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Abstract

Background Monoclonal immunoglobulins are commonly found in multiple myeloma (MM), a prevalent hematologic
malignancy that is currently incurable. In recent years, the association between systemic lupus erythematosus (SLE), an
autoimmune disease, and MM has garnered increasing attention. However, there remains a lack of in-depth research
regarding the interactions between these two conditions and their potential pathogenic mechanisms. Therefore, in order
to improve the identification of MM associated with SLE, this work attempts to clarify the pathogenic pathways that are
shared by MM and SLE and to develop corresponding diagnostic models.

Methods This study employs a comprehensive bioinformatics analysis combined with machine learning techniques to
extract relevant data from public databases. We used GO and KEGG pathway analyses to investigate the functionalities
and pathway enrichments of the DEGs that we found in MM and SLE populations. Furthermore, we used the STRING
database to build a PPI network for the intersecting genes and the cytoHubba plugin in Cytoscape software to identify
important genes with biological significance. To establish a diagnostic model for SLE-related MM, we compared 113
combinations of 12 machine learning algorithms, ultimately determining the optimal model.

Results Our analysis identified 63 intersecting genes, with 31 exhibiting upregulated expression and 32 showing down-
regulated expression. The selection of key genes indicated that nine genes met the criteria of having both Degree and
MCC values exceeding 3, among which seven (CDH1, IL4, AURKB, HGF, H2BC9, AREG, TJP1) have previously been con-
firmed to have direct associations with MM. Notably, H2BC5 was identified as a specific gene associated with SLE-related
MM. Our findings revealed that elevated expression of H2BC5 is significantly correlated with an increased risk of MM,
suggesting its potential critical role in the diagnosis and identification of this malignancy.

Conclusion A new molecular framework for the early diagnosis of MM, especially in SLE patients, is established by this
study. Our findings highlight H2BC5 as a possible biomarker that merits more research into how it contributes to the
development of MM. By identifying the shared pathogenic mechanisms between SLE and MM, our research offers new
perspectives for future clinical interventions and personalized therapies.
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1 Overview

Multiple myeloma (MM), a malignant tumor of plasma cells that originates in the bone marrow, is characterized by a
notable clonal proliferation of abnormal plasma cells. During the course of the disease, osteolytic lesions cause hypercal-
cemia, spinal cord compression, and excruciating bone pain in up to 90% of myeloma patients [1-3]. MM is the second
most frequent hematologic malignancy worldwide, behind non-Hodgkin lymphoma, and makes up 1.3% of all malignant
neoplasms and 14% of hematologic malignancies [4, 5]. Even though MM treatment has advanced significantly in the
last ten years, most patients still die from the high rates of medication resistance and recurrence linked to traditional
chemotherapy. Patients with high-risk MM continue to have a five-year survival rate of 50% or less [6, 7].

Dysregulation of immune responses and the development of autoantibodies are hallmarks of systemic lupus ery-
thematosus (SLE), a moderately common chronic systemic autoimmune rheumatic illness that often affects several
organ systems [8]. A growing amount of evidence suggests that SLE is linked to a higher risk of developing many types
of cancer and is a leading cause of death from a number of cancers, particularly hematopoietic system tumors. With a
standardized incidence ratio (SIR) of 8.9 (95% Cl, 3.90-12.48), the risk of MM is very high [9-11]. Studies have found that
the majority of patients develop MM several years after being diagnosed with SLE [12, 13]. Therefore, early identifica-
tion of potential MM in patients with SLE is particularly important. However, MM and SLE patients frequently describe
non-specific symptoms during their initial appointments [14, 15], this could result in situations being overlooked or
misdiagnosed. In order to help in the early detection of possible MM in patients with SLE, a thorough diagnostic model
must be developed immediately.

Initiating medical intervention requires early disease identification. Finding the right biomarkers is essential to solv-
ing this pressing problem. Finding possible biomarkers is made easier by the development of machine learning and
bioinformatics technology [16, 17]. Mendelian randomization (MR), a potent epidemiological research technique, usually
uses genetic variants as instrumental variables (V) to ascertain the causal links between risk factors and diseases [18].

By looking at and evaluating two SLE microarray datasets and three MM microarray datasets from the Gene Expression
Omnibus (GEO) collection, this work uncovers possible processes connecting SLE and MM. Additionally, we created a
diagnostic model for SLE-related MM using a computational framework that contains 113 combinations of 12 machine
learning techniques. The study also analyzes immune cell infiltration in SLE and MM. Furthermore, we investigate the
correlations and causal linkages of important genes in the pathogenesis of SLE-related MM by expression quantitative
trait loci (eQTL) and MR studies. To our knowledge, no previous investigations have revealed the putative functional
pathways and pathogenic processes between SLE and MM. In this research, we intend to employ sophisticated bioin-
formatics and machine learning approaches to uncover important biomarkers strongly associated with SLE-related MM,
thereby boosting clinical detection, diagnosis, and prevention of possible MM in patients with SLE.

2 Materials and methods
2.1 Source of raw data and data preprocessing

Using the keywords"multiple myeloma"and"systemic lupus erythematosus,"we followed the selection criteria from pre-
vious literature to identify four transcriptomic datasets (GSE5900, GSE6477, GSE61635, GSE50772) from the NCBI GEO
(https://www.ncbi.nIlm.nih.gov/geo/) database as the training set, while GSE118985 was reserved for validation. The
GSE24080 and GSE57317 datasets were utilized for survival analysis. The batch effects between the datasets were cor-
rected and the data were merged using the"SVA"package in R. Principal component analysis (PCA) was performed using
the Prcomp function from the stats package in R [19]. Additionally, the ggplot2 package was employed to visualize the
data, enabling a comparison of data quality before and after batch effect removal. Detailed information about these
datasets is provided in Table 1, including platform specifics and sample grouping information.

This study collected summary data for eQTL from the GWAS Catalog website as exposure data, while outcome data
were sourced from the latest version R11 of the FinnGene database (cases: 1198; controls: 338,286).

The study is exempt from further ethical review procedures because the statistical data used in it are freely accessible
to the public and can be downloaded.
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Table 1 Feature.s.ofth.e ID GSE series Disease Control Treat samples Platform Group
GEO datasets utilized in the
samples

research

1 GSE5900 MM 22 56 GPL570 Train cohort

2 GSE6477 MM 15 147 GPL96 Train cohort

3 GSE61635 SLE 30 929 GPL570 Train cohort

4 GSE50772 SLE 20 61 GPL570 Train cohort

5 GSE118985 MM 68 682 GPL570 Test cohort

6 GSE24080 MM 0 554 GPL570 Survival cohort

7 GSE57317 MM 0 55 GPL570 Survival cohort

MM multiple myeloma, SLE systemic lupus erythematosus

2.2 Finding the key genes and differentially expressed genes (DEGs)

We screened the MM and SLE datasets for differentially expressed genes (DEGs) using thresholds of |logFC|> 0.585 and
p < 0.05.The top 50 DEGs were shown as a heatmap. The intersection of upregulated and downregulated genes in the
two DEG groups was then determined using a Venn diagram.

In order to investigate the relationships between the intersecting DEGs, we also created a protein—protein interaction
(PPI) network for the common DEGs using STRING. We removed isolated nodes from the network and only included
interaction proteins with a confidence value of >0.4. The cytoHubba plugin in Cytoscape (version 3.8.2) was used to
identify key genes based on Degree and MCC values greater than 3.

2.3 Analysis of enrichment of intersecting DEGs in SLE and MM

We used R programming (version 4.4.1) to do GO and KEGG pathway enrichment analyses on the intersecting upregu-
lated and downregulated DEGs in order to identify the pathways involved and the biological significance of these DEGs.
We applied a significance threshold of p < 0.05.

2.4 Machine learning algorithms

We followed the methods of Bohong Chen and colleagues,by combining the two training datasets for MM (GSE5900
and GSE6477), we investigated 113 combinations of 12 machine learning algorithms, such as Lasso, Stepglm, Ridge, and
Elastic Net (Enet), in accordance with the techniques of Bohong Chen and colleagues. Model construction and variable
selection were done using a tenfold cross-validation framework. The performance of the model was then assessed using
the validation dataset, GSE118985, as an external test dataset.

2.5 Identification of candidate drugs for drug-gene interactions

To discover candidate medications that may target the pathogenic pathways of MM and SLE, thereby building a founda-
tion for targeted therapeutic interventions, we applied DGIdb (https://dgidb.org/) to predict potential drug interactions
with the identified important genes.

2.6 MR analysis

The study includes: (1) Instrumental Variable (IV) Configuration: Using a threshold of p < 5 x 10A-8 to identify exposures
(gene eQTL data) with strong relationships. (2) Independence Assumption: The IV is independent of any unmeasured
confounding factors linked to MM. (3) Exclusion Assumption: The IV is connected with MM only through eQTL and has
no other relationships. During this process, we constructed cis-regulatory areas within a 10,000 kb range on either side
of the coding sequences and utilized R? < 0.001 for linkage disequilibrium clustering to ensure SNP independence and
reduce pleiotropic bias. Furthermore, we examined the robustness of the instrumental factors using the F-statistic (F
=B%/SE?), with variables having F < 10 considered insufficient to attenuate confounding effects.
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MR Egger, inverse variance weighting (IVW), weighted mode, simple mode and weighted median were the five
approaches we used to analyze the data using the"TwoSampleMR"package in R software. The IVW approach served
as the foundation for causal inference, and p < 0.05 was considered statistically significant. Additionally, we further
screened data by assessing the consistency of odds ratios (OR) direction among the five approaches and verifying that
heterogeneity had p > 0.05 as a requirement.

2.7 Immune cell infiltration

We applied the CIBERSORT tool to calculate the infiltration levels of 22 kinds of immune cells. We created an immune cell
composition matrix by combining baseline data on these immune infiltrating cells. We next investigated the relationship
between significant genes and immune cell infiltration, as well as the regulatory mechanisms affecting immune cells.

2.8 ldentification and survival analysis of specific gene

We intersected the key genes with the results from the IVW analysis, selecting those with consistent directions of differ-
ential expression and OR as particular genes. A gene set enrichment analysis (GSEA) was done on the individual genes to
evaluate the activity levels of their linked pathways, with p < 0.05 being statistically significant. We created a PPl network
for the specified genes and assessed the results of their immune infiltration.

Additionally, we performed survival analysis on specific genes using the combined data from the GSE24080 and
GSE57317 datasets. In this study, the"surv_cutpoint"function from the"survminer"package in R was used to determine
the optimal cutoff value of specific genes for MM prognostic risk. Based on this cutoff, patients were categorized into
low-risk and high-risk groups, and the survival curves of the two groups were compared. Furthermore, samples were
grouped according to the median expression of specific genes, and differential analysis was conducted with |logFC|> 1
and P < 0.05 as the criteria. Heatmaps of the differentially expressed genes were generated, and the interactions among
these genes were visualized.

2.9 Differential analysis of the MM validation groups

In order to determine if the significant genes showed differences between the control and experimental groups, we
utilized R software to read the validation dataset GSE118985 (using data preprocessing techniques that were in line with
those previously employed). We then compared and contrasted these results with our MR findings.

3 Results
3.1 Identification of differential expression in SLE and MM

We integrated the two training sets for MM and the two training sets for SLE described in Table 1 for later differential
analysis. Next, as shown in Fig. 1A-D, we used principal component analysis (PCA) to analyze the data quality before and
after batch removal, compensating for batch effects.

In the SLE cohort, a total of 1,761 DEGs were discovered, including 1,044 upregulated DEGs and 717 downregulated
DEGs. The MM cohort revealed 1,213 DEGs, comprising 534 upregulated and 679 downregulated DEGs. The intersection
of the DEGs from SLE and MM resulted in 63 shared genes for further investigation, with 31 being upregulated and 32
downregulate. Additionally, we visualized the top 50 DEGs from both the MM and SLE cohorts, as shown in Fig. 1.

3.2 Functional enrichment of pathogenic genes in the intersection of SLE and MM

GO enrichment analysis of the upregulated common genes revealed 605 core targets. In biological processes (BP), these
targets were primarily involved in ameboidal-type cell migration (GO:0001667) and cell growth (GO:0016049). In cel-
lular components (CC), key associations included clathrin-coated vesicles (GO:0030136) and coated vesicle membranes
(GO:0030662). In molecular functions (MF), significant activities included protein heterodimerization (GO:0046982) and
G protein-coupled receptor binding (GO:0001664).
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GO enrichment analysis of the downregulated common genes identified 292 core targets. In BP, these genes were
mainly related to the immune response-activating signaling pathway (G0:0002757) and regulation of cell-cell adhe-
sion (GO:0022407). In CC, significant terms included cell leading edge (GO:0031252) and actin-based cell projections
(GO:0098858). In MF, key activities involved antigen binding (GO:0003823) and sodium ion transmembrane transporter
activity (GO:0015081).

KEGG analysis of the intersecting genes indicated that the overexpressed genes primarily participate in the PI3 K-Akt
signaling pathway (hsa04151), human papillomavirus infection (hsa05160), and cytokine-cytokine receptor interaction
(hsa04060) (Fig. 2).

3.3 Creation of the PPl network and identification of key genes

We input the 63 common genes into STRING for interaction network analysis, removing isolated nodes, which resulted in
a protein—protein interaction network comprising 38 nodes and 51 edges (Fig. 3). We then utilized the cytoHubba plugin
in Cytoscape to identify key genes with both Degree and MCC values greater than 3. The identified key genes included
downregulated CDH1 and IL4, and upregulated AURKB, HGF, H2BC9, H2BC17, H2BC5, and AREG, along with TJP1. We
developed a visualization to help clarify the chromosomal distribution of these genes.

Fig.2 a GO analysis of
increased common genes. b
GO analysis of downregulated
common genes. ¢ KEGG analy-
sis of shared genes
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3.4 Construction of the SLE-related MM diagnostic model

We utilized 113 combinations of 12 machine learning methods to construct a diagnostic model based on 9 essential
genes during the tenfold cross-validation procedure. In accordance with previously published research, we determined
the ideal model to be the one with the highest average AUC throughout the training and testing groups [17], ultimately
developing the final model using the integrated NaiveBayes algorithm (Fig. 4).

The NaiveBayes algorithm identified all 9 key genes. As shown in Fig. 4B, the AUC values for both the training and
validation sets of our diagnostic model exceeded 0.7, indicating significant accuracy and stability. Subsequent com-
parative analysis of the 9 key genes also revealed high AUC values: H2BC5 (AUC =0.699), TJP1 (AUC =0.773), CDH1 (AUC
=0.692), AURKB (AUC =0.706), HGF (AUC =0.762), H2BC9 (AUC =0.780), AREG (AUC =0.689), CR2 (AUC =0.729), IL4 (AUC
=0.769), and H2BC17 (AUC =0.663), demonstrating the model’s robust predictive capability. Additionally, we created
a nomogram including the important genes to predict MM risk, and the calibration curve further revealed a significant
agreement between the observed results and anticipated risk probabilities.

3.5 Drug-gene interactions

To identify potential targeted therapies, we utilized the DGIdb database and screened a total of 33 validated drugs based
on the 9 key genes. The top 10 ranked drugs based on their interactions are listed in Table 2.

3.6 Analysis of immune cell infiltration in SLE and MM

Functional and pathway investigations of the intersecting DEGs between MM and SLE indicated strong connections
with immunological and inflammatory processes. Figure 5 displays the proportions of 22 immune cell types in MM and
SLE samples. In the MM cohort, we detected substantial variations in the proportions of Macrophages M1, resting Mast
cells, and activated Mast cells between MM and control samples. Additionally, in the SLE cohort, there was a difference
in the fraction of native CD4 T cells, which was likewise lowered compared to the control group.

3.7 MR analysis

After filtering, we ultimately identified 24,389 SNPs that met the three fundamental assumptions as instrumental vari-
ables, all with F-statistics greater than 10. Through MR analysis and the defined filtering criteria, we discovered a total
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Table 2 Top 10 drugs ranked

Gene Name Drug

Regulatory approval Interaction score

by drug-gene interactions

HGF
CDH1
AREG
TJP1
AREG
TJP1
AREG
AREG
TJP1
TIP1

Hepatocyte growth factor
Cadherin 1

Amphiregulin

Tight junction protein 1
Amphiregulin

Tight junction protein 1
Amphiregulin
Amphiregulin

Tight junction protein 1
Tight junction protein 1

Gonadotropin, chorionic  Approved 1.944728564
Bicalutamide Approved 1.312691781
Panitumumab Approved 0.525076712
Genistein Approved 0.452652338
Crizotinib Approved 0.403905163
Risperidone Approved 0.391848293
Capecitabine Approved 0.388945713
Irinotecan hydrochloride  Approved 0.33338204

Dehydrated alcohol Approved 0.332327033
Dexamethasone Approved 0.305277158
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Fig. 5 a Immune correlation heatmap between the control and MM groups. b Immune correlation heatmap between the control and SLE
groups. € 22 immune cell types are compared between the MM and control groups. d 22 immune cell types are compared between the SLE
and control groups. (While **P <0.01 and ***P <0.001, *P <0.05)

of 83 genes linked with MM. We then intersected these 83 genes with the key genes, ensuring that the direction of dif-
ferential expression aligned with the OR direction. Subsequently, we conducted MR analysis on the disease-associated
genes obtained from the intersection and the DEGs to explore the causal relationship of these genes with the disease.

We determined that H2BC5 may be a particular gene connected to SLE-associated MM. Using the IVW technique, we
identified a substantial relationship between H2BC5 and MM risk, showing that H2BC5 increases the risk of developing
MM. Figure 6 provide comprehensive details on H2BC5, including forest plots, scatter plots, leave-one-out sensitivity
analysis, and funnel plots.

3.8 Identification and survival analysis of specific gene

The above study identified H2BC5 as the most relevant gene associated with SLE-related MM. We did GSEA enrichment
analysis to further study the activity levels of pathways or functions connected to H2BC5. According to the findings, the
top five active pathways in the H2BC5 high-expression group were systemic lupus erythematosus, oxidative phospho-
rylation, proteasome, ribosome, and one carbon pool via folate. On the other hand, leishmania infection, chemokine
signaling, asthma, calcium signaling, and cytokine receptor interaction were the top five active pathways in the low-
expression group.
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Fig. 6 a Forest plot illustrating the causal relationship between H2BC5 and multiple myeloma. b Forest plot for the MR of H2BC5. ¢ Scatter
plot for the MR of H2BC5. d Leave-one-out sensitivity analysis for the MR of H2BC5. e Funnel plot for the MR of H2BC5

We created a PPl network for H2BC5 using the GeneMANIA database. The results suggested that H2BC5 is predomi-
nantly engaged in tasks such as nucleosome organization, chromatin assembly, chromatin assembly or disassembly, DNA
packing, protein-DNA complex subunit organization, DNA conformation change, and protein-DNA complex assembly.

Additionally, we analyzed the immune cell infiltration results of the nine key genes in the MM group. The correlation
analysis of H2BC5 with 22 immune cell subtypes revealed significant associations with T cells CD4 memory resting,
Macrophages M1, Plasma cells, and Neutrophils (Fig. 7).

We using the “surv_cutpoint” function, the optimal cutoff value for H2BC5 (HIST1H2BD) in MM prognostic risk was
determined to be 11.88. Based on this value, MM patients were divided into a high-risk cohort (291 individuals) and a
low-risk ccohort (318 individuals). The results revealed that high H2BC5 expression was significantly associated with
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Fig. 7 aTop five active path-
ways in the high-expression
group of H2BC5. b Top five
active pathways in the low-
expression group of H2BC5.

¢ PPl network of H2BC5. d
Heatmap illustrating the
relationship between the
nine important genes in MM
and 22 immune cell types. e
Positive correlation between
H2BC5 and Macrophages M1.
f Positive correlation between
H2BC5 and T cells CD4
memory resting. g Negative
correlation between H2BC5
and Neutrophils. h Negative
correlation between H2BC5
and Plasma cells
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poorer overall survival in multiple myeloma patients (P <0.05). Furthermore, grouping based on the median expression
of H2BC5 and conducting differential analysis revealed that H2BC5 expression was strongly positively correlated with
H2BC6, H2BC7, H2BCY9, and H2BC10, while showing a negative correlation with ADAM28 expression (Fig. 8)

3.9 Training and validation group differential analysis

The results suggest that in the validation cohort, IL4 and H2BC17 did not show significant variations between the control
and validation groups, while all other important genes displayed significant variance (Fig. 9). Notably, the expression
of H2BC5 in MM samples was substantially higher than that in the healthy control group, suggesting a clear difference.
This elevated expression level of H2BC5, as an upregulated gene, aligns with our findings from the MR analysis, thereby
enhancing the credibility of the MR results.

4 Discussion

One of the most prevalent hematological cancers, MM is frequently linked to high immunoglobulin levels. Cytokines
produced by plasma cells significantly contribute to localized tissue damage, thereby creating a microenvironment con-
ducive to the proliferation of malignant cells [20]. The pathogenesis of MM is associated with various factors, including
genetic abnormalities, cytokine production, aberrant signaling pathways, and an inhibitory bone marrow microenvi-
ronment (BMM) [21-25]. Although numerous studies have reported an association between SLE and MM, the interplay
between these two diseases and the underlying pathogenic mechanisms require further investigation.
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Fig. 8 a The optimal cutoff value of H2BC5 for predicting MM prognostic risk and the division of high and low-risk groups. Blue represents
the low-risk group, and red represents the high-risk group. b Kaplan-Meier curve of overall survival in MM patients stratified by high and
low expression of H2BC5. ¢ Heatmap of differentially expressed genes identified based on the median H2BC5 expression. d Interaction net-
work between H2BC5 and the identified differentially expressed genes
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In contrast to existing studies, we employed a comprehensive approach utilizing bioinformatics and machine learning
analysis to identify pathogenic genes associated with MM and constructed a diagnostic model for SLE-related MM to
enhance the sensitivity of identifying potential MM in SLE patients, thereby facilitating early screening and intervention
in clinical settings. We intersected the 1,213 DEGs from the MM cohort with the 1,761 DEGs from the SLE cohort, resulting
in a total of 63 intersecting genes, of which 31 were upregulated and 32 were downregulated. To elucidate the underlying
biological processes and pathway mechanisms linking SLE and MM, we conducted GO and KEGG enrichment analyses.
In terms of GO enrichment analysis, the 31 upregulated intersecting genes primarily participate in ameboidal-type
cell migration, clathrin-coated vesicle formation, and protein heterodimerization activity, while the 32 downregulated
intersecting genes are predominantly involved in immune response-activating signaling pathways, cell leading edge
processes, and antigen binding. Significant enrichment of overexpressed genes was found in the KEGG pathway analysis
in pathways associated with human papillomavirus infection, cytokine-cytokine receptor interactions, and the P13 K-Akt
signaling pathway.

It has been shown that miR-29b inhibits the PI3 K/Akt signaling pathway and slows the proliferation of MM cells by
downregulating the expression of PI3 K subunits [26]. MiR-21 overexpression in MM cells can increase cell survival and
resistance to treatment by focusing on PTEN and triggering the PI3 K/Akt signaling pathway [27, 28]. The active PI3 K/
Akt signaling system can enhance tumor cell motility, proliferation, and resistance through its downstream effectors,
making it a potential target for anticancer therapy. Moreover, targeting and inhibiting this route has been demonstrated
to improve bone deterioration in individuals with MM [29, 30]. Research has indicated that B lymphocytes play a signifi-
cant role in the development of SLE. Glycolysis and oxidative phosphorylation, along with enhanced P13 K-Akt-mTORC
signaling, increase lipid synthesis, which in turn promotes B cell growth and proliferation [31-33]. The aforementioned
results demonstrate that the PI3 K-Akt signaling pathway plays a key role in both SLE and MM. Furthermore, MM cells can
stimulate the expression of miR-146a in mesenchymal stromal cells (MSCs), resulting in enhanced cytokine secretion,
which subsequently increases the development and migration of MM cells [34].

Research reveals that inflammation plays a critical role in the relapse and medication resistance of MM [35, 36]. linflam-
matory reactions may push tumor cells to suppress the expression of antigenic proteins, hence decreasing the subse-
quent presentation of these antigens to the host’s immune cells [37]. Inflammatory immune cells are not only engaged
in the establishment of the tumor microenvironment (TME) but also contribute to tumor survival and immune regulation
[38, 39]. I In the MM cohort, we observed significant differences in the proportions of M1 macrophages, resting mast
cells, and activated mast cells. Research has established that the BMM plays a crucial role in the course of MM by giving
survival signals and secreting growth factors that further encourage tumor proliferation. This highlights the necessity
of immune treatment in MM, notably the essential role played by macrophages [40]. Furthermore, mast cells (MCs), as
components of the host response, concentrate in the BMM and may contribute to the osteolytic process throughout
the course of MM [41]. Similarly, SLE, being an autoimmune illness, also involves major immunological and inflamma-
tory responses in its etiology. Compared to the control group, the fraction of natural CD4 T cells in the SLE cohort was
observed to be decreased. Research reveals that autoimmune processes can lead to an increase in memory T cells and
areduction in naive CD4T cells [42].

We constructed the PPl network of the intersecting genes using STRING and identified 9 key genes with Degree and
MCC values greater than 3 through the cytoHubba plugin in Cytoscape. Drawing on the work of Bohong Chen and
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colleagues, we employed 12 different machine learning algorithms across 113 combinations to determine NaiveBayes
as the optimal diagnostic model for analyzing the 9 key genes. Notably, the NaiveBayes algorithm successfully identified
all 9 key genes, 7 of which have been previously demonstrated to be associated with MM.

In primordial cells from high-risk MM patients, lower levels of CDH1 are detected, which in turn encourages the pro-
liferation of MM cells [43]. Many investigations have proven CDH1’s diagnostic value as a tumor suppressor gene in MM
[44, 45]. IL-4 is an efficient anti-inflammatory cytokine that can be released by numerous types of immune cells [46].
Due to its anti-angiogenic and immunosuppressive qualities, IL-4 may encourage tumor development by generating
a permissive immunological environment [47, 48]. It has been established that IL-4 inhibits cell growth in a number of
cancers, including lung, colorectal, renal, and breast cancers. Several studies indicate that it could be used as a biomarker
for diagnosis and prognosis [49, 50]. Side population (SP) cells are a rich source of cancer stem cells with stem-like fea-
tures and have been detected in several malignancies, including MM [51-54]. AURKB is significantly expressed in SP cells
from both myeloma cell lines and primary MM samples [55]. The development of monoclonal gammopathy of unknown
significance (MGUS) into MM depends critically on HGF [56]. Furthermore, higher expression of H2BC9 (HIST1H2BH) is
related with lower survival rates in MM patients [57]. AREG, bundled within exosomes produced from MM, may represent
a unique component to MM-induced osteoclastogenesis [58]. The TJP1 gene plays a vital function in cell adhesion in MM
cells through epithelial-mesenchymal transition (EMT) [59].

Based on the 9 key genes, we identified a total of 33 validated drugs. The top ten drugs ranked by interaction scores
are: Gonadotropin, chorionic; Bicalutamide; Panitumumab; Genistein; Crizotinib; Risperidone; Capecitabine; Irinotecan
hydrochloride; Dehydrated alcohol; and Dexamethasone. These drugs may provide valuable insights for the future devel-
opment of therapeutic agents for MM.

Through MR analysis and differential analysis in the validation group, we identified H2BC5 as a specific gene for
diagnosing SLE-related MM. The H2B family, also known as the H2B histone family, is linked to a poor prognosis and
is implicated in a number of cancer pathological processes. Histone cluster 1 H2B family member D (HIST1H2BD), also
known as H2BC5, exhibits a strong positive correlation with a number of immunological indicators. Existing studies have
shown that elevated expression of HIST1TH2BH (H2BC9) is associated with poorer survival in MM patients and can serve
as an independent prognostic factor for MM [57]. Our study found that high expression of H2BC5 adversely affects the
overall survival of multiple myeloma patients and that H2BC5 expression is positively correlated with H2BC9. Further-
more, literature supports the significant role of H2BC5 in cancer. Research indicates that H2BC5 is highly expressed in
glioma patients, significantly correlating with poor prognosis and serving as a high-risk factor for gliomas [60]. Interest-
ingly, however, high expression of H2BC5 has been identified as an independent prognostic factor for better survival
in cervical cancer patients, as well as being linked to SLE [61]. Additionally, the transcriptional products of H2BC5 have
been confirmed as potential prognostic markers for lung cancer [62], and have been found to be upregulated in prostate
cancer [63]. Based on these findings and the existing literature, we hypothesize that H2BC5 may serve as an independ-
ent prognostic factor for MM. However, since no direct studies on the effect of H2BC5 in MM have been identified, the
specific impact of its high expression on MM requires further experimental validation and support.

GSEA enrichment analysis suggests that the high expression group of H2BC5 largely participates in pathways such as
one carbon pool via folate, oxidative phosphorylation, proteasome, ribosome, and systemic lupus erythematosus. Studies
have indicated that MM plasma cells exhibit enhanced glycolysis and oxidative phosphorylation (OXPHOS), which are
traits associated with recurring genetic changes that drive MM cell proliferation and survival [64]. Research has demon-
strated that proteasome inhibitors, such as bortezomib and carfilzomib, serve as foundational therapy for relapsed or
refractory MM and can trigger apoptosis in malignant cells [65]. Additionally, H2BC5 is involved in functions related to
nucleosome organization, chromatin assembly, and chromatin disassembly. Immune infiltration analysis demonstrates
a positive correlation between H2BC5 and resting CD4 memory T cells and M1 macrophages, while revealing a negative
correlation with activated plasma cells and neutrophils. As a crucial component of the bone marrow microenvironment,
macrophages can inhibit proteasome pathways and block drug-induced apoptosis by interacting with signaling path-
ways activated by tumor cells [66].

Our research findings indicate that H2BC5 is positively correlated with T cells CD4 memory resting and Mac-
rophages M1, while it is negatively correlated with the activation of Plasma cells and Neutrophils, suggesting a
potential close relationship between H2BC5 and the immune microenvironment. Previous studies have found that
H2BC5 is associated with autoimmune diseases, including SLE and rheumatoid arthritis [67]. Moreover, elevated
levels of myeloma-associated macrophages have been linked to poor prognosis in MM [68], whereas neutrophils
play a significant role in inhibiting tumor growth and metastasis [69]. The number of granulocytes in the bone mar-
row can serve as an additional parameter for assessing MM progression. A higher proportion of neutrophils in newly
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diagnosed MM patients is often associated with improved overall survival, and their reduction can predict adverse
outcomes in MM [70]. Additionally, the proliferation, progression, and survival of malignant plasma cells (PC) in MM
are highly regulated by the bone marrow microenvironment [71]. Mesenchymal stem cells (MSCs) are known to induce
an immunosuppressive microenvironment that may facilitate the progression from MGUS to MM [38]. Notably, during
human MSC differentiation, the fraction of polyadenylated H2BC5 transcripts increases [72]. Unfortunately, we have
not yet found relevant literature on the role of H2BC5 in the tumor microenvironment.

H2BC5 is directly associated with the risk of MM, and its diagnostic value has been elucidated and validated in the
aforementioned studies. However, no research has yet addressed the direct relationship between H2BC5 and MM In
future studies, we plan to further investigate and experimentally validate the function of H2BC5 in the progression
of multiple myeloma and its immune microenvironment.

5 Summary

Overall, our findings present a novel molecular framework for the early detection of MM, particularly in individuals
with SLE. The aim is to research the shared pathogenic pathways between SLE and MM and to develop treatment
strategies linking the two illnesses. This study focuses on nine genes: CDH1, IL4, AURKB, HGF, H2BC9, H2BC17, H2BC5,
AREG, and TJP1. Interestingly, seven of these genes have been linked to MM in the past. Furthermore, our study
highlights the diagnostic value of H2BC5 in relation to SLE-associated MM risk, indicating its direct correlation with
MM risk and presenting a promising avenue for further research.

6 Limitations

Due to constraints in experimental conditions, this study primarily relies on bioinformatics approaches and machine
learning algorithms, lacking validation through clinical patients, animal models, or cell-level experiments, which
inevitably limits the reliability of the findings. Additionally, H2BC5 has been identified as a gene specifically associated
with SLE-related MM, underscoring its potential as a biomarker. However, its role in the diagnosis and identification
of MM warrants further investigation.
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