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ABSTRACT
Objective: This study aims to examine the role of translation factors (TF) in intervertebral disc degeneration (IVDD) and to 
evaluate their clinical relevance through unsupervised clustering methods.
Methods: Gene expression data were retrieved from the GEO database, and the expression levels of translation factor-related 
genes (TFGs) were extracted for analysis.
Results: Two distinct molecular clusters were identified based on the differential expression of nine significantly altered TFGs. 
Immune infiltration was notably higher in Cluster C2 compared to Cluster C1. Subsequently, two gene clusters were identified 
based on the differentially expressed genes between the clusters. A Sankey diagram illustrated a high degree of consistency be-
tween the molecular clusters and the gene clusters. Additionally, four machine learning models were developed and evaluated, 
with the SVM model being utilized to construct a nomogram for predicting the incidence of IVDD. Validation using external 
datasets and clinical samples confirmed the low expression of EEF2K, which was further analyzed in a pan-cancer context.
Conclusion: The identification and comprehensive assessment of the two molecular clusters offer significant insights for the 
classification and treatment of individuals with IVDD.

1   |   Introduction

Intervertebral disc degeneration (IVDD) is the primary contrib-
uting factor to low back pain (LBP) and is characterized by a 
complex pathogenesis [1]. The development of IVDD can result 
from various factors, including genetic predisposition, over-
weight or obesity, and unhealthy lifestyle choices. Currently, 
effective non-surgical interventions for reversing IVDD re-
main limited, largely due to an incomplete understanding of 

its underlying mechanisms. A deeper comprehension of IVDD 
pathogenesis may offer opportunities to slow disease progres-
sion and reduce the prevalence of disability. Therefore, investi-
gating IVDD subtypes, identifying key genes associated with the 
condition, and elucidating the underlying mechanisms may lead 
to the development of new therapeutic strategies.

A Study has shown that annulus fibrosus (AF) injury is closely 
related to disc degeneration [2]. The AF is a rigid annular part 
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that forms the outer layer of the intervertebral disc and is char-
acterized by nonlinearity, anisotropy, and viscoelasticity. It wraps 
around the nucleus pulposus (NP), prevents herniation of the NP 
tissue, and maintains spinal stability and disc strength. A deeper 
understanding of the specific events affecting the AF and NP disc 
compartments may provide opportunities to explore disc disease 
progression and propose new therapeutic strategies. However, 
the subtypes of AF and the immune microenvironment remain 
unclear.

Huang et  al. [3] found that neutrophil infiltration showed the 
highest significant correlation with central genes such as ULK 
1 and SQSTM 1, and that neutrophils and γδT cells were closely 
associated with the progression of IDD. Moreover, there were 

significant differences in immune profiles between different 
IDD subtypes [4]. Translation factors (TF) play key roles in pro-
cesses like cell growth, division, and apoptosis by facilitating 
the recruitment of ribosomes to mRNA and regulating the elon-
gation of polypeptide chains [5–8]. While it is well established 
that TF abnormalities can lead to various diseases, particularly 
cancer, their impact on cellular function in higher organisms re-
mains largely unexplored [9]. Recent research has only gradually 
begun to uncover the roles of TF in higher organisms. For in-
stance, Eyries et al. identified four biallelic EIF2AK4 mutations 
in sporadic cases of pulmonary veno-occlusive disease (PVOD), 
establishing EIF2AK4 as a key gene implicated in the develop-
ment of PVOD [10]. Xu et al. found that EIF2AK4 is involved in 
Sesn2-mediated mitophagy involved in disc degeneration [11]. 

FIGURE 1    |    Study flowchart: Overall study diagram.
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Additionally, mutations in eIF2B have been directly linked to 
vanishing white matter disease (VWMD) and permanent neo-
natal diabetes mellitus (PNDM) [12]. Despite these advance-
ments, the role of TF in IVDD remains unclear.

This study conducted a comprehensive assessment of the char-
acterization and immune infiltration of two clusters using the 
GSE27494, GSE17077, GSE41833, and GSE70362 datasets. The 
GSE datasets were from AF samples, and that unsupervised clus-
tering analysis identified differential changes in TG. Moreover, 
Immune cell infiltration was analyzed in different groups. The 
analysis revealed a high degree of consistency between the out-
comes of the two clusters, which may influence the classification 
and treatment approaches for IVDD. Furthermore, a nomogram in-
corporating five TF-related genes (EIF2S3, EIF2B5, EIF2B1, GSPT2, 
and EEF2K) was developed, demonstrating accurate predictions of 
IVDD incidence. Additionally, the study validated the expression 
of EEF2K and examined its significance in a pan-cancer context. A 
schematic representation of the study is depicted in Figure 1.

2   |   Materials and Methods

2.1   |   Data Acquisition and Processing

The GEO database (https://​www.​ncbi.​nlm.​nih.​gov/​geo/​) pro-
vided five distinct AF groups: GSE27494 (n = 8), GSE17077 
(n = 19), GSE41833 (n = 8), and GSE70362 (n = 24) (Table S1). 

The three GEO datasets (GSE27494, GSE17077, GSE41833) 
were merged, and the R package “SVA” was used to normalize 
the expression levels across different batches. The combined 
data served as the test set, while GSE70362 was designated as 
the validation set. Fifty TFGs were obtained from the GSEA 
“WP_TRANSLATION_FACTORS” pathway (http://​www.​
broad​insti​tute.​org/​gsea/​) (Table S2).

2.2   |   TFG Landscape

Differential analysis of the 50 TFGs was conducted using 
the “limma” R package, with a significance threshold set at 
p < 0.05. The chromosomal localization of TFGs was visual-
ized using the R “circos” package. Heatmaps were used to dis-
play the expression levels of the differential TFGs across the 
samples.

2.3   |   Consensus Cluster Analysis

Unsupervised consensus analysis was conducted on 19 patients 
diagnosed with IVDD using the “ConsensusClusterPlus” R 
package. The analysis involved 1000 resamples, each consisting 
of 80% of the samples. The optimal number of clusters (k) was de-
termined using a Consensus Cumulative Distribution Function 
(CDF) plot. Finally, principal component analysis (PCA) was 
used to assess the clustering results.

FIGURE 2    |    Landscape of TFGs. (A) The differential expression boxplot of 50 TFGs. (B) Heatmap depicting nine significant TFGs. (C) Chromosome 
position. (D) Heatmap for correlation analysis.

https://www.ncbi.nlm.nih.gov/geo/
http://www.broadinstitute.org/gsea/
http://www.broadinstitute.org/gsea/
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2.4   |   ssGSEA and GSEA

Immune cell infiltration was analyzed using single-sample gene 
set enrichment analysis (ssGSEA) with the “GSVA” R package. 
Subsequently, correlations between immune cells, clusters, and 
key genes were assessed. To further elucidate the potential roles 
of the biomarkers, GSEA was performed on specific genes using 
the “c2.cp.kegg.symbols.gmt” and “c5.go.symbols.gmt” datasets.

2.5   |   Machine Learning Models

Based on the differentially expressed TFGs, four machine learning 
models (Random Forest, Support Vector Machine, Generalized 
Linear Model, and eXtreme Gradient Boosting) were developed 
using the “caret” package. The differentially expressed TFGs served 
as explanatory variables, with IVDD samples as the response vari-
able. The performance of the four models was assessed using the 
“DALEX” package. Finally, the importance of the differentially 
expressed TFGs in predicting the response variable was assessed.

2.6   |   Nomogram for IVDD

The nomogram was developed using the “rms” package to 
clinically predict the occurrence of IVDD. The calibration 
performance and clinical value of the model were assessed 
through the use of a calibration curve and decision curve 
analysis.

2.7   |   Pan-Cancer Analysis

The online TIMER platform (https://​cistr​ome.​shiny​apps.​io/​
timer/​​) was used to assess the expression of EEF2K mRNA 
across various cancer types. The prognostic significance of 
EEF2K was analyzed using GEPIA2 (http://​gepia2.​cance​r-​pku.​
cn/​). Information on the protein subcellular localization of 
EEF2K was retrieved from The Human Protein Atlas (THPA) 
database (https://​www.​prote​inatl​as.​org/​). Interacting pro-
teins with EEF2K were investigated using the STING database 
(https://​cn.​strin​g-​db.​org/​).

FIGURE 3    |    First consensus cluster analysis: (A) Consensus matrices of the 9 significant TFGs for k = 2. (B) Consensus clustering CDF for k = 2–9. 
(C) Relative change in area under the CDF curve for k = 2–9. (D) PCA of the two clusters. (E) Boxplot of differences in the degree of immune cell in-
filtration. (F) Heatmap of TFGs for two clusters.

https://cistrome.shinyapps.io/timer/
https://cistrome.shinyapps.io/timer/
http://gepia2.cancer-pku.cn/
http://gepia2.cancer-pku.cn/
https://www.proteinatlas.org/
https://cn.string-db.org/


5 of 13

2.8   |   Clinical Samples

Intervertebral disc tissues were obtained from the Second 
Affiliated Hospital of Nanchang University. Three cases of de-
generative AF tissues were collected from patients who under-
went discectomy for disc herniation, while three cases of normal 
AF tissues were obtained from patients who had surgery for 
trauma or scoliosis without IVDD. This study received approval 
from the Ethics Committee of the Second Affiliated Hospital of 
Nanchang University[I-2023(6)].

2.9   |   Immunohistochemistry

The IVD tissue included 3 normal and 3 degenerative. EEF2K 
levels were assessed using mmunohistochemistry (IHC). Rabbit 
anti-EEF2K antibody (Proteintech, 1:200, catalog number 
13510-1-AP) was used for staining. NIKON Eclipse ci equipped 
with NIS_F_Ver43000_64bit_E software was used for observa-
tion and snapping.

3   |   Results

3.1   |   Data Processing

A total of thirty-five samples from three datasets—GSE27494, 
GSE17077, and GSE41833—were combined, including 16 nor-
mal samples and 19 degenerated samples. The samples were 

normalized and merged to eliminate batch effects, ensur-
ing that all three datasets were calibrated to the same level 
(Figure S1).

3.2   |   Landscape of the TFGs

A total of 50 TFGs were analyzed. Initially, expression levels of 
these TFGs in normal versus degenerated IVD samples were 
compared, resulting in the identification of nine significantly 
differentially expressed TFGs: EEF2K, EIF1, EIF2AK3, EIF2B1, 
EIF2B3, EIF2B5, EIF2S3, EIF3H, and GSPT2 (Figure  2A,B). 
EIF1 and EIF2AK3 were up-regulated in degenerated samples, 
whereas EEF2K, EIF2B1, EIF2B3, EIF2B5, EIF2S3, EIF3H, and 
GSPT2 were downregulated. The chromosomal locations of 
these genes are depicted in Figure 2C. A heatmap illustrating 
correlations between gene expression levels across different 
samples is depicted in Figure 2D.

3.3   |   Two Clusters Identified by Significant TFGs

Unsupervised clustering analysis of IVDD was conducted 
to examine expression patterns of TFGs based on the expres-
sion of nine TFGs. Two distinct clusters with different TFG 
patterns were identified (Figure 3A–C). Cluster 1 and Cluster 
2 each comprised of seven samples. The ability of significant 
TFGs to differentiate between these patterns was further 
validated through PCA (Figure  3D). Additionally, immune 

FIGURE 4    |    Two-cluster enrichment analysis. (A) Heatmap displaying gene expression levels in the two clusters. (B) Bar chart for enrichment 
analysis. (C) Enhanced pathway regulatory network.
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infiltration levels in the two clusters were assessed using 
ssGSEA. Cluster 2 demonstrated higher levels of immune 
infiltration compared to Cluster 1 (Figure  3E). Heatmaps il-
lustrating TFG expression in the two clusters are depicted in 
Figure 3F.

3.4   |   Enrichment Analysis of the Two Clusters

To interpret the intrinsic differences between the two clusters, 
several analyses were conducted. First, a heatmap was generated 
to display genes differing between the two clusters (Figure 4A). 
Notably, inflammation-related genes like IL6, IL8, and CXCL1, 
were highly expressed in Cluster 2. These genes were primarily 
enriched in the pathways “Overview of Proinflammatory and 
Profibrotic Mediators,” “IL-18 Signaling Pathway,” and “Immune 
Infiltration in Pancreatic Cancer” (Figure  4B). The pathway 
network analysis revealed close interactions among each other 
(Figure 4C).

3.5   |   Identification of Two Gene Clusters

To gain insight into the significance of genes differentially ex-
pressed between the two clusters, a consensus clustering algo-
rithm was used. This analysis identified two distinct gene clusters 
based on 72 differentially expressed genes (Figure 5A–C). PCA 
further demonstrated different distribution patterns between the 
two gene clusters (Figure 5D). Gene Cluster B exhibited notably 
higher levels of immune cell infiltration (Figure 5E). To elucidate 
the relationship between the clusters and gene clusters, a Sankey 
plot was constructed, revealing a significant level of correspon-
dence (Figure 5F).

3.6   |   Screening for Hub Genes by Machine 
Learning

Four models were developed using the training data to iden-
tify the characteristic TFGs for disease characterization and 

FIGURE 5    |    Second consensus cluster analysis. (A) Consensus matrices of the differential gene between clusters at k = 2. (B) Consensus clustering 
CDF for k = 2–9. (C) Relative change in area under the CDF curve for k = 2–9. (D) Principal component analysis of the two gene clusters. (E) Boxplot 
depicting differences in immune cell infiltration. (F) The link between clusters and gene clusters.
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IVDD incidence prediction. Residual box plots, inverse cu-
mulative distributions of residuals, and ROC curves demon-
strated that the SVM model exhibited superior prediction 
accuracy compared to the other models (Figure  6A–C). 
Consequently, the SVM model was selected. Box plots illus-
trated the importance of the five key variables considered in 
each of the four models (Figure 6D). A heatmap displayed the 
correlations between these five important TFGs and immune 
cells (Figure 6E).

3.7   |   Construction of the TFGs-Based 
Predictive Model

Given that the SVM model was identified as optimal, the initial 
five genes (GSPT2, EIF2B5, EEF2K, EIF2S3, EIF2B1) from this 
model were selected for further analysis. A nomogram model 
was developed to estimate the probability of IVDD inci-
dence based on these five key TF-related genes (Figure  7A). 
Calibration curves confirmed the accuracy of the TFG-based 
predictive model (Figure 7B). DCA curves proposed that the 

decisions made by the TFG-based predictive model could be 
advantageous for patients diagnosed with IVDD (Figure 7C).

3.8   |   Pan-Cancer Analysis of EEF2K

Given that EEF2K emerged as the most critical gene in the SVM 
model, a pan-cancer analysis was conducted. EEF2K was under 
expressed in tumors like BLCA, BRCA, COAD, and KICH, 
while it was overexpressed in tumors like CHOL, HNSC, KIRC, 
and KIRP, indicating its potential as a pan-cancer biomarker 
(Figure 8A). Survival analysis revealed that EEF2K expression 
was associated with poor survival outcomes in only a few malig-
nancies (Figure 8B). Specifically, decreased EEF2K expression 
correlated with poor prognosis in HNSC and KIRC, whereas 
increased expression was linked to worse outcomes in THYM 
(Figure  8C). Additionally, immunofluorescence (IF) staining 
demonstrated that EEF2K was primarily localized in the nuclei 
of tumor cell lines (Figure 8D). Finally, a PPI network was con-
structed to illustrate the proteins closely associated with EEF2K 
(Figure 8E).

FIGURE 6    |    Construction of the SVM model. (A) The cumulative residual distribution plot. (B) The nomogram's receiver operating characteristic 
curve. (C) A boxplot of the residuals. (D) The importance of variables. (E) Heatmap of the relationship between hub genes and various infiltrating 
immune cells.
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3.9   |   Low Expression of EEF2K in IVDD

EEF2K expression in IVDD was further validated. Box plots 
from the integrated dataset revealed low expression of EEF2K 
in degenerative AF tissues (Figure  9A). EEF2K demonstrated 
high diagnostic potential as a marker (Figure 9B). To corrobo-
rate these findings, the GSE70362 dataset was used as a valida-
tion set, which confirmed the diagnostic value and differential 
expression of EEF2K (Figure 9C,D). Additionally, IHC staining 
further validated the low expression of EEF2K in AF tissue from 
degenerated discs (Figure 9E).

3.10   |   Potential EEF2K Mechanisms

To examine the underlying EEF2K mechanisms, GSEA was 
conducted. In the GO analysis, EEF2K was associated with 
processes like “granulocyte chemotaxis,” “granulocyte mi-
gration,” “leukocyte chemotaxis,” “myeloid leukocyte migra-
tion,” “neutrophil chemotaxis,” and “neutrophil migration” 
(Figure 10A). The KEGG analysis revealed that EEF2K was in-
volved in pathways including “chemokine signaling pathway,” 

“cytokine-cytokine receptor interaction,” “JAK/STAT signaling 
pathway,” “Nod-like receptor signaling pathway,” and “Toll-like 
receptor signaling pathway” (Figure 10B).

4   |   Discussion

LBP is a major global cause of disability, significantly contrib-
uting to social and economic burdens [13]. In the United States, 
LBP ranks as the second most common reason for physician vis-
its, the fifth most common cause of hospitalization, and the third 
most frequent reason for surgical intervention [14, 15]. IVDD is 
widely acknowledged as the primary cause of LBP [16]. Surgical 
intervention for IVDD typically involves the removal of degen-
erated or prominent tissue [17, 18]. However, such procedures 
may lead to adjacent disc degeneration or other complications 
[19]. Therefore, identifying IVDD heterogeneity, elucidating un-
derlying mechanisms, and identifying key genes are key areas 
of focus. The IVD comprises of the inner NP and the surround-
ing AF. The AF consists of highly organized collagen fibers 
arranged in a fibrous laminar structure, with 15–25 layers of 
collagen types I (Col-I) and II (Col-II). The AF is essential for 

FIGURE 7    |    Developing and validating a nomogram model for IVDD diagnosis. (A) A nomogram of diagnostic biomarkers used to predict IVDD. 
(B) The calibration curve is used to assess the nomogram model's predictive power. (C) The DCA curve is used to assess the clinical application value 
of the nomogram model.
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generating significant circumferential stresses and withstand-
ing substantial tensile and compressive forces. It plays a crucial 
role in maintaining the biomechanical integrity of the IVD [20]. 
Consequently, research on the AF is a focal point of our study.

Numerous studies have used microarray technology to examine 
indicators and key pathways associated with IVDD. Smolders 
et al. reported that the Wnt signaling pathway is downregulated 

in early IVDD [21]. Gruber et al. analyzed gene expression pat-
terns related to pain, nerve function, and neurotrophic factors 
in human IVD [22]. Additionally, Gruber and Wan et  al. iden-
tified several aberrantly expressed lncRNAs [23, 24]. High-
throughput microarray analyses have significantly advanced the 
understanding of the potential pathogenesis of IVDD. The global 
regulation of mRNA translation is critical for controlling cellu-
lar activities. Aberrant levels of mRNA translation-associated 

FIGURE 8    |    EEF2K has been studied across multiple cancers. (A) A pan-cancer study of EEF2K expression using the TIMER. (B) EEF2K survival 
map in pan-cancer. (C) Kaplan–Meier survival curves for total survival. (D) Immunofluorescence images indicate EEF2K protein expression in the 
nucleus, endoplasmic reticulum (ER), and microtubules of HeLa, Heo-G2, and U2OS cells. (E) The PPI network of EEF2K.
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factors may contribute to disease development. Despite this, the 
specific role of TF in IVDD remains unclear, warranting further 
investigation.

We identified nine significant genes from the 50 TFGs and 
used these to subtype the IVDD samples. Various analyses, in-
cluding immune infiltration and PCA, revealed that the results 
were highly consistent across the subtyped IVDD samples. 
Subsequently, a nomogram based on an SVM model was devel-
oped to estimate the likelihood of IVDD occurrence. The low 
expression of EEF2K was validated using external datasets and 
IHC, while its significance in pan-cancer contexts was examined.

Protein synthesis regulation is critical for eukaryotic organ-
isms, with EEF2K serving as a key regulator that inhibits pro-
tein translation to conserve biological energy [25, 26]. Aberrant 
EEF2K expression has been linked to the prognosis of various 
cancers, including melanoma, pancreatic cancer, and lung can-
cer [27–29]. Additionally, EEF2K plays a vital role in regulating 
the metabolism of certain immune cells. Chen et  al. demon-
strated that EEF2K enhances PD-L1 stability and expression by 
inactivating GSK3β, thereby helping cancer cells evade immune 
surveillance [29]. In this study, EEF2K was downregulated in 
IVDD, and single-gene GSEA indicated that inflammatory 
pathways might underlie this observation.

IVD is traditionally considered an organ with a privileged im-
mune environment, exhibiting a minimal presence of immune 
cells [30]. However, damage to the AF or cartilaginous end-
plate (CEP) can lead to angiogenesis and subsequent immune 
cell infiltration into the disc. This infiltration exacerbates 
the inflammatory environment within the IVD, resulting in 
increased expression of cytokines and chemokines [31]. This 
process accelerates the breakdown of the extracellular matrix 
(ECM) [32]. Cytokines and chemokines have a direct impact 
on the NP, AF, and CEP cells, and may also extend beyond the 
IVD, potentially leading to localized nerve root sensitization or 
enhanced migration of cells to the IVD [33–36]. Lee et al. [37] 
found significant macrophage infiltration in mouse degener-
ated discs, which is consistent with the findings of Silva et al. 
[38] that macrophages may induce disc degeneration by regu-
lating the expression of proteoglycan and collagen-II-related 
genes and interfering with the synthesis of extracellular ma-
trix mediated by interleukin 1β. Wang et  al. [39] speculated 
that a special type of immune microenvironment is generated 
in the pathological process of disc degeneration, in which 
macrophages and regulatory T cells (Tregs) are recruited, and 
these immune cells regulate ID1, PTPRK, and RAP2C genes 
through signaling pathways such as transforming growth fac-
tor β and MAPK, which leads to pathological changes in the 
disc. Ling et al. [40] performed scRNA-seq analysis of three 

FIGURE 9    |    Expression levels of EEF2K. (A, C) EEF2K expression was lower using the merged datasets (GSE41883, GSE27494, and GSE17077) 
and the external validation set (GSE70362). (B, D) ROC analysis of EEF2K. (E) Immunohistochemical staining reveals low levels of IVDD.
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FIGURE 10    |    Enrichment analysis results for the GSEA gene set. (A) Go terms. (B) KEGG pathway.
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human NP tissues with Pfirrmann grades II, III, and IV and 
identified immune cells including macrophages, T cells, my-
eloid progenitor cells, and neutrophils; functional analysis 
showed that most of these immune cells were involved in 
neutrophil activation, neutrophil degranulation, and related 
pathways such as apoptotic signaling and apoptotic signaling. 
Trajectory analysis showed that ApoE induced activation of 
M1 macrophages and a decrease in the proportion of M2 mac-
rophages during disc degeneration, suggesting that dynamic 
polarization of M1 and M2 subtypes of macrophages may play 
an important role in amplifying the inflammatory cascade; 
cell communication analysis showed that nuclear factor κB-
mediated macrophage polarization may induce an inflamma-
tory response through the MIF signaling pathway. Significant 
differences in immune cell infiltration were observed among 
clusters in our study. Additionally, single-gene GSEA for 
EEF2K proposes that immune mechanisms may be involved. 
These findings imply that TFGs likely play a role in regulating 
immune infiltration and, consequently, in IVDD progression.

To summarize, this study introduces a new genetic subtype 
based on TFGs and develops a predictive model. Nevertheless, 
several limitations must be acknowledged. First, despite the 
integration of multiple microarray datasets, the sample size 
remains relatively small. Second, the clinical data available 
were insufficient, and more comprehensive clinical informa-
tion is needed to fully assess the association between subtypes 
and clinical outcomes. Finally, further research is necessary to 
clarify the molecular pathways associated with these findings. 
These aspects will be addressed in future studies.

5   |   Conclusion

TFGs are valuable for distinguishing between different IVDD 
clusters. The predictive model developed demonstrates strong 
performance in forecasting IVDD. A thorough analysis of these 
clusters can contribute to a deeper understanding of the molecu-
lar mechanisms of IVDD.
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