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A B S T R A C T

Background: Cancer prognosis-related signatures have traditionally been constructed based on
gene expression profiles derived from tumor or normal tissues. However, the potential benefits of
incorporating gene expression profiles from both tumor and normal tissues to improve signature
performance have not been explored.
Methods: In this study, we developed three prognostic models for lung adenocarcinoma (LUAD)
using gene expression profiles from tumor tissues, normal tissues, and a combination (COM) of
both, sourced from The Cancer Genome Atlas (TCGA). To ensure comparability, the same
workflow was followed for all three models.
Results: When applied to the TCGA LUAD dataset, the tumor-derived model exhibited the best
overall performance, except in calibration analysis, where the normal-derived model performed
better. The COM-derived model demonstrated intermediate performance. Validation on three
independent test datasets revealed that the COM-derived model showed the best performance,
while the normal-derived model showed the worst. In overall survival (OS) analysis, the low-risk
group defined by the COM-derived model consistently exhibited longer mean survival times. The
tumor-derived model did not consistently show this trend, and the normal-derived model pro-
duced opposite results. In discrimination analysis, no significant differences were observed. The
COM-derived model demonstrated good discrimination ability for short periods, while the tumor-
derived model performed better for longer periods. In calibration analysis, both the COM and
tumor-derived models had similar absolute prediction errors, which were better than those of the
normal-derived model. However, the tumor-derived model tended to underestimate survival
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rates. The clinical feature analysis and validation in GSE229705 indicate that the risk score (RS)
from the COM model is the most clinically significant. These results demonstrate that the COM
model’s RS aligns more closely with clinical data, maintaining stable performance and the
strongest generalizability.
Conclusions: Overall, the COM-derived model demonstrated the best generalization ability. The
superior performance of the tumor-derived model in the TCGA LUAD dataset might be due to
overfitting. Our results suggest that appropriate combinations of gene expression data from tumor
and normal tissues can enhance the predictive power of prognostic signatures.

1. Background

Cancer is a leading cause of global mortality [1]. In 2020, China accounted for approximately 24 % of new cancer cases and 30 % of
cancer-related deaths worldwide [2]. An estimated 4,820,000 new cancer cases and 3,210,000 cancer-related deaths were reported in
China [3]. Moreover, the incidence of cancer has been observed in younger populations in contemporary society [1]. Early cancer
diagnosis significantly improves survival rates [4], and precise prognostication and appropriate therapeutic protocols contribute to
enhanced quality of life and reduced mortality.

Numerous cancer prognosis biomarkers and signatures have been identified over the years. Initially, single-gene biomarkers were
commonly employed for early-stage prognosis. For instance, alpha-fetoprotein (AFP) has been widely used for hepatocellular carci-
noma (HCC) surveillance [5,6]. Prothrombin induced by vitamin K absence-II (PIVKA-II) has also been used for HCC surveillance due
to its independence from AFP secretion [7]. The combination of AFP and PIVKA-II improved diagnostic accuracy slightly compared to
either marker alone [8]. In colorectal cancer (CRC), KRAS mutations have been associated with increased risks of recurrence,
metastasis, and worse overall survival (OS) [9]. Higher STRIP2 expression levels were correlated with poor prognosis survival of lung
adenocarcinoma (LUAD) [10]. Elevated plasma levels of miR-92a and miR-29a have been linked to advanced adenomas in CRC [11].
Specific genetic variations, such as the rs3740194 single nucleotide variation (SNV) in CUGBP Elav-Like Family Member 2 (CELF2) and
the rs1131636 SNV, have been associated with poor OS of nasopharyngeal cancer [12,13].

In recent years, the development of high-throughput technologies has facilitated the emergence of omics-based multiple gene
signatures and biomarkers. Examples include a 17-gene signature from the University of Arkansas for Medical Science that identifies
patients with shorter OS and progression-free survival (PFS) in multiple myeloma [14]. SKY92, a 92-gene signature, has been
developed to predict prognosis in multiple myeloma patients at any disease stage and treatment course [15]. For breast cancer, several
classic prognostic gene-expression-based signatures, including Mammaprint (70-gene based), Oncotype DX (21-gene based), Rotter-
dam signatures (76-gene based), GGI-97 (97-gene based), PAM50 (50-gene based), and Endopredict (11-gene based) [16–21], have
been marketed, with Mammaprint and PAM50 approved by the Food and Drug Administration (FDA). In nasopharyngeal cancer, a
formula based on five microRNAs (miR-142–3p, miR-29c, miR-26a, miR-30e, and miR-93) has been developed to calculate OS-related
risk scores (RS) [22]. High frequencies of methylation in six genes (WNT Inhibitory Factor 1 (WIF1), Ubiquitin C-Terminal Hydrolase
L1 (UCHL1), Ras Association Domain Family Member 1 (RASSF1A), Cyclin A1 (CCNA1), Tumor Protein P73 (TP73), and Secreted
Frizzled Related Protein 1 (SFRP1)) have been associated with shorter disease-free survival (DFS) in nasopharyngeal cancer [23]. In
LUAD, prognostic signatures include a 15-gene signature based on ferroptosis-related genes [24], a five pyroptosis-related long
non-coding RNA (lncRNA) prognostic risk signature [25], and a nine-glycolysis-related gene signature associated with metastasis and
OS [26].

Most of these signatures have been developed using tumor tissue expression profiles, with a few derived from plasma. Tumor tissues
are surrounded by normal tissues, which play a role in the tumor microenvironment and potentially influence cancer patient outcomes.
Several studies have shown that tumor-adjacent normal tissue expression profiles can also be used to build prognostic risk signatures
and may even outperform tumor profiles. For instance, an inflammatory gene signature in tumor-adjacent tissue has been identified as
a strong predictor of disease progression in LUAD [27]. John R. Lamb et al. suggested that the survival genes in adjacent normal tissues
undergo significant changes during tumorigenesis and mostly lose their predictive capability after tumor formation [28]. Stromal
PDGFRb expression in prostate tumors and non-malignant prostate tissue could predict prostate cancer survival [29] The tran-
scriptomes of tumor-adjacent normal tissues are more informative than those of tumors in predicting recurrence in colorectal cancer
patients [30]. A study suggests that the genetic profile of tumor-adjacent normal tissue is more likely to be associated with recurrence
than intratumoral gene expression following adjuvant chemoradiotherapy in patients with rectal cancer [31].

For complex diseases, single-gene biomarkers often lack sufficient predictive power. Multi-gene expression-based signatures have
been developed using tumor tissue expression profiles or adjacent-normal tissue expression profiles, with a few derived from plasma.
Integrating gene expression profiles of adjacent normal and tumor tissues in prognostic signature identification may improve pre-
dictive performance.

In this study, we tested this hypothesis in LUAD. We constructed three prognostic signatures based on tumor tissue, normal tissue,
and a combination (COM) of both, using data from The Cancer Genome Atlas (TCGA) LUAD cohort followed the same workflow. The
signatures were validated in four Gene Expression Omnibus (GEO, https://ncbi.nlm.nih.gov/geo/) datasets [32]. Our results
demonstrate that the COM-derived signature exhibited superior stability.
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2. Materials and method

2.1. Data collection

The preprocessed RNA-sequencing (RNA-seq) data of the LUAD cohort from TCGA were obtained from the UCSC Cancer Browser
(UCSC Xena, https://xenabrowser.net/datapages/) [33]. The cohort comprised 517 tumor samples and 59 normal samples, with 58
tumor-normal paired samples. Corresponding clinical data were also retrieved. After matching the clinical and RNA-seq data, a total of
576 samples with both RNA-seq and clinical information were included. The length of human species genes was obtained from the
BioMart tool of the Ensembl database (Ensembl, https://asia.ensembl.org/index.html) [34]. The RSEM normalized counts data were
used along with gene length information to transform the data into transcripts per million (TPM) expression data. For validation,
appropriate cohorts were searched in the GEO database, based on two criteria: (1) availability of OS time and living status data, and (2)
a minimum of 15 tumor-normal paired samples. Three cohorts were identified for validation: GSE81089 (199 tumor samples, 19
normal samples, 19 tumor-normal paired samples), GSE102287 (32 tumor samples, 34 normal samples, 25 tumor-normal paired
samples), and GSE31210 (226 tumor samples, 20 normal samples, 15 tumor-normal paired samples). GSE81089 cohorts were obtained
through high throughput sequencing, while GSE102287 and GSE31210 were based on the Affymetrix Human Genome U133 Plus 2.0
Array (GEO accession number GPL570) platforms. Due to the original expression profiles following a negative binomial distribution,
we log2 transformed the data (log (TPM+1,2)). Then the four datasets were integrated and normalized using ComBat batch correction
through the SVA R package. In the subsequent analysis, the batch-corrected expression profile data of these four datasets were used.
During the review process after submission, a study titled “Inflammation in the Tumor-Adjacent Lung as a Predictor of Clinical
Outcome in Lung Adenocarcinoma” was published. The data uploaded to the GEO database for this study is GSE229705, which in-
cludes sequencing data for 143 paired LUAD tumor and normal samples, totaling 246 samples. These samples contain prognostic data
on progression and recurrence within five years. To better validate our hypothesis, we also used this dataset for validation. This dataset
was not batch-corrected with the other datasets, and based on the normalized counts data, we calculated TPM and performed a log2
transformation. All data used in this study were publicly accessible, and ethics committee approval was not required. The publication
guidelines and policies of the TCGA and GEO databases were strictly adhered to.

2.2. Gene selection model construction

To ensure comparability, model construction was based on only 58 tumor-normal paired samples. Two methods were employed to
combine tumor and normal data: the sum of tumor and normal (SUM, Equation (1)) and the log2 ratio of tumor and normal (LogTN, see
Equation (2)). Univariable Cox regression analysis was performed for each gene to explore OS-related genes in both tumor and normal
samples. For the COM, genes with a univariable Cox regression P-value lower than 0.05 in both tumor and normal samples were
initially selected. Then, genes with a consistent sign of the coefficient between tumor and normal were chosen for the SUM, while genes
with opposite signs of the coefficient were selected for the LogTN. The selected genes from the SUM and LogTN methods were
combined as candidate genes for the COM model. Similarly, for the tumor and normal models, the top 50 significant genes from the
univariable Cox regression analysis were selected as candidate genes. Model construction for tumor, normal, and COM followed the
same workflow. To reduce dimensionality and select genes from the candidate gene set, Least Absolute Shrinkage and Selection
Operator (LASSO) Cox regression was employed. Stepwise regression was then used to build the OS prognosis models. LASSO-Cox
regression was performed using the SIS R package, while stepwise regression was performed using the “step” function in R.

2.3. Model validation

Model performance validation was carried out using three GEO cohorts: GSE31210, GSE81089, and GSE102287. To compare the
performance of the three models, survival rates, discrimination, and calibration analyses were conducted. Survival curve analysis was
calculated using the Kaplan–Meier (K-M) method, and differences between survival curves were assessed using the log-rank test via the
survival R package. For discrimination analysis, the time-dependent receiver operating characteristic curve (timeROC) was employed
to evaluate the discrimination of models using the timeROC R package. The area under the curve (AUC) was used to assess
discrimination, and differences between ROC curves were tested using the “compare” function in the timeROC R package. Calibration
analysis was performed using the survival R package, evaluating calibration performance based on the absolute difference values
between predicted and calculated survival rates. In addition, we used the Akaike Information Criterion (AIC) and Bayesian Information
Criterion (BIC) to compare the three models. We also applied the three models to a new dataset, GSE229705, to assess their effec-
tiveness in predicting tumor recurrence and progression.

2.4. Statistical analysis

Continuous variables were analyzed using the Student’s t-test, while Fisher’s exact test was used for categorical variables. All
statistical analyses were performed using R language version 4.1.1, a free language environment for statistical computing and graphics
available at https://www.r-project.org/[35].

SUM=Tumor + Normal (1)
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LogTN= log 2
(
2̂Tumor + 1
2̂Normal+ 1

)

(2)

3. Result

3.1. Characteristics of the four cohorts

In the TCGA LUAD cohort, there are 517 tumor samples (502 with OS), 59 normal samples (59 with OS), and 58 paired samples (58
with OS). In the GSE81089 dataset, there are 199 tumor samples (198 with OS), 19 normal samples (19 with OS), and 19 paired
samples (19 with OS). In the GSE102287 dataset, there are 32 tumor samples (32 with OS), 34 normal samples (34 with OS), and 25
paired samples (25 with OS). In GSE31210, there are 226 tumor samples (226with OS), 20 normal samples (15 with OS), and 15 paired
samples (15 with OS). The demographic characteristics of the four cohorts are summarized in Table 1. In the GSE229705 dataset, there
are 246 samples, including 123 paired samples. For progression, 68 individuals experienced progression within 5 years, 45 did not
experience progression within 5 years, and the status of others is either unknown or their follow-up time is less than 5 years. For
recurrence, 58 individuals did not have recurrence within 5 years, 23 experienced recurrence within 5 years, and the status of others is
either unknown or their follow-up time is less than 5 years.

Before using ComBat, principal component analysis (PCA) showed that the four datasets clustered separately (Supplementary
Fig. 1A). After batch correction, the four datasets clustered together uniformly (Supplementary Fig. 1B).

3.2. Identification of candidate genes

For the SUM combination, genes with a Cox regression P-value<0.05 and a consistent risk trend in both tumor and normal samples
of LUAD were selected. Specifically, genes were first filtered by Cox regression P-values lower than 0.05 in both tumor and normal
samples. Subsequently, genes with the same sign of the Cox regression coefficients in tumor and normal were selected, resulting in 38
genes. For the LogTN combination, genes with a Cox regression P-value<0.05 and an opposite risk trend in tumor and normal samples
of LUAD were selected. The first step was identical to the SUM combination, and in the second step, 8 genes with opposite signs of the
Cox regression coefficients in tumor and normal were selected, leading to a total of 46 candidate genes found in the COM model and
summarized in Supplementary Table 1. As shown in Fig. 1, the combination approach decreased the P-value of the Cox regression. For
the SUM combination, in 35 of the 38 candidate genes, the P-values were lower than those of both tumor and normal for each gene
(Figs. 1A and 35 genes with SUMminimum). Similarly, for the LogTN combination, all 8 candidate genes showed consistent results for
each gene (Fig. 1B, all of the 8 genes with LogTN minimum). This indicates that the SUM and LogTN combinations can enhance the
prognostic prediction ability of individual genes. For tumor and normal, the top 50 significant Cox regression genes (identified by the
lowest P-value) were selected as candidate genes.

3.3. Construction of three prognosis models based on candidate genes of tumor, normal, and COM in TCGA LUAD

To ensure comparability, only 58 tumor-normal paired samples in the TCGA LUAD cohort were used to construct the prognosis
models, following the same workflow for each. LASSO Cox regression was employed to identify overall survival prognostic genes from
the candidate gene sets. The selected genes were then used to build the primary Cox regression models, followed by stepwise regression
to generate the final models. The parameter selection of LASSO Cox during gene selection for the three models is shown in Supple-
mentary Fig. 2. For the COM model, a 7-gene-based model was built, including 6 genes from SUM (APOD, FUT2, TUBE1, C1orf105,
HIST1H3I, and OPALIN) 1 gene from LogTN (COX6B2) (Fig. 2A). As for tumor and normal, 15-gene-based and 9-gene-based models
were constructed, respectively (Fig. 2B and C). RS were calculated for tumor, normal, and COM using each respective model. For COM,
RScom= − 0.3156× (APODn+ APODt) - 0.2852× (FUT2n+ FUT2t) - 1.459× (TUBE1n+ TUBE1t)+ 2.835× (C1orf105n+ C1orf105t)+
1.294 × (HIST1H3In + HIST1H3It) + 12.52 × (OPALINn + OPALINt) +1.8 × log2 ((2^COX6B2t + 1)/(2^COX6B2n + 1)). Here, the

Table 1
Demographic characteristics of the four cohorts.

TGCA LUAD GSE102287 GSE81089 GSE31210

Samples 576 66 218 246
Tumor samples 517 32 199 226
Normal samples 59 34 19 20
Paired samples 58 25 19 15
Patients 516 41 199 227
Age (mean ± SD) 65.4 (55.4–75.3) 60.9 (50.1–71.7) 67.9 (60.2–75.6) 59.6 (52.2–66.9)
Gender (female/male) 277/239 23/18 103/96 121/106
OS event (%) 183 (57.0 %) 26 (63.4 %) 93 (46.7 %) 35 (15.5)
OS time, (days, mean ± SD) 909.4 (13.5–1805.3) 1596.4 (141.9–3050.9) 1196.5 (542.6–1850.4) 1722.9 (1033.7–2412.2)
OS event in paired samples (%) 26 (44.8) 14 (56.0) 8 (42.0) 1 (6.67)

OS: overall survival; SD: standard deviation.
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subscript “t” denotes tumor tissue expression, and “n” denotes normal tissue expression. For tumor, RSt = − 6.221 × USP4t + 11.97 ×

AIPL1t + 8.408 × DSC1t - 5.343 × OPRM1t - 5.292 × CFL1t - 3.26 × RCHY1t - 1.279 × LIN7Bt + 4.584 ×MAFKt - 5.739 × SLC11A2t -
4.846× ZNF844t - 6.065× RIMS3t - 1.659× BANK1t+ 2.373× PSMC5t - 2.932× FBXO8t - 1.636× NTSRt. For normal, RSn= 61.82×

ABCG8n+ 35.64× TDRG1n+ 74.7× C14orf23n+ 27.61×NEUROG2n+ 13.27× C3orf22n - 10.29× C9orf173n+ 3.338× CYP2C18n -
4.043× CABYRn - 6.585× TDHn. The 58 patients were divided into two groups (29 in the high-risk group and 29 in the low-risk group)
based on the median value of the RS (Fig. 3). Survival analysis between the two groups for the three models is shown in Supplementary
Fig. 3. For all three models, the high-risk group had lower overall survival (P-value <0.001). The mean and median overall survival
times are summarized in Table 2. Discrimination analysis using timeROC is presented in Fig. 4. TimeROC analysis was performed at
three time points: 1 year, 2 years, and 3 years. There was no statistically significant difference between the three models at these time
points (Table 3 and Fig. 4D). Calibration analysis was also performed and presented in Fig. 5. The correlation between predicted
survival probability and actual survival probability for the three models is depicted in Fig. 5A, B, and 5C. The absolute difference
between predicted and actual survival probability for each model is shown in Fig. 5D. COM and normal showed better prediction
power than tumor (P-value = 0.0043 and 0.0013). However, there was no difference between COM and normal (P-value = 0.36).

Survival analysis indicates that the three models perform similarly in the TCGA LUAD cohort, which is expected since all three
models were built based on the TCGA LUAD data. In terms of event discrimination ability, there is no difference between the three
models. However, in terms of survival rate prediction ability, the tumor model performs worse.

3.4. Validation and comparison of the three models in GSE102287, GSE81089, and GSE31210 with paired samples

The three constructed models were applied to the GSE102287, GSE81089, and GSE31210 cohorts for performance validation. To
ensure comparability, only tumor-normal paired samples were used. RS were calculated for each model and cohort, and samples were
divided into two groups based on the median value of the risk score. OS analysis of the three cohorts is presented in Fig. 6. In
GSE102287, the high-risk score group of COM had lower overall survival than the low-risk score group (P-value = 0.016, Fig. 6A).
There was no difference between the high-risk score group and the low-risk score group divided by the tumor model (P-value = 0.37,
Fig. 6B) or the normal model (P-value = 0.85, Fig. 6C). In GSE81089, none of the three models could distinguish different overall
survival time groups (Fig. 6D, E, and 6F). Notably, the normal model displayed an opposite prediction (Fig. 6F). According to the Cox
regression model, the high-risk score group should have a lower survival probability than the low-risk score group. However, in the
normal model, the high-risk score group had a higher survival probability and longer overall survival time than the low-risk score
group (P-value = 0.078, Fig. 6F). In GSE31210, due to the limited number of samples (15 paired samples) and events (just one event),
there was no statistically significant difference between the high-risk and low-risk groups (Fig. 6G, H, and 6I). Both the tumor and
normal models exhibited opposite predictions. Overall survival analysis of the three models in the three cohorts is summarized in
Table 4. From the overall survival results of the three datasets, we can see that although the COM model was significant in only one
dataset, its performance was very stable, with high-risk groups consistently showing lower survival rates.

TimeROC analysis requires sufficient samples; thus, it was only performed in GSE102287, as shown in Fig. 7 and Table 5. No
statistically significant difference was observed (Table 5). From Fig. 7D, we can see that the COM-derived RS exhibited better
discrimination performance in the short time period, while the tumor-derived RS exhibited better performance in the long time period.

Since GSE31210 had only one event, calibration analysis was performed in GSE102287 and GSE81089, as presented in Fig. 8. In
GSE102287, the COM model showed the best overall survival probability prediction (COM versus tumor: P-value = 0.87, COM versus
normal: P-value <0.001, Fig. 8D). The tumor model showed better prediction ability than the normal model (P-value = 0.002).
However, both the tumor and normal models underestimated the survival probability at almost every point (Fig. 8F and G). In
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GSE81089, both the tumor and COM models exhibited better prediction than the normal model (tumor versus normal: P-value =

0.034, COM versus normal: P-value = 0.072, Fig. 8H). Although tumor exhibited better performance than COM in terms of values (P-
value = 0.69, Fig. 8H), it still underestimated survival probability similarly to the normal model (Fig. 8F and G). In terms of survival

Table 2
Overall survival analysis of risk score derived from three models in TCGA LUAD.

COM Tumor Normal

Mean ST (days) High 841 765 785
Low 3063 3163 2813

95 % LCI of mean ST High 614 591 607
Low 2535 2655 2269

95 % UCI of mean ST High 1452 1037 1052
Low 3674 3674 3588

median ST High 761 760 761
Low – – –

95 % LCI of median ST High 460 460 460
Low – 2393 2393

95 % UCI of median ST High 1258 1258 –
Low – – –

Status (alive/dead) High 7/22 6/23 9/20
Low 25/4 26/3 23/6

ST: survival time; LCI: lower 95 % confidence interval; UCI: upper 95 % confidence interval.
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probability prediction, the tumor and COM models performed similarly and were significantly better than the normal model, but the
tumor model tended to underestimate survival probability.

3.5. Validation and comparison of the tumor and normal models in GSE102287, GSE81089, and GSE31210 with all tumor and normal
samples

Since in TCGA LUAD, GSE31210, and GSE81089, the normal samples and paired samples are essentially the same, the normal
model is no longer analyzed in these three datasets. Therefore, we analyzed the performance of the tumor model across all tumor
samples in the four datasets and the performance of the normal model across all normal samples in GSE102287, as shown in

Table 3
P-values of ROC curve between three models at 1, 2, 3 years in TCGA LUAD.

Time points Nromal vs Tumor COM vs Normal COM vs Tumor

1 year 0.26 0.55 0.07
2 years 0.87 0.37 0.33
3 years 0.53 0.77 0.48
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Table 4
Overall survival analysis of the three models in the three cohorts.

GSE102287 GSE81089 GSE31210

P-value (log-rank) C 0.016 0.73 0.21
T 0.37 0.32 0.35
N 0.85 0.078 0.35

Mean ST (days) High (C) 1613 1432 2420
Low (C) 4418 1562 2765
High (T) 2707 1311 2765
Low (T) 3371 1755 2518
High (N) 3286 1904 2765
Low (N) 2859 1158 2518

Median ST (days) High (C) 843 – –
Low (C) – 1216 –
High (T) 595 1216 –
Low (T) 1366 – –
High (N) 1353 – –
Low (N) 1285 1123 –

ST: survival time; C: COM; T: tumor; N: normal.
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Supplementary Fig. 4. Except for the tumor model in the TCGA dataset, which demonstrated discrimination and predictive ability
(Supplementary Fig. 4A), the tumor model showed no discrimination or predictive ability in the other datasets. Similar to its per-
formance in paired samples, the tumor model tended to underestimate survival probability.

3.6. Effect of proportion of stage I-IV cases on model performance validation

Although model validation results indicate that the COM model is generally superior in stability and generalizability compared to
the other two models, the overall validation effect was not satisfactory, and the other two models performed poorly in validation.
Therefore, we examined whether the proportions of different pathological stages were similar across the four datasets. As shown in
Supplementary Table 2, GSE31210 differs significantly from the other datasets in terms of pathological stage proportions. Fisher’s
exact test also revealed a significant difference in the proportion of pathological stages between the TCGA dataset and GSE31210
(Supplementary Table 3). Given that GSE31210, with its limited number of paired samples, is not the primary validation dataset, the
poor validation results of the tumor and normal models are not due to differences in pathological stage proportions.
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Table 5
P-values of ROC curve between three models at 1, 2, 3 years in GSE102287.

Time points Normal vs Tumor COM vs Normal COM vs Tumor

1 year 0.63 0.30 0.16
2 years 0.92 0.93 1.0
3 years 0.49 0.72 0.28
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3.7. Association analysis between risk score and clinical characteristics

The association between risk score and clinical characteristics was analyzed in both TCGA LUAD and GSE102287 cohorts. In TCGA
LUAD, the COM-derived risk score was higher in males than in females at a significance level of P-value <0.1 (P-value = 0.060),
consistent with known lung cancer statistics indicating higher mortality risk in males [1]. According to the 2023 cancer statistics, it
was estimated that there would be 117,550 new cases of lung and bronchus cancer in males and 120,790 in females in 2023, with 67,
160 and 59,910 deaths, respectively [1]. Regarding pathological stage, both the COM and tumor models showed higher risk scores
associated with higher-grade stages (P-value= 0.017 and P-value<0.001, respectively). The higher-risk score groups of both COM and
tumor models had more new tumor events after initial treatment (NTEAIT) (P-value = 0.035 and P-value <0.001, respectively).
Additionally, the high-risk score group exhibited more deaths in all three models (Table 6). In terms of person neoplasm cancer status
(PNSC), the low-risk score group had more tumor-free samples in all three models, while for primary therapy outcome success (PTOS),
the low-risk score group of both COM and tumor models had more successes (Table 6).

In GSE102287, the age of the lower-risk score group in the normal model was higher (P-value = 0.020, Table 7), which was a
counterintuitive result. Only the risk score of the COM model demonstrated discrimination between alive and dead (P-value = 0.015)
in terms of overall survival. Although there was a difference between the two groups in the normal model regarding smoking pack
years (SPY) (P-value= 0.030), it contradicted the actual situation due to the tobacco epidemic’s impact on lung cancer deaths [1]. The
risk score of the COM model exhibited the best performance for SPY in both cohorts. While all three high-risk score groups had lower
SPY in TCGA LUAD, the COM model demonstrated the smallest difference values (Table 6). Conversely, in GSE102287, the high-risk
score group of COM had higher SPY, in contrast to the trends observed in both the tumor and normal models (Table 7).

These analyses of clinical characteristics in relation to risk scores indicate that the COMmodel’s risk score aligns more closely with
actual clinical data. While the Tumor and Normal models performed adequately in the training dataset (TCGA LUAD), they exhibited
anomalous results (e.g., age) or even contradicted clinical reality (e.g., smoking pack years) in the testing dataset (GSE102287). The
performance of the COM model remains the most stable and clinically consistent, with the strongest generalization capability.

3.8. Validation in GSE229705

After the initial submission of this study, new LUAD data from GSE229705 was published, which includes 123 tumor-normal paired
samples. This dataset contains three types of information: progression type, progression within five years, and recurrence within five
years. We selected the progression and recurrence within five years for analysis. We calculated TPM from the normalized counts,
performed log2 transformation, and then applied the three risk score calculation formulas to obtain the risk scores for the three models.
Comparison revealed that only the COM model’s risk score had a discernible ability to differentiate between progression and recur-
rence (Fig. 9). Unlike the other datasets, GSE229705 was not batch-corrected with TCGA using ComBat, making it entirely new data.
The COM model’s strong performance on this new dataset was unexpected and impressive. This indicates that the COM model can
indeed improve generalization capability.
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Fig. 8. Calibration analysis of the three models in GSE102287 and GSE81089. A, B, C: Plot for predicted and actual survival probability of COM (A),
tumor (B), and normal (C) in GSE102287; D: The absolute difference between predicted and actual survival probability of the three models in
GSE102287; E, F, G: Plot for predicted and actual survival probability of COM (A), tumor (B), and normal (C) in GSE81089; D: The absolute dif-
ference between predicted and actual survival probability of the three models in GSE81089.
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Table 6
Association analysis between risk score and clinical characteristics in LUAD.

COM Tumor Normal

High Low P-value High Low P-value High Low P-value

Gender Female 13 21 0.060 16 18 0.790 15 19 0.424
Male 16 8 13 11 14 10

Age Mean 66.4 66.1 0.915 66.4 67.0 0.575 65.7 66.7 0.730
Stage I 10 19 0.017 7 22 < 0.001 13 16 0.430

II-IV 19 9 22 6 16 12
Status Live 7 15 < 0.001 6 26 < 0.001 9 23 < 0.001

Dead 22 4 23 3 20 6
NTEAIT Yes 13 4 0.035 15 2 < 0.001 12 5 0.143

No 14 22 11 23 15 21
PNCS With tumor 17 2 < 0.001 19 0 < 0.001 16 3 < 0.001

Tumor free 11 25 8 28 12 24
PTOS CR 11 22 0.004 9 24 < 0.001 13 20 0.061

PD/SD 13 4 15 2 13 4
SPY Mean 39.0 41.1 0.812 36.7 42.6 0.493 37.5 42.1 0.584

NTEAIT: new tumor event after initial treatment; PNCS: person neoplasm cancer status; PTOS: primary therapy outcome success; SPY: smoking pack
years. T-test was used for continuous variables and Fisher’s exact test was used for categorical variables.

Table 7
Association analysis between risk score and clinical characteristics in GSE102287.

COM Tumor Normal

High Low P-value High Low P-value High Low P-value

Gender Female 5 10 0.111 8 7 0.688 9 6 0.226
Male 7 3 4 6 3 7

Age Mean 61.6 59.2 0.633 58.4 62.1 0.449 54.6 65.7 0.020
Stage I 7 7 1.00 6 8 0.695 6 8 0.695

II-IV 5 6 6 5 6 5
Status Live 2 9 0.015 5 6 1.00 6 5 0.695

Dead 10 4 7 7 6 8
SPY Mean 46.8 37.0 0.435 38.7 44.5 0.642 28.1 54.3 0.030

SPY: smoking pack years. T-test was used for continuous variables and Fisher’s exact test was used for categorical variables.
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Fig. 9. Validation of the three models in the GSE229705.
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3.9. Models assessment via AIC and BIC

AIC and BIC are commonly used methods to evaluate model complexity and goodness of fit. Generally, as the number of parameters
in a model increases, the model’s goodness of fit also improves. However, once the parameters reach a certain level, additional pa-
rameters may no longer provide useful information, causing the improvement in goodness of fit to slow down or even stop. According
to the formulas for AIC and BIC, when the increase in goodness of fit does not offset the complexity added by more parameters, both
AIC and BIC will increase, indicating the best model at this point. While adding more parameters typically enhances the model’s
goodness of fit, when these additional parameters fail to provide new information, the increase in goodness of fit reflects overfitting.
AIC and BIC can mitigate some overfitting by correcting for model complexity and excluding parameters with little information, but
they cannot entirely eliminate overfitting or assess model stability and generalization capability. The goodness of fit in AIC and BIC is
based on the training data. If there is a substantial discrepancy between the training and validation data, AIC and BIC are insufficient.
To avoid overfitting, it is essential to identify appropriate parameters that show minimal variation and have a similar distribution in
both training and other datasets. Building a model with such parameters ensures less overfitting and stronger generalization capability,
even if the goodness of fit is slightly lower compared to other parameters. Supplementary Table 4 presents the AIC and BIC values for
the three models. It is evident that the COM model has the fewest parameters and the smallest goodness of fit, resulting in the highest
AIC and BIC values. Since BIC places a greater weight on the number of parameters, the differences in BIC among the three models are
smaller. Although the tumor model appears best based on AIC and BIC, the COM model demonstrates the strongest generalization
capability. This indicates that the COM model’s fewer parameters provide sufficient stable information, highlighting the severe
overfitting present in the Tumor and Normal models.

4. Discussion

When the influence of a gene on overall OS was consistent in both tumor and normal tissues, the SUM combination could increase
the effect power. Conversely, when the influence of a gene on OS was opposite in tumor and normal tissues, the LogTN combination
could enhance the effect power. In this study, we constructed a COM-based overall survival prognosis model comprising 7 genes using
the TCGA LUAD cohort. Among these genes, 6 (APOD, FUT2, TUBE1, C1orf105, HIST1H3I, and OPALIN) were derived from the SUM
method, and 1 gene (COX6B2) was derived from the LogTN method. Additionally, we built two models based on tumor and normal
tissues.

When the three models were applied to the basic cohort TCGA LUAD, the tumor-derived model showed the best performance in
overall survival analysis. The difference in mean and median survival times between the high and low-risk score groups was the
greatest in the tumor model. The tumor-derived risk score also showed the best discrimination power for time-independent overall
survival status, as shown in Table 2. However, in calibration analysis, the tumor-derived model showed the worst overall survival rate
prediction ability, while the normal model exhibited the best.

When the three models were used for validation in the three GEO cohorts, the COM-derived model showed the best performance,
while the normal-derived model showed the worst. In the overall survival analysis of the three GEO cohorts, the high-risk score group
of the normal model consistently had longer mean overall survival time and a higher overall survival rate. The tumormodel exhibited a
similar pattern in GSE31210. The low-risk score group of the COM model had a higher overall survival rate and longer mean overall
survival time in all three GEO cohorts. In GSE102287, the overall survival in the high-risk score group of the COM model was notably
lower. Only in GSE81089, the tumor model showed slightly better performance than the COMmodel. For discrimination, there was no
statistically significant difference between the three models in the three GEO cohorts. However, Fig. 7D showed that the COM-derived
risk score exhibited better discrimination ability in the short time period, while the tumor and normal-derived risk scores performed
better in the long time period. Regarding calibration, in the three cohorts, the COM-derived model showed the best prediction per-
formance. In GSE102287, the COM model produced the smallest prediction error. In GSE81089, although the tumor model produced
the smallest prediction error, it still consistently underestimated the survival rates similar to the normal model.

When the tumor model was applied to all tumor samples, it showed some predictive ability only in the TCGA cohort and almost no
predictive ability in the three GEO cohorts. Pathological stage analysis indicated that the poor performance of the model in the test
datasets was not due to differences in pathological stages. The analysis of clinical characteristics and risk scores showed that the COM
model’s performance remained the most stable and consistent with actual clinical data, demonstrating the strongest generalization
ability. The validation of the three models in GSE229705 further confirmed that the risk score from the COM model was the most
clinically relevant, the most stable, and had the strongest generalization ability. Although AIC and BIC analysis suggested that the
tumor model had the lowest scores and should be preferred, the actual performance of the COM model was superior.

From a holistic perspective, the COM-derived model demonstrated strong generalization ability. In the TCGA LUAD cohort, which
was used for model construction, the tumor-derived model exhibited the best performance. The COM-derived model showed inter-
mediate performance, while the normal-derived model had the worst performance, except for overall survival rate prediction. In the
three GEO cohorts, the COM-derivedmodel exhibited the best prediction power. The superior performance of the tumor-derived model
in the TCGA LUAD cohort may have been due to overfitting. The combination of tumor and normal samples indeed increased the
generalization ability of the model.

However, some limitations existed. First, the number of tumor-normal paired samples was insufficient. For example, in the TCGA
LUAD cohort, there were 517 tumor samples, but only 58 paired samples were available. Second, the number of validation cohorts was
limited. Although three validation cohorts were used in this study, GSE31210 was almost useless due to the limited number of samples
and events. Third, the data quality and preprocessing of the four datasets differed, which could introduce bias.
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Nevertheless, this study has demonstrated that the combination of tumor and normal samples in the COM model provides the best
generalization ability, the most stable predictive power, and the greatest clinical relevance. Although the combination method used in
this study was simple and the predictive performance did not significantly surpass that of the tumor and normal models, it offers a new
approach for constructing prognostic models. We believe that better methods for integrating tumor and normal tissue data will emerge
in the future, leading to more stable and generalizable models.

5. Conclusions

This study demonstrates that the integration of tumor and normal data enhances the predictive capability and generalizability of
prognosis models compared to using tumor or normal data alone. In solid tumors, tumor tissues originate from and are surrounded by
normal tissues. The adjacent normal tissues play a significant role in shaping the tumor microenvironment and can influence the
clinical outcomes of cancer patients. Traditional prognostic signatures predominantly rely on tumor tissue data, with only a few
depending on normal tissue, thus overlooking the valuable insights provided by the combination of both. As a result, the generaliz-
ability of tumor-derived or normal-derived prognostic signatures has been limited. Our findings offer a novel perspective for the
development of improved prognosis prediction models, potentially leading to enhanced quality of life and increased survival rates for
individuals with tumors.
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