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Abstract
Objective  To explore the bioinformatics characteristics and potential mechanisms of signal transducer and activator of 
transcription (STAT3) in chronic myelogenous leukemia (CML).
Methods  Through the cancerSEA and CCLE databases, the expression of STAT3 in CML was verified and analyzed. Sub-
sequently, K562 cells were treated with the STAT3 inhibitor Stattic. Western blotting, cell counting, and flow cytometry 
were utilized to observe its impact on the functions of K562 cells. Then, Gene Set Enrichment Analysis (GSEA) and Gene 
Set Variation Analysis (GSVA) were applied to deeply explore the regulatory mechanism of STAT3. The "LIMMA" software 
package was used to calculate STAT3-related differentially expressed genes (DEGs). Machine-earning methods were uti-
lized to screen the STAT3-related hub genes. The "pROC" software package was employed to perform Receiver Operating 
Characteristic (ROC) curve analysis on the hub genes. The "corrplot" software package was used to conduct a correlation 
analysis of the hub genes. The "RMS" software package was applied to construct a nomogram of the hub genes. Based 
on the DisGENET database, a disease network of the hub genes was constructed, and the DGIdb database was used to 
construct a drug network of the hub genes.
Results  In CML, the expression of STAT3 is upregulated compared to housekeeping genes. Among the 14 cell lines related 
to CML, STAT3 has the highest expression level in K562 cells. Stattic at a concentration of 5 μM can inhibit the prolifera-
tion of K562 cells, promote their apoptosis, and block the cell cycle at the S phase (P < 0.05). GSEA and GSVA indicates 
that amino acid metabolism, NOD-like receptor of STAT3. LASSO and SVM-RFE show that NCF4, PLAS1, IL7R, and TAGLN2 
are hub differentially expressed genes (DEGs) related to STAT3. ROC and Nomogram indicate that the hub DEGs have 
high clinical diagnostic value. Correlation analysis shows that PLAS1 and NCF4 are negatively correlated, while PLAS1 and 
TAGLN2 are positively correlated. The construction of gene-disease networks reveals that these genes not only participate 
in the occurrence and development of CML but also jointly participate in multiple disease processes. The gene-drug 
network obtained 38 drugs targeting genes.
Conclusion  STAT3 might serve as a potential target for the treatment of CML. In CML, NCF4, PLAS1, IL7R, and TAGLN2 are 
hub genes associated with STAT3. These findings offer a fundamental theory for comprehending the pathogenesis of CML.
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1  Introduction

Chronic myeloid leukemia (CML) is a highly life-threatening clonal malignant disease. The fundamental cause of its 
pathogenesis mainly lies in the reciprocal translocation between the long arms of chromosomes 9 and 22 [1]. This specific 
genetic alteration leads to the formation of the fusion oncoprotein BCR-ABL, which is a constitutively active tyrosine 
kinase with a molecular weight of 210 kDa [2]. The natural course of CML can be clearly divided into three distinct stages. 
In the chronic phase, most patients present with symptoms such as elevated white blood cell counts and splenomegaly 
[3]. Although CML in this phase is relatively stable to some extent, continuous monitoring and appropriate treatment are 
essential. As the disease progresses, it enters the accelerated phase, where the condition gradually deteriorates, accom-
panied by the emergence of various abnormal cellular characteristics and clinical manifestations [4]. Eventually, it enters 
the blast crisis phase, which is closely related to bone marrow failure. Unfortunately, the prognosis is extremely poor [5].

The advent of tyrosine kinase inhibitors (TKIs) has greatly revolutionized the treatment of CML patients. It has effec-
tively transformed what was once a fatal leukemia into a manageable chronic condition treatable with oral medications 
[6]. Specifically, in the chronic phase, TKIs demonstrate remarkable therapeutic effects in CML patients. Patients who 
respond optimally to treatment can even expect a lifespan comparable to that of healthy individuals [7]. However, it is 
worth noting that over time, a considerable number of patients undergoing TKI treatment develop drug resistance, which 
poses a significant challenge to the long-term treatment of CML [7]. Therefore, addressing the issue of TKI resistance or 
actively exploring alternative drug targets holds great promise for opening up new therapeutic avenues and formulating 
innovative treatment strategies for CML [8].

During the occurrence and development of CML, multiple signal transduction pathways are abnormally activated 
[9]. Among them, STAT3 is a key signal transduction molecule. A large amount of previous research evidence indicates 
that the abnormal activation of STAT3 is closely associated with the occurrence and development of various tumors, 
including CML [10]. Structurally, the STAT3 protein consists of 770 amino acids and contains six functionally conserved 
domains. These domains endow STAT3 with the ability to regulate a wide range of genes involved in key aspects of cancer 
cell behavior, such as angiogenesis, survival, proliferation, drug resistance, invasion, metastasis, and immune evasion 
[11]. A large number of studies have shown that STAT3-mediated metabolic alterations can effectively counteract drug 
resistance in CML [12]. Under the influence of TKI treatment, CML cells exhibit BCR-ABL-independent activation of STAT3. 
In addition, genetic knockout of STAT3 has been shown to significantly suppress the development of drug persistence 
in CML cells. Moreover, the application of small-molecule inhibitors targeting STAT3 can enhance the sensitivity of CML 
cells to TKI treatment [13].

Among them, the STAT3 inhibitor Stattic has shown unique effects in related studies. When treating the K562 cell line of 
CML with Stattic, it can significantly affect the STAT3 pathway [14]. Detection by Western blotting technology reveals that 
it can effectively reduce the expression level of STAT3, thereby blocking the continuous activation of the STAT3 pathway 
[15]. The abnormal activation of this pathway is one of the key factors in the development of CML. Meanwhile, in the 
study of apoptosis-related genes, it is found that after treatment with Stattic, the expression of the anti-apoptotic gene 
BCL-2 is significantly downregulated, while the expression of the pro-apoptotic gene BAX is significantly upregulated [16]. 
This change indicates that Stattic can induce apoptosis in K562 cells by regulating the expression of apoptosis-related 
genes. In addition, evaluation using cell counting and flow cytometry shows that Stattic can effectively inhibit the pro-
liferation of K562 cells, change the cell-cycle distribution, and cause more cells to be arrested in phases more sensitive 
to apoptosis, further promoting apoptosis [17].

Our research team has been intensively engaged in in-depth research on the epigenetic regulation of the malignant 
proliferation of leukemia cells. Relevant literature reports that the activity of JAK/STAT3 plays a crucial role in promot-
ing epigenetic pluripotency. Specifically, it can promote de novo DNA methylation and contribute to the formation 
of chromatin in the late stage of reprogramming [18]. In addition, numerous independent studies have consistently 
demonstrated that STAT3 has a significant impact on the survival and disease progression of CML cells through multiple 
mechanisms. For example, it can drive tumor cell proliferation, suppress apoptosis, and actively participate in the tumor 
immune-escape process [19]. Given these important findings, delving deeper into the potential functions and regulatory 
mechanisms of STAT3 is of utmost theoretical and clinical significance for the treatment of CML.
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In the era of rapid development of bioinformatics technology, the systematic analysis of gene expression data has 
emerged as a powerful tool for deciphering the biomolecular characteristics and pathological mechanisms underly-
ing various diseases. In the present study, we aim to ingeniously combine functional experiments with bioinformatics 
approaches to conduct an in-depth exploration of the mechanism through which STAT3 functions during the progression 
of CML. At the same time, we will vigorously search for differentially expressed genes that are significantly correlated with 
STAT3. We sincerely hope that these efforts will bring new possibilities for the clinical treatment of CML, thereby offering 
more hope and improved treatment outcomes for patients suffering from this debilitating disease.

2 � Materials and methods

2.1 � Materials

The K562 cell line was purchased from Wuhan Procell Life Science & Technology Co., Ltd. The STAT3 inhibitor Stattic 
was purchased from MedChemExpress. The cell cycle and apoptosis detection kit was provided by Biosharp, and the 
phosphate-buffered saline was purchased from Solarbio. The Stat3, Bcl-2, and Bax antibodies were all purchased from 
Wuhan Sanying Biotechnology Co., Ltd. in China.

2.2 � Data collection

In this study, we obtained the mRNA transcriptome datasets GSE5550 and GSE24739 related to chronic myeloid leukemia 
(CML) from the Gene Expression Omnibus (GEO, https://​www.​ncbi.​nlm.​nih.​gov/​geo/). Specifically, the GSE5550 dataset 
encompasses blood samples from 9 CML patients and 8 healthy controls, while the GSE24739 dataset contains blood 
samples from 16 CML patients and 8 normal controls. The data were retrieved on August 11, 2024. To conduct in—depth 
analysis, we extracted the relevant gene sets c5.go.v2023.1.Hs.symbols.gmt and c2.cp.kegg.v2023.1.Hs.symbols.gmt from 
the Molecular Signatures Database v7.0 (MSigDB v7.0) for Gene Set Enrichment Analysis (GSEA) and Gene Set Variation 
Analysis (GSVA) to analyze the gene sets.

2.3 � Cell culture

For the resuscitation operation of K562 cells, RPMI 1640 cell culture medium, combined with 10% fetal bovine serum 
produced by American Gibco company and 1% double antibody, is cultured in a cell incubator containing 5% carbon 
dioxide and set at a temperature of 37 ℃. Ensure that the cell density is maintained at a level of 8 × 10^5, and replace 
the medium after culturing for 24 h.

2.4 � Cell proliferation detection

Inoculate 8 × 10^5 cells in a six-well cell culture plate, and then add Stattic inhibitors with final concentrations of 0 μM, 
2.5 μM, 5 μM, and 10 μM respectively. After 48 h and 96 h, measure the number of proliferating cells and conduct statisti-
cal analysis using GraphPad Prism software.

2.5 � Western blot experiment

In the collected K562 cell samples, the protease inhibitor PMSF and lysis buffer RIPA were added to perform the cell lysis 
procedure. Subsequently, the samples were placed in a frozen high-speed centrifuge and centrifuged for 30 min to col-
lect the supernatant. Then, the supernatant was placed in a metal bath and boiled at 100 ℃ for 10 min. Electrophoresis 
and transfer membrane operations were performed using a 15% concentration of SDS-PAGE premixed gel. After the 
transfer membrane was completed, skim milk powder was used to block for 1 h at room temperature. After that, the 
primary antibody was added to the sample and incubated overnight on a shaker at 4 ℃. The next day, the membrane 
was washed three times with PBST, then the secondary antibody was incubated at 37 ℃ for 1 h, and the membrane was 
washed three times again with PBST. Finally, the protein was detected using a biological imaging system.

https://www.ncbi.nlm.nih.gov/geo/
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2.6 � Flow cytometry for detecting cell apoptosis

After conducting the cell proliferation experiment, select an appropriate concentration of Stattic based on the results 
to treat the K562 cell line in the logarithmic growth phase, and then collect cell samples. The samples need to be 
washed twice with pre-cooled PBS solution to remove residual medium components. Next, set up a Blank tube, a 
PE single-stained tube, and a 7-AAD single-stained tube to facilitate the subsequent adjustment of the voltage and 
compensation parameters of the flow cytometer. Add 5 μL of PE and 5 μL of 7-AAD dye to the samples respectively, 
gently mix well, and incubate at room temperature in the dark for 15 min to ensure that the dyes are fully bound to 
the cells. After incubation, add 400 μL of Binding Buffer to each tube, mix well again, and then filter the cell suspen-
sion through nylon cloth into a flow tube to ensure the preparation of a single-cell suspension. Finally, use the BD 
FACSCalibur flow cytometer to detect the stained cell samples and analyze the data through Flowjo software to dis-
tinguish the proportions of live cells, early apoptotic cells, late apoptotic cells, and dead cells. The statistical analysis 
of the obtained data is completed by GraphPad Prism software.

2.7 � Flow cytometry for detecting cell cycle

After treating K562 cells in the logarithmic growth phase with Stattic, we collected various cell samples. Subsequently, 
we washed the samples twice with phosphate-buffered saline (PBS) and removed the supernatant. Then, we fixed the 
cells with 1 mL of pre-cooled 70% ethanol. For each sample, we added 25 μL of propidium iodide staining solution 
(20-fold dilution) and 10 µl of RNase A (50-fold dilution) to 0.5 mL of staining buffer and thoroughly mixed them. 
Then, we added 0.5 mL of propidium iodide staining solution to each cell sample, gently mixed and resuspended the 
cell pellet, and then incubated it at 37 °C in the dark for 30 min for flow cytometry detection. The stained samples 
were detected by BD FACSCalibur flow cytometer, detecting red fluorescence at an excitation wavelength of 488 nm 
and simultaneously recording light scattering. Finally, we analyzed the data using Modfit-1 software and accurately 
counted the percentage of cells in each stage of the cell cycle.

2.8 � GEO chip data arrangement

Using R software, background correction, normalization processing, and conversion to base 2 logarithm were carried 
out on the two transcriptome datasets, GSE5550 and GSE24739. When multiple probes correspond to the same gene, 
the average value method was adopted to determine the expression level of that gene. Through the “SVA” software 
package, batch effects and other unwanted variations were successfully eliminated. Finally, these two datasets were 
integrated into a unified dataset for subsequent analysis.

2.9 � Gene set enrichment analysis (GSEA) analysis

In order to further clarify the molecular mechanism through which STAT3 acts on CML, the Spearman correlation 
between the STAT3 gene and all the other genes within the CML dataset was computed. Based on the ranking 
derived from this correlation, the gene sets c5.go.v2023.1.Hs.symbols.gmt and c2.cp.kegg.v2023.1.Hs.symbols.gmt 
were adopted as the background sets for the enrichment analysis, and GSEA was then conducted on the STAT3 gene.
The minimum and maximum sizes of the gene sets were set at 10 and 500 respectively. A nominal p value less than 
0.05 along with a false discovery rate (FDR), represented by q value, less than 0.25 were considered to be statistically 
significant.

2.10 � Gene set variation analysis (GSVA) analysis

To gain a deeper understanding of the differences in pathways between the high and low expression groups of 
STAT3, the GSVA scores of each pathway in the high and low expression groups of STAT3 within CML tumor samples 
were calculated.
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2.11 � Identification of STAT3‑related hub genes

Under the conditions where the correlation coefficient was greater than zero point three and less than one, as well 
as less than minus zero point three and greater than minus one, the STAT3 correlated gene expression matrix of CML 
transcriptome data was computed through the "limma" package. Using the "limma" package, differential genes(DEGs) 
analysis was carried out on the high-expression and low-expression groups of STAT3 within the STAT3 correlated gene 
expression matrix to obtain the corresponding P-value and logFC (log2 fold change) value. The difference threshold 
was defined as: P < 0.05 and log2-fold change FC > 0.5. Visualization was conducted using the R package “Heatmap”. 
The heatmap depicted the expression of DEGs in the high-expression and low-expression group samples. To com-
prehensively understand the distribution of DEGs, a volcano plot was utilized to display this distribution. In order to 
screen hub genes more precisely and deeply explore the key regulatory genes of STAT3 in CML, this study adopted 
two advanced machine-learning methods. One of them is the Least Absolute Shrinkage and Selection Operator 
(LASSO) regression algorithm. Through its unique regularization approach, it effectively improves the prediction 
accuracy and can efficiently and accurately identify a set of candidate genes of great research value from massive 
gene data. In the actual operation process, we utilized the powerful “glmnet” package in the R programming language 
to successfully execute the LASSO regression algorithm, ensuring the efficiency and accuracy of the analysis process.
The other method is the Support Vector Machine (SVM). As a classic supervised machine-learning technique, it has 
demonstrated excellent performance in both classification and regression analysis and is extremely widely applied. 
However, to avoid overfitting in the model, which may affect the reliability of the analysis results, we introduced the 
Recursive Feature Elimination (RFE) algorithm. This algorithm can, based on specific evaluation criteria, screen layer by 
layer from the complex metadata queue and finally select the optimal genes that are most crucial for improving the 
model performance. Based on the complementary advantages of the above-mentioned methods, this study further 
adopted the Support Vector Machine-Recursive Feature Elimination (SVM-RFE) algorithm for feature selection. This 
algorithm combines the powerful classification ability of SVM with the feature-screening advantage of RFE, aiming 
to precisely screen out the hub genes that are most closely associated with STAT3 in CML and most critical to the 
disease progression from numerous genes. In the specific implementation process of the SVM-RFE algorithm, we 
relied on the “e1071” package in the R language.

2.12 � Differential expression and roc analysis of hub genes

The expression of hub genes was visualized by means of the “ggplot2” and “ggpubr” packages within R software. The area 
under the receiver operating characteristic curve (ROC), also known as the Area Under Curve (AUC), was calculated through 
the “pROC” package to gain a deeper understanding of the clinical diagnostic significance of hub genes for CML. When the 
AUC is greater than zero point seven, it indicates a relatively high level of clinical diagnostic accuracy.

2.13 � Correlation analysis of hub genes

After clarifying the clinical diagnostic effect among hub genes, on the basis of the correlation between STAT3 and hub genes, 
the correlation of hub genes was further calculated using the “corrplot” R package to uncover their functional similarity.

2.14 � Construction and verification of diagnostic model

The “rms” R package was employed to predict the Nomogram model for CML. "Score" refers to the score of the subsequent 
related items, and “Total score” is the sum of all the elements above. Subsequently, the calibration curve was utilized to assess 
the prediction ability of the line graph model. Finally, decision curve analysis and clinical impact curve were employed to 
evaluate the clinical application value of the model.

2.15 � Construction of STAT3 and its hub genes‑disease network

To explore the diseases jointly involved with STAT3 and hub genes, diseases related to STAT3 and hub genes were retrieved 
from the DisGeNET (https://​www.​disge​net.​org/) database. Subsequently, the gene-disease relationship network was 
constructed using Cytoscape.

https://www.disgenet.org/
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2.16 � Gene‑drug network construction

In an effort to explore potential therapeutic drugs for STAT3 and its associated characteristic genes, drug prediction was 
implemented in the drug-gene interaction database DGIdb (https://​dgidb.​org).

2.17 � Statistical analysis

In this study, the independent sample t-test was employed for comparing the means between two groups in terms of 
cell proliferation, apoptosis, and cell cycle statistics. A p value less than 0.05 was regarded as statistically significant. Bio-
informatics analysis was carried out using R language version 4.2.0. Relevant language packages were directly obtained 
from Bioconductor (http://​www.​bioco​nduct​or.​org/), including packages such as "rms", "SVA", "LIMMA", “clusterProfiler”, 
“DOSE”, “glmnet”, “ggplot2”, “ggpubr”, “pROC”, “pheatmap”, “vioplot”, and “corrplot”. When *P < 0.05, it is statistically con-
sidered that there is a notable difference.

3 � Results

3.1 � Expression of STAT3 in CML‑related cell lines

To explore the expression of STAT3 in chronic myelogenous leukemia (CML), based on the CancerSEA (hrbmu.​edu.​cn) 
database, it was found that STAT3 expression in CML is higher than that of housekeeping genes (Fig. 1A). To further 
investigate the expression of STAT3 in CML-related cell lines, through the CCLE (aclbi.​com) database, it was found that 
among 14 CML-related cell lines, STAT3 expression is highest in the K562 cell line (Fig. 1B). Based on this, this study uses 
the K562 cell line as an in vitro model for functional research.

3.2 � Effects of STAT3 inhibitor stattic on cell lines such as K562

This study demonstrated the changes in the number of K562 cells over time (0–4 days) after treatment with different 
concentrations of Stattic (0 μM, 2.5 μM, 5 μM, 10 μM). It revealed that Stattic at a concentration of 5 μM had a significant 
inhibitory effect on the growth of K562 cells, with the cell number increasing significantly less than that at other concen-
trations (P < 0.001) (Fig. 2A).Furthermore, this study presented the changes in the number of HL60 and THP-1 cells over 
time (0–4 days) after treatment with 5 μM Stattic. Similar to the K562 cell line, the effects of Stattic on the growth of these 
two cell lines were observed (P < 0.001) (Fig. 2B).Through WB experiments, this study detected the expression levels of 
Stat3, Bcl-2, and Bax proteins in K562, HL60, and THP—1 cell lines after treatment with 5 μM Stattic. The experimental 
results showed that Stattic significantly inhibited the expression of Stat3 and Bcl-2, while promoting the expression 
of Bax, and this trend was similar in different cell lines. The bar graphs below quantified the relative expression levels 

Fig. 1   Expression of STAT3 in CML-related cell lines. A Analyze the expression of STAT3 in the CancerSEA database. B Detect the expression of 
STAT3 in 14 cell lines related to CML

https://dgidb.org
http://www.bioconductor.org/
https://hrbmu.edu.cn/
https://aclbi.com/
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of these proteins (P < 0.001) (Fig. 2C).Flow cytometry was used to analyze the apoptosis of K562 cells before and after 
treatment with 5 μM Stattic. Early and late apoptotic cells were distinguished by Annexin V-PE and 7-AAD staining. The 
experimental results indicated that the apoptosis rate of K562 cells increased significantly after Stattic treatment (Fig. 2D) 
(P < 0.001).Flow cytometry was also employed to detect the cell cycle distribution of K562 cells before and after treat-
ment with 5 μM Stattic. The results showed that after Stattic treatment, the proportions of cells in the G2/M and S phases 
decreased, and the proportion of cells in the G0/G1 phase changed. The bar graph on the right quantified and compared 
the proportions of cells in each phase (Fig. 2E) (P < 0.001).Overall, these data suggest that the STAT3 inhibitor Stattic can 
inhibit the growth of cell lines such as K562, promote apoptosis by regulating the expression of related proteins, and 
affect the cell cycle distribution.

3.3 � GSEA analysis

After clarifying the phenotypic function of STAT3 on CML, GSEA was further used to deeply understand the molecular 
mechanism of STAT3 acting on CML, so as to determine the impact of the synergistic changes of STAT3 within this gene 
set on phenotypic changes. The pathways with significant functional enrichment of STAT3 based on the c5.go.v2023.1.Hs.
symbols.gmt gene set are amino acid metabolism, response to molecules of bacterial origin, mitochondrial matrix, 
organic acid catabolic process, and cellular amino acid metabolic process (Fig. 3A). The results with significant pathway 
enrichment of STAT3 based on the cp.kegg.v2023.1.Hs.symbols.gmt gene set are NOD-like receptor signaling pathway, 
cytokine receptor interaction, DNA replication, porphyrin and chlorophyll metabolism, and valine and isoleucine deg-
radation (Fig. 3B).

3.4 � GSVA analysis

To further understand the differences in pathways between the high and low expression groups of STAT3, the GSVA 
scores of each pathway in the high and low expression groups of STAT3 in CML tumor samples were calculated. It was 
found that there were significant differences in the following pathways. Among them, the more significant pathways 
based on c5.go.v2023.1.Hs.symbols.gmt functional enrichment analysis are valine and isoleucine degradation, fatty acid 
metabolism, propionic acid metabolism, and cell cycle. The experimental results of this study also show that the expres-
sion of STAT3 can regulate the cell cycle of chronic myeloid leukemia K562 cells (Fig. 4A). The more significant pathways 
based on c2.cp.kegg.v2023.1.Hs.symbols.gmt pathway enrichment analysis are pigment body apoptosis condensation, 
regulation of axon diameter, cellular magnesium ion balance, signaling pathways similar to nod-like receptors, and regu-
lation of chondrocyte development (Fig. 4B). And some of the same pathways are enriched simultaneously with GSEA, 
further indicating the reliability of the study. These differentially expressed pathways are more biologically significant 
and more interpretable compared to genes.

3.5 � Identification of hub genes of STAT3

A total of 1968 genes correlated with STAT3 were obtained by calculating CML transcriptome data through the "limma" 
package, and the STAT3-correlated gene expression matrix was obtained. Differential gene analysis was performed on 
samples in the high and low expression groups of STAT3 in the STAT3-correlated gene expression matrix, and a total of 
412 significantly DEGs were obtained, including 254 up-regulated genes and 157 down-regulated genes (Fig. 5A, B). 
LASSO regression was used to identify differentially expressed genes related to STAT3, and 16 variables were determined 
as diagnostic markers for CML (Fig. 5C, D). The SVM-RFE algorithm determined six feature subsets (Fig. 5E). Venn analysis 
identified four overlapping feature genes between the two machine learning algorithms as TAGLN2, NCF4, PIAS1, and 
IL7R (Fig. 5F). The above four genes may be hub genes involved in the occurrence and development of CML.

3.6 � DEGs and ROC analysis of STAT3 significantly correlated genes

The research results show that the expressions of TAGLN2 and NCF4 are significantly up-regulated, and the expressions 
of PIAS1 and IL7R are significantly down-regulated (Fig. 6A). The results of ROC analysis show that TAGLN2 (AUC = 0.895), 
NCF4 (AUC = 0.973), PIAS1 (AUC = 0.915), and IL7R (AUC = 0.907) have relatively high AUC values and strong diagnostic 
value (Fig. 6B).
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3.7 � Correlation analysis of TAGLN2, NCF4, PIAS1, and IL7R

The study reveals a negative correlation between PIAS1 and NCF4, suggesting their possible negative regulatory roles 
in the biological regulatory network. At the same time, the positive correlation between PIAS1 and TAGLN2 indicates 
significant functional similarity between the two, providing a new perspective for understanding their synergistic effects 
in cell signal transduction (Table 1) (Fig. 7).

3.8 � Construction and validation of nomogram

With the assistance of the "rms" software package, this study constructed a Nomogram model for characteristic genes 
(PLAS1 and NCF4) with a total score exceeding 2 (Fig. 8A). Its predictive ability was meticulously evaluated through 
calibration curves. In decision curve analysis, the Nomogram curve is significantly higher than the gray line. The PLAS1 
and NCF4 curves reveal that under high-risk thresholds, patients can derive substantial benefits from the Nomogram 
model (Fig. 8B). The calibration curve further indicates that the disparity between the true risk and predicted risk of CML 
is minimal, fully demonstrating the high accuracy of the Nomogram model (Fig. 8C). To evaluate the clinical effect of 
the Nomogram model more intuitively, we drew a clinical impact curve based on the DCA curve. Within the high-risk 
threshold, the "high-risk number" curve is closely adjacent to the "high-risk number with events" curve, further indicat-
ing the excellent predictive ability of the Nomogram model (Fig. 8D).

3.9 � Construction of gene‑disease network.

Research shows that genes such as STAT3, NCF4, PLAS1, IL7R, and TAGLN2 not only play key roles in the occurrence and 
development of CML, but also jointly participate in the pathological processes of many other diseases, including systemic 
lupus erythematosus, asthma, adenocarcinoma of lung, breast carcinoma, neoplasms, primary malignant neoplasm, 
malignant neoplasms, and diabetes mellitus. This finding has been detailedly demonstrated in (Fig. 9).

3.10 � Construction of gene‑drug network

This study successfully identified 38 drugs targeting specific genes. Based on this, a detailed gene-drug interaction net-
work was constructed. It is particularly noteworthy that the IL7R gene is dually regulated by recombinant human interleu-
kin-7 and ruxolitinib. The NCF4 gene is jointly affected by six drugs including cyclophosphamide, prednisone, rituximab, 
vincristine, idarubicin, and doxorubicin hydrochloride. In addition, the STAT3 is regulated by as many as 30 drugs such 
as celecoxib and cucurbitacin E (Fig. 10).In the DGIdb database, we did not find any direct interactions between the two 
additional genes (PLAS1 and TAGLN2) and drugs that we studied.

4 � Discussion

CML accounts for approximately 15% of adult leukemias [20]. Although the introduction of TKIs has achieved remarkable 
results in treatment, some patients still cannot achieve the goal of cure due to drug resistance or intolerance issues [21]. 
As a member of the signal transducer and activator of transcription (STAT) protein family, STAT3 undergoes abnormal 
activation within tumor cells. It regulates cell growth, differentiation, and gene expression, participates in numerous 
biological processes, and is closely associated with tumor drug resistance [22]. Therefore, the development of small-
molecule inhibitors targeting STAT3 has become an important goal in the field of tumor treatment research. In leukemia 

Fig. 2   Effects of STAT3 inhibitor Stattic on proliferation, apoptosis and cell cycle of K562 cells. A presents the changes in the number of K562 
cells within 0–6 days after treatment with different concentrations of Stattic. B Shows the changes in the number of HL60 and THP-1 cells 
within 0–6 days after treatment with 5 μM Stattic. C Displays the WB results and quantitative analysis of the expression levels of Stat3, Bcl-
2, and Bax proteins in K562, HL60, and THP-1 cell lines after treatment with 5 μM Stattic. D Uses flow cytometry to compare the apoptosis 
of K562 cells before and after treatment with 5 μM Stattic. E By means of flow cytometry, compares the cell cycle distribution of K562 cells 
before and after treatment with 5 μM Stattic
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Fig. 3   GSEA analysis. A Conducted STAT3 enrichment analysis based on the c5.go.v2023.1.Hs.symbols.gmt gene set. B Performed pathway 
enrichment analysis of STAT3 based on the c2.cp.kegg.v2023.1.Hs.symbols.gmt gene set
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Fig. 4   Shows the results of GSVA enrichment analysis of high and low expression groups of STAT3 in CML. A Perform gene set functional enrichment analysis of 
STAT3 based on c5.go.v2023.1.Hs.symbols.gmt. B Conduct gene set pathway enrichment analysis of STAT3 based on c2.cp.kegg.v2023.1.Hs.symbols.gmt
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Fig. 5   Shows the screening results of hub DEGs related to STAT3. A Show the heatmap of STAT3-related DEGs. B Analyze the volcano plot of 
STAT3-related DEGs. C Present the pathway diagram of LASSO coefficients. D Show the pathway diagram of LASSO regularization. E Display 
the analysis results of SVM-RFE. F Venn diagram analysis



Vol.:(0123456789)

Discover Oncology          (2025) 16:739  | https://doi.org/10.1007/s12672-025-02492-5 
	 Research

cells, the activation of STAT3 promotes the transcription of angiogenesis—related genes, leading to the formation of 
leukemia phenotypes [19]. In addition, it maintains the undifferentiated state of leukemia cells by inducing the expres-
sion of myeloid differentiation genes [23].

In the regulatory mechanism of cell apoptosis, the BCL-2 and BAX genes play crucial roles. BCL-2 is an anti-apoptotic 
gene. Its high expression can inhibit cell apoptosis, enabling cancer cells to continue to survive and proliferate [24]. 
Conversely, BAX is a pro-apoptotic gene. When it is activated and highly expressed, it promotes the occurrence of cell 
apoptosis. Previous studies have shown that the abnormal activation of STAT3 is closely related to abnormal cell apoptosis 
[25]. STAT3 may affect the process of cell apoptosis by regulating the expression of apoptosis—related genes such as 
BCL-2 and BAX [26]. In view of this, when studying the mechanism of action of STAT3 on chronic myeloid leukemia cells, 
choosing the BCL-2 and BAX genes as research objects helps to deeply analyze the specific role of STAT3 in regulating 
cell apoptosis, providing key clues for understanding the pathogenesis of chronic myeloid leukemia and developing 
new treatment strategies [27].

The expression pattern of STAT3 in leukemia has been widely studied. Research shows that the expression of STAT3 
is up-regulated in leukemia, indicating that STAT3 plays a key role in this disease [28]. Targeting the STAT3 signaling 
pathway has become a potential treatment strategy for leukemia. Currently, small—molecule inhibitors and antisense 

Fig. 6   DEGs and ROC analysis of STAT3. A Analyze the differential expression of TAGLN2, NCF4, PIAS1 and IL7R. B Conduct ROC analysis on 
TAGLN2, NCF4, PIAS1 and IL7R.*P < 0.05, **P < 0.005, ***P < 0.001

Table 1   Correlation analysis Gene NCF4 PIAS1 IL7R TAGLN2

NCF4 R =1.0
PIAS1 **R = − 0.58 R = 1
IL7R R = 0,09 R = 0.18 R = 1
TAGLN2 R = − 0.17 *R = 0.4 R = − 0.19 R = 1
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Fig. 7   Correlation between 
hub genes.*indicates that 
the correlation coefficient R 
ranges from 0.3 to 0.5 or from 
− 0.5 to − 0.3; **indicates that 
the correlation coefficient R 
ranges from 0.5 to 0.7 or from 
− 0.7 to − 0.5; ***indicates that 
the correlation coefficient R 
ranges from 0.7 to 1 or from 
− 1 to − 0.7

Fig. 8   Construction and validation of Nomogram. A Nomogram. B Decision curve. C Calibration curve. D Clinical impact curve
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oligonucleotides that inhibit STAT3 activity have been developed, and some of them have shown good effects in 
pre—clinical models. For example, the small—molecule inhibitor Stattic has been proven to selectively inhibit the 
phosphorylation of STAT3, thereby inducing the apoptosis of chronic myeloid leukemia cells without affecting normal 
cells [29]. Currently, clinical trials are investigating the efficacy of JAK inhibitors in treating chronic myeloid leukemia. 
This type of inhibitor can indirectly reduce the activation of STAT3 [30]. In conclusion, the STAT3 gene and its related 
signaling pathways play a vital role in the pathogenesis of chronic myeloid leukemia. Dysregulated activation of 
the STAT3 signal is one of the characteristics of chronic myeloid leukemia, leading to uncontrolled proliferation and 
survival of leukemia cells [31]. In-depth exploration of the activation and functional role of STAT3 in chronic myeloid 
leukemia is essential for the development of targeted therapies aimed at improving patient prognosis.

Bioinformatics methods play a key role in deeply understanding and analyzing the role of the STAT3 signaling 
pathway in chronic myeloid leukemia. By analyzing the gene expression profiles of chronic myeloid leukemia patient 
samples in the GEOpublic database, it is found that the related genes of STAT3 are generally up-regulated in chronic 
myeloid leukemia patients. To further reveal the specific role of STAT3 in chronic myeloid leukemia, this study adopted 
algorithms such as machine learning and identified the hub genes related to STAT3 in chronic myeloid leukemia as 
NCF4, PLAS1, IL7R, and TAGLN2. These genes may be closely related to the occurrence and development of chronic 
myeloid leukemia. The experimental results show that in K562 cells intervened by Stattic, the expression of STAT3 is 
significantly down-regulated, cell proliferation is inhibited, the apoptosis rate increases, and the S—phase of the cell 
cycle is blocked. At the same time, the study also found that the expression of the BCL-2 is significantly down—regu-
lated, and the expression of the BAX is significantly up-regulated. This further verifies that the regulatory effect of 
STAT3 on cell apoptosis is achieved by affecting the expression of BCL-2 and BAX genes. This experimental result indi-
cates that STAT3 plays a crucial role in the regulation of proliferation and apoptosis of chronic myeloid leukemia cells.

In summary, this study explored the preliminary mechanism of action of STAT3 on K562 cells and identified the hub 
genes NCF4, PLAS1, IL7R, and TAGLN2 related to STAT3 in CML, providing more potential targets for the treatment of 
chronic myeloid leukemia. However, its limitation lies in the lack of verification with clinical samples. The significance 
of this study lies in identifying the hub genes NCF4, PLAS1, IL7R, and TAGLN2 related to STAT3 expression through 
bioinformatics analysis methods, and verifying the impact of STAT3 on the proliferation, cycle, and apoptosis of K562 
cells, providing a theoretical basis for gene therapy of leukemia and the search for drug targets.

Fig. 9   Shows the construc-
tion of the network of STAT3 
and its related hub genes and 
diseases



Vol:.(1234567890)

Research	  
Discover Oncology          (2025) 16:739  | https://doi.org/10.1007/s12672-025-02492-5

5 � Conclusion

This study has thoroughly investigated the mechanism of action of STAT3 in K562 cells and successfully identified 
hub genes that are closely associated with STAT3. The aim of the study is to expand new targets for the treatment 
strategy of CML. Although the research findings have unveiled the crucial role of STAT3 in the processes of K562 cell 
proliferation, cell cycle regulation, and apoptosis, and have provided a solid theoretical foundation for gene therapy 
and the discovery of drug targets for leukemia, this study still has certain limitations, mainly manifested in the lack 
of further verification using clinical samples. Additionally, the study found that the activity of STAT3 is closely con-
nected to certain specific signaling pathways, such as the JAK-STAT pathway, which offers a new direction for future 
research. The research team also noted that the role of STAT3 may vary in different types of leukemia cells, suggesting 
the need for more personalized treatment strategies.
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