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K CBEAEHHUIO ABTOPOB!
[Ipu HampaBIEeHUY CTAaTbH B PEAAKITUIO HEOOXOIUMO COOIONATh CISAYIONINE TIPABHIIIA;

1. CraTps nomkHa OBITH IPEJCTaBICHA B IBYX SK3EMIUIIPAX, HA PYCCKOM HMJIM aHTITUHACKOM SI3bI-
Kax, HaTrleyaTaHHas yepe3 MoJITopa HHTepBaJjia Ha OIHOI CTOPOHE CTAHIAPTHOIO JIUCTA € INMPHHOI
JIEBOTO NOJIsI B TPHM caHTHMeTpa. Mcnonb3yemblil KOMIIBIOTEPHBII WPUQT U1 TEKCTa Ha PYCCKOM U
aHnuickoM s3bikax - Times New Roman (Kupuiuna), 115 TeKcTa Ha TPy3UHCKOM S3BIKE CIIEAYeT
ucnoip3oBath AcadNusx. Pasmep mpudra - 12. K pykonrcu, HaneyaTaHHOW Ha KOMITBIOTEPE, JTODKEH
o5ITh IprtoskeH CD co crarbeit.

2. Pa3Mep craTbu TOTKEH OBITH HE MEHEe NeCsTH 1 He OoJiee 1BaALATH CTPAHUI] MAITHOIINCH,
BKJIIOYAsl yKa3areJlb JINTepaTypsl U Pe3loMe Ha aHIJIMIICKOM, PYCCKOM U IPYy3HHCKOM SI3bIKaX.

3. B crarbe 10KHBI OBITH OCBEIICHBI AKTyaIbHOCTh JAHHOTO MaTepHalla, METOIBI U PE3YIIbTaThI
UCCIIeIOBaHUs U X 00CYyKACHHE.

[Ipu npencTaBiIeHNHN B IIeYaTh HAYYHBIX SKCIIEPUMEHTAIBHBIX PA0OT aBTOPHI JOJIKHBI YKa3bIBATH
BHUJl U KOJMYECTBO SKCIIEPUMEHTANBHBIX KUBOTHBIX, IPUMEHSBIINECS METOABl 00e300MMBaHUS U
YCBHIJICHHUS (B XOJI€ OCTPBIX OIIBITOB).

4. K crarbe JOIKHBI OBITH MIPUIIOMKEHBI KpaTKoe (Ha MOJICTPAaHUIIBI) Pe3OMe Ha aHIIIUICKOM,
PYCCKOM M IT'PY3HHCKOM $I3bIKax (BK/IIOYAIOLIEE CIELYOLINE pa3aesbl: Liedb UCCIeI0BaHNs, MaTepHual U
METOJIBI, PE3YJILTATHI M 3aKIIFOUSHHE) U CIIUCOK KITtoueBBIX cioB (key words).

5. Tabnunp! HEOOXOIUMO NPENCTABIATE B Ie4aTHOH hopme. DoTokonuu He npuHUMaroTcs. Bee
nu¢poBbie, HTOTOBbIE H NPOLIEHTHbIE JaHHbIE B Ta0JIMIaX J0JIKHbI COOTBETCTBOBATH TAKOBBIM B
TeKcTe cTaThbU. Tabiuibl U rpaduKu TOJKHBI OBITH 03aryIaBIICHBI.

6. dotorpadun AOIKHBI OBITH KOHTPACTHBIMHU, (POTOKOIHHU C PEHTTEHOTPAMM - B IO3UTUBHOM
n300paxeHuH. PUCYyHKH, yepTeXu U IuarpaMmbl clIeoyeT 03ariaBUTh, IPOHYMEPOBATh U BCTABUTH B
COOTBeTCTBYIOIIEe MecTo TekcTa B tiff opmare.

B noanucsix k MukpogotorpadgusaM cieayeT yKa3plBaTh CTEICHb yBEIMUCHUS Yepe3 OKYISP HITH
00BEKTUB U METOJ] OKPACKU WJIM UMIIPETHALIMH CPE30B.

7. ®aMUIUU OTEYECTBEHHBIX aBTOPOB MIPUBOJAATCS B OPUTHHAIBHON TPAHCKPUIILIUH.

8. I[Ipu opopmnennu u HampaBneHun crared B xypHanm MHI mpocum aBTOpOB cobmronars
NpaBUIIa, U3JI0KEHHBIE B « EMUHBIX TpeOOBaHUSIX K PYKOMHUCSM, IPEACTABISIEMBIM B OMOMEIUIIMHCKHUE
JKypHAJIbD», TPUHATHIX MeXIyHapOAHBIM KOMHUTETOM PEIAaKTOPOB MEAMLMHCKUX KYpHAJIOB -
http://www.spinesurgery.ru/files/publish.pdf u http://www.nlm.nih.gov/bsd/uniform_requirements.html
B koHIIe Kax 101 OPUTHHATIBHOM CTaThU MPUBOAUTCA OnOIHOrpadguyeckuii cnucok. B cnmncok nurepa-
TYPBI BKJIFOYAIOTCSl BCE MaTepHalibl, HA KOTOPBbIE UMEIOTCS CCBUIKU B TeKcTe. CIHUCOK COCTaBIAETCs B
andaBUTHOM MOpsAKe U HymMepyeTcs. JIutepaTypHblii HCTOYHMK NPUBOAUTCS Ha sI3bIKE OpUrMHaia. B
CIMCKE JINTEPATyPhl CHavYajia IPUBOIATCS PabOThI, HAMCAHHBIE 3HAKaMU TPY3MHCKOTO andaBuTa, 3aTeM
Kupwuien u naruHuneidl. CChUIKM Ha IUTHUPYEMble pabOThl B TEKCTE CTAaTbH JAIOTCS B KBaIpPaTHBIX
CKOOKax B BUJI€ HOMEPA, COOTBETCTBYIOLIETO HOMEPY JaHHOH pabOoThI B CIIMCKE TUTEPaTypbl. bonbmmH-
CTBO IIUTHPOBAHHBIX UCTOYHUKOB JOJKHBI OBITH 3a IMOCTIEAHNUE S5-7 JIET.

9. ns momydeHus MpaBa Ha MyONMKAIMIO CTaThs OJDKHA MMETh OT PYKOBOIUTENSI pabOTHI
WIN YUPEXKJCHUS BU3Y U CONPOBOIUTEIHHOE OTHOLLICHNUE, HAIMCAHHBIC WJIM HAlledaTaHHbIE Ha OJIaHKe
Y 3aBEPEHHBIE MOJIHCHIO U NIEYATHIO.

10. B koHIe cTaThU NOJKHBI OBITH MOAMHCH BCEX aBTOPOB, MOJHOCTBHIO MPUBEAEHBI UX
(amMuInM, UIMEHa U OTYECTBA, YKa3aHbl CIIy>KeOHBIN M AOMAIIHUI HOMEpa TeJIe(OHOB U agpeca MM
uHble koopAuHaThl. KomuuecTBo aBTOPOB (COABTOPOB) HE NOHKHO MPEBBIMIATH IISATH YEJIOBEK.

11. Penakuus ocraBisiet 3a cO00i MpaBo COKpaIaTh ¥ HCIPaBIATh cTarhi. Koppekrypa aBropam
HE BBICBUIAETCS, BCS paboTa U CBEpKa IPOBOAUTCS 110 aBTOPCKOMY OPHTHHAILY.

12. HemomycTuMoO HampaBiieHHE B pelaklMIo padoT, MpeICTaBICHHBIX K MeYaTH B MHBIX
M3/1aTeNbCTBAX WIIM OMYOJIMKOBAHHBIX B APYTHX U3JAHUSX.

Hpﬂ HApYHNIEHUH YKa3aHHBIX IPABUJI CTATbU HE PAaCCMAaTPUBAIOTCH.




REQUIREMENTS

Please note, materials submitted to the Editorial Office Staff are supposed to meet the following requirements:

1. Articles must be provided with a double copy, in English or Russian languages and typed or
compu-ter-printed on a single side of standard typing paper, with the left margin of 3 centimeters width,
and 1.5 spacing between the lines, typeface - Times New Roman (Cyrillic), print size - 12 (referring to
Georgian and Russian materials). With computer-printed texts please enclose a CD carrying the same file titled
with Latin symbols.

2. Size of the article, including index and resume in English, Russian and Georgian languages must
be at least 10 pages and not exceed the limit of 20 pages of typed or computer-printed text.

3. Submitted material must include a coverage of a topical subject, research methods, results,
and review.

Authors of the scientific-research works must indicate the number of experimental biological spe-
cies drawn in, list the employed methods of anesthetization and soporific means used during acute tests.

4. Articles must have a short (half page) abstract in English, Russian and Georgian (including the
following sections: aim of study, material and methods, results and conclusions) and a list of key words.

5. Tables must be presented in an original typed or computer-printed form, instead of a photocopied
version. Numbers, totals, percentile data on the tables must coincide with those in the texts of the
articles. Tables and graphs must be headed.

6. Photographs are required to be contrasted and must be submitted with doubles. Please number
each photograph with a pencil on its back, indicate author’s name, title of the article (short version), and
mark out its top and bottom parts. Drawings must be accurate, drafts and diagrams drawn in Indian ink
(or black ink). Photocopies of the X-ray photographs must be presented in a positive image in tiff format.

Accurately numbered subtitles for each illustration must be listed on a separate sheet of paper. In
the subtitles for the microphotographs please indicate the ocular and objective lens magnification power,
method of coloring or impregnation of the microscopic sections (preparations).

7. Please indicate last names, first and middle initials of the native authors, present names and initials
of the foreign authors in the transcription of the original language, enclose in parenthesis corresponding
number under which the author is listed in the reference materials.

8. Please follow guidance offered to authors by The International Committee of Medical Journal
Editors guidance in its Uniform Requirements for Manuscripts Submitted to Biomedical Journals publica-
tion available online at: http://www.nlm.nih.gov/bsd/uniform_requirements.html
http://www.icmje.org/urm_full.pdf
In GMN style for each work cited in the text, a bibliographic reference is given, and this is located at the end
of the article under the title “References”. All references cited in the text must be listed. The list of refer-
ences should be arranged alphabetically and then numbered. References are numbered in the text [numbers
in square brackets] and in the reference list and numbers are repeated throughout the text as needed. The
bibliographic description is given in the language of publication (citations in Georgian script are followed
by Cyrillic and Latin).

9. To obtain the rights of publication articles must be accompanied by a visa from the project in-
structor or the establishment, where the work has been performed, and a reference letter, both written or
typed on a special signed form, certified by a stamp or a seal.

10. Articles must be signed by all of the authors at the end, and they must be provided with a list of full
names, office and home phone numbers and addresses or other non-office locations where the authors could be
reached. The number of the authors (co-authors) must not exceed the limit of 5 people.

11. Editorial Staff reserves the rights to cut down in size and correct the articles. Proof-sheets are
not sent out to the authors. The entire editorial and collation work is performed according to the author’s
original text.

12. Sending in the works that have already been assigned to the press by other Editorial Staffs or
have been printed by other publishers is not permissible.

Articles that Fail to Meet the Aforementioned
Requirements are not Assigned to be Reviewed.
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Abstract.

Background: Periodontitis is a prevalent chronic inflammatory
disease affecting tooth-supporting tissues. Identifying molecular
features that distinguish diseased from clinically healthy
periodontal tissue sites may support biomarker discovery and
improve molecular characterization of the disease.

Methods: Gene expression datasets GSE16134 (development
set) and GSE10334 (external validation set) were obtained
from the Gene Expression Omnibus database. Differentially
expressed genes (DEGs) were identified using |logzfold change|
> 2 and P < 0.05. Nine machine learning algorithms—Random
Forest (RF), Support Vector Machine (SVM), K-Nearest
Neighbors (KNN), LASSO, Gradient Boosting Machine (GBM),
Generalized Linear Model (GLM), XGBoost (XGB), Decision
Tree (DT), and Neural Network (NNET)—were applied to
screen feature genes. The top five RF-ranked feature genes were
used to construct a nomogram model. Model performance was
evaluated using ROC curve analysis, decision curve analysis,
and calibration curves.

Results: We identified 12 DEGs, including 2 upregulated
(AADACL2, DSCI1) and 10 downregulated genes. RF and
LASSO demonstrated the strongest and closely comparable
discrimination among the nine algorithms. Five critical genes
(IGHM, MZBI1, DSC1, AADACL2, CXCL6) were identified.
The integrated nomogram achieved an AUC of 0.900 (95% CI:
0.842-0.949) in the external validation dataset. Individual genes
also showed satisfactory discriminative performance (AUC:
0.816-0.875).

Conclusions: This study established a machine learning
framework for identifying periodontitis-associated genes and
developed a five-gene nomogram with strong discriminative
performance. The identified genes represent candidate
molecular biomarkers, and the integrated signature may
assist discrimination between diseased and clinically healthy
periodontal tissue sites. Further patient-level and prospective
validation is warranted before clinical implementation.

Key words. Periodontitis, machine learning, nomogram,
biomarkers.

Introduction.

Periodontitis is a chronic inflammatory disease affecting
the tooth-supporting tissues, characterized by progressive
destruction of the periodontal ligament and alveolar bone,
ultimately leading to tooth loss if left untreated [1]. According to
the Global Burden of Disease Study 2019, severe periodontitis
affects approximately 1.1 billion people worldwide, making
it the sixth most prevalent human disease and imposing
substantial economic and health burdens on healthcare systems
globally [2]. Beyond its local effects on oral health, periodontitis
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has been increasingly recognized as a risk factor for various
systemic diseases, including cardiovascular disease, diabetes
mellitus, rheumatoid arthritis, and adverse pregnancy outcomes,
underscoring its significance as a public health concern [3,4].
The pathogenesis of periodontitis involves complex interactions
between pathogenic microbiota, host immune responses,
and genetic susceptibility factors, resulting in dysregulated
inflammation and tissue destruction [5]. Despite advances
in understanding periodontitis etiology, early diagnosis and
risk stratification remain challenging due to the heterogeneity
of disease presentation and the lack of reliable molecular
biomarkers.

Recent developments in high-throughput sequencing
technologies and bioinformatics have revolutionized our ability
to identify disease-associated genes and molecular signatures
[6]. Gene expression profiling studies have revealed distinct
transcriptomic alterations in periodontal tissues, providing
insights into the molecular mechanisms underlying periodontitis
pathogenesis [7,8]. However, translating these findings into
clinically applicable diagnostic tools remains a significant
challenge, as traditional differential expression analysis often
generates extensive gene lists without clear prioritization of the
most critical biomarkers [9]. Machine learning (ML) algorithms
have emerged as powerful tools for feature selection and
predictive model construction in biomedical research, offering
superior performance in identifying key genes from complex
genomic datasets [10]. Several studies have successfully applied
ML approaches to various oral diseases, demonstrating improved
diagnostic accuracy compared to conventional methods [11,12].
Nevertheless, comprehensive comparative analyses of multiple
ML algorithms for periodontitis biomarker identification remain
limited, and the development of validated predictive models for
clinical application is still in its infancy.

Integration of multiple ML algorithms can enhance the
robustness of feature selection by identifying genes that
demonstrate high importance across different computational
approaches [13]. Recent studies have shown that ensemble
methods and comparative ML strategies can improve biomarker
discovery and reduce algorithm-specific bias in small-sample
studies [14,15]. Comparative evaluation of multiple ML
algorithms for periodontitis-related gene signature identification
remains limited, particularly when coupled with a compact
nomogram integrating selected transcriptomic features.

In this study, we aimed to identify key genes associated
with periodontitis through comprehensive ML-based feature
selection and to construct a transcriptome-based model for
discriminating periodontal tissue/site status. We analyzed gene
expression data from the GEO database, applied nine different
ML algorithms to identify informative genes, and constructed a
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nomogram integrating the top-ranked feature genes. The model's
discriminative performance was further evaluated in an external
GEO dataset. Our findings provide a comparative machine
learning perspective on periodontitis-associated molecular
signatures and a basis for future validation of transcriptomic
classification tools.

Materials and Methods.

Data Sources and Preprocessing:

Gene expression datasets related to periodontitis were retrieved
from the Gene Expression Omnibus (GEO) database (https://
www.ncbi.nlm.nih.gov/geo/) using the keyword "periodontitis".
GSE16134 was used as the development dataset and contains
310 gingival tissue samples from 120 patients, including
241 diseased/periodontitis sites and 69 control or clinically
unaffected sites according to the source annotations. GSE10334
was used as an external validation dataset and contains 247
gingival tissue samples from 90 patients, including 183 diseased
sites and 64 clinically healthy sites. Because the analytical
outcome in this study was gingival tissue/site status, the sample/
site rather than the individual patient was treated as the unit of
analysis. Raw expression data were downloaded and processed
using R software. For microarray data, background correction,
normalization, and log2 transformation were performed using
the limma package. Probe annotations were conducted using
the corresponding platform annotation files from the GEO
database. When multiple probes mapped to the same gene, the
probe with the highest mean expression value was retained as
the representative value for that gene. Legacy gene symbols
present in the original platform annotation were retained for
reproducibility, while updated nomenclature is noted in the text
where relevant.

Identification of Differentially Expressed Genes:

Differential expression analysis between diseased and control/
clinically healthy gingival tissue sites was performed using the
limma package in R. Genes with [log.fold change (FC)| > 2 and
a nominal P value < 0.05 were defined a priori as differentially
expressed genes (DEGs). The relatively stringent fold-change
threshold was used to prioritize genes showing large expression
differences for subsequent exploratory machine learning
analysis.

Machine Learning-Based Feature Selection:

To identify the most critical genes associated with periodontitis
and evaluate their predictive performance, we applied nine
machine learning algorithms to the identified DEGs: (1)
Support Vector Machine (SVM) with radial basis function
kernel, (2) Random Forest (RF) with 500 trees, (3) K-Nearest
Neighbors (KNN) with k=5, (4) Least Absolute Shrinkage and
Selection Operator (LASSO) regression with cross-validation,
(5) Gradient Boosting Machine (GBM), (6) Generalized Linear
Model (GLM) with binomial family, (7) XGBoost (XGB), (8)
Decision Tree (DT), and (9) Neural Network (NNET).

All machine learning analyses were implemented using the
caret package in R. The GSE16134 development dataset was
randomly split at the sample/site level into training (70%)
and testing (30%) subsets, consistent with the site-level
classification objective of this study. The 70:30 hold-out split
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and 10-fold cross-validation served different purposes: the hold-
out split provided separate subsets for model development and
comparison, whereas 10-fold cross-validation was used for
hyperparameter optimization during model training. Residual
distributions and root mean square error (RMSE) were used as
supplementary model-diagnostic measures, while area under
the receiver operating characteristic curve (AUC) was treated
as the primary measure of discriminative performance. The
internal hold-out results were used principally for comparative
evaluation of algorithms within the development dataset rather
than as a stand-alone estimate of patient-level generalizability.

Construction and Validation of Nomogram Model:

The top five feature genes ranked by RF importance scores
were selected to construct a parsimonious and interpretable
nomogram using the rms package in R. Random Forest was
used for feature ranking, whereas the nomogram represented
a separate multivariable model integrating the five selected
gene-expression predictors for the binary gingival tissue/site-
status outcome. Each gene was assigned a corresponding point
value based on its expression level, and the total points were
converted to the model-estimated probability of a diseased
periodontal tissue/site status. Model performance was assessed
through multiple approaches: (1) decision curve analysis (DCA)
was used to characterize potential net benefit across threshold
probabilities relative to the 'treat all' and 'treat none' reference
strategies; (2) calibration curves were generated to assess
agreement between model-predicted and observed site-status
probabilities, with bootstrap resampling (1000 iterations) used
for bias correction; and (3) ROC curves were plotted, and AUC
values with 95% confidence intervals (CI) were calculated to
quantify discrimination. The calibration curve in Figure 3C
represents internal bootstrap-corrected calibration within the
development data and was not intended as an external calibration
analysis.

External Validation:

To assess whether the identified feature genes retained
discriminative value in a separate GEO dataset, validation
was performed using GSE10334. The same preprocessing and
normalization procedures were applied to the validation dataset
to ensure consistency, and the same five-gene feature definition
was retained without additional feature screening. ROC curve
analysis was conducted for both individual feature genes and
the integrated nomogram model. AUC values with 95% CI were
calculated using the pROC package in R to evaluate site-level
discrimination in the validation dataset. Accordingly, GSE10334
is referred to throughout this manuscript as an external validation
dataset rather than as a prospective or participant-independent
clinical cohort.

Statistical Analysis:

All statistical analyses were performed using R software
(version 4.4). Continuous variables were compared between
groups using Student's t-test, depending on data distribution
assessed by the Shapiro-Wilk test. For differential expression
analysis, the prespecified DEG criterion was [log.FC| > 2
together with a nominal P < 0.05, consistent with the criteria
reported in the Differential Expression Analysis section and
Results. For machine learning model comparisons, performance



metrics were calculated with 95% confidence intervals. Because
the primary analytical unit was the gingival tissue/site, the
reported performance estimates and confidence intervals should
be interpreted as site-level rather than patient-level measures.

Results.

Identification of Differentially Expressed Genes in
Periodontitis:

To identify genes associated with periodontitis-related tissue
status, we obtained the GSE16134 dataset from the Gene
Expression Omnibus database and performed differential
expression analysis between diseased and control/clinically
unaffected gingival tissue sites. Using the prespecified filtering
criteria of |logzfold change (FC)| > 2 and P < 0.05, we identified
12 DEGs (Figure 1). Among these DEGs, 2 genes (AADACL2
and DSC1) exhibited elevated expression in diseased sites,
while 10 genes (CXCL6, LOC100293211, IGLLS, IGK, IGHM,
TENTSC [legacy symbol FAM46C], TNFRSF17, CD79A,
MZBI1, and SPAG4) showed reduced expression compared
with control/clinically unaffected sites. LOC100293211 is
retained here as the legacy microarray annotation although the
corresponding NCBI record has subsequently been discontinued.
Hierarchical clustering demonstrated clear separation between
the two site-status groups based on the expression patterns
of these 12 DEGs, indicating their potential relevance for
tissue-level discrimination. Several downregulated genes
were immunoglobulin-related genes (IGLLS, IGK, IGHM),
suggesting that immune-cell composition and/or local humoral
immune activity may differ between diseased and control
periodontal tissues.

Machine Learning-Based Feature Selection and Model
Performance Comparison:

To identify the most informative genes associated with
periodontal tissue status and compare predictive algorithms,
we applied nine machine learning algorithms—including
SVM, RF, KNN, LASSO, GBM, GLM, XGB, Decision Tree
(DT), and NNET—to the 12 DEGs identified from differential
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expression analysis. Model performance assessment revealed
differences among algorithms (Figure 2A-C). The residual
distribution analysis showed that LASSO had the lowest median
residual value, followed by RF and SVM (Figure 2A), and the
reverse cumulative distribution curves provided complementary
diagnostic information (Figure 2B). ROC curve analysis showed
that RF achieved the numerically highest AUC (0.823), closely
followed by LASSO (AUC = 0.822), KNN (AUC = 0.818),
GLM (AUC = 0.815), SVM (AUC = 0.806), and DT (AUC =
0.800) (Figure 2C). Given the negligible difference between
RF and LASSO, these results were interpreted as broadly
comparable rather than evidence of clear algorithmic superiority.
Feature-importance analyses across the nine models identified
recurring high-ranking genes, including IGK and CXCL6 in
several algorithms (Figure 2D). Immune-related genes such as
TENTSC (legacy symbol FAM46C), TNFRSF17, and CD79A
also showed appreciable importance in several models.

Construction and Validation of Nomogram Based on Key
Feature Genes:

Through the ROC curve comparison, RF achieved the
numerically highest AUC among the evaluated algorithms
and was selected for subsequent feature ranking and model
construction. Because RF and LASSO showed nearly identical
AUC values, the selection of RF was based on its combination
of competitive discrimination and readily interpretable variable-
importance ranking rather than on a claim of statistically proven
superiority. The top five RF-ranked feature genes (IGHM,
MZB1, DSC1, AADACL2, and CXCL6) were selected to
provide a compact, interpretable signature for nomogram
construction (Figure 3A). In this nomogram, each gene was
assigned a point value according to its expression level, and the
total points were used to estimate the probability that a gingival
tissue/site belonged to the diseased category. The scoring scale
showed the relative contribution of each predictor within the
graphical model. Decision curve analysis indicated potential
net benefit of the model over the reference strategies across the
evaluated threshold range (Figure 3B); however, this analytical

Figure 1. Heatmap of differentially expressed genes between periodontitis and control groups.
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result should not be interpreted as direct evidence that a specific
treatment decision would improve patient outcomes. The internal
bootstrap-corrected calibration curve showed close agreement
between predicted and observed site-status probabilities in the
development data (Figure 3C). Together, these findings support
the discriminative performance of the five-gene signature at the
periodontal tissue/site level, while further clinical validation is
required before patient-level implementation.

External Validation of Feature Genes and Nomogram Model:

To assess the robustness of the identified feature genes
in a separate GEO dataset, we performed validation using
GSE10334. ROC analysis showed that all five genes retained
satisfactory site-level discrimination (Figure 4A). IGHM and
MZB1 showed the highest individual AUC values (both AUC =
0.875), followed by CXCL6 (AUC = 0.844), AADACL2 (AUC
= 0.824), and DSC1 (AUC = 0.816). The integrated five-gene
nomogram achieved an AUC of 0.900 (95% CI: 0.842-0.949) in
GSE10334 (Figure 4B), exceeding the AUCs of the individual
genes and supporting the additive discriminative value of the
multi-gene signature. AUC summarizes overall discrimination
and does not, by itself, establish sensitivity or specificity at a
particular operating threshold. These results therefore support
the ability of the five-gene model to distinguish diseased from
clinically healthy gingival tissue sites in the validation dataset,
rather than establishing prospective patient-level risk prediction.

Discussion.

In this study, we conducted a comprehensive machine learning-
based analysis to identify genes associated with periodontitis-
related gingival tissue status and developed a five-gene
nomogram for site-level discrimination. Through comparison
of nine ML algorithms applied to DEGs from GSE16134,
we identified five feature genes—IGHM, MZBI1, DSCI,
AADACL2, and CXCL6—with consistent discriminative
value. The integrated nomogram achieved an AUC of 0.900 in
the external GSE10334 validation dataset. These results support
the potential utility of the five-gene signature for molecular
discrimination of diseased versus clinically healthy periodontal
tissue sites, while they should not be interpreted as evidence of
longitudinal disease risk or prospective patient-level diagnosis.

The identified feature genes have biological functions plausibly
related to periodontal inflammation and tissue homeostasis,
but their associations should be interpreted cautiously in bulk
gingival transcriptomic data. IGHM and MZBI1 are related to
B-cell and antibody-producing cell biology, and their lower
expression in diseased tissue sites may reflect changes in local
immune-cell composition and/or humoral immune activity
rather than direct gene-specific causal effects. Previous studies
have described altered B-cell and antibody responses in
periodontitis [16,17]. CXCL6 is a CXC chemokine involved
in neutrophil recruitment and inflammatory responses [18].
Importantly, CXCL6 was downregulated in our bulk-tissue
DEG analysis; therefore, its predictive importance should not be
equated with upregulation in the present dataset. Prior studies
have nevertheless implicated CXCLo6-related signalling in
periodontal inflammation [19,20], suggesting that its direction
and magnitude may depend on tissue composition, disease
context, and analytical platform. DSC1 encodes desmocollin-1,
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a desmosomal cadherin involved in epithelial cell-cell adhesion,
and altered expression may be associated with changes in
epithelial integrity [21]. Overall, these genes should be viewed
primarily as predictive transcriptomic associations in the current
study rather than as established causal mediators.

Our ML-based analysis complements conventional differential
expression analysis by providing a structured comparison of
multiple classification approaches and feature-importance
patterns. Among the nine algorithms evaluated, RF and LASSO
showed the strongest and nearly identical AUC values, consistent
with their common use in high-dimensional biomedical data.
The recurrence of several genes among high-importance features
across algorithms provides supportive, although not definitive,
evidence for their relevance. The five-gene nomogram also
showed higher discrimination than the individual genes in the
validation dataset, supporting the value of combining multiple
molecular features [22,23]. The calibration and decision-curve
results provide additional internal characterization of the model,
but they should be interpreted as model-performance evidence
rather than proof of clinical utility or individualized treatment
benefit [24,25].

Our study has several strengths. First, we compared nine ML
algorithms rather than relying on a single modeling approach
and used RF feature importance to derive a compact five-gene
signature. Second, the selected genes and integrated model were
evaluated in a separate GEO dataset (GSE10334), providing
cross-dataset validation of site-level discrimination. Third,
the nomogram offers an interpretable graphical representation
of the multi-gene model. Several limitations should also be
recognized. Both GEO datasets contain multiple gingival tissue
sites contributed by individual patients; because our prespecified
analytical unit was the tissue/site, the analyses and confidence
intervals were not patient-clustered and should not be interpreted
as patient-level risk estimates. In addition, GSE16134 and
GSE10334 have been reported to originate from related gingival
tissue archives, which may limit the degree of independence
between datasets; accordingly, we refer to GSE10334 as
an external validation dataset rather than an independent
prospective cohort. DEG screening was performed as an
exploratory biomarker-discovery step within GSE16134 before
algorithm comparison, so the internal hold-out performance
is best interpreted for comparative model assessment rather
than as an unbiased patient-level generalization estimate. The
cross-sectional nature of the data precludes inference regarding
future disease occurrence or treatment response. Finally, bulk
transcriptomic differences may partly reflect variation in tissue
cellular composition, and functional studies are required before
causal interpretations can be made.

Conclusion.

In conclusion, ML-based analysis of gingival transcriptomic
data identified a five-gene signature associated with periodontal
tissue status. The integrated nomogram demonstrated strong
site-level discrimination in GSE16134 and retained favorable
performance in the external GSE10334 dataset. These findings
support the five-gene signature as a candidate molecular
classifier of diseased versus clinically healthy periodontal
tissue sites. Prospective studies with genuinely independent
patient-level cohorts, explicit control of repeated sampling,



and integration of clinical variables are needed to determine its
eventual clinical value [26-28].

Acknowledgments.

The authors thank the contributors of the Gene Expression
Omnibus database for providing publicly available gene
expression datasets.

Funding.
Not applicable.
Author Contributions.

Data curation, Formal analysis and Funding acquisition:
Tingliang Tao and Yun Huang; Project administration and
Supervision: Mengdan Xu, Shaoguo Wang; Writing-original
draft and Writing-review and editing: Tingliang Tao, Lihong
Bao. All authors have read and agreed to the published version
of the manuscript.

Conflicts of Interest.
The authors declare no conflicts of interest.
Data Availability.

The datasets analyzed in this study are publicly available in
the Gene Expression Omnibus repository (https://www.ncbi.
nlm.nih.gov/geo/) under accession numbers GSE16134 and
GSE10334.

REFERENCES

1. Genco RJ, Sanz M. Clinical and public health implications
of periodontal and systemic diseases: An overview. Periodontol
2000. 2020;83:7-13.

2. Chen MX, Zhong YJ, Dong QQ, et al. Global, regional, and
national burden of severe periodontitis, 1990-2019: An analysis
of the Global Burden of Disease Study 2019. J Clin Periodontol.
2021;48:1165-1188.

3. Sanz M, Del Castillo AM, Jepsen S, et al. Periodontitis
and Cardiovascular Diseases. Consensus Report. Glob Heart.
2020;15:1.

4. Herrera D, Sanz M, Shapira L, et al. Periodontal diseases
and cardiovascular diseases, diabetes, and respiratory diseases:
Summary of the consensus report by the European Federation
of Periodontology and WONCA Europe. Eur J Gen Pract.
2024;30:2320120.

5. Hajishengallis G, Chavakis T. Local and systemic mechanisms
linking periodontal disease and inflammatory comorbidities.
Nat Rev Immunol. 2021;21:426-440.

6.Yang X, Kui L, Tang M, et al. High-Throughput Transcriptome
Profiling in Drug and Biomarker Discovery. Front Genet.
2020;11:19.

7. Zhang X, Wang X, Wu J, et al. The global burden of
periodontal diseases in 204 countries and territories from 1990
to 2019. Oral Dis. 2024;30:754-768.

8. Nascimento GG, Alves-Costa S, Romandini M. Burden of
severe periodontitis and edentulism in 2021, with projections up
to 2050: The Global Burden of Disease 2021 study. J Periodontal
Res. 2024;59:823-867.

9. Liang P, Yang W, Chen X, et al. Machine Learning of Single-
Cell Transcriptome Highly Identifies mRNA Signature by

110

Comparing F-Score Selection with DGE Analysis. Mol Ther
Nucleic Acids. 2020;20:155-163.

10. Ng S, Masarone S, Watson D, et al. The benefits and pitfalls
of machine learning for biomarker discovery. Cell Tissue Res.
2023;394:17-31.

11. Wang Y, Jiang C, Xing YQ, et al. Establishing a clinical
prediction model for diabetic foot ulcers in type 2 diabetic
patients with lower extremity arteriosclerotic occlusion using
machine learning. Sci Rep. 2025;15:11737.

12. Wu J, Zeng Q. Nomogram to predict prognosis of head and
neck rhabdomyosarcoma patients in children and adolescents.
Front Oncol. 2024;14:1378251.

13. Acharjee A, Larkman J, Xu Y, et al. A random forest
based biomarker discovery and power analysis framework for
diagnostics research. BMC Med Genomics. 2020;13:178.

14. Motamedi F, Pérez-Sanchez H, Mehridehnavi A, et al.
Accelerating Big Data Analysis through LASSO-Random Forest
Algorithm in QSAR Studies. Bioinformatics. 2022;38:469-475.
15. Li L, Ching WK, Liu ZP. Robust biomarker screening
from gene expression data by stable machine learning-
recursive feature elimination methods. Comput Biol Chem.
2022;100:107747.

16. Nara M, Kurosawa M, Itsumi M, et al. Experimental Murine
Periodontitis Increases Salivary Gland IgA-Producing B Cells
Following Oral Dysbiosis. Microbiol Immunol. 2025;69:114-127.
17. Ye X, Bai Y, Li M, et al. Genetic associations between
circulating immune cells and periodontitis highlight the
prospect of systemic immunoregulation in periodontal care.
Elife. 2024:12.

18. Kenawy HI, Boral I, Bevington A. Complement-Coagulation
Cross-Talk: A Potential Mediator of the Physiological Activation
of Complement by Low pH. Front Immunol. 2015;6:215.

19. Sun S, Ren J, Zeng X, et al. Integrated machine learning
and single-cell RNA sequencing reveal COL4A2 and CXCL6
as oxidative stress-associated biomarkers in periodontitis. Front
Immunol. 2025;16:1598642.

20. Kebschull M, Demmer R, Behle JH, et al. Granulocyte
chemotactic protein 2 (gcp-2/cxcl6) complements interleukin-8
in periodontal disease. J Periodontal Res. 2009;44:465-471.

21. Pan W, Wang Q, Chen Q. The cytokine network involved
in the host immune response to periodontitis. Int J Oral Sci.
2019;11:30.

22. Zhang D, Yang X, Wang F, et al. Comparative Analysis of
Feature Extraction Methods and Machine Learning Models for
Predicting Osteoporosis Prevalence. J Med Syst. 2025;49:72.
23. Cappellato M, Baruzzo G, Di Camillo B. Investigating
differential abundance methods in microbiome data: A
benchmark study. PLoS Comput Biol. 2022;18:¢1010467.

24. Jewell NP, Lewnard JA, Jewell BL. Predictive Mathematical
Models of the COVID-19 Pandemic: Underlying Principles and
Value of Projections. Jama. 2020;323:1893-1894.

25. Pu S, Wang K, Liu Y, et al. Nomogram-derived prediction
of pathologic complete response (pCR) in breast cancer patients
treated with neoadjuvant chemotherapy (NCT). BMC Cancer.
2020;20:1120.

26. Bartold PM, Ivanovski S. P4 Medicine as a model for
precision periodontal care. Clin Oral Investig. 2022;26:5517-
5533.



27. Herrera D, Sanz M, Kebschull M, et al. Treatment of stage 28. Divaris K, Monda KL, North KE, et al. Exploring the genetic
IV periodontitis: The EFP S3 level clinical practice guideline. ] basis of chronic periodontitis: a genome-wide association study.
Clin Periodontol. 2022;49:4-71. Hum Mol Genet. 2013;22:2312-2324.

111



	Title

