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Abstract

Background
Osteosarcoma (OS) is the most common primary malignancy in children and adolescents, with a high
mortality and disability rate. Autophagy plays an important role in the regulation of apoptosis, invasion
and metastasis of tumor cells. Hence, construction of a risk score model of autophagy related genes
(ARGs) of OS would bene�t the treatment and prognosis evaluation.

Methods
We downloaded a dataset of OS from The Cancer Genome Atlas (TCGA) database, and found the OS-
related ARGs through Human Autophagy Database (HADb). Five hub ARGs (CCL2, AMBRA1, VEGFA, MYC
and EGFR) were obtained by using multivariate Cox regression model. Then we calculated the risk scores
and constructed a prediction model. Another two datasets downloaded from GEO were combined to
verify the accuracy and validity of the model. The role of immune cell in�ltration was systematically
explored, and prediction of response to targeted drugs was assessed. Immunohistochemistry was carried
out to verify the expression of the key ARGs.

Results
Based on these �ve hub ARGs, we constructed a risk score model related to OS. High accuracy and
validity were demonstrated by datasets downloaded from GEO. These �ve ARGs played a role in cancer-
related biological processes, such as MAPK pathway and PI3K pathway. The results of targeted drug
sensitivity analyses coincided with the pathway analysis. Immunohistochemistry showed that the
expression of 5 ARGs in OS group was more obvious than that in paracancerous group.

Conclusion
This study constructs a risk score model related to autophagy of OS, explores the prognostic value of
autophagy related genes, and �nds possible therapeutic targets.

Introduction
Osteosarcoma (OS) is the most common primary malignancy in children and adolescents, with a high
mortality and disability rate (1). With the deepening understanding of tumor pathogenesis and the
development of diagnosis and treatment techniques, the 5-year survival rate of patients with OS has
increased from less than 20–50%-60% (2). As a way for cells to survive in abnormal environments,
autophagy plays an important role in the regulation of apoptosis, invasion and metastasis of tumor cells
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(3). Hence, construction of a risk score model of autophagy related genes (ARGs) of OS would bene�t the
treatment and prognosis evaluation.

The Cancer Genome Atlas (TCGA) uses high-throughput genome sequencing, gene chip technology and
multi-dimensional data integration analysis method to map out the genome variation and gene
expression level of almost all human cancers (4). It will eventually clarify the occurrence and
development mechanism of cancer, and develop new diagnosis, classi�cation standards and treatment
methods on this basis.

In order to predict the occurrence of OS through autophagy, we downloaded a gene expression microarray
dataset from TCGA, and select autophagy related genes. After normalization, we performed a multiple
COX regression model along with 10-fold cross validation to construct a prediction score model (5).
Another two datasets from Gene Expression Omnibus (GEO) was used to verify the accuracy and validity
(6). Finally, we collected 10 samples from Guangxi Medical University First A�liated Hospital to further
validate the expression of the �ve ARGs through immunohistochemistry.

Methods
Data preparation

The gene expression pro�les and clinical information of osteosarcoma patients (TARGET-OS) was
downloaded as training set from the TCGA database (https://www.cancer.gov/about-
nci/organization/ccg/research/structural-genomics/tcga) (7, 8). Clinical information including survival
time, survival state, gender, age, disease at diagnosis, primary tumor site, speci�c tumor region and
de�nitive surgery. The autophagy information used for selecting autophagy relative genes (ARGs) was
downloaded from Human Autophagy Database (HADb) (http://www.autophagy.lu/index.html) (9). In
order to verify the accuracy of risk model and nomogram prediction, two datasets (GSE16091,
GSE39058) were downloaded as validation set from the GEO database
(https://www.ncbi.nlm.nih.gov/geo). Since the two datasets come from different platforms, we �rst use
the normalizeBetweenArrays function to correct the datasets, then merge the two datasets and use
"ComBat" package of R to perform batch corrections between the datasets.

Construction of autophagy prediction of risk score model

Univariate Cox regression analysis was conducted for OS related ARGs, and the clinical factor was taken
into consideration. Then, a multivariate Cox regression analysis model along with the LASSO method for
variable selection and shrinkage was applied to build a autophagy prediction of risk model by using the
GLMNET package (https://CRAN.R-project.org/package=glmnet) (5). The penalty regularization
parameter k was determined via the cross-validation routine cv. glmnet before running the main algorithm
with an n-fold value equal to 10. The k value was �nalized by using lambda. min, which is the value of
lambda giving minimum mean cross-validated error (10, 11). Genes with corresponding e�ciencies were
screened from the TARGET-OS training set and used to construct a risk score model for autophagy

https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga
http://www.autophagy.lu/index.html
https://www.ncbi.nlm.nih.gov/geo
https://cran.r-project.org/package=glmnet
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prediction. According to the model, the risk score of each person was calculated. The algorithm of the risk
score was as follows: ∑nx=1(coefx×Exprx) in which coefx was the regression coe�cient of key ARGs in
patient x obtained by multivariate Cox proportional risk regression analysis, and Exprx represents the
expression level of one of the key ARGs in patient x (12). Patients were assigned to high- and low- risk
groups according to the median of risk scores. Then, we used the "Survival" package of R to draw a
Kaplan–Meier survival curve. In order to avoid the mutual in�uence between risk factors, we carried out
principal component analysis (PCA) and performed dimensionality reduction. According to several key
ARGs and risk scores in the risk model, we drew a nomogram with R's "Reglot" package to predict the 1-,
3- and 5-year survival rates of OS patients. The scale on the nomogram line represents the range of
values for each variable, and the total score calculated for each variable could be used to predict survival
(13).

Validation of the risk score model

We used the receiver operating characteristic curve (ROC) drawn by " Survival ROC" package and the
calibration curve obtained by "RMS" package to evaluate the accuracy of their prediction of 1-, 3- and 5-
year survival rates, and used ROC curve to verify each grouping variable (14). In addition, diagnostic value
of key ARGs were validated by a dataset from GEO databases, and the diagnostic value of each key ARGs
was evaluated by AUC. 

Gene enrichment analysis (GO and KEGG)

We investigate molecular function (MF), biological process (BP) and cellular components (CC) of the
ARGs in GO database. And selected ARGs were utilized in the functional pathway analysis of KEGG. R
software and ClusterPro�ler package were used to conduct the results of functional enrichment analysis.
The correlation between ARGs was analyzed by Pearson's correlation coe�cient using the corrplot
package.

Gene set enrichment analysis (GSEA)

GSEA analysis was performed to identify the potential function of selected hub genes. Genome‐wide
expression pro�le datasets and corresponding grouping �les determined by the expression of ARGs were
uploaded to GSEA4.0.3 software (15) for enrichment analysis with database C2 and C5 of the Molecular
Signatures Database (MSigDB) (16). A set of genes with |normal enrichment score| (|NES|)>1, false
discovery rate (FDR) <0.25 and P<0.05 was considered to be statistically signi�cant.

Immune in�ltrating 

The proportion of the 29 immune signatures was quanti�ed (16 immune cell and 13 immune-associated
function signatures) in each OS sample. The ESTIMATE algorithm was applied to evaluate the immune
cell in�ltration level (immune score) and the stromal content (stromal score) for each OS sample. The
ConsensuClusterPlus R package was used to perform consensus clustering of each OS sample based on
the 29 immune signature.
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Prediction of response to targeted therapy drugs

Half maximal inhibitory concentration (IC50) of common targeted therapy drugs was calculated to
evaluate clinical responses to OS treatment using pRRophetic [13] and ggplot2 packages in R. The
relationship between IC50s and high- and low-risk groups was represented by box plots.

Immunohistochemistry

We obtained 5 OS and 5 paracancerous samples from Guangxi Medical University First A�liated Hospital
for immunohistochemistry. All patients were diagnosed as OS by pathology. The clinicopathological data,
such as gender and age were collected.

The tissue slices were placed in xylene for 20min, then replaced with fresh xylene and repeated once. The
dewaxed tissue slice was soaked in 100% ethanol for 5min twice, 95% ethanol, 80% ethanol and distilled
water for 5min respectively. The alkaline antigen repair solution (Tri-EDTA, pH=9) was heated to the boil in
a pressure cooker, the tissue slice was placed in, and the time was timed for 2 min, then cooled to room
temperature naturally (17). Incubate with 3% H2O2 at room temperature for 10 min in dark, and then block
with normal sheep serum solution at room temperature for 30min. The primary antibody RP215 was
added at 4℃ overnight and HRP-labeled secondary antibody was treated at room temperature for 30min.
DAB color, hematoxylin redyeing (17). 

Ten high-power (400×) visual �elds were randomly selected, and two researchers independently read the
images. The nucleus of hematoxylin stained is blue, and the positive expression of DAB is brownish
yellow.

Statistical analysis.

All data were statistically analyzed using SPSS22.0(IBM) and R 3.6.2 (https://www.r project.org/). Risk
ratio (HR) and 95% con�dence interval (CI) were used to represent the relative risk between each variable
and the prognosis of OS patients. All results P <0.05 were considered statistically signi�cant (6).

Results
Analysis and collation of ARGs data. 

Expression �les of 85 patients (from TARGET-OS, all diagnosed with osteosarcoma) were downloaded
from TCGA and 232 autophagy genes on HADb were combined to �nd OS related ARGs and their
expression level and clinical information. Expression �les of 81 patients (34 from GSE16091, 47 from
GSE39058, all diagnosed with osteosarcoma) from GEO were downloaded to verify the stability of the
model. After univariate Cox analysis, 10 survival related ARGs were obtained (Figure 1A). Based on the
expression pro�le, we used a multivariate Cox regression along with the LASSO method to build a
classi�er to predict OS (Figure 1B-C). A combination of 5 genes (CCL2, AMBRA1, VEGFA, MYC and EGFR)
was selected as the best predictor of OS in the training cohort (Figure 1D).
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Data preprocessing and risk score model construction

Patients in the training and validation sets were assigned to high- and low-risk groups using the median
risk score of the training set. Survival analysis between the high- and low- risk score groups indicated that
a high-risk score was signi�cantly associated with the poor outcome of patients with OS (Figure 2A-B).
The expression level of 5 genes from the signature was plotted as a heatmap (Figure 2C). Similar results
were observed in the validation set (Figure 2D-F). According to the results, the expression levels of CCL2,
AMBRA1 and EGFR were relatively lower in patients with autophagy. On the contrary, patients with
autophagy tended to have a higher expression level of VEGFA and MYC. The survival rates and gene
expression levels of each hub ARG were displayed (Figure 3). 

Nomogram development and veri�cation

The gene expression pro�les and clinical information of TARGET-OS were mined previously. After PCA,
risk score combined with 5 independently related risk factors (gender, age, disease at diagnosis, de�nitive
surgery and risk score) were used to form a OS risk estimation nomogram (Figure 4). Kaplan–Meier curve
showed that with time growing, the survival rate of the high-risk group is lower than that of the low-risk
group, and the difference is statistically signi�cant (Figure 5A). The C-index (0.853 in training set) and
calibration curve were plotted to evaluate prediction accuracy (Figure 5B-C). The C-index (0.879 in
validation set) and calibration curve in the validation set also revealed consistent predicted and actual
survival rates (Figure 5D-F). High accuracy was demonstrated in these two datasets, indicating the
stability of the risk score model.

KEGG and GO functional enrichment analysis

To clarify the biological pathways and processes related to the 5 ARGs, GO biological process enrichment
and KEGG signaling pathway analysis were carried out. The results indicated that these 5 ARGs play an
important role in autophagy-related processes such as MAPK signaling pathway and PI3K-Akt signaling
pathway (Figure 6). 

GSEA

The patients were strati�ed according to the median of risk scores, and GSEA results revealed that the
�ve ARGs were favorably enriched in biocarta-TOB1 pathway, antigen receptor mediate signaling
pathway, in�ammatory response to antigenic stimulus, membrane invagination, phagocytic vesicle
membrane, regulation of lymphocyte activation, T cell receptor signaling pathway, NK cell mediated
cytotoxicity, reactome costimulation by the CD28 family and reactome signaling by the B cell receptor,
which were displayed (Figure 7). 

Immune in�ltrating 

The immune cell in�ltration level was further evaluated, as well as the immune function level of the two
groups. We found that low-risk group was marked by all immune cell and immune function in�ltration,
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except aDCs and iDCs. On the contrary, the subject in high-risk group almost all had low immune cell and
immune function in�ltration (Figure 8A-B). A heat map was generated to show the distribution of various
immune cells in osteosarcoma tissues of patients in the �ve groups (Figure 8C).

Response to targeted therapy drugs

According to the predicted IC50s, the high- and low- risk groups had different responses to various
targeted drugs, and the difference was statistically signi�cant. The high-risk group had lower IC50s,
which indicated that the high-risk group was more sensitive to targeted drugs (Figure 9).

Immunohistochemistry

The expressions of 5 hub genes in OS group were more obvious than that in paracancerous group (Figure
10).

Discussion
Nowadays, more and more studies show that autophagy plays an important role in the development and
treatment of OS. Autophagy is a "self-digestion" metabolic process of cell renewal, which has been proved
to continue the growth of tumor cells by maintaining cell energy production (18). In addition, inhibition of
autophagy has also been proved to enhance the effectiveness of anti-cancer therapy (19). These
evidences will bring the hope of molecular targeted therapy to OS patients.

In this study, we screened OS-related ARGs to obtain 5 key ARGs, which are potential targets for new
molecular targeted therapies. A risk prediction model was constructed for these �ve key ARGs, and it was
found that the survival curves of the low-risk group and the high-risk group were signi�cantly separated
(17). In the time-dependent model, the risk score and the number of deaths increased signi�cantly with
the time, indicating that these �ve key ARGs are of great signi�cance in predicting OS prognosis. From
the ROC prediction results of 1-, 3-, and 5-year survival rates, 5 key ARGs could predict the prognosis of
OS patients well. Similarly, �ve key ARGs also showed satisfactory results in the study of clinical traits.

Four of the �ve key ARGs have been experimentally proved and reported to be related to OS. Monocyte
chemotactic protein‐1 (MCP‐1/CCL2) is an important immune factor, which may be important in cancer
progression by promoting proliferation, invasion, metastasis and the tumor microenvironment. Previous
studies have identi�ed that the expression of CCL2 is high in high-grade osteosarcoma cells and
promotes the proliferation and invasion of osteosarcoma cells (20). Another study found that MicroRNA-
150-5p weakens proliferative and invasive potentials in osteosarcoma cells by downregulating VEGFA
level. And the knockdown of VEGFA remarkably weakened osteosarcoma cell proliferative and invasive
capacities (21). Moreover, a few researchers applied multi-region whole-genome sequencing to identify
that ampli�cation of the MYC oncogene is a major driver of childhood osteosarcoma (22). And previous
research uncovered an important role of the /miR-7/EGFR pathway in the migration and invasion of
osteosarcoma cells and suggested that may be a prognostic marker and a promising therapeutic target
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for osteosarcoma (23). As for now, AMBRA1 has not been found to be directly related to OS, but it was
identi�ed that AMBRA1 was related to the occurrence and progression of many tumors, such as, rectal
cancer and prostatic cancer.

According to the results of enrichment analyses, autophagy of OS is closely related to MAPK signaling
pathway and PI3K − Akt signaling pathway. Precious studies demonstrated that PEITC induced
autophagy in K7M2 osteosarcoma cells by activating the ROS-related MAPK signaling pathway (24);
escin counteracted osteosarcoma by inducing autophagy and apoptosis via the activation of the
ROS/p38 MAPK signaling pathway (25). Jin et al. found that miR-1224-5p targeted PLK1 to inhibit
PI3K/Akt/mTOR signaling pathway, thus mediating the autophagy (26). These studies veri�ed that our
results were credible. GSEA suggests that autophagy of OS is favorably related to immune and
in�ammatory response. Related pathways including T cells, B cells and NK cells may be the potential
direction of targeted therapy.

The model suggested that high-risk scores were associated with sensitivity to targeted drugs. Previous
studies have demonstrated the role of these drugs in cancer biological cytology. For example, Axitinib
(AG-013736) is a potent and selective inhibitor of VEGFR 1–3. In transfected or endogenous RTK-
expressing cells, Axitinib potently blocks growth factor-stimulated phosphorylation of VEGFR-2 and
VEGFR-3 (27, 28). AZD8055 showed low activity against all PI3K subtypes (α, β, γ, δ) and other near-PI3K
kinase families (ATM and DNA-PK). AZD8055 inhibits the phosphorylation of mTORC1(p70S6K and 4E-
BP1), mTORC2 (AKT), and downstream proteins (29). BIRB 796 is one of the most effective and slowest-
separating inhibitors of human p38 MAPK (30). Combination of BIRB0796 with p38 MAPKs or JNK1/2
decreased phosphorylation of upstream kinase MKK6 or MKK4, but did not enhance dephosphorylation
(31). The results of these drug sensitivity analyses coincided with the results of the above-mentioned
pathway analysis.

Tumor-associated immune response plays an important role in cell in�ltration in tumor
microenvironment, whereas autophagy plays a key regulatory role in tumor-related immune responses
(32). Immune in�ltration analyses revealed that the immune response and immune system processes
were signi�cantly enriched in the low-risk group, suggesting that low-risk patients have autophagy-related,
anti-tumor immune response processes that reduce the risk of death.

However, there were some limitations remain to be solved. 1. The number of patients in the dataset is not
su�cient. Additional patients should be involved and more su�cient clinical information should be
collected to further verify the stability of the model. 2. Some possible ARGs may be excluded due to our
stringent inclusion criteria. 3. Functional annotation analysis was performed on the target gene based on
bioinformatics analysis. More experiments are required to validate and even correct the KEGG pathway
analysis and GO enrichment results.

Conclusion
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We constructed a risk score model based on �ve ARGs related to OS and veri�ed the accuracy and
stability. Functional enrichment analyses indicated that the genes in the risk scores were involved in
several classical cancer-related biological processes. The role of immune cell in�ltration was
systematically explored, and prediction of response to targeted drugs was assessed.
Immunohistochemistry demonstrated that the �ve hub ARGs obviously expressed in OS tissue slices.
This risk score model provides the basis for the prediction of OS autophagy and the potential guidance
for the treatment.
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Figure 1

(A) Forrest plot of univariate Cox regression. (B) Risk score model construction using LASSO logistic
regression analysis along with 10-fold cross validation. Partial likelihood deviance was plotted versus
log(Lambda). The vertical dotted line indicates the lambda value with the minimum error and the largest
lambda value where the deviance is within one SE of the minimum. (C) LASSO coe�cient pro�les of the
genes associated with the metastasis of osteosarcoma. (D) Forrest plot of multivariate Cox regression.
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Figure 2

(A) Risk score plot (B) survival status scatter plot and (C) heat map of the expression levels of CCL2,
AMBRA1, VEGFA, MYC and EGFR in low‐and high‐risk groups.
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Figure 3

The survival rates and gene expressions of CCL2, AMBRA1, VEGFA, MYC and EGFR.
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Figure 4

(A) Two-dimensional results of PCA. (B) Three-dimensional results of PCA. (C) Independent related risk
factors (gender, age, disease at diagnosis, de�nitive surgery and risk score) selected in nomogram. (D)
Nomogram for predicting 1-, 3-, 5-year survival.
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Figure 5

(A) Kaplan–Meier curve comparing the survival rates of high- and low-risk groups in training sets (B) ROC
curve and (C) calibration curve to judge the accuracy of the nomogram in training sets. (D) Kaplan–Meier
curve comparing the survival rates of high- and low-risk groups in validation sets (B) ROC curve and (C)
calibration curve to judge the accuracy of the nomogram in validation sets.
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Figure 6

(A) Bar plot and (B) bubble plot of GO enrichment pathway. (C) Bar plot and (D) bubble plot of KEGG
enrichment pathway.
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Figure 7

GSEA analysis results for CCL2, AMBRA1, VEGFA, MYC and EGFR.
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Figure 8

Tumor immune in�ltration in low‐and high‐risk groups. (A) The 16 immune cell in�ltration level in low‐and
high‐risk groups. (B) The 13 immune function level in low‐and high‐risk groups. (C) Heatmap showing the
in�ltration level of immune cells in low‐and high‐risk groups.
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Figure 9

Prediction of response to targeted drugs. (A) AG.014699. (B) Axitinib. (C) AZD8055. (D) BIRB.0796. (E)
BAY.61.3606. (F) Elesclomol.
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Figure 10

Immunohistochemistry result of CCL2, AMBRA1, VEGFA, MYC and EGFR.


