 tumor microenvironment. Thirdly, before used to constructed the model, these 106 genes have 

329 been performed univariate cox regression analysis, and all of these gene were correlated with the 

330 prognosis of LUAD. At last, our prognostic model is also predictive not only to overall survival, 

331 but also to relapse free survival. 

332 Among 106 TME related genes to be associated with LUAD, we are especially interested in 

333 PTPRC and CD19, as in the PPI network, they are highly interconnected nodes. And GSEA 

334 enrichment analysis showed the genes in PTPRC or CD19 high-expression group were mainly 

335 enriched in immune-related activities, such as allograft rejection, complement, and interferon 

336 response, and enriched in metabolic pathways in low expression of them, including glycolysis, 

337 oxidative phosphorylation, and typical tumor pathways. These result indicate that the expression 

338 level of PTPRC and CD19 might correlate with the status of immune and microenviroment in 

339 tumor. Further study analysised by CIBERSORT algorithm showed many tumor infiltrating 

340 immune cell were correlated with the expression of PTPRC and CD19. All of these result 

341 suggest PTPRC and CD19 participating in tumor microenvironment, and could be an indicator of 

342 TNM status. 

343

344 Conclusions

345 In summary, after analysis of immune/stromal scores by using the ESTIMATE algorithm in 

346 TCGA database, a series of TME related genes was obtained and validated by an independent 

347 LUAD cohort. Further, the prognostic model combined with those identified genes was 

348 constructed and proved could provide a moderate OS prediction for LUAD. By integrating with 

349 clinical characteristics, testing by multivariate Cox regression analysis, the predictive ability 

350 have been optimized. Among 106 TME related genes, PTPRC and CD19 are highly 

351 interconnected nodes in the PPI network. Meanwhile, bioinformatic evidence suggest the levels 

352 of them affected the immune activity of TME. These two prognostic genes might be a candidate 

353 target to monitor and treat lung cancer, attributing to their immune nature and prognostic 

354 significance, thereby improving the clinical outcomes. Finally, our study might provide a novel 

355 insight on the potential correlation between monitoring and manipulating the TME with LUAD 

356 prognosis and precision immunotherapies.

357
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Table 1(on next page)

The univariate and multivariate Cox regression analysis of the patients from The Cancer
Genome Atlas (TCGA)
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Univariate MultivariateParameters

HR 95%CI P-

value

HR 95%CI P-value

Recurrence(yes VS no) 2.405 1.709-3.385 <0.001 2.449 1.738-3.450 <0.001

Age(≤65y VS >65y) 1.157 0.860-1.558 0.336

Gender（male VS female） 1.047 0.782-1.400 0.759

Risk score 2.216 1.635-3.004 <0.001 1.897 1.329-2.709 <0.001

T stage 2.455 1.697-3.553 <0.001 1.827 1.827-1.156 <0.01

N stage 2.546 1.900-3.411 <0.001 2.139 1.517-3.017 <0.001

M stage 1.027 0.747-1.414 0.868

TNM stage(I-II VS III-IV) 2.686 1.973-3.658 <0.001     1.963 1.579-3.141 0.155

Number-pack-years-smoked 1.028 0.716-1.475 0.881

1

2

3
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Figure 1
The relationship between Estimate/immune/stromal score and the prognosis of LUAD
samples from TCGA.

(A) Estimate score was significantly associated with pathological stage (p=0.0436). (B)
Immune score showed predictive potential to pathological stage ( p=0.026). (C) Similarly, the
lowest stromal score was found in the most progressive clinicopathological stage IV,
however, it was not statistically significant (p=0.145). (D) Immune score was significantly
correlated with overall survival of LUAD samples. (p = 0.015). (E) Stromal score was not
statistically significant correlated with overall, but the median overall survival of cases with
higher stromal scores also showed longer than the patients with lower stromal scores (1830
d vs. 1293 d, p= 0.0599,p=0.145).
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Figure 2
Differential expression genes derived from the comparision of immune/stromal high
score group versus low score group.

(A-B) Heatmap of top 50 highly variaed gene from immune score /stromal score group.Genes with higher
expression are shown in red, lower expression are shown in green, genes with same expression level are in
black. (C-D) Venn diagram of common up /down regulated of immuneDEGs and stromal DEGs.
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Figure 3
GO term and KEGG pathway analysis for immune up-regulated DEGs.

Top 10 pathways. False discovery rate (FDR) of GO analysis was acquired from DAVID
functional annotation tool. p <0.05. (A) biological process, (B) cellular component, (C)
molecular function, (D) KEGG pathway.
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Figure 4
PPI network of top three modules, ranked by mcode score.

The color of a node in the PPI network reflects the number of interacting proteins with the
designated protein, and the size of node indicates the log (FC) value of the Z score of gene
expression.
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Figure 5
The correlation of PTPRC and CD19 with clinicopathological stage and survival of LUAD
patients.

(A-B) The correlation of PTPRC and CD19 expression with clinicopathological stage. Wilcoxon rank sum test
served as the statistical signifificance test.

(C-D) Survival analysis for LUAD patients with different PTPRC and CD19 expression. Patients were labeled
with high expression or low expression depending on the comparison with the median expression level. Log-
rank test served as the statistical signifificance test.
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Figure 6
GSEA for samples with high PTPRC/CD19 expression and low expression.

(A-C) The enriched gene sets in HALLMARK collection by the high PTPRC expression sample.
Up-regulated genes located in the left approaching the origin of the coordinates, by contrast
the down-regulated lay on the right of x-axis. Only gene sets with NOM p < 0.05 and FDR q <
0.25 were considered signifificant. And only several leading gene sets were displayed in the
plot. (D-F) The enriched gene sets in HALLMARK by samples with low PTPRC expression. (G-I)
Enriched gene sets in C7 collection, the immunologic gene sets, by samples of high PTPRC
expression. Only several leading gene sets are shown in plot. (J-K) Enriched gene sets in C7
by the low PTPRC expression. (L-N) The enriched gene sets in HALLMARK collection by the
high CD19 expression sample. (O-P) The enriched gene sets in HALLMARK by samples with
low CD19 expression. (Q-S) Enriched gene sets in C7 by the high CD19 expression.
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Figure 7
TIC profifile in tumor samples and correlation of TICs proportion with PTPRC expression.

(A) Barplot showing the proportion of 22 kinds of TICs in LUAD tumor samples. Column names
of plot were sample ID. (B) Heatmap showing the correlation between 10 kinds of TICs and
numeric in each tiny box indicating the p value of correlation between two kinds of cells. The
shade of each tiny color box represented corresponding correlation value between two cells,
and Pearson coeffificient was used for signifificance test. (C-R) Scatter plot showed the
correlation of 16 kinds of TICs proportion with the PTPRC expression (p < 0.05). The red line
in each plot was fifitted linear model indicating the proportion tropism of the immune cell
along with PTPRC expression, and Pearson coeffificient was used for the correlation test.
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Figure 8
Validation of the prognostic model.

(A) The Kaplan-Meier survival analysis of the prognostic model for LUAD samples from TCGA. (B) ROC curve
of the prognostic model in LUAD samples from TCGA. (C) The Kaplan-Meier survival analysis of the
prognostic model for LUAD samples from GSE68465.(D) ROC curve of the prognostic model in LUAD samples
from gse68465. (E) The Kaplan-Meier survival analysis of the prognostic model with relapse free survival for
LUAD samples from TCGA.

PeerJ reviewing PDF | (2019:12:44416:1:1:NEW 6 Jul 2020)

Manuscript to be reviewed



PeerJ reviewing PDF | (2019:12:44416:1:1:NEW 6 Jul 2020)

Manuscript to be reviewed



Figure 9
Nomogram and Calibration curve

（A) Construction of a nomogram for predicting survival probability at 3, 5, and year of LUAD
cases from TCGA data set.

Calibration curve for the nomogram when predicting 3 (B) and 5 (C) year OS.

(D-F) ROC curve of the optimized model in 3-years and 5 years.
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