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Abstract
Background: Immunity reaction plays an essential role in periodontitis progress and we aim to investigate
the underlying regulatory network of immune reactions in periodontitis.

Methods: CIBERSORT was used to estimate immunocyte fractions in different clinical statuses. Logistic
regression was used to assess the immunocyte enrichment in periodontitis. Immune-related periodontitis
subtypes were identi�ed by the Nonnegative Matrix Factorization algorithm. Gene-set enrichment
analysis and Gene-set variation analysis were conducted to analyze pathway activities. Immunocytes
related gene modules were identi�ed by Weighted gene co-expression network analysis.

Results: Altered immunocytes in healthy-vs-periodontitis, aggressive-vs-chronic, male-vs-female and age
were identi�ed. Immunocytes enriched in periodontitis were calculated, and their correlation was also
explored. Two distinct immune-related periodontitis subtypes were identi�ed and one is characterized by
B cell reaction and the other is IL-6 cytokine reactions. 463 statistically signi�cant correlations between
22 immunocytes and pathways were revealed. Immunocytes and clinical phenotypes matched their gene
modules, and their functions were annotated. Last, an easy-to-use and user-friendly interactive web-tool
were developed for periodontitis related immune analysis and visualization
(http://118.24.100.193:3838/tool-PIA/).

Conclusions: This study systematically investigated periodontitis immune atlas and caught a glimpse of
the underlying mechanism of periodontitis from gene-pathway-immunocyte networks, which can not only
inspire researchers but also help them in periodontitis related immune researches.

Background
Periodontitis is one of the three most common oral diseases with a high morbidity rate [1].
Epidemiological investigation revealed that periodontitis is the primary cause of tooth loss worldwide [2].
Periodontitis is characterized by the in�ammatory destruction of periodontal support tissues, with main
clinical manifestations including gingival in�ammation, bleeding, periodontal pocket formation, alveolar
bone resorption, progressive loss of attachment and tooth loosening and displacement [3]. Bacteria and
their products in the plaque bio�lm attached to and around the tooth surface can not only directly cause
the in�ammation and destruction of periodontal supporting tissues, but also trigger the host's immune
and in�ammatory response[4]. The progression of the disease not only depends on bacteria but also the
host's immune response since the inappropriate immune response to microorganisms can accelerate the
development and progress of periodontitis[5]. Therefore, host immune response, especially the
immunocyte reaction, plays a key role in the balance between periodontal tissue repair and destruction. A
lot of previous studies have demonstrated both innate and adaptive immunocyte reactions play an
essential role in periodontitis progress such as dendritic cell [6], macrophage [7], neutrophil [8] in innate
immunity responses, and CD4 T cells [9], CD8 T cell [10], and B cell [11] in adaptive immunity response.
Hence, how immunocytes mediate the occurrence and development of periodontal in�ammation and
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alveolar bone destruction and how the molecular regulation network function in immunocytes reaction
and differentiation are the focus of current research on periodontitis.

Nowadays, we have been in the post-genome era and the cost of high-throughput sequencing is getting
lower. This results in the generation of tens of thousands of high-throughput data. How to use
bioinformatics to analyze and to make use of these data to the fullest is now the emerging challenge.
High-throughput data were widely used in various �elds including periodontitis. Yuko et al. used
methylation array to identify periodontal disease-related methylation sites [12], K et al. used miRNA array
detecting miR143-3p as a novel salivary biomarker for chronic periodontitis [13], and M et al. used gene
array identifying distinct periodontitis subtypes [14]. However, in these studies high-throughput data were
not fully used, only routine analysis has been performed and only a little useful information was
generated from the numerous results. Besides, analyzing and interpreting these high-throughput data
requires knowledge in bioinformatics and programming. Therefore, it is imperative to assist researchers
by comprehensively analyzing these public data using advanced algorithmic systematically to �nd more
research targets and to present the results in a simple form to researchers who are not familiar with
bioinformatics.

In this study, we aim to use several advanced bioinformatic methods to analyze the periodontitis related
immunocytes from public data in multiple levels and aggregate the results as an interactive web-tool for
periodontitis related immune analysis and visualization. As a result, genes, pathways and immunocytes
alterations and relationships in periodontitis were systematically revealed and abundant discoveries were
presented. Furthermore, a web tool was constructed. These can not only inspire researchers but also help
them in periodontitis-related immune researches.

Methods
Data acquisition and process

The data used in this study was in GSE16134 from the GEO (Gene Expression Omnibus) database
[https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=gse16134]. It contains expression data of 69
healthy samples and 241 periodontitis samples. The detailed information was described in the previous
studies[14]. The raw data preprocesses were performed according to the standard procedure for
Affymetrix microarray and prepared data for the CIBERSORT algorithm. The clinical information was
obtained from Prof. P.N. Papapanou from Columbia University by personal communication on
7/25/2019.

Bioinformatic analysis

CIBERSORT was used to estimate the proportion of in�ltrating immunocyte subsets by transforming gene
expression matrix to 22 types of immunocyte fractions matrix [15]. The immune-related gene list was
obtained from the ImmPort database [http://www.immport.org]. Differentially expressed gene (DEG)
analysis was performed by R package “limma”, and was conducted according to its pipeline, which is
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described before [16]. Genes with |logFC|>1 and FDR<0.01 were regarded as DEGs in periodontitis. The
protein-protein interaction (PPI) network was conducted from the STRING database [https://string-
db.org/] and beauti�ed by CytoScape. The Gene Ontology and KEGG function enrichment analysis and
GSEA (Gene-Set Enrichment Analysis) were performed using the R package “clusterPro�ler”. GSVA (Gene
Set Variation Analysis) was conducted using the R package “gsva”, which transforms an expression
matrix to the gene-set score matrix. The R package “NMF” was used for consensus molecular subtyping
[17]. The optimal number of subtypes was selected according to cophenetic, dispersion, and silhouette
coe�cients [18]. WGCNA (Weighted gene co-expression network analysis) analysis was conducted by R
package “WGCNA”. The top 25% of genes with the largest variation were included and samples far from
the main cluster were excluded. The analysis processes of WGCNA were described in detail in a previous
study [19-21].

Statistical analysis and visualization

Samples with a CIBERSORT P-value of <0.05 were included in the analysis. R software 3.6.1 was
conducted in this study for the statistical analyses and visualization. R package “ggplot2”, “ggpuber”
were used to make statistical plots including bar-plots, box-plots, violin-plots volcano-plots, and scatter-
plots. R package “pheatmap” was used for heatmaps. The periodontitis related immunocytes and
immune genes were identi�ed by univariate logistic analysis. LASSO (Least absolute shrinkage and
selection operator) regression was used for dimension reduction in immunocytes. Multivariate logistic
regression was used to identify immunocytes related to periodontitis independently. For differences of
immunocyte fractions between different clinical groups were analyzed by a two-sided Wilcoxon rank-sum
test. Correlation analysis was performed using the Spearman test. The p-value was adjusted by the FDR
method for multiple hypothesis testing. Dichotomous variables were compared using the chi-square test.
The web-tool was constructed by R package “shiny”.

Results
In�ltrating immunocytes landscape in periodontitis

To explore the differences of in�ltrating immunocytes between healthy and periodontitis tissues,
CIBERSORT algorithm was conducted to reveal the distribution of 22 immunocyte fractions and we found
no matter in healthy or periodontitis tissue the plasma cells took up the largest fraction (Figure 1A). We
compared the fractions of 22 immunocytes between healthy and periodontitis, and 13 immunocytes were
altered in periodontitis tissue including 5 increasing immunocytes fractions (plasma cell, neutrophils, T
cells CD4 memory activated, dendritic cells activated and NK cells resting) and 8 decreasing
immunocytes fractions (Tregs, dendritic cells resting, eosinophils, mast cells resting, macrophages M1, B
cells memory, T cells follicular helper and T cells CD4 memory resting) in periodontitis tissue (Figure 1B,
Table S1). The most downregulated and upregulated immunocytes are Tregs and neutrophils,
respectively (Figure 1C). Then, to explore if the variation in immunocytes proportions could be an intrinsic
feature that may characterize the individual diversities, we performed PCA analysis and found that the
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proportions of immune cells displayed distinct clustering and individual differences (Figure 1D). Among
them, plasma cells, B cell memory and mast cells resting contributed the most in the healthy and
periodontitis tissue variation. Correlation analysis was performed in periodontitis samples and all
samples. We found in both periodontitis and all samples that B cell memory and plasma cells were the
most negatively correlated , to plasma cells and macrophages M1 (Figure 1E). Further, the differences of
in�ltrating immunocytes in different clinical subgroups were also investigated including periodontitis
subtype, gender, and age by using similar analysis strategies (Figure S1, Table S2-).

To explore and identify the robustness and contributing weight of immunocytes that are related to
periodontitis independently, we conducted a series of regression algorithms to adjust the immunocyte
interaction effect including univariate logistic regression, LASSO regression, and multivariate logistic
regression. 12 periodontitis-related immunocytes were �rst identi�ed by univariate analysis (Figure 2A,
Table S2). Then, LASSO regression was performed to make feature selection and dimension reduction so
that the unimportant immunocytes could be excluded. Therefore, we screen out 11 important
periodontitis-related immunocytes through LASSO regression (Figure S2). Last, multivariate logistic
regression was conducted on the 11 immunocytes evaluate their independency. Only the dendritic cells
resting, dendritic cells activated and T cells follicular helper were independently related to periodontitis
(Figure 2B).

Identi�cation of immune-related periodontitis subtypes and their characteristics

To identify immune-related periodontitis subtypes, 1214 immune-related genes were compiled, and 702 of
them were signi�cantly related to periodontitis (FDR < 0.05). Using the 702-gene panel, 2 distinct immune-
related periodontitis subtypes were identi�ed by performing consensus clustering analysis (Figure 3A,
Figure S3A-C). Then, 116 genes were selected from all 702 immune-related genes and the sparse
structure of the metagenes appeared in the localized patterns of the gene contributions, in which the 116
genes were de�ned as hub genes for each subtype representing the subtype characteristics (Figure 3B,
Figure S3D). There were 45 immune-related genes representing subtype 1 (cluster 1) and 71 genes for
subtype 2 (cluster 2). To get a further understanding of the regulation effects among these genes, the PPI
networks of the 116 hub genes revealed their relationships and importance in the network., in which
CXCR4 of cluster-1 has the most links with other genes and PIK3RI in cluster-2 has the most (Figure 3C,
Table S3).

To understand the characteristics and differences between the two immune-related subtypes, GO
enrichment analysis and canonical pathway enrichment analysis was performed. Biological processes of
GO were conducted and to simplify the results, we grouped categories according to the functional theme,
which represents the biological characteristics of the cluster (Figure 4A). The characteristics of cluster-1
were mainly concerning with FC-receptor and immune-associated receptor-mediated immune regulations
such as FC/FC-gamma receptor signaling pathway and cell surface receptors. Another feature of cluster-
1 is involved in B cell immune processes regulations such as B cell differentiation and B cell activation.
As for cluster-2, the IL-6 cytokine feature is predominant such as regulation of IL-production. Then,
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canonical pathway analysis revealed the signi�cantly enriched or activated pathways in cluster-1 and
cluster-2 (Figure 4B-C), which were in consistent with the results above, and we found some famous
pathways were shown such as JAK-STAT signaling in cluster-1 and PK3K-AKT in cluster-2.

Associations between immune subtypes and immunocytes

To investigate the diversities between the two immune subtypes from cell level, the 22 in�ltrating
immunocyte fractions were compared and clinical features were also compared. From the results, the two
immune subtypes demonstrated distinct pro�les in in�ltrating immunocytes, in which 13 immunocytes
were different (Figure 5A-B). Distinct in�ltrating immunocyte abundances were found between the two
clusters of immune periodontitis subtypes. Cluster-1 has more in�ltration of activated dendritic cells,
plasma cells and neutrophils compared to cluster-2. While for cluster-2, more B cell memory, T cells CD4
memory resting, T cells follicular helper, NK cells activated, monocytes, macrophages M1, macrophages
M2, dendritic cells resting, mast cells activated and mast cells resting were upregulated compared with
cluster-1. Besides, we noticed cluster-2 was signi�cantly associated with chronic periodontitis and cluster-
1 associated with aggressive periodontitis (Figure 5C), while there is no different distribution between two
clusters concerning gender and age.

Differentially expressed genes and gene-sets between healthy and periodontitis

To understand the molecular mechanisms by which genes or gene-sets drive the biological reactions in
the periodontitis, DEGs analysis and gene-set enrichment analysis were conducted. Using the criterion of
FDR < 0.01 and |logFC| > 1, 171 DEGs were identi�ed and 134 of them were up-regulated in periodontitis
while 37 of them were down-regulated. These up-regulated genes may be involved in the progress of
periodontitis, and among them, the MZB1, TNFRSF17, and IGLL5 are the top three up-regulated genes.
The interaction relationships among these genes were also investigated and were presented as a PPI
network (Figure 6A). According to outward traversal from a locally dense seed protein and vertex
weighting by local neighborhood density, these DEGs were divided into several molecular complexes and
were presented by different shapes. Besides, the top ten hub genes among these genes were also
identi�ed with the highest links to nodes, indicating they are in the core position of the network and
played an essential role in the regulation of the network.

Not only were the individual gene was investigated, but also gene-sets. We mainly focused on four
aspects of gene-sets including immunologic signatures, hallmark gene sets, GO biological processes and
canonical pathways. Results showed many enriched gene-sets in periodontitis were associated with
immune processes or regulations (Figure 6B-E) such as CD4 T CELL VS B CELL DOWN in immunologic
signature, IL6 JAK STAT6 SIGNALING in hallmark, POSITIVE REGULATION OF B CELL DIFFERENTIATION
in GO and T HEPLER PATHWAY in the canonical pathway. All these four aspects implied immune-related
response is essential in periodontitis.

Identi�cation of in�ltrating immunocytes related hallmark pathways
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To further understand the molecular mechanisms by which hallmark pathways are involved in
immunocyte content, we examined the correlation between the fractions of 22 immunocytes and the
activity of 50 hallmark pathways. In total, 463 statistically signi�cant correlations between 22
immunocytes and 50 hallmark pathways were observed. Both T cells CD4 naive and B cell memory had
24 negatively correlated signaling pathways, which is the most compared with other immunocytes. While
Plasma cells had 21 positively correlated signaling pathways which is the most among all immunocytes.
(Figure 7A, Table S4). The links with high correlation coe�cients were presented (Figure 7B) such as
dendritic cells resting is negatively correlated with hallmark coagulation with -0.56 correlation and
plasma cells are positively correlated with hallmark unfolded protein response with 0.57 correlation.

In�ltrating immunocytes related gene module identi�ed by WGCNA

To understand the molecular mechanisms of alteration in in�ltrating immunocytes in detail, the genes or
gene modules regulating immunocytes or affected by immunocytes need to be uncovered. Therefore,
WGCNA, an advanced bioinformatic algorithm, was conducted to �nd clusters (modules) of highly
correlated genes related to external sample characteristics (immunocytes fractions). It is usually used to
�nd a cluster of genes related to some features. 13 was used as network topology for thresholding power
considering its relatively mean connectivity power and balanced scale independence (Figure S4A-B).
Clustering of module eigengenes was performed in the top 25% variance 4329 genes and 27 modules
were identi�ed (Figure 8A-B). Each module was constituted by those highly correlated genes, which have
similar functions. Then, the relationship between immunocyte fractions and clinical features were
calculated and visualized according to their signi�cance in a heatmap (Figure 8C, Figure S5). In another
word, the gene modules related to an immunocyte were identi�ed. For example, the turquoise module was
positively correlated with plasma cells the most, as we can see from the heat map and scatter plot (Figure
9A), This suggested the genes in the turquoise module is involved in the regulation of plasma cell
population or affected by increased plasma cell fractions. And in another way, it means plasma cell-
related genes were identi�ed. The genes with high gene signi�cance and module membership were the
key genes in the turquoise module and their interaction relationships were presented in the PPI network so
that we could locate the central genes according to links degree (Figure S4C). From the network, we
noticed BTK has the most links in the network and is considered a hub gene. GO analysis was also
conducted to assess the biological functions of the turquoise module, and it was found these genes were
involved in B cell regulation (Figure 9B). This also indicated that our results were reliable from another
perspective. Furthermore, a lot of new and unreported plasma cell-related genes were also found (Figure
9C-E, Figure S4D).

An easy-to-use and user-friendly web-tool for periodontitis related immunity analysis

To help periodontitis researchers used the results described and to establish broad access to results in
this work as well as other aspects of interest in periodontitis, we established an easy-to-use and user-
friendly interactive web-tool for researchers working on periodontitis (http://118.24.100.193:3838/tool-
PIA/). We named this platform as Periodontitis Immune Atlas (PIA). PIA provides 6 modules for users:
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“Genes”, “Pathways”, “WGCNA”, “Correlations”, “Immunocytes” and “Functions”, and all the results in
these six modules can be downloaded for usage. The “Genes” module (Figure 10A) provides the DEGs
between healthy and periodontitis in several forms. Users can browse the DEG list in a table and sort
them by the way they like. Besides, a gene list of immune-related genes with their category is also
presented. The speci�c gene of interest can be visualized by volcano-plot or box-plot. Two genes’
correlation analysis are also provided. The “Pathways” module (Figure 10B) allows users to inquire the
activity score of speci�c pathways and presented them by box-plot. Three commonly used pathway sets
were included ( hallmarks, KEGG and GO-BP). The correlation between the two pathways can also be
investigated. The “WGCNA” module (Figure 10C) provides analysis for phenotype and gene module. Users
can �nd gene modules related to interesting phenotypes and the gene modules function can also be
investigated. In the “Correlation” module (Figure 10D), users can fully explore the relationships among
genes, pathways, and immunocytes. “Immunocytes” module (Figure 10E) allows users to visualize the
status of immunocytes in different clinical statuses and the correlation between two immunocytes is also
included. The “Functions” module (Figure 10F) provides GSEA analysis between different clinical status.
Besides, single-gene GSEA can be used as a function predictor for a speci�c gene in periodontitis. All
�gures generated in this platform can be downloaded for further analysis and the query results are
demonstrated in a comfortable form. The functions provided in the web-tool, which will be continuously
updated, may serve as a guide for researchers interested in periodontitis related immunity

Discussion
The immunocytes and immune reactions play a key role in periodontitis progress, and uncovering the
underlying regulation network and mechanism is urgent. To well address the problem, we conducted
several advanced bioinformatic methods to systematically analyze immunity in periodontitis from three
aspects including genes, pathways and immunocytes. First, we used CIBERSORT to convert an
expression matrix to the immunocytes fraction matrix. 22 in�ltrating immunocyte fractions were
analyzed between different clinical statuses. Then a series of statistical algorithms were conducted to
estimate the immunocyte weight contributing to periodontitis and identify the independent immunocyte
affecting periodontitis [22]. And we found dendritic cells activated,  dendritic cells resting and T cells
follicular helper may play an essential role in periodontitis [23]. The fractions of 5 immunocytes increased
(plasma cell, neutrophils, T cells CD4 memory activated, dendritic cells activated and NK cells resting)
and 8 immunocytes fractions decreased (Tregs, dendritic cells resting, eosinophils, mast cells resting,
macrophages M1, B cells memory, T cells follicular helper and T cells CD4 memory resting) in
periodontitis samples. Plasma cells increased by 20.66% in periodontitis, suggesting its leading role in
periodontitis lesions[24]. Following B cell memory, which was decreased by 7.21% compared with healthy
samples [25]. The mast cells resting reduced 4.06% and dendritic cells resting reduced 3.27%, indicating
an upregulation of their activated status. Neutrophils increased 1.85% in periodontitis and this is in
accordance with the in�ammation status of gingival tissue. T cells CD4 memory activated increased by
0.59% while T cells CD4 memory resting decreased 1.99%, which suggested T cells CD4 memory were
activated in periodontitis. Second, we used immune-related genes that are closely related to periodontitis
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to perform unsupervised clustering by the NMF algorithm [14, 17]. And two distinct immune subtypes of
periodontitis were identi�ed with their molecular features. The subtypes were different from the currently
accepted periodontitis classi�cation, but their distinct molecular phenotypes represented diverse
periodontitis-related immune characteristics. The identi�cation of two immune periodontitis subtypes is
based on the NMF algorithm. Nonnegative Matrix Factorization (NMF) is an unsupervised learning
technique that has been applied successfully in several �elds, including signal processing, face
recognition and text mining. Recent applications of NMF in bioinformatics have demonstrated its ability
to extract meaningful information from high-dimensional data such as gene expression microarrays[17].
From the results, more cases of chronic periodontitis were clustered in subtype-2 which is in accordance
with its immune characteristics, in which IL-6 cytokine has been well characterized as a major player in
chronic in�ammation[26]. In aggressive periodontitis, in�ltration ofCD4, CD8, CD20 and CD68 cells were
observed. Likewise B cell immune processes were involved in cluster-1 which had more cases of
aggressive periodontitis [27]. The results suggested that immune-related genes of periodontitis tissues
can provide an alternative classi�cation of periodontitis that is associated with immune characteristics
[28], which enhanced the understanding of the immune pathobiology in periodontitis. Third, the GSVA
algorithm was employed to convert the expression matrix to a pathway activity score matrix, so that the
relationship between pathways and immunocytes can be unveiled [29]. Common pathways positively or
negatively correlated to immunocytes were fully investigated, which implies these pathways may be
involved in immunocytes regulation or affected by immunocytes. Pathways are the bridge between genes
and immunocytes. Last, WGCNA was conducted to investigate the relationship between gene modules
and phenotypes. Genes were grouped into modules according to their similarity and the correlation
between gene module and phenotypes were investigated. For example, the turquoise module is
signi�cantly related to plasma cells fractions indicating genes of turquoise module may be involved in
the regulation of plasma cells. This analysis revealed the relationship between genes and immunocytes.
As far as we know, all the four aspects of analysis about periodontitis immune regulation were the �rst
time to be conducted in our study. They systematically explained the periodontitis immune regulation
network from gene-pathway-immunocyte.

At present, there is a lack of such systematic and comprehensive bioinformatics analysis in the
periodontal research, and there are few studies on immune cells using high-throughput data, and a huge
amount of information hidden behind these data were left unexplored. However, in other �elds,
particularly oncology, bioinformatics analysis and the use of high-throughput data have become the
norm [30, 31], which help researchers identify research targets and predict results. In our study, we a
series of bioinformatic analysis were conducted from which abundant results were generated that
couldinspire other researchers. To facilitate immune-related research in periodontitis, we developed the
PIA (Periodontitis Immune Atlas) App, an easy-to-use and user-friendly web-tool for comprehensive
analysis of gene, pathway and immunocyte data in periodontitis. The PIA App integrates several
advanced bioinformatic methods and provided customized functions and interactive operation including
gene-related analysis, pathway-related analysis, immunocytes-related analysis, WGCNA analysis,
correlation analysis and functional analysis for users to explore the immune-related researches in a multi-
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dimensional manner. The PIA app serves as a new approach for users, especially wet-bench scientists
with no programming background, to analyze the scienti�c big data and facilitate data mining [32]. It is
an interactive web application, which enables experimental researchers without any computational
programming background to perform multiple analyses related to periodontitis immunity. Using the PIA
App, one can easily explore the large and systematical data, ask speci�c scienti�c questions, and validate
their �ndings.

We have to acknowledge that there are some shortcomings in our study. The dataset GSE16134 we
analyzed was somewhat incomplete. Because the follow-up information, precise clinical classi�cation
and many other clinicopathological data were not provided, relevant analysis cannot be performed so
that we weren’t able to �nd out if there were other distinct clinicopathological characteristics between the
two immune periodontitis subtypes. Analyzing in�ltrating immunocyte fractions using a machine
learning algorithm from transcriptome data may not be the best way and single-cell sequencing should
be the current best way to precisely analyze in�ltrating immunocytes from a bulk tissue [33]. Still, before
the emergence of single-cell sequencing data of periodontitis, CIBERSORT algorithm was the best
approach to analyze in�ltrating immunocytes we can use in periodontitis [34, 35]. Besides, considering
the high cost and complex technology of single-cell sequencing, it would be a good thing to use such a
simple and effective method to study immune in�ltration in periodontitis before the popularization of
single-cell sequencing, if the CIBERSORT can be veri�ed experimentally with high accuracy. We believe
this CIBERSORT is accurate enough, after all, it is widely used and veri�ed in other �elds [36-38].
Therefore, the results of this study deserve more attention.

Conclusions
In conclusion, we systematically analyzed periodontitis in�ltrating immunocytes alterations in different
clinical status and identi�ed several important immunocytes related to periodontitis by multiple methods,
including dendritic cell resting, dendritic cell activated and T cell follicular helper. Two immune-related
periodontitis subtypes were identi�ed and the relation with immunocytes, clinical features and biological
functions were investigated. Pathways associated with immunocyte fractions were revealed.
Immunocytes related genes were also identi�ed. These results caught a glimpse of the underlying
mechanism of periodontitis from gene-pathway-immunocyte networks. Further, a web-tool for analyzing
and visualizing periodontitis related immune was constructed (http://118.24.100.193:3838/tool-PIA/).
These can not only inspire researchers but also help them in periodontitis-related immune researches.
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In�ltrating immunocytes differences between healthy and periodontitis samples. (A) The relative fraction
of immunocytes identi�ed by the CIBERSORT algorithm, which estimates relative subsets of 22 types of
immunocyte from known RNA transcripts. The relative distributions of these 22 immunocytes were
presented by bar-plots concerning different disease status (all samples for the left and average for the
right). (B) Compositional differences of 22 immunocytes between healthy and periodontitis presented by
violin-plot (blue means healthy and red means periodontitis). (C) The volcano-plot demonstrates the fold
changes of 22 immunocytes in periodontitis compared with healthy. (D) Principal component analysis
(PCA) of 22 in�ltrating immunocytes between healthy and periodontitis. The two �rst principal
components (PC1, PC2) which explain the most of the variables are plotted. (E) Correlation matrix of 22
immunocytes proportions. The top right is correlations of 22 immunocytes in all samples and the left
bottom is correlations of 22 immunocytes in periodontitis samples.

Figure 2

Periodontitis associations of immunocytes (A) Forest-plot demonstrates associations between different
immunocyte subsets and periodontitis by univariate logistic regression. (B) Forest-plot demonstrates the
independent associations between periodontitis-related immunocytes and periodontitis by multivariate
logistic regression.
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Figure 3

Identi�cation of immune subtypes of periodontitis by consensus clustering. (A) The consensus matrix
was obtained from 200 random runs of the Brunet et al.'s algorithm. Values range from 0 to 1. Columns -
and rows - were ordered by hierarchical clustering based on the euclidean distance with average linkage.
(B) Heatmap of the metagene matrix. Each row corresponds to a gene. The most metagene-speci�c
genes were selected using Kim and Park's scoring and �ltering methods. This resulted in the selection of
116 genes. Rows were scaled to sum to one and ordered by hierarchical clustering based on the
euclidean distance and average linkage. (C) The protein-protein interaction network of 116 metagenes.
The blue is immune subtype cluster-1 and red is subtype cluster-2. Only the genes with interaction with
others are presented.
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Figure 4

Functions and biological characteristics of immune subtypes. (A) The gene ontology enrichment analysis
for the metagenes in two immune subtypes concerning their biological processes. GO categories are
grouped according to functional. (B-C) The KEGG pathway enrichment analysis for the metagenes in two
immune subtypes respectively (B for cluster-1 and C for cluster-2).
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Figure 5

Correlations between immune subtypes and immunocytes. (A) Compositional differences of 22
immunocytes between immune subtype cluster 1 and cluster 2 which was presented by violin-plot (blue
means cluster-1 and red means cluster-2). Comparison of immune-related pathways’ activity between the
two immune subtypes. (C) Comparing periodontitis subtypes, genders, and ages between immune
subtype cluster 1 and cluster 2. The heatmap illustrates the association of different clinical characters
with cluster 1 and cluster 2 patients. Statistical signi�cance was performed by the Chi-square test.
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Figure 6

Transcriptome differences between healthy and periodontitis. (A) The protein-protein interaction network
of signi�cantly differentially expressed genes between healthy and periodontitis. The node size means
the absolute value of logFC, the node with yellow frame means the hub genes with a high connective
degree in the network, the red nodes mean the genes up-regulated in periodontitis and blue nodes mean
the genes down-regulated in periodontitis. (B-E) Gene-set enrichment analysis from four aspects
(including immunologic signatures, hallmark gene sets, GO biological processes and canonical
pathways) revealed the underlying biomolecular differences between healthy and periodontitis.
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Figure 7

Correlations between 22 immunocytes fractions and activity of 50 important biological hallmark-related
pathways. (A) The number of signi�cant pathways is correlated with individual immunocyte. The upper
panel is for positively correlated pathways, and the bottom panel is for negatively correlated pathways.
(B) Network diagram demonstrating the correlation between immunocytes and pathways. Red represents
a positive correlation, and blue represents a negative correlation. The size of the nodes corresponds to the
number of links, and the thickness of the line represents the correlation coe�cient.
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Figure 8

Identi�cation of immunocytes and clinical characteristics related to gene modules. (A) The sample
clustering was based on the expression data of all samples. The top 25% of variation genes were used
for the analysis by WGCNA and outlier samples were excluded. (B) Gene dendrogram obtained by
average linkage hierarchical clustering. The color row underneath the dendrogram shows the module
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assignment determined by the Dynamic Tree Cut, in which 27 modules were identi�ed. (C) Heatmap of
the correlation between module eigengenes and the immunocyte fractions.

Figure 9

Plasma cells related genes. (A) A scatterplot of gene signi�cance (GS) for plasma cell fraction versus
module membership (MM) in the turquoise module. GS and MM exhibit a very signi�cant correlation,
implying that hub genes of the turquoise module also tend to be highly correlated with plasma cell
fraction. (B) GO enrichment analysis concerning biological processes revealed the functions of hub genes
in the turquoise module. (C) The top ten hub genes in the turquoise module and their GS and MM were
presented by bar-pot. (D-E) The most plasma cell fraction correlated with two genes was presented by a
scatter plot.
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Figure 10

Overview of Periodontitis Immune Atlas app.
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