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Abstract: Objective: Multiple myeloma (MM) is a plasma cell malignancy characterized by complex cytogenetic ab-
normalities and a supportive bone marrow microenvironment that promotes tumor growth and drug resistance.
Despite the lack of curative options, novel targeted therapies show promise in overcoming resistance and improving
patient outcome. Therefore, this study aimed to identify and validate prognostic biomarkers and underlying mech-
anisms in MM using integrated bioinformatics, machine learning, and experimental approaches. Methods: This
study used bioinformatics analyses to identify key candidate genes and molecular pathways in MM. Differentially
expressed genes (DEGs) were identified from datasets (GSE5900, GSE7116, GSE146649), followed by functional
enrichment, protein-protein interaction network, and survival analyses. Results: GAS2L3 was identified as a key
gene in MM, strongly associated with prognosis. A GAS2L3-based risk model predicted patient survival. Functional
assays, including Cell Counting Kit-8, Transwell, and terminal deoxynucleotidyl transferase dUTP nick end labeling,
showed that GAS2L3 silencing suppressed cell proliferation, migration, and invasion, while promoting apoptosis in
RPMI-8226 cells. Immune infiltration analysis revealed significant associations between GAS2L3 and immune cell
populations, including memory B cells and natural killer cells. Single-cell transcriptomic analysis identified the HLA-
E-KLRK1 signaling axis as a key regulator of MM progression. Conclusions: This study uncovered novel molecular
markers and immune regulatory pathways, providing insight into MM prognosis and possible therapeutic strategijes.
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Introduction heterogeneity. Studies using microarray and
RNA sequencing have identified differentially
expressed genes (DEGs), constructed prognos-
tic gene signatures, and characterized the
tumor immune microenvironment [5-7]. For
instance, Zhou et al. developed a GAS2 family-
based prognostic model for MM patients [8].
Other studies have applied machine learning
algorithms to public MM datasets to develop
risk stratification models and examine asso-
ciations between gene expression and clinical
outcome [9-11]. Single-cell RNA sequencing
(scRNA-seq) studies further clarify cellular het-
erogeneity and intercellular communication
within the MM bone marrow microenvironment
[12]. Despite these advances, several limita-
tions persist. Many prognostic models rely on a

Multiple myeloma (MM) is characterized by
clonal plasma cell proliferation in the bone mar-
row, accounting for approximately 10% of all
hematologic malignancies [1]. The uncontrolled
growth of malignant plasma cells causes
severe complications, including osteolytic bone
disease, renal impairment, anemia, and hyper-
calcemia [2]. Although immunomodulatory
drugs, proteasome inhibitors, and monoclonal
antibodies have significantly improved out-
come, MM remains largely incurable, with most
patients eventually relapsing and developing
drug resistance [3, 4]. Its high mortality rate
and inevitable development of treatment resis-
tance underscore the urgent need for novel
prognostic biomarkers and therapeutic tar-

gets.

Recently, transcriptomic profiling has emerged
as a powerful tool for dissecting MM molecular

single dataset or analytical approach, limiting
generalizability across independent cohorts.
Furthermore, most transcriptomic-based stud-
ies emphasize model construction without fun-

https://doi.org/10.62347/E0ZA1443


http://www.ajtr.org
https://doi.org/10.62347/EOZA1443

Immune infiltration and core genes in multiple myeloma

ctional experimental validation, leaving the bio-
logic relevance of identified biomarkers largely
unclear [13-16].

To address these limitations, this study adopt-
ed an integrated analytical approach combin-
ing multi-dataset transcriptomic analysis, par-
allel machine learning feature selection, im-
mune infiltration characterization, and single-
cell transcriptomic profiling. Three independent
Gene Expression Omnibus (GEO) datasets were
selected based on the following criteria: (1)
inclusion of MM and normal control samples
for differential expression analysis, (Il) use of
purified CD138-positive plasma cells to mini-
mize contamination from non-malignant cells,
and (lll) adoption of widely used Affymetrix
microarray platforms to ensure cross-platform
compatibility. Reanalyzing these publicly avail-
able datasets using advanced bioinformatic
methods can provide novel biologic insight
beyond the original studies and integrate inde-
pendent cohorts to increase statistical power
and result reproducibility.

In this study, DEGs were identified across the
three GEO datasets, followed by Gene Ontology
(GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) enrichment analyses and
protein-protein interaction (PPl) network con-
struction. Four complementary machine learn-
ing algorithms (LASSO, SVM-RFE, Boruta, and
XGBoost) were applied in parallel to identify
high-confidence prognostic genes, thereby re-
ducing the risk of model overfitting associated
with single-method approaches. A Cox regres-
sion-based prognostic risk model was then
constructed and validated in an independent
cohort. CIBERSORT-based immune infiltration
analysis was performed to examine associa-
tions between core genes and immune cell sub-
sets. scRNA-seq analysis was used to charac-
terize cellular heterogeneity within the MM
bone marrow microenvironment and identify
key ligand-receptor signaling axes, including
HLA-E-KLRK1. The biologic function of the top
candidate gene, GAS2L3, was validated thr-
ough in vitro knockdown experiments in RPMI-
8226 MM cells, addressing a step often omit-
ted in computational studies. Compared to pre-
vious transcriptomic studies in MM, this study
aimed to integrate multi-cohort data, multi-
algorithm feature selection, single-cell analy-
sis, and functional experimental validation
within a unified framework, providing robust
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prognostic biomarkers and mechanistic insight
into MM pathogenesis.

Materials and methods
Microarray data

Three gene expression datasets (GSE5900,
GSE7116, GSE146649) comprising MM and
normal control samples were obtained from
NCBI GEO. GSE5900 (GPL5170) includes 12
MM and 22 normal purified plasma cell sam-
ples, GSE7116 (GPL96) includes 21 MM and 5
normal samples, and GSE146649 (GPL5188)
includes 12 MM and 10 normal bone marrow
plasma cell samples. All datasets contain puri-
fied CD138+ plasma cells, ensuring that tran-
scriptomic signals reflect malignant plasma cell
biology. The use of different Affymetrix plat-
forms (Exon 1.0 ST and U133 series) enables
cross-platform validation. An independent da-
taset, GSE24080 (565 MM patients with sur-
vival data), was reserved for prognostic model
construction and validation to prevent overfit-
ting and ensure unbiased performance assess-
ment.

Differentially expressed gene identification

DEGs between patients with MM and normal
controls in the GSE5900 and GSE7116 and
GSE146649 datasets were identified using the
limma package, with thresholds set at adjusted
P < 0.05 and [log,FC| > 1. DEGs were visual-
ized using heatmaps and volcano plots gener-
ated using the circlize package and ggplot2,
respectively [16, 17].

Differentially expressed genes related to
multiple myeloma and functional enrichment
analysis

A Venn diagram was used to identify overlap-
ping DEGs across the three datasets. GO and
KEGG pathway enrichment analyses were per-
formed using GOplot and ccgraph [18], respec-
tively. GO functions were categorized into bio-
logical process (BP), molecular function (MF),
and cellular component (CC). This functional
enrichment analysis was performed to deter-
mine whether DEGs are involved in MM-related
BPs and pathways, providing a biologic basis
for their inclusion in downstream prognostic
modeling.
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Establishment of protein-protein interaction
network and identification of hub genes

The STRING database [18] (http://string-db.
org/cgi/input.pl) was used to predict PPIs.
Briefly, MM-related DEGs were uploaded to
STRING, with a minimum interaction score
threshold of 0.4 applied to generate the inter-
action network. The network was visualized
using Cytoscape, and the top 10 MCC-scoring
genes were identified as hub genes using the
cytoHubba plug-in. Hub genes were prioritized
because highly connected network nodes are
more likely to play key regulatory roles and
serve as prognostic biomarkers.

Development of the multiple myeloma random
forest Cox score (CRFCS)

An MM-associated gene set was identified as a
candidate feature set through correlation anal-
ysis in the TCGA-LIHC cohort. The randomFor-
estSRC R package (rfsrc method) was used to
construct a random forest model and select
relevant features. A Cox regression model was
then developed using these features, and
regression coefficients were estimated using
the survival package (coxph function).

Kaplan-Meier survival curve

In the GSE24080 dataset, the survival pack-
agewas used to analyze survival based on high
or low expression of the hub gene and to assess
its prognostic significance across different clin-
ical subgroups. Patients with MM were strati-
fied into high- and low-expression groups ac-
cording to median gene expression level.

Machine learning feature selection

To identify high-confidence genes from can-
didate genes, four complementary machine
learning feature selection methods were
applied in parallel to ensure robust and reliable
results. First, Least Absolute Shrinkage and
Selection Operator (LASSO) regression was
performed using the gimnet package (v4.1-7)
[19] with the penalty parameter setto o= 1 (L1
regularization). A 10-fold cross-validation (cv.
glmnet, nfolds = 10) was used to determine the
optimal A value. This approach shrank coeffi-
cients of non-informative genes to zero while
maintaining predictive performance, yielding a
sparse gene set. Next, Support Vector Machine
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Recursive Feature Elimination (SVM-RFE) was
applied using the e1071 package [20] with a
linear SVM classifier (kernel = “linear”). The
classifier was trained on tumor and normal
sample labels, and feature weights (Jw]|) were
iteratively calculated after each training round.
In each iteration, the bottom 10% of genes with
the smallest weights were removed, and the
process continued until the optimal gene sub-
set achieved maximum accuracy under leave-
one-out cross-validation. The final feature set
was recorded. The XGBoost model (xgboost
package, v1.7.5 [21]) was trained with default
parameters (eta = 0.3, max_depth = 6, nrounds
= 100). The average gain of each gene across
decision trees was calculated, and the top 10%
ranked based on gain were selected. The
Boruta package (v8.0.0) [22] was then used to
generate shadow features equal in number to
real genes. A random forest (ntree = 1000) was
iteratively trained, and Z-scores of real genes
were compared to those of shadow features.
Genes with Z-scores significantly exceeding the
maximum shadow Z-score (labeled “Confirmed”)
were retained. After running the four algorithms
independently, gene lists from each output
were extracted and intersected using a four-set
Venn diagram created using the VennDiagram
package [23]. The intersecting genes were
defined as final high-confidence prognostic
biomarkers, ensuring consistent importance
across multiple feature selection methods.

Establishment and evaluation of a prognostic
risk model

The prognostic risk model was developed using
the GSE24080 dataset, which contains surviv-
al information, based on the selected core
genes (CDH16, GAS2L3, and HSD17B6). A Cox
proportional hazards model was fitted using
the survival package in R, and regression coef-
ficients (B) were estimated for each gene. The
patient risk score was calculated as:

Risk score = X (B, * Exp)

Where Exp, represents normalized gene expres-
sion, and B, is the corresponding Cox regression
coefficient. Patients were stratified into high-
and low-risk groups based on the median risk
score. Kaplan-Meier survival curves were used
to compare overall survival (0S) between gr-
oups, with significance assessed using the log-
rank test. Risk score distribution and survival
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status were visualized to assess model dis-
crimination. A two-sided P < 0.05 was consid-
ered significant.

Immune infiltration analysis

To investigate whether the prognostic risk
model reflects differences in the MM immune
microenvironment, immune cell proportions in
all Bulk dataset samples were estimated using
the CIBERSORT R package [24], excluding sam-
ples with P > 0.05. The Wilcoxon test was used
to compare the proportions of 22 immune cell
subsets between disease and control groups (P
< 0.05), and differentially abundant immune
cells were identified. Pearson correlation analy-
sis (cor.test, R stats package) was performed
across all Bulk samples to evaluate associa-
tions between key genes, differentially abun-
dant immune cells, and intercellular correla-
tions. The results were visualized using the
pheatmap package (|cor| > 0.3, P < 0.05) [25].
To compare infiltration levels of 28 immune
cells across samples in the training set, the
Wilcoxon rank-sum test was applied (P < 0.05).
Differential immune cells were identified, and
boxplots were generated using the ggplot2
package (v3.5.2) [26]. Spearman correlation
analysis (psych package, v2.4.6.26) [27] was
performed to assess associations between dif-
ferentially abundant immune cells across all
training samples [28]. A correlation heatmap
was generated using thresholds of |cor| > 0.3
and P < 0.05 to define significance. Additionally,
Spearman correlation analysis (psych package)
was also used to evaluate the correlation
between biomarkers and differentially abun-
dant immune cells, and results were visualized
using a correlation forest plot.

Single-cell data preprocessing and down-
stream analysis

To resolve cellular heterogeneity in the MM
bone marrow microenvironment and to identify
cell-type-specific gene expression patterns rel-
evant to prognostic biomarkers, scRNA-seq
data (GSE271107) were processed using R
(v4.3.2) and the Seurat package (v4.3.0) [29].
Quality control was performed using Percent-
ageFeatureSet to calculate mitochondrial con-
tent (percent.mt), number of detected genes
(nFeatureRNA), and UMI counts (nCountRNA).
Cells were filtered using thresholds of nFea-
ture_RNA > 200, percent.mt < 20%, and genes
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expressed in at least three cells. Data distribu-
tions before and after filtering were visualized
using violin plots (ggplot2).

Data were normalized using the LogNormalize
method with a scaling factor of 10,000. The
FindVariableFeatures function was used to
identify the top 2,000 highly variable genes
(HVGs) based on variance-stabilizing transfor-
mation, and the LabelPoints function was
applied to annotate the top 10 genes with the
highest coefficient of variation on feature scat-
ter plots.

Prior to principal component analysis (PCA), the
ScaleData function was applied to center and
scale the expression matrix of HVGs. The statis-
tical significance of each principal component
was evaluated using the JackStraw procedure
in combination with permutation testing, with
significance defined as P < 0.05. In addition,
the ElbowPlot method was used to assist in
identifying the optimal number of significant
principal components. Based on these analy-
ses, the top 20 principal components were
selected for further clustering analyses.

Cell clustering was performed using the Find-
Neighbors and FindClusters functions based
on the shared nearest neighbor graph, with the
resolution parameter set to 2.0. Dimensionality
reduction and data visualization were per-
formed using the RunUMAP algorithm, which
generated a two-dimensional uniform manifold
approximation and projection (UMAP) plot.

For cell type annotation, cluster-specific marker
genes were identified using the FindAlIMarkers
function with the following parameters: log FC
> 0.25, min.pct = 0.1, only.pos = TRUE. These
annotations were further corrected manually
using the SingleR package with reference to
established cell marker information reported in
previous studies [30]. Cell type proportions
were then calculated and visualized using the
ggplot2 package.

Cell-to-cell communication analysis

Cell-to-cell communication networks were con-
structed using the CellChat package (v1.6.1)
[29]. The standardized gene expression matrix
and cell type labels were used as input data to
infer the probabilities of ligand-receptor inter-
actions. The selection criteria were set as P <
0.05 and log, mean (ligand + receptor) > 0.1.
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Table 1. shRNA sequences used in the study

well, followed by incubation

at 37°C for 3 h. Absorbance

Target Gene Sequence Type Sequence (5'—3’)
GAS2L3 ShRNA-1 CCTCTTTGAGTCGGAAGGTTT Wtaz 53“'0590'“?”“3’ m,easulrid
ShRNA-2 CGAAAGGTAAGAATACAGTTT a nm using a microplate
reader to determine cell viabi-
Scramble sh-NC CCTAAGGTTAAGTCGCCCTCG

For visualization, an overall intercellular com-
munication network diagram, interaction str-
ength heatmap, and bubble plots representing
the top five signaling pathways were genera-
ted.

Cell culture

RPMI-8226 cells were obtained from the Ameri-
can Type Culture Collection (ATCC, Manassas,
VA, USA) [31] and cultured in RPMI-1640 medi-
um supplemented with 10% fetal bovine serum
(FBS). Cell cultures were maintained at 37°C in
a humidified incubator containing 5% CO,,.

Quantitative reverse transcription polymerase
chain reaction

TRIzol (Thermo Fisher Scientific) was used to
extract total RNA from cells and tissues. The
isolated total RNA was reverse-transcribed with
PrimeScript™ RT Master Mix (Takara, Kusatsu,
Japan). Quantitative reverse transcription poly-
merase chain reaction (qRT-PCR) was per-
formed using TB Green™ Premix Ex Tag™ II
(Takara) on a QuantStudio 5 real-time PCR sys-
tem (Applied Biosystems, Warrington, UK) to
quantify the expression levels of IncRNAs and
mRNAs. The endogenous control GAPDH was
used to normalize the expression of INcRNAs or
mRNAs. Subcellular fractionation of cytoplas-
mic and nuclear RNA was performed using the
PARIS Kit (Thermo Fisher Scientific, Waltham,
MA, USA) following the protocols of the manu-
facturer. A qRT-PCR assay was subsequently
used to detect the expression of GAS2L3 in the
cytoplasm and nucleus. The results were nor-
malized to those of GAPDH and UG. The 244¢T
method was used to calculate the relative
expression. Table 1 shows all specific PCR and
reverse transcription primer sequences.

Cell proliferation assay

MM cells were seeded into 96-well plates at a
density of 3 x 103 cells/well and incubated at
37°C in a CO, incubator. Cell viability was
assessed at 24-h intervals. At each time point,
10 pL of Cell Counting Kit-8 (CCK-8, Dojindo,
Kumamoto, Japan) reagent was added to each
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lity.
Transwell assay

Cell migration and invasion assays were per-
formed using 8-um Transwell cell culture cham-
ber filters (Corning, Cambridge, MA, USA). Prior
to the invasion assay, the chamber membranes
were precoated with Matrigel. Cells were resus-
pended in serum-free medium and adjusted to
a density of 5 x 10* cells/mL before being
seeded into the upper chamber. The lower
chambers were filled with culture medium sup-
plemented with 20% FBS. After incubation for
36-48 h, the cells were fixed with 4% parafor-
maldehyde and stained with 0.1% crystal violet.
The cells in the upper chamber were then
removed, and the other cells were photo-
graphed using an inverted microscope (CKX53,
Olympus, Japan). Cell numbers were quantified
using ImageJ software [32, 33].

Terminal deoxynucleotidyl transferase-mediat-
ed deoxyuridine triphosphate nick-end labeling
assays

Terminal deoxynucleotidyl transferase-mediat-
ed deoxyuridine triphosphate nick-end labeling
(TUNEL) assays were performed using the
In Situ Cell Death Detection Kit, AP (Roche
Molecular Biochemicals, IN, USA) following the
instructions of the manufacturer. For each
slide, at least 300 cells were evaluated from
three randomly selected microscopic fields.
Images were captured using an inverted micro-
scope (model IV/00, Leica Microsystems, Ban-
nockburn, IL, USA) equipped with a 40x/0.17
NA objective lens and a Spot Insight digital
camera (model 3.2.0, Diagnostic Instruments,
Sterling Heights, MI, USA). Image acquisition
and processing were performed using PAX-IT
v.5 (PAXcam, Franklin Park, IL, USA) and Adobe
Photoshop CS software (Adobe, San Jose, CA,
USA), respectively.

Statistical analysis

All statistical analyses were performed using
the SPSS software version 19.0 (SPSS Inc.,
Chicago, IL, USA). Data were presented as
mean + standard deviation (SD). Statistical sig-

Am J Transl Res 2026;18(9):8501-8521



Immune infiltration and core genes in multiple myeloma

nificance was evaluated using either a two-
tailed paired Student’s t test or repeated mea-
sures analysis of variance (ANOVA). A P value <
0.05 was considered significant.

Results

Differentially expressed gene screening analy-
Sis

DEGs between patients with MM and healthy
donors were identified using the GEO databas-
es (GSE5900, GSE7116, and GSE146649).
Based on the screening results, volcano plots
and heatmaps were generated to visualize the
top 20 DEGs in each dataset. In the GSE5900
dataset, 1680 downregulated genes and 5580
upregulated genes were identified. This dataset
includes 12 samples from patients with MM
and 22 samples from healthy donors. Among
the significantly upregulated genes in the dis-
ease group were NUDT22, KCNS3, KIT, and
HVCN1, whereas PF4V1, KRT35, MAGEB1S,
and MBD3L2 were markedly downregulated in
the disease group (Figure 1A, 1B). In the
GSE7116 dataset, 568 upregulated genes and
1068 downregulated genes were identified.
This dataset included 21 samples from patients
with MM and 5 samples from healthy donors.
Genes such as CXCLS8, EPB42, LTF, and SLC4A3
showed significantly higher expression in the
disease group, while genes including CSF3,
DSC1, NOG, and HOXB2 were significantly
downregulated (Figure 1C, 1D). Additionally, in
the GSE146649 dataset, 805 upregulated
genes and 620 downregulated genes were
identified. This dataset included 12 samples
from patients with MM and 10 samples
from healthy donors. Genes, including ITGAV,
GREM1, and TMEM200A, showed significant
upregulation in the disease group, while genes
such as EMX2, NFE2, and PITX1 were signifi-
cantly downregulated (Figure 1E, 1F). These
results demonstrated distinct gene expression
patterns between healthy donors and patients
with MM, and enabled clear visualization of
DEGs across the analyzed datasets.

Functional annotation of multiple myeloma-
related differentially expressed genes and
identification of hub genes

Initially, a Venn intersection analysis was per-
formed across the three datasets mentioned
above. The results identified 63 DEGs (Figure
2A). Subsequently, GO and KEGG enrichment
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analyses were conducted on the MM-related
DEGs. The results showed that the enriched BP
terms were mainly related to olefin compound
metabolism, leukocyte activation involved in
immune responses, and cell activation in
immune responses. The enriched CC terms
included centriolar satellite structure, flagel-
lum/caput (spermatogenesis-related struc-
tures), and U2-type catalytic pre-spliceosome.
The enriched MF terms included catalytic activ-
ity acting on DNA, endonuclease activity, and
heme binding (Figure 2B, 2C). Additionally,
KEGG enrichment analysis revealed multiple
signaling pathways associated with MM-related
DEGs (Figure 2D, 2E), including keratinization
membrane formation and Shigella infection
pathways. Furthermore, a PPI network was con-
structed using the STRING database to illus-
trate interaction relationships among the en-
coded proteins (Figure 2F). These enrichment
and network analyses provided essential bio-
logical context for the identified DEGs and
served as a prioritization step for selecting can-
didate genes for subsequent machine learning-
based prognostic feature selection.

Independent prognostic significance of hub
genes and survival analysis under different
expression states

To determine the prognostic significance of
DEGs in MM, univariate Cox proportional haz-
ards regression analysis was performed using
the GSE24080 dataset [11] to assess the rela-
tionship between the gene expression levels
and OS. The analysis results are presented
as a forest plot (Figure 3A). As shown in the fig-
ure, elevated expression of RRN3, ZNF232,
GAS2L3, TWNK, EXO1, and HSD17B6 was sig-
nificantly associated with poor OS, acting as
risk factors (hazard ratio [HR] > 1, P < 0.05).
Among them, RRN3 (HR = 1.43, 95% confi-
dence interval [Cl]: 1.097-1.866, P = 0.0083),
ZNF232 (HR = 1.3, 95% Cl: 1.02-1.656, P =
0.0341), and GAS2L3 (HR = 1.28, 95% CI:
1.041-1.575, P = 0.0195) demonstrated par-
ticularly strong associations with adverse sur-
vival outcome. In contrast, high expression of
RNASE3, SPAG17, PGRMC2, and CDH16 was
significantly associated with improved OS, sug-
gesting a protective role (HR < 1, P < 0.05).
Among these, CDH16 (HR = 0.744, 95% CI:
0.567-0.975, P = 0.0323) showed the most
pronounced protective effect. Finally, based
on the Cox proportional hazards regression
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results, 10 hub genes were ultimately selected. gene, the hub genes were stratified into high-
Based on the median expression level of each expression and low-expression groups, fol-
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lowed by a 5-year survival analysis. The results
showed that only CDH16, EXO1, GAS2L3,
HSD17B6, PGRMC2, RNASE3, and RRN3 exhib-
ited significant differences in prognostic out-
come between the high-expression and low-
expression groups (P < 0.05, Figure 3B-K).

Machine learning identification of optimal
genes and construction of the risk model

The combined results of four machine learning
algorithms were used to identify the core genes
in this study. Using LASSO regression to simpli-
fy the MM module genes, seven potential prog-
nostic core biomarkers for MM were found
(Figure 4A, 4B). The SVM-RFE algorithm identi-
fied five genes as important biomarkers (Figure
4C), while the Boruta algorithm screened out
five core biomarkers (Figure 4D). In addition,
the XGBoost algorithm identified six core bio-
markers (Figure 4E). Furthermore, a Venn inter-
section analysis was performed to identify the
most central biomarkers related to the progno-
sis of MM. The results showed that the four
machine learning algorithms collectively identi-
fied three core genes as the central genes for
this study: CDH16, GAS2L3, and HSD17B6
(Figure 4F). Based on the Cox proportional haz-
ards regression model and the results obtained
from the four machine learning algorithms, a
prognostic risk model was constructed. Pa-
tients were stratified into high-risk and low-risk
groups based on the median risk score. The
risk score distribution clearly showed the dis-
tinction between the two groups. Survival anal-
ysis results showed that patients in the high-
risk group exhibited significantly higher morta-
lity rates and shorter survival durations (Figure
4G). Additionally, Kaplan-Meier survival curve
analysis revealed significant differences in
survival outcome between the high- and low-
expression groups (P < 0.0001, Figure 4H).

Immune infiltration analysis of the prognostic
risk model

Following the establishment of the prognostic
risk model, immune infiltration analysis was
subsequently performed based on this model.
The heatmap results showed significant differ-
ences in the proportions of most immune cell
subpopulations between the high-risk and low-
risk groups (Figure 5A). Furthermore, boxplot
analysis based on the Wilcoxon rank-sum test
demonstrated that the infiltration levels of
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several immune cell subpopulations, including
activated CD4* T cells, memory B cells, natural
killer (NK) cells, Th2 T cells, effector memory
CDS8* T cells, activated CD8* T cells, and central
memory CD8* T cells, differed significantly be-
tween the high-risk and low-risk groups. These
results showed that these immune cell subpop-
ulations may play an important immunoregula-
tory role in the development and progression
of MM (Figure 5B). Correlation heatmap analy-
sis of immune-infiltration cell subpopulations
showed strong correlations among immune
cell subpopulations that differed significantly
between the high-risk and low-risk groups.
Specifically, activated CD4* T cells showed sig-
nificant positive correlations with Th2 immune
subpopulations, effector memory CD4* T cells,
and memory B cells. Additionally, NK cells were
significantly positively correlated with effector
memory CD8* T cells. These results showed
that alterations in the immune microenviron-
ment were closely related to disease progres-
sion in MM (Figure 5C).

Furthermore, immune correlation analysis was
performed on the three differential genes iden-
tified through machine learning. The results are
presented as a heatmap (Figure 5D). Among
these genes, the core gene CDH16 showed sig-
nificant positive correlations with NK cells and
central memory CD8* T cells, with correlation
coefficients ranging from 0.2 to 0.4. In addi-
tion, CDH16 and HSD17B6 also showed a sig-
nificant negative correlation with activated CD4
T cells and Memory B cell (Figure 5E, 5F).

Single-cell transcriptomics revealed the cel-
lular heterogeneity of multiple myeloma

To elucidate the disease mechanisms and
alterations in the immune microenvironment of
MM, single-cell transcriptomic analysis was
performed using the GSE271107 dataset. This
dataset comprised human bone marrow sam-
ples from patients with MM, including four MM
samples and five healthy control samples, and
was used to characterize the overall cellular
landscape of MM. The UMAP was then applied
to classify the core cells into 22 distinct clus-
ters (Figure 6A). Cell-type annotation was per-
formed using the SingleR package, the Cell-
Marker database, and relevant literature, result-
ing in the identification of 10 major cell types,
including B cells, myeloid progenitor cells, me-
gakaryocyte-erythroid progenitor cells, mono-
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cytes, NK cells, platelets, pre-B lymphocytes
(CD34-negative), pre-B lymphocytes (CD34-
positive), T cells, and tissue stem cells. Among
these, B cells were represented by clusters 2,
8, 10, 12, and 17, the myeloid progenitor cells
by cluster 11, megakaryocyte-erythroid pro-
genitor cells by cluster 13, monocytes by clus-
ters 1, 4,7, 14, 15, and 19, platelets by cluster
21, NK cells by cluster 6, CD34-negative pre-B
lymphocytes by cluster 3, CD34-positive pre-B
lymphocytes by cluster 18, T cells by clusters O,
5,9, 16, and 20, and tissue stem cells by clus-
ter 22.
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Intercellular communication analysis identified
key signaling axes driving immune regulation
and tumor progression

In both normal and MM samples, the strength
and extent of intercellular communications
exhibited distinct patterns. The intensity and
quantity of cell communication in the disease
group are both lower than those in the normal
group (Figure 6B). In the normal group, mono-
cytes displayed larger node sizes and extensive
connections with nearly all immune cell popula-
tions, accompanied by significant self-loop
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Figure 6. Single-cell transcriptomics reveals cellular heterogeneity in multiple myeloma. A. UMAP of scRNA before and after anno. B. Bar plot showing interaction
counts and strengths in normal and disease groups. C. Heatmap plot showing interaction counts and strengths in normal and disease group. D. Circle plot showing
interaction counts and strengths in normal and disease groups.
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interactions. These findings suggest that mono-
cytes play an organizing role and may maintain
functional state through autocrine signaling.
Tissue stem cells also emerged as an impor-
tant signaling hub, showing widespread interac-
tions with immune and progenitor cell groups.
Substantial autocrine signaling was also
observed in tissue stem cells. In the disease
group, monocytes, B cells, and T cells exhibited
larger node sizes and frequently served as
ligands in intercellular communication. This
suggests that these cell types function as
major organizational hubs. Among them, mono-
cytes and CD34-negative pre-B lymphocytes
exhibited prominent self-loop interactions, indi-
cating the potential involvement of autocrine
signaling in maintaining their functional states.
The results are presented as network and heat-
map visualizations (Figure 6C, 6D). To explore
the key roles of regulatory signaling axes across
different cell types in MM, an intercellular com-
munication network was constructed. This dia-
gram illustrates the communication probabili-
ties of multiple ligand-receptor pairs among
different cell types under normal and disease
conditions. Point colors represent the commu-
nication probability between cell types, with a
gradient ranging from blue (low communication
probability) to red (high communication proba-
bility). These color variations reflect the com-
munication strength of each ligand-receptor
pair across different cell types. In both the nor-
mal and disease groups, the MIF-(CD74+CXCR4)
and MIF-(CD74+CD44) signaling axes played
crucial roles in most intercellular communica-
tions. However, in the normal group, the APP-
CD74 and CXCL12-CXCR4 signaling axis exhib-
ited higher communication probabilities in
interactions between tissue stem cells and B
cells. In contrast, the HLA-E-KLRK1 signaling
axis was particularly prominent in the disease
group, especially in platelet-NK cell interac-
tions, T cell-NK cell interactions, and NK cell
autocrine signaling, all of which exhibited high-
er communication probabilities (Eigure S1).

Effect of GAS2L3 silencing on multiple my-
eloma cell proliferation, migration, invasion,
and apoptosis

Based on previous machine learning analyses,
risk model construction, and immune infiltra-
tion profiling, the GAS2L3 gene was selected.
In the Cox regression model, it exhibited an HR
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of 1.28 P=0.0195. This indicates that GAS2L3
is a significant risk-associated gene in MM
development and several immune cell subpop-
ulations, such as Tfh cells, memory B cells, and
NK T cells. However, whether GAS2L3 modula-
tion influences biologic behaviors related to
MM remains unclear. Therefore, the role of
GAS2L3 in the biological behavior of the RPMI-
8226 MMMM cell line was investigated. We
first verified the knockdown efficiency using
gPCR (Figure 7A). CCK-8 assay results showed
that GAS2L3 silencing significantly reduced
the viability of RPMI-8226 cells (P < 0.0001,
Figure 7B). Transwell assays further revealed
that GAS2L3 silencing markedly suppressed
the migratory and invasive capacities of RPMI-
8226 cells (P < 0.001, Figure 7C, 7E). Addi-
tionally, the TUNEL assay revealed that GAS2L3
silencing significantly promoted apoptosis in
RPMI-8226 cells (P < 0.001, Figure 7D, 7F).
These findings suggest that GAS2L3 silencing
suppresses the malignant phenotype of MM
cells.

The effect of overexpressing GAS2L3 on prolif-
eration, migration, invasion, and apoptosis in
multiple myeloma

To further validate the functional role of
GAS2L3 in multiple myeloma, we established
stable GAS2L3-overexpressing cell lines (OE-
GAS2L3-1 and OE-GAS2L3-2), with an empty
vector control group (OE-NC) as reference, to
systematically evaluate the effects of GAS2L3
overexpression on the malignant biologic
behaviors of RPMI-8226 cells, thereby corrobo-
rating the findings from our silencing experi-
ments. gqPCR results confirmed that GAS2L3
mMRNA levels were significantly elevated in both
overexpressing cell lines, verifying the success-
ful construction of the overexpression model (P
< 0.001, Figure 8A). CCK-8 assay results dem-
onstrated that, compared to the OE-NC group,
the proliferative viability of OE-GAS2L3 cells
was significantly enhanced (P < 0.001, Figure
8B). Furthermore, Transwell and TUNEL assay
results revealed that overexpression of GAS2L3
significantly promoted the migration and inva-
sion abilities of RPMI-8226 cells relative to the
OE-NC group (P < 0.05, Figure 8C-E), while the
apoptosis rate was markedly reduced (P <
0.001, Figure 8F, 8G). Taken together, the gain-
of-function data from overexpression experi-
ments corroborate the phenotypes observed in
our prior knockdown studies, confirming that

Am J Transl Res 2026;18(9):8501-8521
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Figure 7. Effect of silencing GAS2L3 on proliferation, migration, invasion, and apoptosis in multiple myeloma. A. gRT-
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GAS2L3 functions as an oncogene in multiple
myeloma by promoting proliferation, migration,
and invasion while simultaneously suppressing
apoptosis.

Discussion

This study employed a multi-step analytical
method, with each component designed to
address specific questions toward the develop-
ment of a robust machine learning-based prog-
nostic model. The initial differential expression

8516

analysis across three independent datasets
revealed consistently dysregulated genes in
MM. Subsequent functional enrichment and
PPI network analyses provided biologic context,
confirming that the identified DEGs are involved
in pathways relevant to MM pathogenesis
and enabling prioritization of genes with plau-
sible mechanistic roles. The integration of four
complementary machine learning algorithms
(LASSO, SVM-RFE, Boruta, and XGBoost) was a
deliberate strategy to mitigate limitations inher-
ent to any single feature selection method. Only
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(**P <0.01, ***P < 0.001, ****P < 0.0001) (n).

genes consistently identified across all four
algorithms were retained as core biomarkers,
thereby reducing overfitting risk. Immune infil-
tration analysis was performed to determine
whether the prognostic model captured immu-
nologically relevant differences between risk
groups, thereby linking the gene signature to
the tumor microenvironment. Single-cell tran-
scriptomic analysis further resolved the cellular
origin of the prognostic signals and identified
intercellular communication axes potentially
driving immune evasion. Finally, in vitro func-
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tional experiments provided biological valida-
tion of the top candidate gene, GAS2L3, con-
firming the functional relevance of the com-
putational predictions in MM cells. Each ana-
lytical step, therefore, served a distinct and cru-
cial role within the overall study design. Addi-
tional panels (e.g., individual GO/KEGG enrich-
ment dot plots, correlation heatmaps for im-
mune cell subpopulations, and detailed inter-
cellular communication maps) are shown as
supplementary materials to maintain clarity
and focus on the main figures.
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MM is a malignant tumor that remains largely
incurable in clinical practice, with its incidence
and prevalence increasing annually [34]. This
poses new challenges for disease manage-
ment. A defining feature of MM is the accumula-
tion of malignant plasma cells in the bone mar-
row [35]. These cells originate from B cells
through an antigen-driven maturation process
involving germinal center and memory B cell
stages [36]. Therefore, changes in B cells and
memory B cells are inevitably implicated in dis-
ease development. The single-cell transcrip-
tomic analysis in this study supports this per-
spective. In this study, gene expression data-
sets (GSE5900, GSE7116, and GSE146649)
were selected for analysis. These datasets
comprise mainly purified CD138-positive plas-
ma cells, making them suitable for exploring
the intrinsic transcriptional characteristics of
MM. Numerous studies show that targeting
CD138-positive plasma cells plays a crucial
role in MM therapy [37]. For example, activa-
tion of the DII1-Notch signaling pathway can
promote the proliferation of CD138-positive
cells and accelerate MM progression [38]. In
addition, targeted nanomedicines and mono-
clonal antibodies, such as VIS832, show strong
therapeutic potential [39].

Based on the Cox proportional hazards regres-
sion model and machine learning analyses,
three core genes most relevant to MM were
identified: CDH16, GAS2L3, and HSD17B6.
Among these, GAS2L3 exhibited an HR of 1.28
in the Cox model, representing the highest risk
ratio among prognostic genes, and the stron-
gest association with poor prognosis in patients
with MM. GAS2L3 belongs to the GAS2 family,
whose members are involved primarily in cross-
linking actin and microtubule filaments during
interphase and in growth-arrested cells. As a
newly identified cytoskeleton-related protein,
GAS2L3 differs from other GAS2 family mem-
bers because it is specifically expressed during
mitosis. It localizes to the mitotic spindle during
metaphase, to the midbody during cytokinesis,
and to the constriction site during cell abscis-
sion [20, 21]. Studies show that GAS2L3 loss in
cardiomyocytes leads to heart failure and death
in mice [40] and that its silencing inhibits tumor
progression in hepatocellular carcinoma [41].
However, the role of GAS2L3 in multiple myelo-
ma has not been reported. Other studies show
that the p53 target gene Necdin regulates
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the response of hematopoietic stem cells to
genotoxic stress through cell cycle-dependent
and cell cycle-independent mechanisms in a
GAS2L3-dependent manner. In this regulatory
context, Necdin functions as a molecular switch
in adult hematopoiesis and, as a p53 target
gene, promotes hematopoietic stem cell quies-
cence under steady state conditions in a p53-
like manner [42]. In this process, GAS2L3 also
plays an essential role [4]. MM does not origi-
nate from hematopoietic stem cells, but its
development is closely related to the bone mar-
row microenvironment where these cells reside,
and can profoundly influence their fate [43].
During disease progression, rapid tumor cell
proliferation leads to occupation of the hemato-
poietic stem cell niche and suppression of nor-
mal hematopoiesis. This mechanism explains
why patients with MM frequently develop ane-
mia and immune dysfunction [44]. During this
process, tumor cells secrete large amounts of
pro-inflammatory factors that can inhibit the
normal differentiation of hematopoietic stem
cells. This alteration indirectly leads to reduced
function or decreased numbers of NK cells.
Therefore, immune infiltration analysis revealed
a strong correlation between GAS2L3 expres-
sion and memory B and NK cells. These find-
ings provide evidence for the important regula-
tory role of GAS2L3 in the MM immune mi-
croenvironment. Furthermore, this study exper-
imentally confirmed that GAS2L3 silencing
inhibits the malignant behavior of MM cells.

In addition, this study showed that the HLA-E-
KLRK1 signaling axis exhibited high communi-
cation probabilities in platelet-NK cell interac-
tions, T cell-NK cell interactions, and NK cell
autocrine signaling. These findings indicate
that the HLA-E-KLRK1 signaling axis plays an
important role in immune evasion in MM.
Studies show that NK cells and macrophages
may contribute to chemotherapy resistance in
acute myeloid leukemia, and that the HLA-E-
KLRK1 signaling axis is among the major
ligand-receptor pairs mediating communication
between these two cell types [45]. In head and
neck squamous cell carcinoma, PD-1 blockade
therapy was associated with significant chang-
es in regulatory T cells and several ligand-re-
ceptor pairs, including HLA-E-KLRK1 signaling
axis. Similarly, clinical studies of Cutibacterium
acnes infection report significant alterations in
HLA-E-KLRK1-mediated cell communication
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among keratinocytes, muscle cells, epithelial
cells, endothelial cells, and monocytes [46].
Therefore, these findings suggest that the HLA-
E-KLRK1 signaling axis may represent a prom-
ising therapeutic target for overcoming chemo-
therapy resistance and advancing immunother-
apeutic strategy in MM.

In summary, this study showed that GAS2L3
has value for prognostic assessment in MM
and may serve as a new candidate target for
therapeutic intervention. Furthermore, investi-
gation of the HLA-E-KLRK1 signaling axis pro-
vides new insights into the immune evasion
mechanisms underlying MM. In addition, im-
mune infiltration analysis suggested roles of
NK and memory B cells in chemotherapy resis-
tance, offering further insight into the contribu-
tion of immune cells to MM treatment.
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Figure S1. Intercellular communication analysis of ligand-receptor signaling pathways in normal and multiple myeloma samples. A, B. Bubble plots showing the
communication probabilities and interaction strengths of ligand-receptor pairs among different cell populations in the normal and disease groups. C, D. Bubble
plots illustrating the major signaling pathways mediating intercellular communication in the normal and disease groups, respectively. E, F. Detailed visualization of
representative signaling axes, including MIF-(CD74+CXCR4), MIF-(CD74+CD44), APP-CD74, CXCL12-CXCR4, and HLA-E-KLRK1. The color gradient from blue to red
represents increasing communication probability, while bubble size indicates interaction strength. Enhanced HLA-E-KLRK1 signaling was observed in the disease
group, particularly in platelet-NK cell interactions, T cell-NK cell interactions, and NK cell autocrine signaling.



