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Abstract
Background

Transcription factors (TFs) are involved in the initiation and development of many cancers, regulating
cancer-related activities. However, the signi�cance of TF-related genes in predicting the prognosis of
osteosarcoma (OS) patients is not yet clear. Risk strati�cation using prognostic markers can facilitate
clinical decision-making and effect in the treatment of cancer.

Material and methods

In the study, we aimed to establish an optimal TF signature for predicting the prognosis of OS patients.
We identi�ed 24 differentially expressed TFs in metastatic and non-metastatic OS samples from the
Therapeutically Applicable Research to Generate Effective Treatments (TARGET) database. Subsequently,
we performed univariate and multivariate cox regression analysis to built a TFs-related prognostic
signature (TRPS) con�rmed in an independent cohort (GSE39055). The ESTIMATE algorithm was used to
estimate the immune/stromal cell score.

Results

We built a TRPS for OS patients, including MESP1 and ZNF597. Kaplan-Meier (KM) survival analysis and
receiver operating characteristic (ROC) curve both con�rmed the accuracy of the signature. Multivariate
analysis proved that this TRPS was an independent prognostic predictor of OS, and it was further
con�rmed in the GSE39055 dataset and multiple clinical subtypes. In addition, we found a signi�cant
negative correlation between stromal score and risk score. Moreover, the relative abundance of NK cells in
the low-risk prognosis group was notably higher than that in the high-risk prognosis group.

Conclusion

In summary, we established a TFs-related prognostic signature with high diagnostic, prognostic e�cacy
in OS patients, which may optimize the prognostic management of osteosarcoma patients and help
achieve individualized treatment.

1. Introduction
Osteosarcoma (OS) is one of the most common primary bone malignant tumors affecting children,
adolescents, and young adults[1]. OS primarily came from malignant bone mesenchymal cells[2].
Currently, the primary therapies include operation, chemotherapy, targeted therapy, and immune therapy,
the outcomes of OS patients remain not very ideal[3, 4]. The 5-year overall survival is only about 20%
once it develops metastatic disease[5]. Therefore it is important to explore novel prognostic biomarkers
and optimize personalized management of OS patients. Numerous studies have shown that molecular
risk assignments could facilitate prognostic assessment e�ciently and guide individualized precision
therapy of OS patients[6–8].
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Transcription factors (TFs) can identify speci�c DNA sequences to regulate transcription[9]. Many studies
have found that TFs are often involved in the occurrence, development, metastasis and migration of
many human cancers, including OS[10, 11]. For example, Runx2 is thought to be related to metastasis
and poor response to chemotherapy in OS patients[12, 13]. The stem cell transcription factor Sox2 is
considered a key factor in the development of OS and the proliferation of cancer cells[14]. Overexpression
of EMT transcription factor (EMT-TF)[15] and Signal transducer and activator of transcription 3 (STAT3)
is correlated with poor outcome of OS[16]. These �ndings indicate that TFs play an essential role in the
development and prognosis of OS. To this end, we screened differentially expressed TFs (DETFs) in
metastatic and non-metastatic OS samples. We established a TFs-related prognostic signature (TRPS)
that signi�cantly correlated with the prognosis of OS patients and validated it in another independent
cohort. In conclusion, our study discovers a novel TRPS, a promising independent prognostic biomarker
of OS.

2. Materials And Methods

2.1. Data collection
We gathered the mRNA expression data and the corresponding clinical data of OS patients from the
TARGET database (https://ocg.cancer.gov/programs/target/). The mRNA expression data and clinical
follow-up data of OS samples in GSE39055 are downloaded from the GEO database (https:// www. ncbi.
nlm. nih. gov/ geo/). The clinical information of the OS samples in the two data sets is shown in
Supplementary Table 1. And the TF list was gathered from the Human Transcription Factors website
(http://humantfs.ccbr.utoronto.ca/).[17] The work�ow chart of this study is in Supplementary Fig. 1.

2.2. Screening of differentially expressed transcription
factors
According to the mRNA expression pro�les and clinical follow-up information of OS samples in the
TARGET data set, we divided the patients into metastatic and non-metastatic groups and screened TF-
related mRNAs. Using the R package limma and Wilcox. test in RStudio software, we ascertained DETFs
between the two groups. |log(FC)| ≥ 0.5 and p-value < 0.05 were set as the cut-off value.

2.3. Construction and assessment of the TFs-related
prognostic signature
We performed univariate analysis to ascertain independent prognostic TFs. Then, the TRPS was
established on the bias of the multivariate Cox stepwise regression analysis results. We calculated the
risk score of each patient based on the expression level of DETFs and the coe�cient calculated by the
multivariate Cox regression model. Finally, according to the optimal cut-off value determined by the X-tile
3.6.1 software, OS patients were divided into low and high-risk groups. The Kaplan-Meier survival
analysis and the ROC curve was used to validate the accuracy of the TRPS. Next, we divided the OS
patients in GSE39055 datasets into low- and high-risk groups on the bias of the same formula, verifying
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the applicability and utility of the TRPS. We used univariate and multivariate cox regression to ascertain
the independence of risk signature in predicting the prognosis of OS patients. According to age, gender,
site, metastatic, and risk score, we built a nomogram through the R package "rms".

2.4. The correlation between the TFs-related prognostic
signature and the immune microenvironment
According to the mRNA expression data, we used the ESTIMATE algorithm [18] to calculate the immune
score and stromal score of each OS sample. Then, based on the median value of immune and stromal
scores, the patients were divided into high scores and low scores groups. We evaluated the relative
abundance of 28 subpopulations in the TARGET cohort by single-sample gene set enrichment analysis
(ssGSEA), including Treg, Tfh, TAM, macrophages, neutrophils, T helper cells, etc.[19].

3. Results

3.1. Identi�cation of differentially expressed transcription
factors related to OS patients
In the TARGET dataset, compared with non-metastatic primary samples (n = 65), we screened 24 DETFs
in metastatic osteosarcoma samples (n = 22). Among them, 23 genes were down-regulated in metastatic
tumor tissues, and 1 gene was up-regulated in metastatic tumor tissues (Fig. 1A, Fig. 1B).

3.2. Construction and assessment of the multi-TF predictive
model
We carried on univariate regression analysis to establish TFs-related gene signature in osteosarcoma.
And three genes are ascertained to be obviously correlated with the outcome of OS patients.
(Supplementary Table 2, Fig. 1C). Then, based on multivariate cox regression analysis, we established a
prognostic risk model on the bias of two genes (ZNF597 and MESP1). The risk score of each OS patient
was calculated as follows: [-1.4218 * ZNF597] + [0.4236 * MESP1]. Then we split the OS samples into
high and low-risk groups based on the optimal cut-off value of the risk score calculated by the X-Tile
software (2.24) (Supplement Fig. 2). Then based on the TRPS, we plotted the expression heat map, the
risk score distribution and the survival status between the two risk groups (Fig. 1D). The Kaplan-Meier
survival curve suggested that the prognosis of OS patients in the low-risk group was observably better
than that in the high-risk group (Fig. 1E). ROC curve results suggested that the AUCs were 0.870, 0.868,
and 0.777 at 1, 2, and 3 years, which indicated our TRPS had a high predictive performance (Fig. 1F). And
as shown in Supplement Fig. 3, the AUCs for 1-, 3- and 5-year OS predictions of the TRPS were higher
than AUCs of age, gender, and site in the TARGET cohort. And we found that the metastatic OS samples
showed a higher risk score than the non-metastatic samples (P < 0.001), indicating that the signature is
closely correlated with the metastasis. (Fig. 1G).
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3.3. The veri�cation of the TFs-related prognostic signature
in an independent cohort
We did a validation analysis in another independent cohort (GSE39055) to ascertain whether the TRPS
has a better predictive value for OS patient survival. The patients were split into low- and high-risk
prognostic groups using the same formula and cut-off value (2.24). The Kaplan-Meier survival analysis
suggested that the prognosis of OS patients in the high-risk group was markedly worse than that in the
low-risk group (Fig. 2A). And the ROC curve results showed that the 3-year predicted AUC was 0.759
(Fig. 2B). Similarly, independent predictive analysis suggests that risk score can also be regarded as an
independent prognostic factor in the GSE39055 data set (Fig. 2C, D). These results demonstrated that our
TRPS could also have good reproducibility in other independent cohorts of OS patients.

3.4. Independence predictive activity of the TFs-related
prognostic signature in OS patients
As we all know, a promising prognostic biomarker is supposed to be independent of other
clinicopathological factors to predict patient survival, such as age, sex, and metastasis. Therefore we
regrouped the OS patients on the basis of different clinical characteristics and conducted Kaplan-Meier
survival curves, respectively. The results manifested that the outcome of OS patients in the low-risk group
was observably better than that in the high-risk group regardless of age, gender, and metastasis (p < 0.05,
Fig. 2E, F, and G). Also, we conducted the univariate and multivariate prognostic analysis indicating that
our TRPS is an independent predictor. (Fig. 3A, B). All of the results manifested that the TRPS had
satisfactory independence and applicability in OS patients. In addition, we constructed the nomogram for
predicting 1-,3-, and 5- year survival rates on the bias of the risk score and other clinicopathological
factors (Fig. 3C).

3.5. The correlation between the TFs-related prognostic
signature and the immune microenvironment
We use the ESTIMATE algorithm to estimate the immune cell and stromal cell scores of the OS samples
in the TARGET database. We found that the overall survival rate of OS samples with the lower stromal
score was lower than that of the high stromal score group (Fig. 4A). Moreover, the stromal scores of
patients in the high-risk group were obviously lower than those in the low-risk group (Fig. 4B). Therefore,
we speculate that the risk score and stromal scores are negatively correlated (Fig. 4C). As for immune cell
in�ltration (ICI), we carried on ssGSEA analysis on the OS samples in the TARGET cohort (Fig. 4D, E) and
GSE39055 data set (Fig. 4F, G). The intersection of the two data sets showed that the abundance of NK
cells in the low-risk prognosis group was notably higher than that in the high-risk prognosis group. And
we found that the abundance of NK cells also had a difference between the metastatic and the non-
metastatic OS groups (Fig. 4H). The abundance of NK cells in the metastatic group was notably lower
than that in the non-metastatic group.
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4. Discussion
Osteosarcoma is the most frequent primary solid malignancy of bone, and the most common sites of
occurrence are the metaphysis of long bones[20, 21]. The 5-year overall survival is meagre once it
develops the metastatic disease. Transcription factors play an essential part in regulating gene
expression, while several stages involved in tumor formation require modi�cations of gene expression
programs[22]. Recently, a large number of TFs- related prognostic genes have been discovered in many
cancers. These genes are combined to establish TFs-related prognostic signatures, such as liver
cancer[23] and head and neck squamous cell carcinoma[24]. However, the TFs-related prognostic
signature has not yet been established in OS. Therefore, we screened DETFs from osteosarcoma samples
in the TARGET database and established a TRPS to predict the prognosis accurately.

Our study ascertained 24 DETFs in non-metastatic and metastatic OS samples. Then we used univariate
and multivariate Cox regression analysis to construct a TRPS with high diagnostic, prognostic e�cacy in
OS patients (MESP1, ZNF597). Post Mesoderm 1 (MESP1), as a basic helix-loop-helix transcription factor
member, is the primary regulatory gene for mesendoderm formation[25]. MESP1 is considered to be the
primary regulator of the cardiovascular lineage[26]. MESP1 expression is elevated in many cancers.
MESP1 has been reported to be regarded as an oncogene in lung cancer[27]. And research has reported
that MESP1 can regulate skeletal muscle differentiation in a context-sensitive manner without serum-
derived factors [28]. Therefore, we suggested that MESP1 might be involved in the development of the
OS. ZNF597 belongs to a human speci�cally imprinted gene encoding zinc �nger protein[29]. There are
few previous studies on ZNF597, and the methylation of ZNF597 is negatively correlated with ambient
temperature[30]. Studies have shown that the hypomethylation of ZNF597 is correlated with some rare
diseases, such as imprinting diseases[31], brain development disorders[32] and silver-Russell
syndrome[33]. At present, we know very little about ZNF597, and its biological functions need to be
further explored.

We next assessed the accuracy of the TRPS by conducting the Kaplan–Meier analyses and ROC
analyses and did a validation analysis in another independent cohort (GSE39055). Moreover, clinical
subgroup, univariate and multivariate Cox regression analyses both showed the independent predictive
activity of the signature in OS patients. All the results indicated that the signature was a powerful
predictor prognosis of OS.

Moreover, we studied the correlation between the immune/stromal cells in�ltrated in tumor
microenvironment (TME) and the prognostic signature. We found that the score of in�ltrated stromal cells
in TME is closely correlated with OS prognosis and notably negatively correlated with the risk score.
These results indicated that we could predict the relative content of stromal cells in the TME of OS
patients based on the risk score.

Natural killer (NK) cells are lymphocytes with cytotoxic activity that can target and kill malignant cells[34].
Activated NK cells can release cytokines and induce cancer cell lysis through various mechanisms,
playing an essential role in controlling tumor progression and metastasis[35, 36]. Research has pointed
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out that NK cell activators have achieved a good prognosis in treating high-grade osteosarcoma[37]. And
a recent study indicated that the relative abundance of NK cells in the non-recurrent OS group was higher
than that in the recurrent group[38]. Our results indicated that the low-risk prognosis group had a higher
abundance of NK cells than the high-risk prognosis group. Moreover, we constructed a nomogram for
effectively predicting 1-, 3-, and 5- year survival rates on the bias of the risk score and other
clinicopathological factors.

Although we provide promising prognostic biomarkers for OS with high clinical value, this study also has
some unavoidable limitations, as with all research. First, the sample size for osteosarcoma in the public
database was small, and some clinical information was incomplete, which may in�uence our subgroup
analysis. Secondly, there is no functional experiment to verify the speci�c mechanism of MESP1 and
ZNF597 in osteosarcoma. Therefore, it is important to design prospective studies to verify our �ndings,
covering more extensive and comprehensive samples.

5. Conclusion
In summary, we established a TFs-related prognostic signature with high diagnostic, prognostic e�cacy
in OS patients (MESP1 and ZNF597) and did a further validation analysis in another independent cohort
(GSE39055). The signature can conduct risk strati�cation focusing on OS patients and facilitate
personalized management. Clinical subgroup, univariate and multivariate Cox regression analyses
showed the independent predictive activity of the signature in OS patients. In addition, we found that the
risk signature is closely related to TME. The TFs-related prognostic signature can be used as a prognostic
biomarker of OS patients, stimulating new ideas for TF-targeted therapy and promote personalized
clinical treatment. However, more research is needed to verify our �ndings.
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Figure 1

Construction and assessment of the TFs-related prognostic signature. Heatmap (A) and box plot (B) of
the DETFs between metastatic and non-metastatic osteosarcoma samples from the TARGET database.
Red represents higher expression genes, green represents lower expression genes, black represents the
same expression genes. (C) Forest plot of univariate Cox regression analysis of the survival-related 3
DETFs in osteosarcoma. (D) The risk scores, survival status, and gene expression levels between the
high-risk and low-risk groups. Kaplan–Meier survival analysis (E) and ROC analysis of the risk scores for
1, 2, and 3 years overall survival prediction(F). (G) Risk scores between metastasis and non-metastasis
groups. (TARGET: Therapeutically Applicable Research to Generate Effective Treatments; DETFs:
differentially expressed transcription factors; ROC: receiver operating characteristic)

Figure 2



Page 14/16

Validation of the TFs-related prognostic signature in GSE39055 and multiple clinical subtypes analysis.
(A) Kaplan–Meier survival plot. (B) Survival prediction of the risk signature was assessed by ROC curve
for 3 years. (C,D) Univariate and multivariate Cox regression analysis of risk score and different clinical
features in osteosarcoma. Kaplan–Meier curve of osteosarcoma patients (E)age < 18 years and age ≥ 18
years; (F)male and female, and (G)metastatic and non-metastatic in the TARGET database.

Figure 3

Prognostic capacity evaluation and nomogram analysis of the TFs-related prognostic signature in the
TARGET database. (A) Univariate cox regression analysis of risk score and different clinical features in
osteosarcoma. (B) Multivariate cox regression analysis of risk score and different clinical features in
osteosarcoma. (C) The nomogram to predict the 3- and 5-year survival risk of osteosarcoma patients.
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Figure 4

The difference of tumor environment between high- and low-risk groups in the TARGET database. (A)
Kaplan-Meier survival curve of stromal score among the high-risk and low-risk group (B) The difference of
stromal score between the high-risk prognostic and low-risk prognostic group. (C) The correlation
analysis between the risk score and the stromal score. (D, E) Differences in 16 immune cells and 13
immune characteristics were found in the TARGET database between the high- and low-risk prognostic
groups. (F, G) The correlations between risk score and different immune cells and immune features in the
GSE39055 dataset. (H) The abundance of NK cells between metastasis and non-metastasis groups.
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