608
Original Research M) Check for updates

https://doi.org/10.36377/ET-0226

Graph representation of the oral cavity
as a method for screening the general condition of the patient

Vladimir Yu. Shefov(> <, Lyudmila Yu. Orekhova(’), Ekaterina S. Loboda(?,
Anastasiia V. Shefova

Pavlov First Saint Petersburg State Medical University, Saint Petersburg, Russian Federation
D shefov1998@gmail.com

Abstract

AIM. To analyze the ability of the oral cavity, represented as a patient-tooth graph and processed by a graph
neural network, to reflect systemic health, using the detection of concomitant cardiovascular disease as an
example.

MATERIALS AND METHODS. On a large population-based cohort, each patient was represented as a hetero-
geneous patient—-tooth graph encoding periodontal status and dentition configuration, and a Heterogeneous
Graph Transformer with attention was trained. The capacity of the structure to carry a systemic signal was
probed two ways: ablation of the graph structure while keeping the aggregate DMFT index and the graph
contribution in a dental-chair scenario (“age, sex + tooth graph” vs “age and sex only”). The cardiovascular
example comprised atherosclerotic cardiovascular disease (ASCVD) and chronic heart failure (CHF); discri-
mination was assessed by AUC with the DelLong test and applicability by an operating point.

RESULTS. The cardiovascular signal resided in the graph structure: removing the tooth structure while kee-
ping the DMFT index significantly reduced AUC for both cardiovascular outcomes — CHF (-0.024; p = 0.026)
and ASCVD (-0.011; p = 0.032). In the dental-chair scenario the graph yielded an AUC gain of +0.083 for CHF
(p=2%107%) and +0.030 for ASCVD (p = 1.5%107%); at ~0.80 sensitivity the model reached 0.70-0.74 specifi-
city and 0.97-0.99 negative predictive value.

CONCLUSION. This is the first confirmation that a graph representation of the oral cavity can be “read” as
a map of systemic health: the cardiovascular signal lies in the structure of the dentition and is irreducible to
aggregate indices. Periodontal examination is applicable as a screening point for concomitant cardiovascular
disease with referral to a physician.
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Pe3ioMe

LLENb. AHann3 cnocoOHOCTM NONOCTU PTa, NPpeacTaBneHHoN rpadom «nauneHT — 3y6» n o6paboTaHHON rpa-
$OBOW HEMPOHHOM CETbIO, OTPaXaTb CUCTEMHOE 340P0OBbE HA NMPUMEPE BbISIBIEHNS CONYTCTBYIOLLEN Cep-
[EeYHO-COCYANCTOM NaTonorumn.

MATEPUWAbI N METObI. Ha kpynHoM nonynsiuMoHHOM BbIOOPKE KaxXabl NauneHT NpeacTaBfieH retepo-
reHHbIM rpadoM «NauueHT — 3y6», oTpaXaloLWwmMM NapoaoHTasbHbIM CTaTyC U KOHUrypauuto 3y6HOro psaaa;
06y4eH reTeporeHHblii rpadoBbIN TpaHCHOPMEP C MEXAHU3MOM BHUMaHMS. CoCOBHOCTb CTPYKTYPbI HECTU
CUCTEMHBbI CUrHaN NpoBepeHa AByMs cnocodamu: yaaneHnem rpadoBoi CTPYKTYPbI MPU COXPaAHEHUM CyM-
mapHoro nHaekca KMy v oyeHkon Bknaga rpada B CueHapum CTOMaTOI0rM4eckoro kpecna (Mogenb «B03-
pacT, non + rpad» NPOTMB «TOJIbKO BO3PACT M NoJi»). B kauecTee npmumepa BbibpaHbl aTepOCKNepoTU4eckmne
cepaeyHo-cocyamcTele 3abonesaHuns (ACC3) n xpoHnyeckas cepaedHas HegocTaTodyHocTb (XCH); anckpu-
MuHaumio oueHmanm no AUC ¢ Tectom [enoHra, npMMeHNMOCTb — paboyeit TOHKON.
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PE3YJIbTATbI. CurHan cepaeyHo-COCYAMCTOM NaTONOrMm COAEPXUTCH MMEHHO B rpadOBOMN CTPYKTYpe: yaa-
JNleHne CTPYKTYypbl 3y60oB nNpu coxpaHeHun nHaekca KMy aHasmmo cHuxano AUC gns obounx cepaeyHo-co-
cyancTbix ncxopos — XCH (—0,024; p = 0,026) n ACC3 (-0,011; p = 0,032). B cueHapun cToMaToNIorn4eckoro
kpecna rpad gasan npupoct AUC +0,083 gna XCH (p = 2x1074) n +0,030 ana ACC3 (p = 1,5x1075); npu
yyBcTBUTENBHOCTU 0KoJ1I0 0,80 Mogenb obecneunsana cneumdbundHocTb 0,70-0,74 n oTpuuaTenbHyto Npo-
rHOCTUYecKyto LueHHocTb 0,97-0,99.

BbIBOAbl. Nony4yeHo nepBoe NoaTBeEPXAEHME TMMNOTE3bl 0 TOM, 4TO rpadoBOe NpeacTaBiieHne NonocTM pta
MOXET «4NUTaATbCHA>» Kak KapTa CUCTEMHOr0 3,0POBbS: CEPAEYHO-COCYANCTLIN CUFHAN 3aK/I0YEH B CTPYKTYpE
3y6HOro psina v He CBOANTCS K CYMMapHbIM MHAEeKcaM. NapoaoHTON0rMYeckmnin OCMOTP NPUMEHMM Kak Tovka
CKPWHMHIa CONyTCTBYIOLLEN CEPAEYHO-COCYANCTON NATONOMMN C HanpaBIEHNEM K Bpayy.

Knwuesble cnoBa: NapofoHTUT, rpacdOBbIe HEMPOHHbIE CETU, MONOCTb PTa, CepAeyYHO-CoCyancTbLIe 3abose-
BaHWs, cepaeyHas He0CTaTOYHOCTb, CTOMATONIONMHYECKUIA CKPUHUHT, MalLMHHOE 0By4eHune

UHdopmauuma o ctaTbe: nocTynuna — 29.04.2026; ncnpasneHa — 31.05.2026; npuHaTta — 13.06.2026
KoH$AuKT nHtepecos: ABTOpPbI CO0OLLAIOT 06 OTCYTCTBUMN KOHPNNKTA UHTEPECOB.
BnaropgapHocTu: duHaHCUMPOBaHUE U NHAMBMOYaANbHbIE 6GN1arogapHOCTY ANs AEeKNapUPOBaHUS OTCYTCTBYIOT.

Ana umtuposanums: LLledpos B.1O., Opexosa J1.10., loboaa E.C., LLledorsa A.B. padoBoe npeacraBneHme no-
JNIOCTU pTa Kak cnocob CKpUHUHra obLero coctoaHua naumeHTa. SngoaoHTus Today. 2026;24(3):608-614.
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INTRODUCTION

The association between chronic periodontal in-
flammation and cardiovascular diseases has been
recognized for many years, and its evidence base con-
tinues to strengthen. Severe periodontitis is indepen-
dently associated with atherosclerotic cardiovascular
diseases, with systemic inflammation, endothelial dys-
function, and bacteremia considered to be the main
mechanisms underlying this association [1]. Periodon-
tal treatment has been shown to improve endothelial
function [2], while clinical and population-based studies
have demonstrated associations between periodontitis
and chronic heart failure [3], as well as with cardiovas-
cular pathology in general in a bidirectional manner [4].

However, this relationship remains largely confined
to population-level epidemiological observations and is
rarely applied to individual assessment of systemic risk.
One of the reasons is methodological: conventional
approaches to summarizing dental status — cumula-
tive indices (primarily the decayed, missing, and filled
teeth index, DMFT) or individual clinical parameters —
discard the spatial organization and interrelationships
of the dentition, namely, information about which spe-
cific teeth are affected and how these conditions are
distributed within the dental arch. Meanwhile, dentists
observe this complex structure as a whole, often earlier
than a cardiovascular diagnosis is formally established.
Moreover, even conventional statistical approaches ap-
plied to detailed dental formula characteristics fail to
capture these structural relationships [5].

The development of artificial intelligence methods
in dentistry is actively progressing, including in Rus-
sian research [6; 7]; however, graph-based representa-
tion of the dentition for assessment of systemic health
has not previously been investigated. A tooth and its
surrounding periodontal tissues — gingiva, periodontal
ligament, cementum, and alveolar bone — form a sin-
gle tooth - periodontal complex [8], while adjacent and
antagonistic complexes are interconnected within the
dentition. This provides a natural anatomical basis for
representing the oral cavity as a graph. We hypothesize

that the oral cavity, represented not as a set of isolated
indices but as a graph of “patient—tooth” relationships,
can serve as a map of systemic health.

Graph neural networks enable the analysis of struc-
tural patterns within such representations. A heteroge-
neous graph transformer can weight the contribution
of individual teeth and their relationships through an at-
tention mechanism [9], allowing the model to determine
which teeth and connections are most relevant for pre-
diction, unlike simpler graph neural networks that treat
allnodes and edges with equalimportance [10]. The pre-
sent study provides the first evidence supporting this hy-
pothesis by demonstrating the potential of graph-based
oral representations for detecting concomitant cardio-
vascular pathology. This research is part of a broader
program; results concerning other systemic conditions
and external validation will be presented separately.

AIM

To evaluate the ability of a graph-based representa-
tion of the oral cavity processed by a graph neural net-
work to reflect systemic health, using the detection of
concomitant cardiovascular pathology (atherosclerotic
cardiovascular diseases and chronic heart failure) as an
example.

MATERIALS AND METHODS

The data source was a large open population-based
cohort with a standardized examination protocol, in-
cluding dental assessment and periodontal measure-
ments (10,175 participants). The cohort was divided
at the patient level into training, validation, and test
subsets using stratification; all values reported below
were calculated on the test subset. The reporting of
this study follows the TRIPOD guidelines for prediction
model studies [11]. The investigated outcomes were
atherosclerotic cardiovascular diseases and chronic
heart failure; their prevalence rates and sample sizes
are presented in Table 1.

Each patient was represented as an individual he-
terogeneous graph, i.e., a graph containing different
types of nodes (Fig. 1). The graph included two types
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of nodes: one “patient” node and one “tooth” node for
each existing tooth (numbered according to the FDI
system). Four types of edges were defined: belongs_to
and has_tooth (tooth <> patient), adjacent (anatomically
neighboring teeth), and antagonist (occlusal contacts
between teeth of opposing jaws).

Each “tooth” node was assigned a feature vector
consisting of 25 parameters, including tooth presence,
carious lesions, mean periodontal pocket depth, maxi-
mum clinical attachment loss, mean gingival reces-
sion, and localization-related characteristics. Thus,
each node represented not an isolated crown, but
a tooth-periodontal complex — a tooth together with
its supporting tissues (gingiva, periodontal ligament,
cementum, and alveolar bone), which anatomically and
functionally form an integrated unit [8]. Therefore, the
node vector combined characteristics of the tooth itself
with periodontal parameters. Adjacency and antago-
nist edges interconnected these complexes, transfor-
ming a set of teeth into a unified relational structure -
a map in which the model could identify not only “how
many” teeth were affected, but also “how” pathological
changes were distributed throughout the dentition.

To prevent the model from indirectly accessing
the target diagnosis through variables that are part of
its own definition (a phenomenon known in machine
learning as label leakage), the feature vector of the
“patient” node in the primary experiments was limited
exclusively to sociodemographic and anthropometric
characteristics. Laboratory parameters included in the
diagnostic criteria of the studied conditions were ex-
cluded from this vector.

The core architecture used in this study was a he-
terogeneous graph transformer [9]. Unlike conven-
tional approaches that treat all teeth and connections
equally, this model learns the relative contribution of
each individual tooth and each type of inter-tooth rela-
tionship to the prediction outcome.

The contribution of periodontal information was
isolated using two paired comparisons with identical
remaining input compositions: M5 (complete question-
naire + tooth graph) versus M1 (questionnaire only), and
the dental-chair scenario M7 (age, sex + tooth graph)
versus M_demo (age and sex only). To verify that the
predictive signal was derived specifically from graph
structure, an ablation analysis was performed. In ma-
chine learning, ablation refers to the intentional removal
of a model component to assess its contribution; in this
experiment, the tooth graph structure was removed
from the configuration containing explicit DMFT indices.

The primary performance metric was the model’s
ability to distinguish patients with the target condition
from those without it (known as discrimination). This
was quantified using the area under the receiver ope-
rating characteristic curve (AUC). AUC has a straight-
forward interpretation: it represents the probability
that, for a randomly selected patient with the condition,
the model will assign a higher predicted risk than for
a randomly selected patient without the condition. An
AUC value of 0.5 corresponds to random classification,
whereas 1.0 indicates perfect discrimination.

dHdodoHmus
————TLT

We deliberately selected AUC as the main perfor-
mance metric rather than accuracy or a single sensi-
tivity — specificity pair. Accuracy can be misleading in
the presence of rare conditions: for example, if chronic
heart failure occurs in approximately 2.5% of patients,
a model that classifies all individuals as “healthy”
would achieve 97% accuracy while being clinically use-
less. Moreover, both accuracy and individual sensiti-
vity — specificity pairs depend on the selected thresh-
old separating “at risk” from “not at risk”, whereas AUC
evaluates discrimination across all possible thresholds
and is independent of this choice. The clinical thresh-
old (operating point) was defined separately, targeting
a sensitivity of approximately 0.80 (Table 2), thereby
translating overall discriminative ability into a practical
rule for identifying positive cases.

Fig. 1. Heterogeneous patient-tooth graph

(10,175 patients): Color codes the patient’s HGT
prediction — the probability of having a cardiovascular
disease, based on the cohort rank (percentile), not the
absolute value: blue — patients considered healthy by the
model (low predicted cardiovascular risk, lower ranks);
red — patients with a high predicted cardiovascular risk
(upper ranks); gray — the middle of the scale: patients
with an average risk rank, whom the model confidently
classifies as neither healthy nor at risk

Puc. 1. [eTeporeHHbli rpad «nauyeHT —3y6»

(10175 naumeHTOB): LBET KOOMPYET NpeackasaHne

HGT no naumeHTy — BEPOSTHOCTb HAIM4YNS CEPAEHHO-
COCYAMCTON NaToNOrMu, NMPUHYEM Mo PaHry BHYTPU
KOropTbl (NepLEHTUNIL), a He aBCOIIOTHOE 3HAYEHME:
CVHWUIM — NAUMEHT, KOTOPOro MoAe b cHMTaeT 340POBbIM
(HM3KNI NpeacKkasaHHbI CepAEHHO-COCYONCThIN

PUCK, HUXHUE paHrun), KpacHbI — NaLNEHT C BbICOKUM
npeackasaHHbIM Cepae4yH0O-CoCYaUCTLIM PUCKOM
(BepxHUME paHrn), cepbii — cepeamHa LWKasnbl: NaLneHThbl
CO CpPEeJHVM PaHroM pucka, MoLesb He OTHOCUT NX
YBEPEHHO HU K 300POBbIM, HU K PUCKOBbIM
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To compare AUC values between two models, the
Delong test was applied [12], a statistical method spe-
cifically designed for this purpose. The comparison
was performed among patients with available predic-
tions for both evaluated configurations. This approach
explains why the reported AAUC values in the text may
slightly differ from the simple difference between AUC
values presented in tables, where each configuration
was calculated using all available observations.

Uncertainty estimates (95% confidence intervals)
were obtained using bootstrap resampling, involving
repeated calculations on randomly sampled subsets of
the original dataset. Differences were considered sta-
tistically significant when p < 0.05 and the confidence
interval did not include zero.

The practical clinical utility of the models was ad-
ditionally assessed using decision curve analysis [13],
which evaluates whether clinical decision-making
based on the model provides greater benefit compared
with the strategies of examining all patients or exami-
ning none. Finally, predicted probabilities were cali-
brated by adjusting model outputs so that the predicted
probability corresponded to the observed prevalence of
the condition. All analyses can be reproduced using the
stored patient-level predictions.

RESULTS

The explicit addition of patients’ DMFT indices to the
graph-based model did not result in a significant im-
provement in predictive performance — the model was
already able to extract this information through graph
structure and attention mechanisms.

Chronic -0.0244
heart failure (p=0.026)
Atherosclerotic
cardiovascular —0-_0105
disease (p=0.032)
1 T 1
-0.03 -0.02 -0.01 0

AAUC when removing graph structure (KPU index preserved)
Negative structure is necessary

Fig. 2. Ablation of the tooth-graph structure

(DMFT index retained): change in AUC for the

two cardiovascular outcomes — atherosclerotic
cardiovascular disease and chronic heart failure

(a negative value indicates that the prognosis worsens
without the graph structure, i.e., it is necessary;

the change is statistically significant for both)

Puc. 2. Abnauns rpadoBOM CTPYKTYPLI 3yO0B
(nHpeke KMY coxpaHeH): nameHeHmne AUC

ONS ABYX CEPAEYHO-COCYANCTbLIX UCXOA0B —
aTepockKJ/iepoTMyeckme cepaeyHo-cocygmcTbole
3ab60/1eBaHNS U XPOHUYECKas cepaeyHas
HEeAO0CTaTOYHOCTb (OTpULLATENIbHOE 3HAYEHME
0O3HayaerT, 4To 6e3 rpadoBOM CTPYKTYPbI MPOrHO3
yXyauwaeTcs, T.e. oHa Heobxoauma; ans obomx
MCXOA40B USMEHEHNE CTAaTUCTUYECKN 3HAYMMO)

6ll

The opposite experiment was decisive: removal of
the tooth graph structure while retaining DMFT indices
resulted in a statistically significant decrease in AUC
for both cardiovascular outcomes: chronic heart failure
(-0.024; p = 0.026) and atherosclerotic cardiovascular
diseases (-0.011; p = 0.032) (Fig. 2).

Thus, the cardiovascular signal is embedded speci-
fically in the configuration of the dentition and cannot
be reduced solely to “how many” teeth are affected.

The contribution of graph structure to the detec-
tion of cardiovascular pathology is presented in Fig. 3
and Tables 1 and 2. When a complete questionnaire
was available (M5 vs M1), the addition of the graph sig-
nificantly improved discrimination for cardiovascular
diseases (AAUC = +0.014; p = 0.032) and heart failure
(AAUC = +0.042; p = 0.029).

In the dental-chair scenario (M7 vs M_demo),
which included only age, sex, and dental examina-
tion data, the contribution of the graph was more pro-
nounced: AAUC = +0.030 for cardiovascular diseases
(p=1.5x%x107%) and +0.083 for heart failure (p = 2x1074).
The absolute AUC values of the dental-chair model were
0.834 and 0.823, respectively (Table 1).

The paired AAUC improvements reported in the text
were calculated using the DelLong test on the subset of
patients with valid predictions for both configurations
and therefore may not correspond exactly to the diffe-
rence between the AUC values presented here.

At the operating point with a sensitivity of approxi-
mately 0.80 (Table 2, Fig. 3, B), the dental-chair model de-
monstrated a high negative predictive value (0.97-0.99),
corresponding to the profile of a reliable risk-exclusion
tool: patients with a negative result are highly unlikely to
have the target pathology, whereas patients with a posi-
tive result can be referred for further evaluation by an
internal medicine specialist.

In the decision curve analysis, configurations incor-
porating the graph structure provided greater net clini-
cal benefit than the reference strategies of “treating all”
and “treating none” for both cardiovascular outcomes.

Table 1. Cardiovascular outcomes:
prevalence and area under the ROC curve (AUC)
for the four configurations in the test subset

Tabnuua 1. CepaeyHO-COCyaANCTbIE NCXOab:
pacrnpocTpaHeHHOCTb U nnowanb

nog, ROC-kpueoi (AUC) yeTbipex KOHpUrypaumm
Ha TeCTOBOW NoABLIOOPKE

Outcome n (n+) M_demo | M1 M5 M7
ASCVD 2571(247) | 0.805 0.820 | 0.836 | 0.834
Heart failure | 2574 (65) 0.739 0.774 | 0.824 | 0.823

Note. n+ represents the number of positive cases; M_demo —
age and sex; M1 — questionnaire data; M5 — questionnaire
data + tooth graph; M7 — age, sex + tooth graph (“dental-chair”
scenario).

lMpumevaHmne. n+ — KONNYECTBO MOJIOXUTENbHBLIX CIy4Yaes;
M_demo - Bo3pacTt u non; M1 — gaHHble aHkeTbl; M5 — paH-
Hble aHKeTbl + rpaduk 3y6os; M7 — Bo3pacT, non + rpacduk 3y-
60B (cueHapuin «CTOMaTONIOrM4EeCkoe KPeCso»).
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0.08

0.06
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0.02

Increase in AUC from the tooth count (AUC)

Chronic heart failure

Atherosclerotic
cardiovascular disease

Il M5 vs M1 (contribution at the questionnaire)
Il M7 vs M_demo (armchair scenario)

A

1.0
—
0.8+ p/
/ \Operating
o point L
Se~0.80 .’
2 0.6+ -
=
=
c
o}
n 0.4
0ol /
Y
0 I[’ T T T T
0 0.2 0.4 0.6 0.8 1.0

— Atherosclerotic cardiovascular disease (AUC = 0.834)
Chronic heart failure (AUC = 0.823)

Fig. 3. Cardiovascular example: (A) AUC gain from the tooth graph for atherosclerotic cardiovascular disease
and chronic heart failure in two scenarios (M5 vs M1; M7 vs M_demo); (B) ROC curves of the dental-chair model (M7)
Puc. 3. CepaeuHo-cocygmncTblii npumep: (A) npmpocTt AUC oT rpada 3y60oB AJ1s1 aTePOCKIEPOTUYECKNX
cepaeyHo-cocyancTbix 3ab6oneBaHnin U XpOHUYECKOM cepaeyHon HeaOCTaTOYHOCTU B BYX CLEHapUsAX

(M5 npotue M1; M7 npotne M_demo); (B) ROC-kpuBble mogenu kpecna (M7)

Table 2. Operating characteristics of the dental-chair
model (M7) for cardiovascular outcomes
at ~0.80 sensitivity

Tabnuua 2. Pabo4ne xapakTepUCcTUKL MOAENN
cTomaronormyeckoro kpecna (M7)

ONs1 CepAeyvHO-COCYANCTbIX NCXOL0B

npw 4yBCTBUTENBHOCTM 0KOs10 0,80

Referral
Outcome Se Sp PPV NPV fraction, %
ASCVD 0.80 0.74 0.24 0.97 32
Heart failure 0.80 0.70 0.07 0.99 31

Note. Se —sensitivity, Sp —specificity; PPV — positive predic-
tive value; NPV — negative predictive value.

lMpumedaHue. Se — 4yBCTBUTENBHOCTb, Sp — CNeumMdUIYHOCTb,
PPV — nonoxuntenbHada, NPV — oTpuuartenbHas nporHocTmye-
cKasi LeHHOCTb, referral fraction — nons HanpaenEeHHbIX K Bpayy.

DISCUSSION

The main finding of this study is conceptual in nature.
Three independent lines of evidence converge toward
a single conclusion: the systemic (cardiovascular) sig-
nal of the oral cavity is embedded in the structure of in-
terrelationships within the dentition.

First, our previously published study conducted on
an independent clinical cohort (n = 127) demonstrated
that this signal cannot be detected by conventional sta-
tistical methods, even when comprehensively applied
to detailed dental formula characteristics [5]. Second,
this signal cannot be reduced to the cumulative DMFT

dHdodoHmus
————TLT

index: removal of the graph structure while preserving
the index significantly impaired prediction of cardiovas-
cular outcomes (Fig. 2). Third, the graph-based mo-
del was able to extract this signal and transform it into
a clinically applicable prediction tool (Fig. 3). Collective-
ly, these findings provide the first evidence supporting
the hypothesis that the “patient—tooth” graph can be
interpreted as a map of systemic health.

The cardiovascular example was selected delibe-
rately: the association between periodontitis, athero-
sclerotic cardiovascular diseases, and heart failure is
supported by reproducible pathophysiological mecha-
nisms. Chronic periodontal inflammation contributes
to sustained systemic inflammatory burden, including
increased levels of C-reactive protein, interleukin-6,
and tumor necrosis factor-alpha, thereby promoting
endothelial dysfunction and atherogenesis [1; 2]. The
damaged epithelium of periodontal pockets serves as
a gateway for recurrent bacteremia and the entry of
bacterial lipopolysaccharides into the bloodstream,
enhancing vascular inflammation and destabilization of
atherosclerotic plaques [1]. The same systemic inflam-
matory and neurohumoral activation pathways contri-
bute to myocardial remodeling and progression of heart
failure [3].

Finally, the configuration of the dentition — which
specific teeth are affected or lost and in what combina-
tions — reflects the cumulative inflammatory and meta-
bolic history of an individual. Therefore, the predictive
signal is carried by the structure of interconnected
tooth — periodontal complexes rather than by the total
number of affected teeth.
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The practical implication is that periodontal exami-
nation may serve as a screening point for concomitant
cardiovascular pathology directly in the dental chair.
At a sensitivity of approximately 0.80, the model based
only on age, sex, and dental examination data achieved
a negative predictive value of up to 0.99, representing
a profile suitable for early risk exclusion and referral of
potentially high-risk patients to a physician.

This improvement is unlikely to represent a random
finding. The effect was demonstrated not through ex-
tensive feature selection, but through a predefined
comparison performed on the same patients: only the
graph structure was removed from the model while all
other information remained unchanged. The decrease
in AUC was confirmed by the DelLong test, with confi-
dence intervals not crossing zero. The effect was con-
sistently reproduced in two independent scenarios —
with a full questionnaire and in the dental-chair setting —
and across both cardiovascular outcomes.

Moreover, the direction of the observed effect cor-
responds to biological expectations: the association
between periodontal disease, atherosclerosis, and
heart failure is supported by established pathogene-
tic mechanisms, making improved prediction of these
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outcomes biologically plausible. When a stable predic-
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hypothesis, the likelihood that it represents a chance
observation becomes substantially less probable.

CONCLUSION

The oral cavity represented as a “patient—tooth”
graph and processed by a graph neural network can
contain an interpretable signal of systemic health. This
study provides the first confirmation of this hypothesis
using concomitant cardiovascular pathology as an
example.

The signal is embedded specifically in the graph
structure of the dentition and cannot be reduced to the
cumulative DMFT index: removal of the graph structure
significantly worsens the predictive performance for
chronic heart failure (CHF) and atherosclerotic cardio-
vascular diseases (ASCVD).

In the dental-chair scenario (age, sex, and clinical
examination), the model identifies concomitant cardio-
vascular pathology with a negative predictive value of
0.97-0.99, supporting its potential role as a screening
tool and a method for referring patients for further medi-
cal evaluation.
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