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avtorTa sayuradRebod!

redaqciaSi statiis warmodgenisas saWiroa davicvaT Semdegi wesebi:

 1. statia unda warmoadginoT 2 calad,  rusul an inglisur enebze, dabeWdili 
standartuli furclis 1 gverdze,  3 sm siganis marcxena velisa da striqonebs 
Soris 1,5 intervalis dacviT. gamoyenebuli kompiuteruli Srifti rusul da ing-
lisurenovan teqstebSi - Times New Roman (Кириллица), xolo qarTulenovan teqstSi 
saWiroa gamoviyenoT AcadNusx. Sriftis zoma – 12. statias Tan unda axldes CD 
statiiT. 
 2. statiis moculoba ar unda Seadgendes 10 gverdze naklebs da 20 gverdze mets 
literaturis siis da reziumeebis (inglisur, rusul da qarTul enebze) CaTvliT.
 3. statiaSi saWiroa gaSuqdes: sakiTxis aqtualoba; kvlevis mizani; sakvlevi 
masala da gamoyenebuli meTodebi; miRebuli Sedegebi da maTi gansja. eqsperimen-
tuli xasiaTis statiebis warmodgenisas avtorebma unda miuTiTon saeqsperimento 
cxovelebis saxeoba da raodenoba; gautkivarebisa da daZinebis meTodebi (mwvave 
cdebis pirobebSi).
 4. statias Tan unda axldes reziume inglisur, rusul da qarTul enebze 
aranakleb naxevari gverdis moculobisa (saTauris, avtorebis, dawesebulebis 
miTiTebiT da unda Seicavdes Semdeg ganyofilebebs: mizani, masala da meTodebi, 
Sedegebi da daskvnebi; teqstualuri nawili ar unda iyos 15 striqonze naklebi) 
da sakvanZo sityvebis CamonaTvali (key words).
 5. cxrilebi saWiroa warmoadginoT nabeWdi saxiT. yvela cifruli, Sema-
jamebeli da procentuli monacemebi unda Seesabamebodes teqstSi moyvanils. 
 6. fotosuraTebi unda iyos kontrastuli; suraTebi, naxazebi, diagramebi 
- dasaTaurebuli, danomrili da saTanado adgilas Casmuli. rentgenogramebis 
fotoaslebi warmoadgineT pozitiuri gamosaxulebiT tiff formatSi. mikrofoto-
suraTebis warwerebSi saWiroa miuTiToT okularis an obieqtivis saSualebiT 
gadidebis xarisxi, anaTalebis SeRebvis an impregnaciis meTodi da aRniSnoT su-
raTis zeda da qveda nawilebi.
 7. samamulo avtorebis gvarebi statiaSi aRiniSneba inicialebis TandarTviT, 
ucxourisa – ucxouri transkripciiT.
 8. statias Tan unda axldes avtoris mier gamoyenebuli samamulo da ucxo-
uri Sromebis bibliografiuli sia (bolo 5-8 wlis siRrmiT). anbanuri wyobiT 
warmodgenil bibliografiul siaSi miuTiTeT jer samamulo, Semdeg ucxoeli 
avtorebi (gvari, inicialebi, statiis saTauri, Jurnalis dasaxeleba, gamocemis 
adgili, weli, Jurnalis #, pirveli da bolo gverdebi). monografiis SemTxvevaSi 
miuTiTeT gamocemis weli, adgili da gverdebis saerTo raodenoba. teqstSi 
kvadratul fCxilebSi unda miuTiToT avtoris Sesabamisi N literaturis siis 
mixedviT. mizanSewonilia, rom citirebuli wyaroebis umetesi nawili iyos 5-6 
wlis siRrmis.
 9. statias Tan unda axldes: a) dawesebulebis an samecniero xelmZRvane-
lis wardgineba, damowmebuli xelmoweriTa da beWdiT; b) dargis specialistis 
damowmebuli recenzia, romelSic miTiTebuli iqneba sakiTxis aqtualoba, masalis 
sakmaoba, meTodis sandooba, Sedegebis samecniero-praqtikuli mniSvneloba.
 10. statiis bolos saWiroa yvela avtoris xelmowera, romelTa raodenoba 
ar unda aRematebodes 5-s.
 11. redaqcia itovebs uflebas Seasworos statia. teqstze muSaoba da Se-
jereba xdeba saavtoro originalis mixedviT.
 12. dauSvebelia redaqciaSi iseTi statiis wardgena, romelic dasabeWdad 
wardgenili iyo sxva redaqciaSi an gamoqveynebuli iyo sxva gamocemebSi.

aRniSnuli wesebis darRvevis SemTxvevaSi statiebi ar ganixileba.
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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 |log₂fold 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, DSC1) and 10 downregulated genes. RF and 
LASSO demonstrated the strongest and closely comparable 
discrimination among the nine algorithms. Five critical genes 
(IGHM, MZB1, 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 

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 |log₂fold 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 

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 |log₂FC| > 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 
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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 |log₂fold 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, IGLL5, IGK, IGHM, 
TENT5C [legacy symbol FAM46C], TNFRSF17, CD79A, 
MZB1, 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 (IGLL5, 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 

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 
TENT5C (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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Figure 2. Performance evaluation and feature importance ranking of nine machine learning algorithms for periodontitis gene signature 
identification. A, Boxplot showing residual distribution of nine machine learning models. B, Reverse cumulative distribution curves of residuals 

for each model. C, ROC curves comparing the discriminative performance of all nine models. D, Feature importance scores of the 12 DEGs 
across different machine learning algorithms based on root mean square error (RMSE) loss after permutations.
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Figure 3. Construction and validation of a nomogram model. A, Nomogram integrating IGHM, MZB1, DSC1, AADACL2, and CXCL6 for 
estimating the probability of diseased periodontal tissue/site status. B, Decision curve analysis showing model net benefit across the evaluated 

threshold probabilities relative to reference strategies. C, Internal bootstrap-corrected calibration curve assessing agreement between predicted 
and observed site-status probabilities in the development data.

Figure 4. Validation of individual feature genes and the integrated nomogram model in GSE10334. A, ROC curves evaluating the site-level 
discriminative performance of the five genes. B, ROC curve of the integrated nomogram model demonstrating its ability to distinguish diseased 

from clinically healthy gingival tissue sites.
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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, MZB1, DSC1, 
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 MZB1 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 CXCL6-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, 

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