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A B S T R A C T

Objective: While ferritinophagy is believed to play a significant role in the development of

periodontitis, the exact mechanisms remain unclear. This study aimed to investigate the

biomarkers associated with ferritinophagy in periodontitis using transcriptomic data.

Methods: Two periodontitis-related datasets from Gene Expression Omnibus, GSE10334, and

GSE16134, served as the training and validation cohorts, respectively. Additionally, 36 ferriti-

nophagy-related genes (FRGs) were obtained from the GeneCards database. We compared

the expression differences of FRGs between the periodontitis and control groups, identifying

the different FRGs as candidates. Weighted gene coexpression network analysis (WGCNA)

was applied to capture the key modules and modular genes related to periodontitis, utilizing

the candidate FRG scores as trait. Then we intersected these with key module genes to iden-

tify differentially expressed FRGs. Hub genes were filtered using a protein-protein interaction

network. Ultimately, biomarkers were acquired throughmachine learning, receiver operating

characteristic curves, and expression levels. In addition, biomarker-associated immune cells

and functional pathways were analysed to predict the upstream regulatorymolecules.

Results: In total, 18 candidate FRGs showed significant differences between the periodonti-

tis and control groups, and from the protein-protein interaction network, eight hub genes

were identified among the 175 differentially expressed FRGs by analysing 1096 differen-

tially expressed genes and 4479 key modular genes. Eventually, ALDH2, diazepam binding

inhibitor, HMGCR, OXCT1, and ACAT2 were identified as potential biomarkers through

machine learning algorithms, receiver operating characteristic curve analysis, and gene

expression assessments. In addition, resting dendritic cells, mast cells, and follicular

helper T cells were positively correlated with the five biomarkers (Cor > 0.3 and P < .05). All

five biomarkers are involved in the translation initiation pathway, including transcription

factors like KLF5 and microRNAs such as hsa-miR-495-3p and hsa-miR-27a-3p. Reverse

transcription-quantitative polymerase chain reaction analysis showed that all biomarkers

were expressed at low levels in the periodontitis group. However, the differences in expres-

sion levels for OXCT1 and ACAT2 between groups were not statistically significant.

Conclusions: A total of five ferritinophagy-related biomarkers − ALDH2, diazepam binding

inhibitor, HMGCR, OXCT1, and ACAT2 − were screened to explore new treatment options

for periodontitis.

� 2025 The Authors. Published by Elsevier Inc. on behalf of FDI World Dental Federation.

This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/)
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Introduction

Periodontitis is a chronic noncommunicable disease that affects

a large number of people, making it the sixth most prevalent

disease in humans.1 As a chronic inflammatory disease, peri-

odontitis primarily impacts the tissues that support the teeth,

which include the gums, periodontal ligament, and alveolar

bone. The development of periodontitis is influenced by a com-

bination of factors, primarily including plaque biofilm, the

immune response of the host, and various risk factors, which

encompass environmental, genetic, and systemic issues, as

well as smoking and psychological aspects.2 The primary signs

and symptoms of periodontitis are red and swollen gums, deep

pockets around the teeth, gum recession, and exposed tooth

roots. If not treated promptly, periodontitis can worsen and

eventually lead to toothmobility and loss, alongwith a decrease

in chewing function, which severely impacts the patient’s qual-

ity of life. Currently, the management of periodontitis mainly

includes oral hygiene education, basic periodontal therapy, and

surgical interventions.3 However, these treatments can only

slow or stop disease progression because they do not regener-

ate lost alveolar bone, and current periodontal therapies cannot

achieve true anatomical healing.4-7 Therefore, identifying bio-

markers with potential diagnostic value in periodontitis will aid

in the prevention and treatment of the condition, thereby

improving the quality of life for patients.

Recent studies have shown that ferritinophagy plays a sig-

nificant role in the pathological process of periodontitis. Spe-

cifically, it modulates inflammatory response intensity by

regulating intracellular iron levels.8 Studies reveal that higher

iron levels in periodontal tissues can worsen inflammation,

regulated by ferritinophagy, which breaks down ferritin and

releases iron into the tissues.9 In addition, patients with peri-

odontitis frequently experience oxidative stress, and excess

iron ions can increase free radical production, causing addi-

tional tissue damage. Ferritinophagy reduces oxidative stress

by eliminating excess ferritin, which protects cells. Impor-

tantly, during the repair and regeneration of periodontal tis-

sues, ferritinophagy plays a crucial role in regulating cell

survival and death. When ferritinophagy malfunctions, it

leads to increased cell death, which hinders the recovery of

periodontal tissues.10 The effects of ferritin degradation,

whether protective or detrimental, crucially rely on the

dynamic iron metabolism balance within cells. Specifically,

in iron homeostasis or low-iron situations, ferritinophagy

reduces oxidative stress and protects cells by removing

excess ferritin. Conversely, in iron-overloaded circumstan-

ces, the same process might instead cause harmful effects.11

Therefore, the function of ferritin degradation needs a com-

prehensive assessment based on the specific context, such as

the environment, cell type, and iron’s dynamic state. In sum-

mary, regulating the ferritinophagy pathway is a promising

therapeutic target for periodontitis. Exploring the molecular

mechanisms connecting ferritinophagy and periodontitis

may clarify disease progression, and ongoing studies are

investigating methods to modulate ferritinophagy through

drugs or genetic interventions to alleviate periodontal inflam-

mation and tissue destruction.12 However, more research is

needed to understand the role and molecular mechanisms of

ferritinophagy in periodontitis. Thus this study aims to
investigate how ferritinophagy-related genes (FRGs) may

function in periodontitis.

This study utilized public transcriptomic data related to

periodontitis to identify biomarkers associated with FRGs.

Moreover, the study aimed to explore how these biomarkers

influence the occurrence and progression of periodontitis.

The goal is to develop new prevention strategies and thera-

peutic approaches that effectively control the disease and

enhance patients’ quality of life.
Materials andmethods

Data source

The GSE10334 dataset (platform: GPL570) is available for

download from the Gene Expression Omnibus (GEO) database

(https://www.ncbi.nlm.nih.gov/geo/). It includes a total of 247

gingival tissue samples: 183 from patients with periodontitis

(the periodontitis group, n = 183) and 64 from those without

periodontitis (the control group, n = 64). The GSE16134 dataset

(platform: GPL570) served as the validation set, consisting of

310 gingival tissue samples downloaded from the GEO data-

base. This included 241 samples from patients with periodon-

titis and 69 control samples. Furthermore, we collected 36

FRGs from the GeneCards database (https://www.genecards.

org/) to support our analysis. For data preprocessing, we next

used the avereps function to aggregate the values of gene

expression, which effectively prevents missing genes from

influencing the final results.

Differential expression analysis

To characterize the expression of FRGs in periodontitis, a Wil-

coxon test was conducted on FRGs based on training set, and

the expression of FRGs in periodontitis and control samples

was analysed using R language limma package (version

3.62.2).13 This analysis revealed significant differences

between the affected (periodontitis) and unaffected (control)

sites, leading to the identification of candidate FRGs with an

adjusted P value of less than .05. To estimate the differential

expression of candidate FRGs between two groups, we

applied the single sample gene set enrichment analysis

(GSEA) algorithm using the GSVA package (version 1.48.2).14

This approach assessed candidate FRG scores across all sam-

ples based on those obtained from the training set. We then

performed group comparisons using theWilcoxon test.

Acquisition of key modular genes

The full gene expression matrix from all samples in the train-

ing set was utilized with the WGCNA package (version 1.7-3)

to construct a weighted gene coexpression network aimed at

identifying key modular genes associated with periodonti-

tis,15 using candidate FRGs scores as a trait. Initially, outlier

samples were removed through clustering to clarify the over-

all correlation among all samples in the training dataset,

which enhances the accuracy of the analysis that follows. To

guarantee that intergene interactions optimally fit the scale-

free distribution, we calculate the soft threshold for the data,

achieving R2 = 0.85 and a mean connectivity that approaches

https://www.ncbi.nlm.nih.gov/geo/
https://www.genecards.org/
https://www.genecards.org/
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zero. Genes were then organized into distinct gene modules

through hierarchical clustering. We assessed the correlations

between the modules and the candidate FRGs scores using

the Spearman correlation method. The two modules with the

highest positive correlation and the highest negative correla-

tion with the candidate FRGs scores were identified as key

modules. The genes from these two identified modules were

then combined to define the key modular genes.

Functional enrichment analysis

We performed a differential expression analysis using the

limma package on the training set to identify differentially

expressed genes (DEGs) between periodontitis and control

samples, applying the criteria of P < .05 and |log2fold-change

(FC)| > 0.5. To further investigate DEGs associated with ferriti-

nophagy in periodontitis, we identified the intersection of

DEGs and key modular genes to yield differentially expressed

FRGs (DE-FRGs). Next, we functionally enriched the DE-FRGs

using gene ontology (GO) and Kyoto Encyclopedia of Genes and

Genomes (KEGG) analyses. We set the significance thresholds

at P < .05 and false discovery rate < 0.05, utilizing the cluster-

Profiler package (version 4.4.4).16 To explore interactions of pro-

teins encoded by DE-FRGs, we used the STRING database

(http://www/string-db.org/) to create a protein-protein interac-

tion network for ‘Homo sapiens’ with an interaction score of

≥0.4. The DE-FRGs were screened using four algorithms in

Cytohubba: Degree, Edge Percolated Component, Maximal Cli-

que Centrality, and Maximum Neighborhood Component. The

top 20 genes identified by these algorithms were compared,

and the common genes were designated as hub genes for sub-

sequent analyses aimed at understanding their roles.

Identification of biomarkers

To identify key genes, we applied threemethods: least absolute

shrinkage and selection operator (LASSO) from the glmnet

package (version 4.1.4), support vector machine-recursive fea-

ture elimination (SVM-RFE) from the caret package (version

6.0-94, https://cran.r-project.org/web/packages/caret/index.

html), and the Boruta algorithm from the Boruta package (ver-

sion 4.3.0) to hub genes in the training set.17,18 To evaluate the

ability of key genes to distinguish between periodontitis and

control samples, we plotted receiver operating characteristic

(ROC) curves. This was done for both training and validation

cohorts using the pROC package (version 1.18.0).19 The area

under the curve (AUC) was calculated, where values above 0.7

signify strong differentiation capability. Key genes with an

AUC greater than 0.8 in both the training and validation sets

were selected as candidate biomarkers for further analysis. To

examine the expression of candidate biomarkers in periodonti-

tis and control samples from both training and validation sets,

we screened genes with significant expression differences (P <
.05) and consistent expression trends across both datasets

using theWilcoxon test.

Construction of nomogram

A nomogram model was established using the RMS package

(version 6.5.0, https://CRAN.R-project.org/package=rms) to
evaluate the diagnostic value of biomarkers in clinical settings.

Each biomarker was scored individually, allowing to infer the

incidence of periodontitis from the total score. In addition, cali-

bration curves were plotted using regplot package to demon-

strate the agreement between predicted probability of

nomogram model and the actual incidence rate. Decision

curve analysis (DCA) was performed using the ggDCA package

(version 1.2) to evaluate the clinical benefit of the model at

varying risk thresholds.20 The accuracy of the nomogram pre-

dictions was evaluated through ROC curves (AUC > 0.7).

Immune infiltration analysis

To explore the differences in immune cell infiltration

between periodontitis and control samples, we assessed the

composition and abundance of 22 immune infiltrating cells in

all training set samples using CIBERSORT.21 The differences

in immune cell infiltration between two groups of samples

were also compared by the Wilcoxon signed-rank test. Spear-

man correlation analysis was performed to assess biomarkers

and different immune cells across all samples in the training

set, focusing on |correlation (Cor)| > 0.3 and P < .05.

Gene set enrichment analysis

To investigate the biological functions and pathways of bio-

markers, Spearman correlation analysis was performed

between each biomarker and all genes in the training set,

which consisted of periodontitis and control samples, using

the psych package (version 2.2.9).22 The correlation coeffi-

cients were used to rank the biomarkers. The ClusterProfiler

package was used to perform GSEA for each biomarker. For

the enriched pathways, we used screening criteria of P < .05

and false discovery rate < 0.25, along with the reference gene

set (c2.cp.kegg.v7.2.symbols.gmt).

Ferritinophagic biomarker-associated analyses

We integrated the identified biomarker-target interactions

with the top 10 pathways derived from GSEA to construct the

biomarker-target-pathway network using Cytoscape. Spear-

man analysis of biomarkers was performed based on all the

samples in the training set using the psych package. The

threshold was set at |Cor| > 0.3 and P < .05. Meanwhile, the

GOSemSim package (version 2.28.0) was applied to assess the

functional similarities among biomarkers.23 We explored

additional genes related to biomarker functions using the

GeneMANIA database (http://genemania.org/), predicting

associated genes and displaying the results in a gene-gene

interaction network. The top 20 genes were selected as key

nodes, and the five most significant pathways associated

with them were highlighted. The transcription factors (TFs)

for each biomarker were predicted using the ChEA3 database

(https://maayanlab.cloud/chea3/), and finally, the TF-bio-

marker regulatory network was illustrated. The miRanda

(http://www.microrna.org) and TargetScan (https://www.tar

getscan.org/vert_80/) databases were utilized to predict target

microRNAs (miRNAs) interacting with biomarkers and con-

structed the complete miRNA-biomarker regulatory network

with Cytoscape software. To identify drugs that target

http://www/string-db.org/
https://cran.r-project.org/web/packages/caret/index.html
https://cran.r-project.org/web/packages/caret/index.html
https://CRAN.R-project.org/package=rms
http://genemania.org/
https://maayanlab.cloud/chea3/
http://www.microrna.org
https://www.targetscan.org/vert_80/
https://www.targetscan.org/vert_80/


Table – List of primer sequences for RT-qPCR.

Primer name Sequence (500-300)

ALDH2 F: GGTAGCTGAAGGGGACAAGG

R: CCTGTGTGATGCGTCCATGC

DBI F: TGTTTCCAGCATACTGTGCC

R: CTCATCCGATGGCTTGGTCT

HMGCR F: TGATTGACCTTTCCAGAGCAAG

R: CTAAAATTGCCATTCCACGAGC

OXCT1 F: TACAAGGTAAAGTGCGGGGG

R: TTATCGCGTCTCGCTCCATC

ACAT2 F: GTGCCGCATGGTTTTCAACG

R: GCCGCTGTAGCCCTTCTATT

GAPDH F: CGAAGGTGGAGTCAACGGATTT

R: ATGGGTGGAATCATATTGGAAC

RT-qPCR, reverse transcription-quantitative polymerase chain reaction.
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biomarkers, we queried the Drug Gene Interaction Database

(DGIdb, http://www.dgidb.org).
Reverse transcription-quantitative polymerase chain reaction
(RT-qPCR) for validation

To determine the validity of biomarker expression, RT-qPCR

was performed. Ten tissue samples from patients diagnosed

with periodontitis and 10 samples from control individuals

were used.24,25 Periodontitis tissue samples were obtained

from 10 patients with severe periodontitis diagnosed as Stage

III Grade C or Stage IV Grade C according to the 2018 new clas-

sification,26 and gingival tissues were collected from around

hopeless teeth. For the control group, gingival tissues were

obtained from 10 periodontally healthy individuals undergo-

ing orthodontic extraction of premolars. The extracted teeth

showed no bleeding on probing, had a probing depth of 1 to

3 mm, and no attachment loss, and tissues were collected

from around these teeth. Exclusion criteria encompassed the

existence of any systemic diseases.

Amplification conditions for RT-qPCR were as follows: 40

cycles, 1 minute at 95°C, 20 seconds at 95°C, 20 seconds at
Fig. 1 –The expression level of FRGs. (A) Differential expression a

median. The points outside the box represented outliers, and th

maximum andminimum values within the nonoutlier range. ‘n

‘****’: P < .0001. (B) Difference FRGs score cloud-rainy map. The ve

FRGs in each sample. The horizontal axis represented the ssGSE

sample, ‘****’: P < .0001.
55°C, and 30 seconds at 72°C. The qPCR primers were listed in

Table, with GAPDH serving as the reference gene. The relative

expression levels of the biomarkers were calculated using the

2−DDCT method.

Statistical analyses

R software version 4.2.2 (R Foundation for Statistical Comput-

ing) was exhibited for data visualization. Differences inter-

groups were analysed by Wilcoxon test, with P < .05 as

statistical significance.
Results

Significant differences in FRGs

The 36 FRGs were matched to 30 FRGs in the training set for

expression level analysis, revealing that 18 candidate FRGs

exhibited significantly different expression levels between

the periodontitis group (affected site) and the control group

(unaffected site), with 10 up-regulated and 8 down-regulated

(Figure 1A). Furthermore, the analysis revealed a significant

difference in candidate FRG scores, with the periodontitis

group (affected site) exhibiting higher scores compared to the

control group (unaffected site) (Figure 1B).

Key modular genes from key modules with periodontitis

Outlier samples (GSM261256, GSM261278, and GSM261279)

were initially removed based on their clustering (Figure 2A).

Subsequently, when R2 first reached the threshold of 0.85

and the soft threshold was set to 12, the network

approached a scale-free distribution, and the mean connec-

tivity decreased towards 0 (Figure 2B). The dynamic tree-cut

method identified and merged gene modules, resulting in a

total of 10 modules (Figure 2C). Correlation analysis revealed

that the blue module exhibited the highest negative correla-

tion with candidate FRG scores (Cor = −0.42, P < .0001), while

the light yellow module showed the highest positive
nalysis of FRGs. The centre line of the box represented the

e whisks above and below the box extended to the

s’: Not significant; ‘*’: P < .05; ‘**’: P < .01; ‘***’: P < .001;

rtical axis represented the relative enrichment degree of

A score of a single sample, with each point representing a

http://www.dgidb.org


Fig. 2 –Screening of module genes byWGCNA. (A) Plot of sample clustering. (B) Determination of soft-threshold. The horizon-

tal axis represented the weight parameter. In the left figure, the vertical axis was Scale Free Topology Model Fit, namely

signed R2, the square of the correlation coefficient R2 between log(k) and log(p(k)) in the corresponding network. The higher

the square of the correlation coefficient, the closer the network was to the scale-free network distribution. In the right figure,

the vertical axis represented the average connectivity of all genes in the corresponding genemodule. (C) Module genes. The

clustering diagram of module-eigengenes was in the left figure. Each point represented the eigengene of a module, with its

namemarked; the branches of the dendrogram showed the relative distances betweenmodule-eigengenes. The gene den-

drogram andmodule colours were in the right figure. The y-axis represented the height during gene clustering, showing the

differences between genes. The coloured bars below the dendrogram showed the genemodules identified by the dynamic

tree-cutting method and the subsequent module −merging results. (D) Correlation heatmap. Each row corresponded to a

genemodule. Blue represented negative correlation, red represented positive correlation. The deeper the colour was, the

stronger the correlation was. Grey represented no correlation.
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correlation (Cor = 0.37, P < .0001). A total of 4479 key modular

genes were identified, consisting of 3108 genes from the blue

module and 1371 genes from the light yellow module

(Figure 2D).
Hub genes acquisition depending on DE-FRGs

A total of 1096 DEGs were identified, including 523 that were

down-regulated and 573 that were up-regulated (Figure 3A,B).



Fig. 3 –Screening and functional analysis of hub genes. (A) Volcano plot of differentially expressed genes. Blue dots represented

geneswith down-regulated expression, red dots represented genes with up-regulated expression, and yellow dots represented

geneswith no significant difference. Dots at a higher position on the vertical axis indicated expression changes with stronger

statistical significance. (B) Heatmap of differentially expressed genes. Diseased tissue samples weremarked in red, and control

tissue samplesweremarked in blue. Row and column clustering of the dendrogram revealed the similarity patterns between

genes and samples. The expression level changed from blue (the lowest expression level) to red (the highest expression level).

(C) Venn diagram of DEGs and keymodule genes. (D) GO functional enrichment analysis tree diagram. Each rectangle repre-

sented a biological pathway or process. The size of the rectangle compared the relative number of each category, and the colour

was arranged according to the P value to show statistical significance. (E) KEGG functional enrichment analysis tree diagram.

(F) PPI network. (G) Venn diagram for screening hub genes by ranking the top 20 with four algorithms.
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Using these DEGs, we further identified 175 DE-FRGs by inter-

polating them with 4479 key modular genes (Figure 3C). For

DE-FRGs, GO analysis enriched 289 items, including 231 bio-

logical processes (BP), 32 cellular components, and 26molecu-

lar functions in terms such as ‘multivesicular body’,

‘cytoplasmic microtubule organization’, and ‘establishment
of skin barrier’ (Figure 3D). KEGG was enriched in 17 path-

ways, such as ‘arachidonic acid metabolism’, ‘tryptophan

metabolism’, and ‘melanogenesis’ (Figure 3E). Moreover, the

protein-protein interaction network revealed protein interac-

tions among the DE-FRGs, comprising 120 nodes and 95 edges

(Figure 3F). The top 20 genes identified by four Cytohubba



Fig. 4 –Screening and identification of biomarkers. (A) Screening of key genes by LASSO algorithm. The cross-validation error

plot of the LASSOmodel was on the left. The selection of the λ value was based on the minimization of the cross-validation

error. The first dashed line indicated ‘Lambda.min’; the second dashed line marked the position of one-standard-deviation

from the lowest point ‘Lambda.1se’, which represented the simplest model that could be obtained at the cost of one-stan-

dard-deviation. The coefficient path plot of the LASSOmodel was on the right. The lines tended to zero, indicating that the

coefficients were compressed. (B) Screening of key genes by SVM-RFE algorithm. The y-axis represented the cross-validation

(CV) error, and the x-axis represented the number of selected features. (C) Box plot of screening key genes by Boruta algo-

rithm. Each box represented the distribution of importance score of different genes. The horizontal line within the box repre-

sented the median, and the points outside the box represented outliers. (D) Venn diagram of key genes screened by LASSO,

SVM-RFE, and Boruta algorithms. (E) ROC curve plots of the training set and the test set. Each curve represented a key gene.

(F) Box-plot analysis of biomarker expression levels in the training set and the validation set. ‘****’: P < .0001.
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Fig. 5 –Construction and verification of the nomogrammodel. (A) Nomogram of biomarkers. (B) Calibration curve of nomo-

gram. (C) Decision curve of nomogram. (D) ROC curve of nomogram.
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algorithms were intersected to yield eight hub genes (Addi-

tional File 1 and Figure 3F).
ALDH2, DBI, HMGCR, OXCT1, and ACAT2 identified as
biomarkers

In LASSO regression, a penalty coefficient close to zero helped

select features and simplify the model, resulting in six signifi-

cant genes with lambda.min = 0.016 (Figure 4A). The SVM-RFE

algorithm selected features based on their importance, iden-

tifying seven significant genes (Figure 4B). Additionally, the

Boruta algorithm identified eight significant genes

(Figure 4C). Hence, six common genes identified by LASSO,

SVM-RFE, and Boruta were selected as key genes: ALDH2,

diazepam binding inhibitor (DBI), HMGCR, OXCT1, ACAT2,

and VLDLR (Figure 4D). Based on the ROC curves, key genes

with AUC > 0.8 (ALDH2, DBI, HMGCR, OXCT1, and ACAT2) in

both the training and validation sets were designated as can-

didate biomarkers (Figure 4E). In both the training and valida-

tion cohorts, all five candidate biomarkers were expressed at

low levels in the periodontitis group (affected site) and exhib-

ited the same expression trend in both datasets, which led to

their adoption as biomarkers (Figure 4F).
Highly predictive of periodontitis using the nomogrammodel

A nomogram model was developed, indicating that higher

total points correlate with an increased likelihood of peri-

odontitis (Figure 5A). Calibration curves with slopes close to 1

reflect a strong agreement between the predicted probabili-

ties of the model and the actual incidence rates (Figure 5B).

The net benefit value of the DCA curve was greater than 0,

indicating strong predictive performance, while the AUC

value of the ROC curve was 0.904, suggesting high predictive

accuracy (Figure 5C,D).

Correlation between biomarkers and immune cells infiltration

This study demonstrated immune cell infiltration in both

periodontitis and control samples (Figure 6A). There were

significant differences between the two sample groups in

terms of 15 types of immune cell infiltrations, including

memory B cells, naive B cells, resting dendritic cells, M0

macrophages, M1 macrophages, resting mast cells, neutro-

phils, activated natural killer (NK) cells, resting NK cells,

plasma cells, memory-activated CD4 T cells, naive CD4 T

cells, CD8 T cells, follicular helper T cells, and gamma delta

T cells (Figure 6B). Correlation analysis of biomarkers and



Fig. 6 – Immune infiltration analysis. (A) Heatmap of the composition and abundance of 22 immune cells. The cell abundance

of each sample was represented by a column of colour blocks. Different colours represented different cell types, and the

height indicated the estimated proportion in the sample. (B) Box-plot of the expression differences of 22 immune cells

between PD samples and control samples. Red represented PD samples, and green represented control samples. (C) Heatmap

of the correlation matrix between biomarkers and differential immune cells. Blue represented negative correlation, and red

represented positive correlation. The deeper the colour, the stronger the correlation; the numbers represented the values of

the correlation coefficients, and the size of the dots represented the significance level of the P value, from small (not signifi-

cant) to large (extremely significant).
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Fig. 7 –Single-gene GSEA analysis chart of biomarkers. (A) ALDH2; (B) DBI; (C) HMGCR; (D) OXCT1; (E) ACAT2.
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differential immune cells demonstrated that resting den-

dritic cells, resting mast cells, and follicular helper T cells

were positively correlated with the five biomarkers (Cor >
0.3 and P < .05) (Figure 6C).
All five biomarkers worked in ‘reference translation initiation’
by GSEA

The GSEA results were presented for each biomarker,

highlighting the top five enriched pathways ranked by signifi-

cance (Figure 7A-E). For ALDH2, a total of 157 pathways were

enriched, as depicted in Figure 7A. All five biomarkers partici-

pated in the ‘reference translation initiation’ pathway, indi-

cating its significance in the study.
Prediction of biomarker-associated genes, functions, and
upstream regulatory molecules

The biomarker-target-pathway network showed how five

biomarkers interact with 14 protein-coding genes and nine

signalling pathways (Figure 8A). Among the five biomarkers,

the pairs with the strongest correlation were HMGCR-

OXCT1 and DBI-HMGCR (Figure 8B). The analysis of func-

tional similarity demonstrated that the median values of

the biomarkers ranged from 0.25 to 0.50, with distinct

median positions for each. This variation indicates differen-

ces in the functional similarity of the biomarkers

(Figure 8C). Meanwhile, the interquartile range of each bio-

marker varied greatly, indicating that the distribution of

functional similarity was also distinct. Moreover, the gene-



Fig. 8 – Functional-related analysis of biomarkers. (A) Biomarker-target-pathway network. Five blue diamond-shaped nodes

each represented a gene, 14 purple rectangular nodes represented a gene encoding a protein, and nine yellow rectangular

nodes represented biological pathways, with a total of 46 edges. (B) Correlation between biomarkers. The depth of colour rep-

resented the strength of the correlation. Dark red indicated strong positive correlation, light red indicated weak correlation,

and blue indicated negative correlation. (C) Box plot of functional similarity analysis of biomarkers. (D) GeneMANIA network

of biomarkers. (E) TF-biomarker network graph. Nineteen green rectangular nodes represented transcription factors, and five

blue diamond-shaped nodes represented biomarkers, with a total of 31 edges. (F) miRNA-biomarker regulatory network

graph. Pink rectangular nodes represented miRNAmolecules, 11 dark pink ones were conserved (conserved) miRNAs, and

light pink ones were miRNAs coacting on five biomarkers. Five blue diamond-shaped nodes represented biomarkers, with a

total of 36 edges. (G) Drug-biomarker relationship network graph. Three blue diamond-shaped nodes represented bio-

markers, and 24 orange rectangular nodes represented drugs, with a total of 24 edges.
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gene interaction network showcased 20 genes linked to bio-

markers involved in BP, including ‘sterol biosynthesis’

(Figure 8D). Additionally, the TF-biomarker network

included 19 TFs predicted by five biomarkers, establishing

31 regulatory relationships (Figure 8E). The miRNA-bio-

marker network identified 16 miRNAs associated with five

biomarkers, including 11 conserved and 5 coacting miRNAs

(Figure 8F). Consequently, only three biomarkers (ALDH2,
DBI, HMGCR) were relevant to 24 drugs in the drug-bio-

marker network (Figure 8G).

Biomarkers were lowly expressed in periodontitis group by
RT-qPCR

Five biomarkers − ALDH2 (P = .0017), DBI (P = .0395), HMGCR

(P = .0418), OXCT1 (P = .2809), and ACAT2 (P = .5054) − were



Fig. 9 –Bar graph of RT-qPCR for biomarkers.
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expressed at lower levels in the periodontitis group (Figure 9).

Specifically, ALDH2, DBI, and HMGCR showed significant dif-

ferences (P < .05) between the periodontitis and control

groups.
Discussion

Periodontitis is an oral disease that is difficult to completely

cure, characterized by chronic inflammation and tissue

destruction in a persistently bacterial environment, which

poses significant challenges to treatment. Ferritinophagy is a

type of cellular autophagy that regulates intracellular iron

metabolism, thereby affecting cell survival and function.12

Recent studies have found that ferritinophagy plays an

important role in the progression of periodontitis.9 This

study, based on periodontitis-related transcriptome data

from public databases, utilized bioinformatics analysis to

identify biomarkers associated with FRGs in periodontitis.

Through screening, five biomarkers were obtained: ALDH2,

DBI, HMGCR, OXCT1, and ACAT2.

Aldehyde dehydrogenase 2 family member (ALDH2) is a

gene in humans that encodes for mitochondrial aldehyde

dehydrogenase.27 The polymorphism of the ALDH2 gene is

associated with various diseases and physiological states, pri-

marily due to its role in degrading harmful aldehyde com-

pounds, thereby reducing oxidative stress and protecting

tissues from damage.28 Meanwhile, ferritinophagy depends

on the accumulation of iron and lipid peroxidation, processes

that are regulated by oxidative stress. ALDH2 can inhibit fer-

roptosis by activating nuclear factor erythroid 2-related factor

2 (Nrf2), thereby alleviating inflammatory responses and pro-

moting the osteogenic differentiation of periodontal ligament

stem cells in periodontitis.29 Therefore, this study’s findings
are consistent with previous research, further emphasizing

the importance of ALDH2 as a diagnostic marker for peri-

odontitis.

DBI, also known as Acyl-CoA binding protein, is a multi-

functional protein that plays roles in various BP.30 It has been

extensively studied in aspects such as the central nervous

system and bioenergy metabolism. First, lipid peroxidation is

a key feature of ferritinophagy, as it involves the oxidation of

polyunsaturated fatty acids.31 DBI is involved in the binding

and transport of fatty acids, which may affect the supply of

fatty acids and thereby indirectly influence the dynamic pro-

cess of lipid peroxidation even ferritinophagy. Lipid metabo-

lism disorders have a significant impact on inflammatory

processes, including periodontitis. On the other hand, the

regulation and effects of DBI may be related to the regulation

of cellular stress responses, influencing stress response path-

ways by regulating the utilization and storage of iron, while

periodontitis is closely related to oxidative stress.32 Excessive

reactive oxygen species damage cells and produce excessive

inflammatory responses in local immunity.33 If DBI plays a

role in antioxidant balance, it can be speculated that it influ-

ences the alleviation or acute exacerbation of periodontal dis-

ease symptoms.

3-hydroxy-3-methylglaryl-CoA reductase (HMGCR) is the

rate-limiting enzyme in the cholesterol synthesis pathway,

primarily responsible for the production of cholesterol in the

body.34 Additionally, it plays an important role in the biosyn-

thesis of isoprenoids and lipid metabolism. Disruptions in

cholesterol metabolism can affect inflammatory responses.35

High cholesterol levels are associated with systemic inflam-

matory responses, which may influence periodontal inflam-

mation through systemic health conditions such as diabetes

and hyperlipidemia.36 Studies have shown that statins can

alleviate periodontal inflammation, possibly due to their
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anti-inflammatory properties and regulation of cholesterol

levels.37

3-oxoacid CoA-transferase 1 (OXCT1) plays a critical role in

ketone body metabolism, primarily by catalysing the conver-

sion of ketone bodies into acetyl-CoA, which then enters the

tricarboxylic acid cycle (TCA cycle) to provide energy.38 Some

studies also suggest that under conditions of oxidative stress

and inflammation, cells may increase their utilization of

ketone bodies to meet energy demands.39 This process is par-

ticularly important in chronic inflammatory states such as

periodontitis, which is accompanied by an increased energy

metabolism demand. In such cases, the role of OXCT1 is espe-

cially crucial, as it facilitates the key step of converting ketone

bodies into energy.40 Furthermore, ketone bodies are not only

intermediates in energy metabolism but have also been

found to possess anti-inflammatory properties. For instance,

b-hydroxybutyrate, a major ketone body, is believed to inhibit

certain inflammatory pathways, reduce oxidative stress, and

modulate immune function.41 These effects may occur indi-

rectly through the action of OXCT1.

Acetyl-CoA cholesterol acyltransferase 2 (ACAT2) is pri-

marily involved in the synthesis of cholesterol esters, playing

an important role in lipid metabolism by regulating the bal-

ance of free cholesterol and cholesterol esters within cells.42

Some studies also indicate that ACAT2’s regulation of choles-

terol esters may affect the cholesterol dynamics in immune

cell membranes, thereby influencing immune responses.43

Cholesterol accumulation can affect the function of immune

cells and the intensity of immune responses, potentially act-

ing through the regulation of cell membrane receptors or sig-

nalling pathways, thus indirectly impacting the overall

response to inflammation.44,45 Consequently, studying the

relationship between ACAT2 and inflammatory markers such

as IL-6 and tumour necrosis factor-a can further elucidate its

potential role in periodontal diseases. Meanwhile, the study

found that these genes were predominantly downregulated

in periodontal inflammatory tissues.46 Such downregulation

in periodontitis tissues may further promote the pathological

processes of periodontitis through the regulation of energy

metabolism, oxidative stress, and other mechanisms.

In this study, by comparing the immune cell infiltration in

periodontitis with that in healthy gums, it was revealed that

there is a lower level of infiltration of 15 different immune

cells in periodontitis patients, including memory B cells,

naive B cells, resting dendritic cells and so on. Further analy-

sis of the correlation between biomarkers and differential

immune cells showed that resting dendritic cells, resting

mast cells, and follicular helper T cells are significantly posi-

tively correlated with the five biomarkers, suggesting that the

abnormal expression of biomarkers may be related to the

dysfunction of immune cell infiltration in periodontitis.

Dendritic cells, as antigen-presenting cells, are responsible

for capturing, processing, and presenting antigens to activate

T cells. Dendritic cells can mediate inflammation-related

bone resorption, which is crucial in the development of peri-

odontitis.47 Studies have shown that memory B cells partici-

pate in immune responses during chronic inflammation of

periodontitis by producing specific antibodies, thereby

increasing periodontal tissue destruction and accelerating

disease progression.48 Macrophages can be divided into
different subtypes based on their activation state. M1 macro-

phages are associated with proinflammatory responses and

play a role in tissue damage and pathogen clearance.49 Stud-

ies have shown that the accumulation of M1 macrophages in

periodontitis lesions is associated with tissue destruction and

bone resorption, while M2 macrophages are primarily

involved in the reparative stage of periodontal inflamma-

tion.50 Mast cells play an important role in immune surveil-

lance and regulating immune responses and may promote

inflammatory processes in periodontitis by releasing cyto-

kines and chemokines.51 Neutrophils are one of the most

abundant immune cells in periodontitis, responsible for

phagocytosing and clearing pathogens.52 Studies have shown

that persistent neutrophil infiltration can lead to tissue dam-

age and exacerbation of the disease.53 NK cells combat infec-

tions through cytotoxic actions. Through direct interaction

with periodontal pathogens, NK cells produce proinflamma-

tory cytokines, which subsequently lead to tissue destruc-

tion.54 In chronic periodontal disease, an increased number

of plasma cells may reflect a sustained immune response.

Memory-activated and naive CD4 T cells, CD8 T cells, and fol-

licular helper T cells play important roles in regulating

immune responses, cellular immunity, and antibody-medi-

ated responses.55 Dysregulation of CD4 and CD8 T cells may

lead to inappropriate inflammatory responses and tissue

destruction. Follicular helper T cells assist B cells in produc-

ing antibodies and maintaining adaptive immunity.56 OXCT1

provides energy for activated immune cells, such as T cells

and NK cells, by participating in ketone body metabolism.40

ALDH2 plays a role in the oxidative stress response, regulat-

ing the oxidative state of immune cells, thereby affecting the

activity of dendritic cells and mast cells, as well as the differ-

entiation and function of follicular helper T cells.57 DBI is

involved in cholesterol metabolism and cell membrane sta-

bility, which can influence the antigen-presenting efficiency

of dendritic cells and the ability of follicular helper T cells in B

cell assistance.58,59 HMGCR and ACAT2 exert significant

effects on T cell activation and proliferation by regulating

cholesterol metabolism.60 In conclusion, these biomarkers

may collectively regulate the function and activity of immune

cells through pathways involving metabolism, oxidative

stress response, and cholesterol homeostasis. Furthermore,

their interactions may represent a coordinated response of

immune cells in sensing and adapting to their environment.

This complex network requires further experimental valida-

tion and understanding, ultimately providing better strate-

gies for diagnosing and treating related diseases.

In the occurrence and development of periodontitis, TFs,

miRNAs, and related drugs may play roles through various

pathways and mechanisms, particularly in connection with

the functions of biomarkers and regulatory networks. This

study constructed a regulatory network based on five bio-

markers, and the results predicted TF KLF5, along with miR-

NAs such as hsa-miR-495-3p and hsa-miR-27a-3p. KLF5 is a

TF belonging to the KLF family, playing essential roles in vari-

ous BP, including cell proliferation, differentiation, apoptosis,

and immune responses. Studies have shown that overexpres-

sion of KLF5 can reverse the inhibitory effect of miR-143-3p

on osteogenic differentiation, thereby impacting the regener-

ation and tissue repair of human periodontal ligament cells.61
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The hsa-miR-495-3p and hsa-miR-27a-3p exert their regula-

tory functions by binding to the 30 untranslated region of their

mRNA targets. In different cell types and tissues, hsa-miR-

495-3pmediates specific biological functions, such as cell pro-

liferation, differentiation, and disease progression, by regu-

lating target gene expression.62 It also plays a critical role in

immune regulation and inflammatory responses. Addition-

ally, some studies have suggested that hsa-miR-495-3p is

closely associated with the diagnosis and prognosis of oral

squamous cell carcinoma.63 miR-27a-3p, as a regulatory fac-

tor, has been reported to participate in the modulation of

inflammatory responses and play a role in regulating osteo-

genesis-related genes.64 This is closely linked to the progres-

sion of periodontal inflammation and the balance between

osteogenesis and bone resorption. It is also believed to be

involved in processes such as bone density, bone formation,

and periodontal tissue regeneration. Its common targets

include genes associated with the Wnt/b-catenin signalling

pathway, inflammatory factor pathways, and tumour-related

signalling pathways.65,66 Overall, TFs and miRNAs may exert

influence on inflammatory responses and tissue repair pro-

cesses through gene regulatory networks, playing important

roles in the progression of periodontal disease. Investigating

the molecular mechanisms and drug-mediated regulatory

effects among these can provide new insights and targets for

the precision medicine of periodontal disease. Further experi-

mental validation will help to better understand the specific

functions and potential therapeutic benefits of these mole-

cules in the disease process of periodontal disease.

The core pathological mechanism of periodontitis is a

chronic inflammatory response triggered by bacterial infec-

tion, leading to periodontal tissue damage and alveolar bone

resorption. Studies have shown that the combined use of

omega-3 fatty acids and aspirin can significantly inhibit the

expression of inflammatory factors, namely tumour necrosis

factor-a and interleukin-1b.67 These inflammatory factors are

key proinflammatory mediators in periodontitis, involved in

the activation of immune cells and inflammatory cascades.

In addition, the enzymes COX-2 and iNOS play significant

roles in the inflammatory response of periodontitis.68 COX-2

is associated with the synthesis of prostaglandins, which are

critical mediators of bone resorption and tissue destruction

in periodontitis.69 iNOS, on the other hand, aggravates

inflammatory responses and oxidative stress by producing

excessive nitric oxide (NO).70 Research has demonstrated that

omega-3 fatty acids and aspirin can suppress the protein

expression levels of COX-2 and iNOS in RAW264.7 cells.71

The RANK/RANKL pathway is the primary regulatory path-

way for osteoclast differentiation and activation.72 Targeting

RANK or RANKL can effectively inhibit alveolar bone resorp-

tion. Additionally, matrix metalloproteinases (MMPs), such as

MMP-9 and MMP-2, play crucial roles in the degradation of

periodontal tissues. MMPs are involved in regulating the M1/

M2 polarization of macrophages and the Th17/Treg balance

of T cells.73 Therefore, targeting and inhibiting MMPs can

reduce the destruction of periodontal tissues. Studies have

revealed that the combination of omega-3 fatty acids and

aspirin can suppress RANKL-induced MMPs gene expression,

thereby mitigating bone resorption and tissue destruction.71
The pathological mechanism of periodontitis is complex,

involving multiple processes such as inflammatory response,

immune regulation, oxidative stress, and abnormal bone

metabolism. By inhibiting inflammatory factors, regulating

the RANKL/MMP pathway, and exerting antioxidant effects,

Omega-3 fatty acids and aspirin work together synergisti-

cally, offering a new approach to the treatment of periodonti-

tis.50 Therefore, future drug development efforts could focus

onmultitargeted combination therapy strategies.

In this study, we employed various advanced bioinformat-

ics methods and conducted experiments to ultimately iden-

tify five diagnostic biomarkers for periodontitis. Furthermore,

this discovery may have potential significance in the diagno-

sis and further research of periodontitis. Nonetheless, this

study also has several limitations to be addressed in future

research. First, the sample size in this study is relatively

small, and it may influence the generalization and represen-

tativeness of the results. The data from the GEO database is

limited, which might enhance individual differences and

bring potential biases to the findings. Consequently, future

research should concentrate on enlarging the sample size,

especially by including individuals of various age groups, gen-

ders, and disease subtypes, to enhance the wide applicability

of the results. Second, this study primarily focused on analyz-

ing gene expression levels, while insufficiently exploring pro-

tein levels and their functions. As proteins directly perform

the biological functions of genes, future studies can integrate

multiomic analyses for more comprehensive investigation of

the roles of key genes in the pathogenesis and progression of

the disease. Furthermore, although this study examined the

variations in immune cell infiltration, the particular functions

of diverse immune cell subgroups and their connections with

diagnostic biomarkers have not been fully explored. Future

research should further concentrate on the mechanisms

through which immune cells contribute to periodontitis,

especially the interactions among different immune cell sub-

populations and biomarkers, in order to disclose more elabo-

rate immune regulatory networks. The conclusions of this

study support the potential of ferritin clearance to alleviate

oxidative stress and protect cells. However, note that these

conclusions were obtained under specific experimental con-

ditions. Future research can further investigate the dual

effects of ferritinophagy and degradation throughmodulating

intracellular iron levels and oxidative stress environments.

This will help provide more detailed insights into their mech-

anisms of action under different conditions.

To overcome these limitations, future studies can be

enhanced in several ways. First, the sample population scope

can be expanded. This can be achieved by using more exten-

sive datasets and conducting multicentre cohort studies to

observe disease characteristic differences among various

populations. Second, new technological methods, like single-

cell RNA sequencing and spatial transcriptomics, can be used

to determine more detailed gene interaction networks and

investigate the spatial and temporal dynamic connections of

genes in diseases. Lastly, in the case of chronic diseases like

periodontitis, long-term longitudinal studies should be

planned to observe the dynamic alterations in gene expres-

sion and their connection with disease progression.
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Conclusion

In conclusion, ALDH2, DBI, HMGCR, OXCT1, and ACAT2 have

been identified as diagnostic biomarkers for periodontitis,

with these five biomarkers being closely associated with the

occurrence and progression of the disease. Meanwhile, there

is an imbalance in immune cell infiltration in periodontitis.

Our study provides new insights into the potential mecha-

nisms of periodontitis and the development of therapeutic

targets.
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