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ABSTRACT

Background and Rationale

Cardiovascular diseases (CVD) remain the leading cause of mortality worldwide, accounting for over 17.9 million deaths annually. In Ukraine,
the situation is particularly critical, with standardized CVD mortality rates nearly twice the European average. Ischemic heart disease (IHD) and
arterial hypertension (AH) are the two most prevalent forms of CVD, frequently coexisting in individual patients and forming comorbidity with
particularly unfavorable prognosis. Endothelial dysfunction is recognized as a central pathophysiological mechanism underlying CVD
development and progression, preceding structural vascular changes by years or decades.

Circulating desquamated endothelial cells (CEC) represent a direct marker of endothelial damage, with their enumeration in peripheral blood
offering a relatively simple and accessible method for assessing endothelial dysfunction. However, the diagnostic and differential diagnostic
value of CEC in combination with other cardiovascular biomarkers has not been comprehensively evaluated using multivariate statistical
approaches.

Objective

To perform a comprehensive multivariate assessment of circulating desquamated endothelial cells and other cardiovascular risk biomarkers in
patients with ischemic heart disease, arterial hypertension, and their comorbidity to identify specific pathophysiological profiles and develop a
discriminant model for differential diagnosis.

Methods

The study included 142 participants divided into four groups: healthy controls (n=35), patients with isolated arterial hypertension (n=36), patients
with isolated ischemic heart disease (n=35), and patients with IHD&AH comorbidity (n=36). A comprehensive assessment was performed
including: enumeration of circulating desquamated endothelial cells using the Hladovec method; metabolic parameters (lipid profile, glucose,
creatinine, urea); hemodynamic parameters (blood pressure, ankle-brachial index); hematological parameters (erythrocytes, hemoglobin,
erythrocyte sedimentation rate, prothrombin index); and anthropometric parameters (body mass index). Integral indices were calculated:
metabolic syndrome index, atherogenic indices of Klimov and Dobiasova-Frohlich, and entropic characteristics of lipid profiles.

Stepwise discriminant analysis was applied to identify the most informative biomarkers discriminating the four groups. Canonical roots were
extracted to reveal underlying pathophysiological mechanisms. Classification functions were developed for diagnosis and differential diagnosis
of IHD, AH, and their comorbidity. The accuracy of the classification model was evaluated using cross-validation.

Results

Circulating desquamated endothelial cell levels were significantly elevated in all patient groups compared to controls, with the highest values
observed in patients with IHD&AH comorbidity (mean 4,850 cells/mL) compared to isolated THD (3,920 cells/mL), isolated AH (2,780
cells/mL), and controls (1,240 cells/mL) (p<0.001 for all comparisons).
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Stepwise discriminant analysis identified 18 most informative variables from the initial set of 28 parameters. Two significant canonical roots
were extracted, explaining 87.3% and 12.7% of between-group variance, respectively. The first canonical root (Root 1) represented an
"atherogenicity axis," strongly correlated with atherogenic indices (Klimov index: r=0.847; DobiaSova-Frohlich index: r=0.823), low-density
lipoprotein cholesterol (r=0.791), triglycerides (r=0.756), and metabolic syndrome index (r=0.712). The second canonical root (Root 2)
represented an "endothelial dysfunction/hemodynamics axis," most strongly associated with circulating desquamated endothelial cells (r=0.683),
systolic blood pressure (r=0.645), ankle-brachial index (r=-0.587), and erythrocyte sedimentation rate (r=0.534).

The discriminant model demonstrated high classification accuracy: 91.4% for controls, 83.3% for isolated AH, 80.0% for isolated THD, and
83.3% for IHD&AH comorbidity, with an overall accuracy of 84.5%. Cross-validation confirmed the stability of the model with minimal
reduction in classification accuracy (82.4%).

Patients with isolated AH were characterized by elevated blood pressure parameters and moderately increased CEC levels, but relatively
preserved lipid profiles. Patients with isolated IHD demonstrated pronounced dyslipidemia with high atherogenic indices, but less pronounced
endothelial dysfunction markers. Patients with [HD&AH comorbidity exhibited the most unfavorable profile, combining severe dyslipidemia,
marked endothelial dysfunction (highest CEC levels), elevated inflammatory markers (ESR), and hemodynamic abnormalities, reflecting the
synergistic interaction of pathophysiological mechanisms.

Conclusions

This study demonstrates that circulating desquamated endothelial cells, assessed in combination with metabolic, hemodynamic, and
hematological biomarkers using multivariate discriminant analysis, provide valuable information for the diagnosis and differential diagnosis of
ischemic heart disease, arterial hypertension, and their comorbidity. The identification of two independent pathophysiological axes -
"atherogenicity" and "endothelial dysfunction/hemodynamics" - supports the concept of multiple interacting mechanisms underlying
cardiovascular disease development. The developed discriminant model with 84.5% accuracy represents a promising tool for comprehensive
cardiovascular risk assessment and may facilitate early diagnosis, risk stratification, and therapeutic monitoring in clinical practice.

Keywords: circulating desquamated endothelial cells, endothelial dysfunction, ischemic heart disease, arterial hypertension, comorbidity,
discriminant analysis, cardiovascular biomarkers, metabolic syndrome, atherogenic indices, differential diagnosis.

AHOTALIA

AKTYyaJIbHiCTbh

CepueBo-cyauHHi 3axBoproBanHs (CC3) 3aiuiIaoThes MPOBIIHOK MPUYMHOK CMEPTHOCTI Y CBITI, BiANOBigawo4n 3a noHajy 17,9 MinbioHIB
cMepTeil mopiuHo. B VkpaiHi cuTyaris ocoOMHBO KpUTHYHA: CTaHZAPTH30BAaHUH MOKasHUK cMepTHOCTI Big CC3 Maibke BABIUI NEepeBHUIIye
cepeaHbOEBpOIeiichKHil piBeHb. lmemiuna xBopoba cepus (IXC) ta aprepianbha rimeprensist (Al') e nainmommpenimmmmu dpopmamu CC3, ski
4acTo CHIBICHYIOTH Y OJIHOTO IMaiieHTa, (popMyrOud KOMOPOIAHICTH 3 OCOOJMBO HECHPHUSTIMBUM IPOrHO30M. EHIOTENianbHA AUCOHYHKIIiS
BH3HAHA IIEHTPAJILHUM NaTO()i3i0JIONIYHIM MEeXaHi3MOM PO3BHUTKY Ta mporpecyBanHs CC3, mepemyioun CTPYKTYpHHUM 3MiHaM CyJHH Ha POKH
a00 JECATUIIITTA.

Iupxymrotoui neckBamoBani enporemionut (LIJIE) € npsMum MapkepoM eHIOTeINiabHOTO MONIKODKSHHS, a iX MApaxyHOK y mepudepHdHii
KPOBi HIPOIOHYE BiTHOCHO NPOCTHH Ta JOCTYIHHH METOJ OLIHKM eHpoTemianbHOi auchyHkuil. IIpore niarnoctudna Ta audepeHmiiHo-
miarnoctiyna minHicTs LJIE y moeaHaHHi 3 iHIINMH CEPLEBO-CYAMHHHMH OioMapkepamu He Oyja KOMIUIEKCHO OLIHEHa 3 BUKOPHUCTAHHSIM
06araTOBUMiPHUX CTATUCTUYHKX MIIXO/IB.

Merta poc/IiKeHHs

IIpoBectr KOMIUIEKCHY 0araTOBHMIpHY OLIHKY LHPKY/TIOUHX IECKBAMOBAHHMX CHAOTETIOLUTIB Ta IHIIMX 0iOMapKepiB CEpLEBO-CYANHHOTO
PHU3UKY Yy IAMi€HTIB 3 IMIEMIiYHOIO XBOPOOOIO cepisi, apTepialbHOI0 TilepTeH3icl0 Ta X KOMOPOIMHICTIO AT BHSIBICHHS crenu(ivHuX
nato¢iziosnorivHuX MpodiniB Ta PO3pOOKH AUCKPUMIHAHTHOT MOJIeNi AU(EPeHIIHHOT AiarHOCTHKHL.

Martepiaim Ta MeTou

VY nmocmimkeHHs Oyno BKIIOYEHO 142 ydacHHMKH, PO3NOAIIEHI Ha YOTHPH TPYNH: 310POBI 0COOM KOHTPOIBHOI Ipymu (n=35), maumieHTH 3
130JI0BAHOIO apTepiabHOIO TinepTen3icio (n=36), MamicHTH 3 130JIbOBAHOIO 1MIEMIYHOIO XBOPOOOIO cepIlst (n=35) Ta mamieHTH 3 KOMOPOiIHICTIO
IXC&ATL (n=36). [IpoBeneHO KOMILIEKCHY OLIHKY, LIO BKIIOYAJTA: MiIPaxyHOK LUPKYIIOIOYHX ICCKBAMOBAHHUX CHIOTEINIOHUTIB 32 METOIOM
Hladovec; merabonivni mapamerpu (JiMiZHUE CHEKTp, TJIIOKO3a, KPEaTHHIH, CEYOBMHA); T'EMOAMHAMIYHI MapamMeTpu (apTepiajbHUM THCK,
TOMIJIKOBO-TIICYOBHUH 1HJEKC); TeMaTOJNOriYHI IapaMeTpu (EpUTPOLMTH, IeMOIVIOOIH, MIBHIKICTH OCINaHHS EPUTPOLHMTIB, IPOTPOMOIHOBHIA
1HIEKC); aHTPOIIOMETPUYHI apamMeTpu (iHaeKc macu Tija). Po3paxoBaHO iHTErpaibHi MOKA3HHKU: 1HAEKC METaOOIIYHOrO CHHIPOMY, 1HIEKCH
ateporenHocti KitimoBa ta Jlo6iamoBoi-dpoitixa, eHTpOmiiHI XapaKTepUCTHKH JHITiI0rpaM.

3acTOCOBaHO IOKPOKOBHI JMCKPUMIHAHTHHI aHami3 Ui ineHTHGiKanii HalOuIbm iHpopMaTHBHIX GioMapKepiB, IO TUCKPUMIHYIOTh YOTHPH
rpynu. BumiieHo KaHOHIYHI KOpEHi /Ul BHUSBJICHHS OCHOBHHX mato(izionoridHux mexanizmiB. PospobieHo wiacudikariiiai QyHKIil st
nmiarHoctukn Ta audepenuiinoi piaroctuku IXC, A Ta ix xomop6GigHocti. TounicTs KinacH(ikamiiiHOT MOZeNi OIIHEHO METOIOM Kpoc-
Baytiamii.

Pe3yabTaTn

PiBHI HMPKYJIFOIOUUX JIECKBAMOBAHUX €HIOTEIIOMTIB OYyJIM 3HAYHO IMiBHIIEHI Y BCIX Irpyrax MalieHTiB MOPIBHIHO 3 KOHTPOJIEM, 3 HAMBUILUMU
3HA4YEHHSIMH y nanieHTiB 3 komopOimuicTio IXC&AT (cepenue 4850 writnn/mMir) nopiBHSIHO 3 i30s10BaH0I0 IXC (3920 KITiTHH/MIT), 130150BaHOI0
AT (2780 xmitun/mi) Ta kouTposem (1240 xritua/mi) (p<0,001 11t BCIX MOPIBHSHE).

TloxpokoBuii AUCKPUMIHAHTHHN aHaNi3 ineHTH(iIKyBaB 18 HalOLIbII iHGOPMATHBHUX 3MIHHUX 3 I0YaTKOBOro Habopy 28 mapamerpis. Buaineno
J[Ba 3HAYYIIl KAHOHIYHI KOPEHi, [0 MOSICHIOIOTH BinmoBinHo 87,3% Ta 12,7% mixrpynosoi gucnepcii. [lepmmit kanoniunmii kopens (Kopins 1)
MpencTaBisB "BiCh aTePOreHHOCTI", CHIBHO KOPEIIoYH 3 iHaekcamu ateporeHHocTi (inaexke Kiimosa: r=0,847; innekc Jo6Giamosoi-Ppomixa:
r=0,823), xoxecteprHOM JiinonporeiniB Hu3bKol wmimbHOCTI (1=0,791), Tpurminepunamu (r=0,756) Ta iHZEKCOM METabONIYHOTO CHHIPOMY
(r=0,712). pyruii kaHoHiunuii kopeHb (KopiHe 2) mpencraBisiB "BiCh €HIOTEMialdbHOI AUChYyHKIIT/TeMoquHaMiku", HAHOUIbII TICHO
acowiifoBaHMil 3 LHUPKYJIIOIYUMH JecKBaMoBaHUMHU eHporermionutamu (r=0,683), cucromiuaum aprepiaibHuM THCKOM (1=0,645), rOMijIKOBO-
Ie4oBHM iHaeKkcoM (r=-0,587) Ta MBHUAKICTIO ocizanHs eputporuTis (1=0,534).

JluckpuMiHAaHTHA MOJZEIb NIPOJEMOHCTpYBaJla BUCOKY TOUHICTh Kiacudikamii: 91,4% st kontpoimo, 83,3% s i3onsoBanoi Al', 80,0% st
izompoBanoi IXC ta 83,3% mwis komop6ignocti IXC&ALT, i3 3aranproro Tounictio 84,5%. Kpoc-Bamigarist miarBepauia cTabuibHICT MOIETI 3
MiHIMaJIbHUM 3HIDKCHHSAM TOUHOCTI Kiacudikarii (82,4%).

Tlarienty 3 i30p0BaHOK0 A’ XapakTepu3yBaIKCs ITiIBUILICHUMU MMOKa3HUKAMHU apTepiajbHOrO THCKY Ta MOMIpHO 30inbiieHnmu piHsMu LIJIE,
arne BiTHOCHO 30epexxeHuM Jinigaum npodinem. Iamientn 3 i3oap0Bano0 [XC neMOHCTpYBali BHPAKEHY AUCIIIIIEMIIO 3 BUCOKHMH 1HACKCAMU
ATEPOreHHOCTI, aje MEHII BHPaXeHI Mapkepu eHmoTemianbHoi auchyukuii. [lamientn 3 xomopOigmictio IXC&AID BUSBISUTH HAHOLIBII
HECTIPUATIMBUMN 1TPOdisb, MOEIHYIOUH TSKKY TUCIIIIAEMII0, BUPAKEHY eHAoTemanbHy nucdyHkiito (HaiBui pisHi [IJIE), miaBuiieHi 3anaibHi
mapkepu (ILHOE) Ta remogiHaMiuHi OPYIICHHS, 0 BiZ0Opa)kae CHHEPriuHy B3a€MO/Ii10 nMaTo(hi3ionoriyHux MeXaHi3MiB.

BucHoBKH

Tle nociipkeHHs IEMOHCTPYE, 10 [UPKYIIFO0UI IECKBAMOBaHI CHIOTENIOUUTH, OLIHEH] Y MO€IHAHHI 3 METa00IIYHUMHU, FeMOIMHAMIYHUMHA Ta
reMaToNION YHIUME OiOMapKepaMid 3 BHKOPHCTAHHSM OaraTOBHMIPHOIO JHCKPHMIHAHTHOIO aHANi3y, HAJaloTh IIHHY iH(opMamito st
MIarHOCTHKM Ta JU(EepeHIiiHOl AIarHOCTUKH 1HIEMIYHOT XBOPOOHU ceplisi, apTepiaibHOi TinepTeHsii ta ix komopbiaHocti. lnenTudikaris aBox
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HE3ISKHUX NaTo(i3ionorivHnx ocel - "areporeHHocTi" Ta "eHpoTemianbHOl JUC(YHKIII/rTeMoquHaMIKH" - MATPUMYE KOHLETIII0 MHOXKHHHHX
B3a€EMOJIIIOUNX MEXaHi3MiB, 0 JIEXKaTh B OCHOBI PO3BUTKY CEPLEBO-CYJHHHUX 3aXBOPIOBaHb. Po3poliieHa TUMCKpUMIHAHTHA MOJIENb 3 TOUYHICTIO
84,5% npezcrasiisie NEPCICKTUBHUN IHCTPYMEHT [T KOMILUIGKCHOT OLIIHKH CEPLIEBO-CYAMHHOTO PU3HKY Ta MOXKE CIIPUATH PaHHIH [iarHOCTHIL,
crpaTudikanii pu3UKy Ta MOHITOPHHTY Teparlil B KJIHIYHIN TPaKTHLI.

Kuro4oBi ci10Ba: UPKyITIOI0Ui IeCKBaMOBaHI €HIOTENIOUTH, eHI0TeNialIbHa JUCQYHKIIIS, inIeMidHa XBopoba cepiis, apTepiajibHa rilepTeH3is,
KOMOPOIJHICTh, MUCKPUMIHAHTHHI aHAai3, CepLeBO-CyAMHHI OioMapkepu, MeTabONIYHHN CHHIPOM, IHACKCH aTepoOreHHOCTi, aubepeHLiiiHa
J1arHOCTHKA.

INTRODUCTION

Relevance of the Problem

Cardiovascular diseases (CVD) remain the leading cause of mortality worldwide, accounting for more than 17.9 million deaths annually,
representing 31% of total mortality [World Health Organization, 2021]. In Ukraine, the situation is particularly critical: the standardized mortality
rate from CVD is 754.4 per 100,000 population, almost twice the average European level [State Statistics Service of Ukraine, 2022]. Ischemic
heart disease (IHD) and arterial hypertension (AH) are the two most common forms of CVD, which often coexist in the same patient, forming a
comorbidity with a particularly unfavorable prognosis.

Epidemiological data indicate that the prevalence of IHD in the adult population of Ukraine is 8.7%, while AH affects 31.3% [Kovalenko et al.,
2020]. Particularly alarming is the fact that 60-70% of patients with IHD have concomitant AH, and 30-40% of patients with AH show signs of
IHD [Sirenko et al., 2019]. Such comorbidity leads to mutual aggravation of both diseases, increased risk of acute coronary syndromes, heart
failure, stroke, and sudden cardiac death. Mortality in patients with ITHD and AH comorbidity is 2.5-3 times higher than in isolated forms of these
diseases [Dzau et al., 2006].

Despite significant advances in understanding CVD pathogenesis, the mechanisms underlying their development and progression remain the
subject of intensive research. Traditional risk factors—dyslipidemia, arterial hypertension, diabetes mellitus, smoking, obesity—explain only 50-
60% of CVD cases [Yusuf et al., 2004]. This indicates the existence of additional pathogenetic mechanisms that require identification and study.
Endothelial Dysfunction as a Central Link in Cardiovascular Disease Pathogenesis

Over the past three decades, the concept of endothelial dysfunction as a key link in CVD pathogenesis has gained widespread recognition in the
scientific community [Widlansky et al., 2003; Deanfield et al., 2007; Gimbrone & Garcia-Cardefia, 2016]. The endothelium is a monolayer of
specialized cells lining the inner surface of blood vessels, with a total area in adults of approximately 350-1000 m? and a mass of about 1.5 kg
[Rajendran et al., 2013]. The endothelium performs numerous vital functions, including regulation of vascular tone, control of vascular wall
permeability, modulation of inflammatory responses, regulation of hemostasis and thrombosis, angiogenesis, and vascular repair [Félétou, 2011].
Normally, the endothelium maintains vascular homeostasis through balanced production of vasodilators (nitric oxide, prostacyclin, endothelium-
derived hyperpolarizing factor) and vasoconstrictors (endothelin-1, angiotensin II, thromboxane A:), anticoagulant factors (thrombomodulin,
tissue plasminogen activator) and procoagulant factors (von Willebrand factor, plasminogen activator inhibitor-1), anti-inflammatory and pro-
inflammatory mediators [Vanhoutte et al., 2017]. Disruption of this balance leads to the development of endothelial dysfunction—a state
characterized by reduced nitric oxide bioavailability, increased production of reactive oxygen species, and activation of pro-inflammatory and
prothrombotic mechanisms [Incalza et al., 2018].

Endothelial dysfunction is not merely a marker but an active participant in the atherosclerotic process [Libby et al., 2019]. It precedes the
appearance of structural changes in the vascular wall by years or even decades [Bonetti et al., 2003]. Numerous studies have demonstrated that
endothelial dysfunction is an independent predictor of cardiovascular events, including myocardial infarction, stroke, and cardiovascular death
[Matsuzawa & Lerman, 2014; Flammer et al., 2012]. Moreover, the degree of endothelial dysfunction correlates with the severity of coronary
atherosclerosis and functional class of angina [Ludmer et al., 1986; Schichinger et al., 2000].

The pathophysiological mechanisms of endothelial dysfunction in CVD are multiple and interrelated. In IHD, the main factors are atherosclerotic
lesions of coronary arteries, dyslipidemia (especially elevated levels of oxidized low-density lipoproteins), oxidative stress, chronic low-grade
inflammation, and glucose metabolism disorders [Davignon & Ganz, 2004]. In AH, hemodynamic factors dominate: elevated blood pressure
creates mechanical stress on the endothelium (shear stress), leading to its activation, damage, and desquamation [Chatzizisis et al., 2007].
Additionally, activation of the renin-angiotensin-aldosterone system in AH enhances oxidative stress and inflammation through direct effects of
angiotensin II on endothelial cells [Schulman et al., 2006].

In IHD and AH comorbidity, synergistic interaction of these mechanisms occurs. Arterial hypertension accelerates atherosclerosis progression
through enhanced mechanical endothelial damage and facilitation of lipoprotein penetration into the vascular wall [Nigam et al., 2003].
Simultaneously, atherosclerotic vascular damage leads to reduced elasticity and increased peripheral resistance, worsening blood pressure control
and creating a vicious cycle of mutually reinforcing pathological processes [Safar et al., 2018]. This explains the particularly unfavorable
prognosis in patients with IHD and AH comorbidity and the need for early diagnosis of endothelial dysfunction in this patient category.
Circulating Desquamated Endothelial Cells as a Marker of Endothelial Dysfunction

Assessment of endothelial functional status is an important task both for fundamental research on CVD pathogenesis and for clinical practice.
Over recent decades, numerous methods for assessing endothelial function have been developed, which can be divided into two main categories:
functional and biochemical [Deanfield et al., 2005].

Functional methods are based on assessment of endothelium-dependent vasodilation in response to various stimuli. The "gold standard" is
considered to be assessment of endothelium-dependent dilation of coronary arteries with intracoronary administration of acetylcholine during
coronary angiography [Ludmer et al., 1986]. However, this method is invasive, expensive, and associated with certain risks, limiting its
application in broad clinical practice and epidemiological studies. An alternative is non-invasive assessment of flow-mediated dilation of the
brachial artery using high-resolution ultrasound [Corretti et al., 2002]. This method is widely used for research purposes but requires special
equipment, highly qualified operators, and is time-consuming, which also limits its routine clinical application.

Biochemical methods include determination of various molecular markers of endothelial dysfunction in blood, such as nitric oxide and its
metabolites (nitrites, nitrates), endothelin-1, von Willebrand factor, soluble cell adhesion molecules (SICAM-1, sVCAM-1, E-selectin),
thrombomodulin, and others [Strijdom et al., 2006]. These markers reflect different aspects of endothelial function and dysfunction, but their
determination often requires complex laboratory techniques (enzyme-linked immunosorbent assay, chromatography), and results may vary
depending on many factors, including time of blood collection, sample storage conditions, and methodological features of analysis.

An alternative approach to assessing endothelial dysfunction is counting circulating desquamated endothelial cells (CEC) in peripheral blood.
This method is based on the fact that endothelial damage leads to detachment (desquamation) of endothelial cells from the vascular wall with
their entry into the bloodstream [Hladovec, 1978]. Normally, the process of endothelial renewal occurs slowly, and the number of CEC in healthy
individuals is minimal (usually less than 1000-1500 cells per 1 mL of blood). In pathological conditions accompanied by endothelial dysfunction
and damage, the intensity of desquamation significantly increases, leading to an increase in the number of CEC in blood [Solovey et al., 1997].
The method for determining CEC, proposed by Czech researcher J. Hladovec in 1978 [Hladovec et al., 1978], is based on morphological
identification of desquamated endothelial cells in peripheral blood smears after their concentration and special staining. The original technique
involved centrifugation of venous blood, resuspension of the sediment in a small volume of plasma, application to a glass slide, fixation and



Romanowsky-Giemsa staining, followed by microscopic counting of cells with characteristic morphological features of endotheliocytes: large
size (20-50 um), oval or irregular shape, eccentrically located large nucleus, basophilic cytoplasm [Hladovec, 1978].

Over subsequent decades, the Hladovec method underwent numerous modifications aimed at improving its specificity and reproducibility.
Additional morphological criteria for endotheliocyte identification were proposed, including the presence of cytoplasmic vacuoles, "bean-shaped"
nucleus, specific chromatin distribution pattern [George et al., 1992]. To increase method specificity, immunocytochemical approaches were
developed using antibodies to specific endothelial markers such as CD31 (PECAM-1), CD34, CD146, von Willebrand factor, VE-cadherin
[Woywodt et al., 2006]. Modern methods also include flow cytometry for quantitative determination of circulating endothelial cells based on
their immunophenotype [Dignat-George & Boulanger, 2011].

Numerous studies have demonstrated the clinical significance of CEC determination in various cardiovascular diseases. Elevated CEC levels
have been detected in acute myocardial infarction [Hladovec et al., 1978; Mutin et al., 1999], unstable angina [Mallat et al., 1999], arterial
hypertension [Dichtl et al., 2005], heart failure [Chong et al., 2004], stroke [Nadar et al., 2005], vasculitis [Woywodt et al., 2003], thrombotic
thrombocytopenic purpura [Solovey et al., 1997], and other conditions accompanied by endothelial damage. Importantly, CEC levels correlate
with disease severity, presence of complications, and prognosis [Blann et al., 2005].

Advantages of the CEC determination method include its relative simplicity, accessibility, low cost, and ability to obtain results within several
hours. The method does not require complex equipment (a standard light microscope is sufficient) or expensive reagents. This makes it attractive
for use in clinical practice, especially in resource-limited settings. However, the method also has certain limitations, including subjectivity of
morphological assessment, dependence on researcher qualification, relatively low reproducibility between different laboratories, and possibility
of false-positive results due to similarity of endotheliocytes with other large blood cells (monocytes, activated lymphocytes) [Woywodt et al.,
2006].

Multivariate Approach to Cardiovascular Disease Diagnosis

The modern concept of CVD pathogenesis considers them as a result of complex interaction of multiple risk factors and pathophysiological
mechanisms [Dzau et al., 2006]. The traditional approach to diagnosis and risk stratification based on assessment of individual factors (blood
pressure, cholesterol levels, glucose, etc.) has certain limitations, as it does not account for their synergistic interaction and integral impact on the
cardiovascular system [D'Agostino et al., 2008].

The concept of metabolic syndrome, proposed by G. Reaven in 1988 [Reaven, 1988] and subsequently formalized in numerous clinical
guidelines [Alberti et al., 2009; Expert Panel on Detection, Evaluation, and Treatment of High Blood Cholesterol in Adults, 2001], became an
important step in understanding the integral impact of multiple metabolic disorders on cardiovascular risk. Metabolic syndrome is defined as a
cluster of interrelated risk factors, including abdominal obesity, hypertriglyceridemia, reduced high-density lipoprotein levels, elevated blood
pressure, and impaired fasting glucose. The presence of metabolic syndrome increases the risk of IHD by 2-3 times and type 2 diabetes mellitus
by 5-9 times [Mottillo et al., 2010].

However, the traditional definition of metabolic syndrome is based on a dichotomous principle (presence/absence of each component according
to certain threshold values), which leads to loss of information about the degree of deviation of each parameter from normal and does not allow
adequate assessment of the risk gradient [Wijndaele et al., 2006]. To overcome this limitation, continuous metabolic syndrome indices have been
proposed that account for actual values of all components and their deviations from reference values [Gurka et al., 2012; Vieira et al., 2018].
Similarly, for integral assessment of lipid profile atherogenicity, various atherogenic indices have been developed that account for the ratio of
atherogenic to anti-atherogenic lipoproteins. The most common are the Klimov atherogenic index (ratio of the sum of LDL and VLDL to HDL)
[Klimov et al., 1977] and the Dobiasova-Frohlich atherogenic index (logarithm of the ratio of triglycerides to HDL-cholesterol) [Dobiasova &
Frohlich, 2001]. These indices demonstrate a closer association with CVD risk compared to individual lipid parameters [Millan et al., 2009].

For assessment of peripheral atherosclerosis, the ankle-brachial index (ABI) is widely used—the ratio of systolic blood pressure at the ankle to
systolic blood pressure at the arm [Aboyans et al., 2012]. A decrease in ABI <0.90 indicates the presence of peripheral atherosclerosis and is an
independent predictor of cardiovascular events and mortality [Ankle Brachial Index Collaboration, 2008]. Importantly, ABI reflects not only the
state of peripheral arteries but also overall atherosclerotic burden, since atherosclerosis is a systemic process [Fowkes et al., 2008].

Integration of multiple biomarkers and clinical parameters for comprehensive assessment of cardiovascular risk and differential diagnosis of
CVD requires application of multivariate statistical methods. Discriminant analysis is a powerful tool for simultaneous assessment of multiple
variables to maximally separate groups and classify new observations [Huberty & Olejnik, 2006]. Unlike univariate methods that assess each
variable separately, discriminant analysis accounts for the correlation structure of data and extracts linear combinations of variables (canonical
roots) that best discriminate groups [McLachlan, 2004].

Application of discriminant analysis in medical research allows: (1) identification of the most informative biomarkers for differential diagnosis;
(2) development of classification models for assigning patients to specific diagnostic categories; (3) detection of latent pathophysiological
mechanisms underlying intergroup differences; (4) assessment of the relative contribution of various factors to disease formation [Pohar et al.,
2004]. However, despite these advantages, discriminant analysis is rarely applied for comprehensive assessment of endothelial dysfunction and
other biomarkers in CVD.

SCIENTIFIC NOVELTY AND PRACTICAL SIGNIFICANCE

Scientific Novelty

The scientific novelty of this study lies in several methodological and conceptual innovations that advance the field of cardiovascular biomarker
research and discriminant diagnostics. This is the first comprehensive multivariate analysis of circulating desquamated endothelial cells together
with 17 other biomarkers for simultaneous differentiation of four groups: healthy individuals, patients with isolated hypertension, isolated
ischemic heart disease, and IHD&HD comorbidity. Previous studies have typically examined CECs in isolation or in combination with only a
few parameters, limiting understanding of their relationships with broader pathophysiological processes. While individual studies have examined
CECs in hypertension or IHD, no previous research has systematically compared CEC profiles across these conditions using multivariate
discriminant analysis with such an extensive biomarker panel. This approach reveals patterns invisible to univariate analysis and identifies
synergistic interactions between biomarkers.

We applied stepwise discriminant analysis to identify the most informative biomarkers from a comprehensive panel and to extract canonical roots
representing underlying pathophysiological dimensions, specifically the "atherogenicity axis" and the "endothelial dysfunction/hemodynamics
axis." The atherogenicity axis represents the metabolic and atherogenic dimension of cardiovascular disease, dominated by lipid parameters such
as triglycerides, LDL-cholesterol, and atherogenic indices, reflecting the contribution of dyslipidemia and metabolic dysregulation to disease
pathogenesis. The endothelial dysfunction and hemodynamics axis represents the vascular injury and hemodynamic stress dimension, dominated
by CEC parameters, particularly terminally altered cells, and blood pressure, reflecting the contribution of mechanical vascular injury and
endothelial activation. This dimensional reduction approach transforms a complex 18-variable space into interpretable pathophysiological axes
that facilitate visualization of disease relationships, enable quantification of the relative contribution of different mechanisms to individual patient
phenotypes, support personalized medicine by identifying whether a patient's disease is primarily atherogenic-driven, hemodynamic-driven, or
mixed, and provide targets for mechanism-specific therapeutic interventions. This approach operationalizes the concept that cardiovascular
diseases represent different positions along continuous pathophysiological dimensions rather than discrete categorical entities, providing
empirical support for the "common soil hypothesis" while simultaneously demonstrating disease-specific patterns.

The study developed a classification model based on 18 biomarkers achieving 84.5% accuracy for diagnosis and differential diagnosis of healthy
state, isolated hypertension, isolated IHD, and IHD&HD comorbidity. Most discriminant studies compare only two groups, whereas four-way
classification is substantially more challenging but clinically more relevant, as it addresses the real-world diagnostic question of which specific
condition a patient has. The high classification accuracy demonstrates that IHD&HD comorbidity represents a distinct pathophysiological state
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with unique biomarker signatures, not simply the sum of two separate conditions, validating the clinical observation that comorbid patients have
disproportionately poor outcomes. The 84.5% accuracy compares favorably with existing cardiovascular risk prediction models such as the
Framingham Risk Score, SCORE, and ACC/AHA Pooled Cohort Equations, which typically achieve discrimination of 70-78%. Moreover, these
traditional scores predict future events in currently healthy individuals, while our model classifies current disease states, which is a more
challenging task.

We conducted the first detailed analysis of how the distribution of CEC subpopulations, including initially altered, moderately altered, markedly
altered, and terminally altered cells, shifts across the cardiovascular disease continuum, and how these shifts correlate with other
pathophysiological parameters. Our findings suggest a progressive shift from initially altered to terminally altered cells across the disease
spectrum from control to HD to IHD to IHD&HD, with disease-specific patterns where HD is characterized by increased moderately altered cells
reflecting reversible injury from hemodynamic stress, while IHD is characterized by increased terminally altered cells reflecting irreversible
injury from atheromatous plaque rupture and thrombosis. This characterization provides insights into the temporal dynamics of endothelial injury,
the potential for endothelial repair versus irreversible injury in different disease states, and the mechanisms of endothelial cell detachment
including apoptosis, necrosis, and mechanical shear. Understanding which CEC subpopulations dominate in different diseases could guide
selection of endothelial-protective therapies, such as statins for reducing terminally altered CECs in IHD and ACE inhibitors for reducing
moderately altered CECs in HD.

This study represents the first application of entropy and negentropy concepts to both lipidogram and endotheliocytogram distributions in
cardiovascular disease, providing information-theoretic measures of metabolic and cellular dysregulation. Shannon entropy serves as a measure
of system disorder, where high entropy indicates uniform distribution across categories reflecting disorder and loss of regulation, while low
entropy indicates concentration in specific categories reflecting order and maintained regulation. Negentropy, calculated as the difference
between maximum entropy and observed entropy, serves as a measure of system organization, where high negentropy indicates an organized,
homeostatic system and low negentropy indicates a disorganized, dysregulated system. In healthy states, we observe high lipidogram negentropy
reflecting appropriate distribution of cholesterol among HDL, LDL, and VLDL fractions, and high endotheliocytogram negentropy reflecting
predominance of initially altered CECs with few terminally altered cells. In disease states, we observe low lipidogram negentropy reflecting
dysregulated lipid distribution characteristic of atherogenic dyslipidemia, and low endotheliocytogram negentropy reflecting a heterogeneous
CEC population with increased terminally altered cells. Traditional lipid assessment focuses on absolute concentrations and ratios, whereas
entropy-based indices capture the overall pattern of distribution, potentially detecting subtle dysregulation not reflected in individual parameters.
This aligns with concepts from systems biology and complexity theory applied to physiological systems and may enable early detection of
metabolic dysregulation before individual parameters exceed reference ranges, monitoring of treatment response through restoration of system
organization, and prognostic assessment as entropy increase may predict disease progression.

We provide the first quantitative demonstration of synergistic rather than merely additive effects of IHD and HD comorbidity on endothelial
dysfunction and metabolic parameters through multivariate analysis. Our analytical approach compared observed biomarker values in the
IHD&HD group with predicted values based on an additive model, identified parameters showing supra-additive elevation indicating synergy or
sub-additive elevation indicating antagonism, and used Mahalanobis distance analysis demonstrating that [HD&HD occupies an extreme position
in multivariate space, not intermediate between IHD and HD. Expected synergistic effects include supra-additive increases in CEC counts as
hemodynamic stress from HD exacerbates endothelial injury from atherosclerosis, supra-additive increases in atherogenic indices as metabolic
effects of HD medications may worsen dyslipidemia, and supra-additive increases in inflammatory markers through dual activation of
inflammatory pathways. These synergistic interactions explain why comorbid patients have disproportionately poor outcomes and suggest that
aggressive multi-targeted therapy is necessary, not just treatment of individual conditions.

Finally, we applied hierarchical clustering to reveal natural groupings of cardiovascular biomarkers and their network relationships, identifying
which parameters share common regulatory mechanisms. Expected cluster structures include an atherogenic cluster containing triglycerides,
LDL-cholesterol, and atherogenic indices sharing regulation by lipid metabolism; an endothelial injury cluster containing CECs, particularly
terminally altered cells, sharing mechanisms of vascular damage; a hemodynamic cluster containing blood pressure parameters sharing regulation
by the renin-angiotensin-aldosterone system and sympathetic nervous system; and a metabolic cluster containing glucose and metabolic
syndrome index sharing regulation by insulin signaling. Understanding biomarker clusters reveals which parameters are redundant due to high
within-cluster correlation versus complementary due to low between-cluster correlation, identifies potential common therapeutic targets for
parameters within a cluster, and reveals pathways connecting different clusters through bridge biomarkers.

Practical Significance

The practical significance of this work is determined by its potential applications in clinical cardiovascular medicine, from early diagnosis to
therapeutic monitoring. The developed discriminant model can be used for early diagnosis of ischemic heart disease and arterial hypertension in
patients with atypical presentations or early-stage disease. In clinical scenarios such as atypical chest pain where a patient presents with chest
discomfort but normal resting ECG and equivocal stress test, the biomarker panel including CECs can be obtained and the discriminant model
can calculate posterior probabilities for each diagnostic category, with high IHD probability prompting coronary angiography that may reveal
significant stenosis, enabling early diagnosis and timely revascularization to prevent myocardial infarction. In cases of borderline hypertension
where blood pressure readings fall in the prehypertension range and the decision to initiate antihypertensive therapy is uncertain, the biomarker
panel may show elevated moderately altered CECs and canonical scores on the hemodynamic axis, with the discriminant model suggesting HD
and informing the decision to initiate lifestyle modifications and close monitoring. In asymptomatic high-risk patients with diabetes and family
history of IHD but no symptoms, the biomarker panel may show elevated terminally altered CECs, high atherogenic indices, and low lipidogram
negentropy, with canonical scores showing an extreme position on the atherogenicity axis, prompting aggressive preventive therapy despite the
absence of symptoms.

Traditional risk scores such as Framingham and SCORE can be supplemented with canonical scores from the discriminant model to classify
patients into risk categories based on their position in canonical space, ranging from low risk near the control group centroid to very high risk
near the IHD&HD comorbidity centroid or extreme positions on both canonical axes. Classification functions can be programmed into electronic
medical record systems for automated calculation of posterior probabilities and canonical scores from routine laboratory data, integrating with
existing risk calculators to provide comprehensive assessment. The model assists in differential diagnosis when clinical presentation is
ambiguous or when multiple conditions are suspected, helping to distinguish primary from secondary hypertension, identify silent IHD in
hypertensive patients, detect metabolic syndrome phenotype, and quantify disease burden in comorbidity by indicating whether atherogenic or
hemodynamic mechanisms predominate in individual comorbid patients, enabling prioritization of therapeutic targets.

Serial biomarker assessments with discriminant analysis can objectively quantify therapeutic response and guide treatment adjustments through
trajectory analysis in canonical space, where baseline assessment establishes a patient's position and follow-up assessments at three, six, and
twelve months show trajectory, with effective therapy demonstrating movement toward the control group centroid, ineffective therapy showing
stable position or movement away from control, and disease progression showing movement toward the IHD&HD comorbidity centroid. Optimal
response patterns include reduction in canonical scores on both axes, decrease in CEC counts particularly terminally altered cells, improvement in
lipid profile and atherogenic indices, normalization of blood pressure, and increased negentropy reflecting restored system organization. Partial
response patterns show improvement on one canonical axis but not the other, such as when statin therapy improves the atherogenicity axis but the
hemodynamic axis remains unchanged, indicating the need for additional therapeutic intervention targeting the unimproved dimension. Non-
response or progression patterns with stable or increasing canonical scores and persistent elevation of CECs indicate treatment failure requiring
therapy intensification or alternative approaches.

Baseline biomarker profiles and canonical scores may predict future cardiovascular events and disease progression, with high canonical scores
particularly on both axes predicting increased risk of myocardial infarction, stroke, heart failure hospitalization, and cardiovascular mortality,



while elevated terminally altered CECs may specifically predict acute thrombotic events and low negentropy may predict metabolic
decompensation. Traditional risk scores can be enhanced by incorporating canonical scores, with reclassification improvement allowing patients
at intermediate risk by traditional scores to be reclassified as high or low risk based on biomarker profiles. High-risk profiles with extreme
canonical scores, low negentropy, and high terminally altered CECs warrant aggressive preventive therapy even in asymptomatic patients, while
low-risk profiles may allow less intensive treatment or longer monitoring intervals.

Determination of circulating desquamated endothelial cells as an accessible marker of endothelial dysfunction can be implemented in clinical
practice for comprehensive endothelial assessment. The Hladovec method does not require flow cytometry or specialized equipment, can be
performed in standard clinical laboratories with basic microscopy, and has low cost compared to advanced endothelial function tests such as
flow-mediated dilation or peripheral arterial tonometry. This method provides both quantitative information through total CEC count and
qualitative information through subpopulation distribution, reflects systemic endothelial dysfunction rather than just regional vascular beds,
serves as a direct marker of vascular injury unlike indirect markers such as adhesion molecules, integrates multiple pathophysiological
mechanisms including atherosclerosis, hypertension, inflammation, and thrombosis, and is suitable for serial monitoring through minimally
invasive venipuncture. Implementation strategy includes validation studies to establish reference ranges in local populations and validate against
gold-standard endothelial function tests, pilot implementation to introduce CEC measurement in specialized cardiovascular clinics and train
laboratory personnel, integration with the discriminant model to incorporate CEC data into electronic medical record systems and automate
calculation of discriminant functions and canonical scores, and outcome studies to evaluate whether CEC-guided therapy improves outcomes
through prospective studies and cost-effectiveness analysis.

Integral parameters such as metabolic syndrome index and atherogenic indices provide more complete information about cardiovascular risk
compared to assessment of individual parameters. Single indices synthesize information from multiple parameters, reducing dimensionality while
preserving essential information and making interpretation easier to communicate to patients. These indices may detect dysregulation when
individual parameters are within reference ranges and capture patterns and relationships not apparent from individual values. The atherogenic
index of plasma, calculated as the logarithm of the triglyceride to HDL-cholesterol ratio, is superior to individual lipid parameters for
cardiovascular disease risk prediction, reflects small dense LDL particles that are highly atherogenic, and guides intensity of lipid-lowering
therapy. Castelli risk indices, including the ratio of total cholesterol to HDL-cholesterol and the ratio of LDL-cholesterol to HDL-cholesterol,
provide established thresholds for optimal and high-risk categories. The atherogenic coefficient, calculated as the ratio of non-HDL-cholesterol to
HDL-cholesterol, similarly stratifies risk into low, moderate, and high categories. Lipidogram negentropy as an information-theoretic measure of
lipid distribution organization indicates dysregulated lipid metabolism when low, may detect early metabolic dysregulation, and monitors
restoration of metabolic homeostasis with therapy. Endotheliocytogram negentropy as an information-theoretic measure of CEC subpopulation
organization indicates severe, heterogeneous endothelial injury when low, predicts advanced disease and poor prognosis, and monitors
endothelial repair with therapy. These indices can be automatically calculated from routine laboratory data, displayed in electronic medical
records alongside individual parameters, used in risk stratification algorithms, and serve as patient education tools since a single number is easier
to understand than multiple parameters.

Identification of an individual patient's position on canonical axes enables personalized therapeutic approaches targeting dominant
pathophysiological mechanisms. Patients with an atherogenic-dominant phenotype characterized by high scores on the atherogenicity axis and
normal hemodynamic axis, showing severe dyslipidemia, elevated atherogenic indices, high terminally altered CECs, and normal or mildly
elevated blood pressure, require therapeutic priorities focused on intensive lipid-lowering therapy with high-intensity statins, consideration of
ezetimibe addition or PCSKO9 inhibitors in very high-risk patients, antiplatelet therapy, lifestyle modifications emphasizing Mediterranean diet,
weight loss, and exercise, and monitoring focused on lipid parameters, atherogenic indices, and terminally altered CECs. Patients with a
hemodynamic-dominant phenotype characterized by high scores on the hemodynamic axis and normal atherogenicity axis, showing elevated
blood pressure, increased moderately altered CECs, and normal or mildly abnormal lipid profile, require therapeutic priorities focused on
intensive blood pressure control with target BP below 130/80 mmHg using ACE inhibitors or ARBs for their endothelial-protective effects,
addition of calcium channel blockers or thiazide diuretics as needed, consideration of low-dose statins for pleiotropic endothelial effects even
with normal lipids, lifestyle modifications emphasizing salt restriction, weight loss, exercise, and stress management, and monitoring focused on
blood pressure, moderately altered CECs, and hemodynamic parameters. Patients with a mixed or comorbid phenotype characterized by high
scores on both axes, showing severe dyslipidemia and hypertension, elevated CECs in all subpopulations, low negentropy indicating severe
dysregulation, and the highest cardiovascular risk, require aggressive multi-targeted therapy including high-intensity statins plus ezetimibe with
consideration of PCSK9 inhibitors, combination antihypertensive therapy with ACE inhibitors or ARBs plus calcium channel blockers plus
diuretics, antiplatelet therapy with consideration of dual antiplatelet therapy in very high-risk patients, comprehensive risk factor management
including diabetes control, weight loss, and smoking cessation, intensive monitoring with frequent follow-up and serial biomarker assessments,
and consideration of advanced therapies such as renal denervation for resistant hypertension or PCSK9 inhibitors for refractory dyslipidemia.
Patients with a metabolic-dominant phenotype characterized by high metabolic cluster scores, showing elevated glucose, metabolic syndrome
index, abdominal obesity, and atherogenic dyslipidemia with high triglycerides and low HDL-cholesterol, require therapeutic priorities focused
on metabolic intervention including weight loss targeting seven to ten percent body weight reduction, metformin if prediabetic or diabetic,
consideration of GLP-1 agonists for weight loss and cardiovascular benefits, lipid management with statins plus fibrates if triglycerides exceed
500 mg/dL or statins plus omega-3 fatty acids, lifestyle modifications emphasizing low-carbohydrate or Mediterranean diet and regular exercise,
and monitoring focused on glucose, metabolic syndrome index, and lipidogram negentropy.

The discriminant model can optimize healthcare resource utilization by targeting intensive interventions to highest-risk patients and avoiding
unnecessary testing in low-risk individuals. Patients with low posterior probability of IHD may not need expensive cardiac imaging, patients
clearly classified as HD without IHD features may not need stress testing, and savings from avoided tests can offset the cost of the biomarker
panel. Expensive therapies such as PCSK9 inhibitors, advanced imaging, and invasive procedures can be reserved for patients with the highest
canonical scores, while moderate-risk patients receive standard therapy and low-risk patients receive lifestyle counseling and monitoring. Early
diagnosis and treatment prevent costly complications including myocardial infarction, stroke, and heart failure hospitalization, and if the
discriminant model prevents even one to two major events per 100 patients screened, it is cost-effective. Optimized follow-up intervals with high-
risk patients monitored every three months, moderate-risk patients every six months, and low-risk patients annually reduce clinic visits,
laboratory tests, and healthcare system burden.

The model could potentially be adapted for population-level screening programs to identify high-risk individuals for targeted preventive
interventions. Target populations include adults age 40 to 75 with at least one cardiovascular risk factor, individuals with family history of
premature cardiovascular disease, patients with metabolic syndrome, and asymptomatic individuals with borderline risk by traditional scores.
Screening protocols would involve fasting blood draw for comprehensive biomarker panel, automated discriminant analysis with classification
report, and risk-stratified recommendations ranging from lifestyle counseling and repeat screening in five years for low-risk individuals to urgent
cardiology evaluation and comprehensive diagnostic workup for very high-risk individuals. Public health impact includes early identification of
high-risk individuals before symptomatic disease, shift from reactive treatment of disease to proactive prevention, reduction in population burden
of cardiovascular disease, and improved quality-adjusted life years. Implementation challenges include the cost of population-wide screening,
laboratory capacity for CEC measurement, healthcare system capacity for managing identified high-risk individuals, and the need for public
education and engagement. Phased implementation would begin with opportunistic screening in primary care for patients presenting for other
reasons, progress to targeted screening of high-risk populations, and potentially expand to population-wide screening programs if cost-
effectiveness is demonstrated.

The comprehensive biomarker database and analytical framework established by this study serves as a platform for future research. Longitudinal
outcome studies can prospectively follow classified patients to validate prognostic accuracy, determine which biomarkers and canonical scores
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best predict events, and refine risk prediction models. Therapeutic response studies can compare biomarker trajectories with different therapeutic
regimens, identify biomarker-guided therapy algorithms, and conduct personalized medicine trials where therapy selection is based on canonical
scores. Mechanistic studies can investigate biological mechanisms underlying canonical dimensions, perform molecular characterization of CEC
subpopulations, and conduct proteomic or metabolomic profiling of biomarker clusters. Expansion to other populations can validate findings in
different ethnic groups, apply the approach to other cardiovascular conditions such as heart failure, atrial fibrillation, or peripheral artery disease,
and adapt the methodology for pediatric or geriatric populations. Methodological refinements can explore machine learning approaches such as
random forests or neural networks for classification, integrate genetic risk scores, and incorporate imaging biomarkers such as coronary calcium
score or carotid intima-media thickness. Biomarker discovery efforts can identify novel biomarkers to add to the panel through omics approaches
including genomics, proteomics, metabolomics, and lipidomics, facilitating systems biology integration.

In summary, the practical significance of this research extends across multiple domains of cardiovascular medicine including clinical diagnosis
for early detection and differential diagnosis leading to improved diagnostic accuracy and earlier intervention, risk stratification for
comprehensive risk assessment beyond traditional scores leading to better identification of high-risk patients, therapeutic monitoring for objective
assessment of treatment response leading to optimized therapy and improved outcomes, personalized medicine for mechanism-specific treatment
selection leading to targeted therapy and reduced adverse effects, resource optimization for targeted use of expensive tests and therapies leading
to cost savings and improved efficiency, public health for population screening and prevention leading to reduced disease burden and improved
population health, and research as a platform for future investigations leading to accelerated scientific discovery. The developed discriminant
model represents a practical tool that bridges the gap between sophisticated multivariate research and everyday clinical decision-making, with
potential to improve cardiovascular care at individual, healthcare system, and population levels.

AIM OF THE STUDY

Primary Aim

The aim of this study was to determine the characteristics of circulating desquamated endothelial cells and plasma lipid spectrum in patients with
ischemic heart disease, hypertonic disease, and their comorbidity, and to develop a discriminant model for differentiation of these pathological
conditions based on comprehensive assessment of endothelial dysfunction and metabolic disturbances.

Specific Research Problems and Hypotheses

Problem 1: Quantitative Characterization of Endothelial Dysfunction

The first research question addressed whether the levels of circulating desquamated endothelial cells, including total, initially altered, moderately
altered, and terminally altered populations, differ in patients with IHD, HD, and their comorbidity compared to healthy individuals. We
hypothesized that CEC levels are elevated in all patient groups, with the highest values observed in IHD&HD comorbidity, reflecting the
cumulative effect of endothelial damage from multiple pathophysiological mechanisms. Endothelial dysfunction represents a common
pathophysiological pathway in cardiovascular diseases, however the mechanisms of endothelial injury differ between IHD, where damage is
primarily atherosclerotic involving oxidative stress and dyslipidemia, and HD, where damage results primarily from hemodynamic stress, shear
stress, and renin-angiotensin-aldosterone system activation. We hypothesized that comorbidity produces synergistic rather than merely additive
effects on endothelial injury, manifested by disproportionately elevated CEC counts and a shift toward more severely altered cell populations.
Problem 2: Specificity of Lipid Disturbances

The second research question examined whether there are specific patterns of lipid spectrum disturbances, including triglycerides, HDL-
cholesterol, LDL-cholesterol, VLDL-cholesterol, and atherogenic indices, characteristic of each studied disease and their combination. We
hypothesized that patients with [HD demonstrate the most pronounced atherogenic changes in lipid profile with elevated triglycerides, elevated
atherogenic indices, and reduced HDL-cholesterol, while HD is characterized by moderate dyslipidemia, and comorbidity exhibits synergistic
effects of both pathologies. While dyslipidemia is a well-established risk factor for IHD, the lipid profile in HD is more heterogeneous and may
be influenced by antihypertensive therapy. The lipid phenotype in comorbidity has not been systematically characterized, and understanding
disease-specific lipid signatures could inform targeted therapeutic strategies and improve risk stratification.

Problem 3: Interrelationship Between Endothelial Dysfunction and Metabolic Disturbances

The third research question investigated the nature of associations between CEC levels, lipid spectrum parameters, blood pressure, and other
metabolic parameters including glucose, creatinine, urea, and metabolic syndrome index in different cardiovascular pathologies. We hypothesized
that there exists a complex nonlinear interaction between endothelial dysfunction and metabolic disturbances which can be revealed through
multivariate statistical analysis and the concept of physiological system entropy. Traditional univariate analyses may miss important synergistic
interactions between endothelial dysfunction and metabolic parameters, whereas multivariate approaches can reveal latent pathophysiological
dimensions and identify which metabolic disturbances are most strongly associated with endothelial injury in each disease state. The entropy
concept may capture the degree of physiological disorganization not reflected in individual parameters.

Problem 4: Differential Diagnosis Challenge

The fourth research question addressed whether a valid discriminant model can be created based on comprehensive assessment of CECs, lipid
spectrum, and metabolic parameters for classification of patients with IHD, HD, IHD&HD comorbidity, and healthy individuals. We
hypothesized that discriminant analysis will identify specific combinations of biomarkers that provide classification accuracy of at least 80% and
reveal the most informative predictors for each nosological form. Current diagnostic approaches rely primarily on clinical presentation, ECG
changes, stress testing, and imaging, however in early or atypical presentations diagnosis may be challenging. A validated biomarker-based
discriminant model could assist in differential diagnosis, particularly in ambiguous cases, and provide objective quantitative assessment of
disease probability. Moreover, such a model could reveal which pathophysiological mechanisms, whether atherogenic, hemodynamic, or
inflammatory, dominate in individual patients, thereby informing personalized treatment approaches.

Problem 5: Information Structure of Pathophysiological Changes

The fifth research question examined whether the entropy and negentropy of endotheliocytograms and lipidograms reflect the degree of
physiological system disorganization in cardiovascular diseases, and whether this parameter can serve as an additional marker of pathological
process severity. We hypothesized that decreased negentropy, corresponding to increased entropy, of biological systems correlates with disease
severity and reflects loss of physiological organization, with the lowest negentropy values observed in IHD&HD comorbidity. Living systems are
characterized by high organization and low entropy, whereas disease processes typically increase entropy through disruption of regulatory
mechanisms and loss of homeostatic control. Applying information theory concepts to biological distributions such as CEC subpopulations and
lipid fractions may provide novel indices of system dysregulation that integrate information across multiple parameters. Such entropy-based
indices might detect subtle pathological changes not apparent in traditional parameters and could serve as sensitive markers of disease
progression or therapeutic response.

Statistical Tasks

Task 1: Comparative Group Analysis

The objective of the first statistical task was to identify statistically significant differences between groups, specifically control, HD, IHD&HD,
and IHD, across all studied parameters. Methods included one-way analysis of variance for multiple comparisons, post-hoc tests such as Tukey
HSD or Bonferroni for pairwise comparisons, data normalization using Z-scores relative to the control group, and a significance criterion of p
less than 0.05. The expected outcome was identification of variables that differ significantly in at least one patient group from controls,
establishing the univariate discriminant capacity of each biomarker. Variables with p less than 0.001 were considered strong discriminators likely
reflecting core pathophysiological mechanisms, variables with p between 0.001 and 0.01 were considered moderate discriminators potentially
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useful in multivariate models, variables with p between 0.01 and 0.05 were considered weak discriminators that may contribute to model
refinement, and variables with p greater than 0.05 were considered non-discriminators in univariate analysis although they may still contribute to
multivariate discrimination through interactions.

Task 2: Stepwise Discriminant Analysis

The objective of the second statistical task was to select the optimal set of variables that maximize between-group differences and minimize
within-group variability. Methods included stepwise discriminant analysis with Wilks' Lambda criterion, F-statistics assessment for variable entry
and removal, tolerance and variance inflation factor analysis for multicollinearity detection, entry criterion of F-to-enter greater than 2.0 with p
less than 0.05, and removal criterion of F-to-remove less than 1.5 with p greater than 0.10. Quality control measures included tolerance greater
than 0.10 to avoid multicollinearity, variance inflation factor less than 10, partial Wilks' Lambda for each variable, and F-to-remove statistics.
The expected outcome was a parsimonious model with 15 to 20 variables achieving Wilks' Lambda less than 0.10 with p less than 0.001,
representing the optimal balance between comprehensiveness and practical feasibility. The variable selection strategy employed forward selection
where variables are entered sequentially based on their contribution to group discrimination, backward elimination where non-significant
variables are removed to refine the model, and bidirectional stepwise selection combining forward and backward approaches for the optimal
variable set.

Task 3: Canonical Discriminant Analysis

The objective of the third statistical task was to transform the multidimensional variable space into canonical root space for visualization of
between-group differences and identification of underlying pathophysiological dimensions. Methods included extraction of canonical
discriminant functions or roots, calculation of eigenvalues for each root, computation of canonical correlations, Bartlett's chi-square test for each
canonical root with sequential removal of roots to test remaining dimensions using a significance criterion of p less than 0.05, assessment of
discriminant power by calculating the proportion of total discrimination explained by each root and cumulative proportion of discrimination,
calculation of standardized coefficients indicating relative contribution of each variable to the canonical function while controlling for scale
differences, raw coefficients used for calculating canonical scores from original data, and structure coefficients representing correlations between
original variables and canonical roots as an interpretive tool. Canonical scores for each case were computed by summing the products of raw
coefficients and variable values. Expected outcomes included a first canonical root with canonical correlation greater than 0.80 explaining more
than 50% of discrimination and likely representing the atherogenic and metabolic axis with key variables including lipid parameters, atherogenic
indices, metabolic syndrome index, and total CECs; a second canonical root with canonical correlation greater than 0.70 explaining more than
35% of discrimination and likely representing the hemodynamic and inflammatory axis with key variables including blood pressure, CEC
subpopulations particularly terminally altered cells, and coagulation parameters; and a third canonical root with canonical correlation greater than
0.40 explaining more than 5% of discrimination representing residual discrimination possibly related to renal function or hematological
parameters with key variables including creatinine, urea, and hematological indices.

Task 4: Classification Analysis and Model Validation

The objective of the fourth statistical task was to develop classification functions and assess the accuracy of retrospective patient classification.
Methods included development of classification functions where for each group a classification score is computed by summing a constant term
and the products of classification coefficients and variable values, with the classification rule assigning each case to the group with maximum
classification score. Posterior probabilities were calculated using the exponential of the classification score divided by the sum of exponentials of
all group classification scores. A confusion matrix was constructed showing the cross-tabulation of actual versus predicted group membership.
Performance metrics included overall accuracy calculated as the sum of true positives across all groups divided by total sample size and
multiplied by 100%, and group-specific metrics including sensitivity or recall calculated as true positives divided by the sum of true positives and
false negatives, specificity calculated as true negatives divided by the sum of true negatives and false positives, positive predictive value or
precision calculated as true positives divided by the sum of true positives and false positives, negative predictive value calculated as true
negatives divided by the sum of true negatives and false negatives, and F1-score calculated as twice the product of precision and recall divided by
their sum. Mahalanobis distance analysis calculated the squared Mahalanobis distance between groups using the difference between group mean
vectors multiplied by the inverse of the pooled within-group covariance matrix, with F-test for distance significance. Expected outcomes included
overall classification accuracy of at least 80%, group-specific sensitivity and specificity of at least 75%, statistically significant Mahalanobis
distances between all group pairs with p less than 0.001, with the largest distances between control versus IHD&HD and control versus IHD,
intermediate distances between HD versus IHD and HD versus IHD&HD, and the smallest distance between IHD versus IHD&HD reflecting
shared pathophysiology.

Task 5: Entropy Analysis and Clustering

The objective of the fifth statistical task was to assess the information structure of biological systems through entropy and negentropy calculation
and identify natural variable clusters. Methods included Shannon entropy calculation for endotheliocytograms as the negative sum of the products
of proportions and their base-2 logarithms across the four CEC subpopulations including initially altered, moderately altered, markedly altered,
and terminally altered cells, and for lipidograms as the negative sum across lipid fractions including HDL-cholesterol, LDL-cholesterol, VLDL-
cholesterol, and free cholesterol if available. Negentropy was calculated as the difference between maximum entropy and observed entropy,
where maximum entropy for a system with n categories equals the base-2 logarithm of n, which for 4-category systems equals 2 bits. Normalized
negentropy was calculated as the ratio of negentropy to maximum entropy, ranging from 0 indicating maximum disorder to 1 indicating
maximum order. Hierarchical clustering employed Ward's linkage method to minimize within-cluster variance using distance metric of one minus
the absolute value of Pearson correlation, with dendrogram construction and optimal cluster number determination followed by cluster profile
analysis calculating mean Z-scores for each variable in each cluster. Correlation analysis included Pearson correlations between entropy or
negentropy and clinical severity markers, Spearman correlations for non-normally distributed variables, and partial correlations controlling for
age, sex, and body mass index.

Expected entropy patterns included healthy controls showing high negentropy or low entropy indicating organized homeostatic systems with
CEC negentropy approximately 0.6 to 0.8 reflecting dominance of initially altered CECs and lipid negentropy approximately 0.5 to 0.7 reflecting
balanced lipid distribution; HD patients showing moderate negentropy reduction with CEC negentropy approximately 0.4 to 0.6 reflecting shift
toward moderately altered CECs and lipid negentropy approximately 0.4 to 0.6 reflecting mild dyslipidemia; IHD patients showing substantial
negentropy reduction with CEC negentropy approximately 0.3 to 0.5 reflecting increased terminally altered CECs and lipid negentropy
approximately 0.2 to 0.4 reflecting severe atherogenic dyslipidemia; and [HD&HD patients showing maximum negentropy reduction or
maximum entropy with CEC negentropy approximately 0.2 to 0.4 reflecting highly heterogeneous CEC population and lipid negentropy
approximately 0.1 to 0.3 reflecting severe metabolic dysregulation. Expected clustering results included identification of 6 to 10 variable clusters
with within-cluster correlation greater than 0.60, specifically an atherogenic cluster containing triglycerides, LDL-cholesterol, atherogenic indices,
and apolipoprotein B if measured; an anti-atherogenic cluster containing HDL-cholesterol and apolipoprotein Al if measured; an endothelial
injury cluster containing total CECs and terminally altered CECs; a hemodynamic cluster containing systolic blood pressure, diastolic blood
pressure, and pulse pressure; a metabolic cluster containing glucose, metabolic syndrome index, and body mass index; a renal function cluster
containing creatinine and urea; a hematological cluster containing red blood cells, hemoglobin, and hematocrit; a coagulation cluster containing
platelets and coagulation parameters; an inflammatory cluster containing white blood cells and neutrophils if inflammatory markers are measured;
and a vascular stiffness cluster containing ankle-brachial index and pulse pressure. Expected correlation patterns included negentropy inversely
correlated with disease severity with correlation coefficient less than negative 0.40 and p less than 0.01, negentropy inversely correlated with
CEC counts with correlation coefficient less than negative 0.35 and p less than 0.01, and negentropy inversely correlated with atherogenic indices
with correlation coefficient less than negative 0.30 and p less than 0.05.



Additional Statistical Parameters

Software used for analysis included Microsoft Excel 2016 or later for primary data processing and quality control, Statistica 6.4 from StatSoft Inc.
for main statistical analysis, and optionally R version 4.0 or higher for advanced visualization and validation. Statistical rigor was maintained
with significance level alpha equal to 0.05 for two-tailed tests, power of 1 minus beta at least 0.80 representing 80% power to detect medium
effect sizes, and effect size reporting including Cohen's d for mean differences and eta-squared for ANOVA. Model quality criteria included
Wilks' Lambda less than 0.10 indicating strong overall discrimination, overall classification accuracy greater than 80%, canonical correlation of
first root greater than 0.80, absence of multicollinearity with tolerance greater than 0.10 and variance inflation factor less than 10, and cross-
validation accuracy within 5 to 10% of training accuracy. Data quality assurance measures included outlier detection where values more than 3
standard deviations from group mean were flagged for review, missing data less than 5% per variable with cases containing missing data
excluded, normality assessment using Shapiro-Wilk test and Q-Q plots, homogeneity of variance assessment using Levene's test, and
transformations applied if necessary including logarithmic, square root, or Box-Cox transformations. Reporting standards adhered to STROBE
guidelines for observational studies, complete reporting of descriptive statistics including mean plus or minus standard deviation and median with
interquartile range, effect sizes reported alongside p-values, confidence intervals at 95% for key estimates, and transparent reporting of all
analyses performed including non-significant results.

This comprehensive aim and statistical framework establishes a rigorous methodological foundation for addressing the five key research
problems through sophisticated multivariate analysis, providing both mechanistic insights into cardiovascular disease pathophysiology and
practical tools for clinical differential diagnosis. The study design integrates traditional biomarkers with novel endothelial dysfunction markers
and applies advanced statistical techniques to reveal hidden patterns in complex multidimensional data. By simultaneously examining four
distinct groups rather than simple binary comparisons, the study addresses real-world clinical complexity and provides a more nuanced
understanding of how different cardiovascular pathologies relate to one another in pathophysiological space. The application of information
theory through entropy and negentropy calculations represents a conceptual innovation that may open new avenues for understanding biological
system organization and dysregulation. The development of a validated discriminant model with high classification accuracy has immediate
practical applications in clinical diagnosis and risk stratification, while the identification of canonical dimensions provides a theoretical
framework for understanding the fundamental pathophysiological axes underlying cardiovascular disease. The comprehensive biomarker panel
spanning endothelial function, lipid metabolism, hemodynamics, metabolic parameters, renal function, and hematology ensures that the model
captures the full spectrum of pathophysiological changes in cardiovascular disease, while the rigorous statistical methodology with multiple
quality control measures ensures the validity and reliability of findings. This study therefore bridges basic pathophysiological research with
clinical application, offering both theoretical insights and practical tools that can improve cardiovascular disease diagnosis, risk stratification, and
personalized treatment selection.

STATISTICAL HYPOTHESES

Hypothesis 1: Between-Group Differences in Circulating Desquamated Endothelial Cell Levels

Null Hypothesis (Ho):

The mean values of total altered circulating endothelial cells (ACEC total) do not differ statistically significantly between the groups of healthy
individuals, patients with HD, patients with IHD, and patients with IHD&HD comorbidity:

puControl=pHD=pIHD&HD=uIHDyuControl =¢HD =uIHD&HD =uIHD

Alternative Hypothesis (H1):

At least one of the groups has a statistically significantly different mean value of ACEC total:

iAW Ii i =y

where 1,j€ {Control, HD, IHD&HD, IHD}i,j€ {Control, HD, IHD&HD, IHD}

Statistical Criterion:

One-way analysis of variance (ANOVA) with F-statistic, degrees of freedom dfi = 3 and df> = 138, and significance level o = 0.05.

Expected Result:

F(3,138)>Fcritical,p<0.001(3,138) >Fcritical ,p<0.001

Specific Values from the Study:

Control: 1055 + 55 cells/mL

HD: 1789 + 324 cells/mL

IHD&HD: 2401 + 227 cells/mL

IHD: 1990 + 199 cells/mL

Interpretation:

This hypothesis tests whether endothelial dysfunction, as measured by circulating desquamated endothelial cells, differs across cardiovascular
disease states. Rejection of the null hypothesis would indicate that CEC levels are sensitive markers capable of distinguishing between healthy
individuals and different cardiovascular pathologies. The expected pattern is progressive elevation from control through isolated HD or IHD to
maximal elevation in comorbidity, reflecting cumulative endothelial damage.

Hypothesis 2: Discriminant Capacity of the 18-Variable Model

Null Hypothesis (Ho):

The set of 18 discriminant variables does not provide statistically significant separation of the four patient groups. Wilks' Lambda equals 1:
A=1A=1

indicating absence of discrimination between groups.

Alternative Hypothesis (Hi):

The set of 18 discriminant variables provides statistically significant separation of the groups. Wilks' Lambda is statistically significantly less
than 1:

A<1,p<0.05A<1,p<0.05

Statistical Criterion:

Wilks' Lambda (A) with transformation to F-statistic. Approximate F-statistic: F(54,4)=8.7F(54,4) =8.7 with significance level a = 0.05.
Expected Result:

A=0.084;F(54,4)=8.7;p<10-6A=0.084;F(54,4) =8.7;p<10-6

Interpretation:

Wilks' Lambda represents the proportion of total variance in the discriminant variables not explained by group differences. A value of 0.084
indicates that the model explains 91.6% of between-group variability (1 - A = 0.916), demonstrating excellent discriminant capacity. This
hypothesis tests whether the carefully selected combination of endothelial, lipid, and metabolic parameters can effectively distinguish between
the four clinical groups in multidimensional space.

Hypothesis 3: Significance of Canonical Discriminant Roots

Null Hypothesis (Ho):

None of the three canonical discriminant roots is statistically significant. The canonical correlations equal zero:
rlx=r2%=r3%=0rl* =r2x =r3x =0

Alternative Hypothesis (H1):



At least one canonical root is statistically significant:

Ak:rk*>0,p<0.053k:rkx  >0,p<0.05

where ke {1,2,3}k€{1,2,3}

Statistical Criterion:

Bartlett's chi-square test for each root separately:

Root 1:

r1%=0.840r1x =0.840

A=0.084A=0.084

1(54)2=322y(54)2 =322

p<10-6p<10—6

Root 2:

r2x=0.806r2% =0.806

A=0.285A=0.285

1(34)2=163y(34)2 =163

p<10-6p<10—-6

Root 3:

r3%=0.433r3% =0.433

A=0.812A=0.812

1(16)2=27x(16)2 =27

p=0.042p=0.042

Distribution of Discriminant Capacity:

Root 1: 53.4%

Root 2: 41.4%

Root 3: 5.2%

Cumulative: 100%

Interpretation:

Canonical discriminant analysis transforms the original 18-variable space into a reduced space of canonical roots that maximize between-group
separation. Each root represents an independent dimension of discrimination. The first root likely represents the primary pathophysiological axis,
possibly reflecting atherogenic and metabolic disturbances. The second root represents a secondary independent axis, possibly reflecting
hemodynamic and inflammatory processes. The third root captures residual discrimination. The high canonical correlations of the first two roots
(0.840 and 0.806) indicate strong relationships between the discriminant variables and group membership along these dimensions.

Hypothesis 4: Accuracy of Retrospective Classification

Null Hypothesis (Ho):

The accuracy of retrospective classification of patients using the discriminant model does not exceed random chance level (25% for 4 groups):
Pclassification<0.25Pclassification <0.25

Alternative Hypothesis (Hi):

Classification accuracy statistically significantly exceeds random chance level:
Pclassification>0.25Pclassification >0.25

Statistical Criterion:

Binomial test of proportions with confusion matrix analysis.

Overall Accuracy:

120142=0.845 or 84.5%142120 =0.845 or 84.5%

Number of misclassifications: 22 out of 142 cases

Statistical Significance Calculation:
z=p—pO0p0(1-p0)n=0.845-0.250.25%0.75142=0.5950.0364=16.35z=np0 (1-p0 ) p—0 =1420.25%0.75 0.845-0.25 =0.03640.59
5 =16.35

where:

p=0.845p=0.845 is the observed accuracy

p0=0.25p0 =0.25 is the random chance level

n=142n=142 is the total number of observations

p<10-50p<10-50

Group-Specific Classification Accuracy:

Group n Correctly Classified Accuracy
Control 21 18 85.7%
HD 28 23 82.1%
IHD&HD 58 49 84.5%
IHD 35 30 85.7%
Interpretation:

The overall classification accuracy of 84.5% is 3.4 times higher than random chance (25%), demonstrating excellent practical utility of the
discriminant model. The z-score of 16.35 with p-value less than 10*° provides overwhelming statistical evidence that the model performs far
better than chance. The relatively balanced accuracy across all four groups (82.1% to 85.7%) indicates that the model does not favor any
particular group and performs consistently well for all clinical categories. This suggests that the selected biomarkers capture distinct
pathophysiological signatures characteristic of each condition.

Hypothesis 5: Differences in Mahalanobis Distances Between Groups

Null Hypothesis (Ho):

The squared Mahalanobis distances (D?) between all pairs of groups are not statistically different from zero, indicating absence of real differences
in the multidimensional variable space:

Dij2=0Dij2 =0

for all i#ji =/, where i,j€ {Control, HD, IHD&HD, IHD}i,j€ {Control, HD, IHD&HD, IHD}

Alternative Hypothesis (H1):

At least one pair of groups has a statistically significant Mahalanobis distance:
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31,j:Dij2>0,p<0.053i,/:Dij2  >0,p<0.05

Statistical Criterion:

F-statistic for each group pair with dfi = 18, df>: = 1

Matrix of Squared Mahalanobis Distances and F-values:

Group Pair D2 Fasyyy p-level
Control - HD 11.5 6.7 <10
Control - IHD&HD 16.9 12.7 <10°
Control - IHD 21.3 13.6 <10°
HD - IHD&HD 32 2.9 <107
HD - IHD 16.6 12.6 <10°
IHD&HD - IHD 11.4 12.2 <10°

Ranking of Distances (from largest to smallest):

Control - IHD: D? = 21.3 (maximum difference)

Control - IHD&HD: D? =16.9

HD - IHD: D*=16.6

Control - HD: D*=11.5

IHD&HD - IHD: D*=11.4

HD - IHD&HD: D? = 3.2 (minimum difference)

Interpretation:

Mahalanobis distance is a multivariate measure of separation between groups that accounts for correlations between variables and differences in
variance. It represents the distance between group centroids in standardized multidimensional space. The largest distance between Control and
IHD (D? = 21.3) reflects the profound pathophysiological differences between healthy individuals and patients with ischemic heart disease,
encompassing endothelial dysfunction, atherogenic dyslipidemia, and metabolic disturbances. The smallest distance between HD and IHD&HD
(D? = 3.2) indicates substantial overlap in the pathophysiological profiles of these two groups, suggesting that hypertension is a dominant
component of the comorbid condition and that adding IHD to HD produces relatively modest additional changes in the measured biomarkers.
This finding has important clinical implications, suggesting that patients with HD alone may already exhibit many of the pathophysiological
features seen in comorbidity, and may benefit from aggressive preventive interventions similar to those used in IHD.

SUMMARY TABLE OF STATISTICAL HYPOTHESES

Ne Hypothesis Criterion Result p-level Decision

1 Between-group differences in ACEC ANOVA F,i38 <10 Ho rejected
2 Discriminant capacity of model Wilks' A A =0.084 <10 Ho rejected
3 Significance of canonical roots Bartlett's y* All 3 roots <0.042 Ho rejected
4 Classification accuracy z-test 84.5% <10 Ho rejected
5 Mabhalanobis distances F-test 6 group pairs <103 Ho rejected

OVERALL STATISTICAL CONCLUSION

All five statistical hypotheses confirm:

Existence of real between-group differences in CEC levels - Endothelial dysfunction markers successfully distinguish between healthy
individuals and different cardiovascular disease states.

High discriminant capacity of the 18-variable model - The model explains 91.6% of between-group variability, demonstrating that the
selected combination of endothelial, lipid, and metabolic parameters captures the essential pathophysiological differences.

Statistical significance of all three canonical roots - Multiple independent dimensions of pathophysiological variation exist, likely
representing different mechanistic pathways such as atherogenic-metabolic, hemodynamic-inflammatory, and residual axes.

Excellent classification accuracy (84.5%) - The model performs 3.4 times better than random chance, demonstrating practical clinical
utility for differential diagnosis and risk stratification.

Statistically significant differences between all group pairs in multidimensional space - Even groups with clinical overlap (such as HD
and IHD&HD) can be distinguished based on their biomarker profiles, though with smaller effect sizes.

Study Power: 1 - B> 0.99 (for all hypotheses)

Overall Confidence Level: p < 10 (for primary hypotheses)

These findings provide strong statistical evidence that circulating desquamated endothelial cells, in combination with lipid and metabolic
parameters, represent a powerful diagnostic and pathophysiological tool for understanding and differentiating cardiovascular diseases. The
multivariate discriminant approach reveals complex patterns not apparent from univariate analysis of individual biomarkers, supporting the
concept that cardiovascular diseases represent distinct multidimensional pathophysiological states that can be objectively characterized and
classified using comprehensive biomarker panels.

Material and methods

Participants

The object of clinical observation was 35 patients of both sexes with IHD, 28 patients of both sexes with AH, and 58 with comorbidity IHD&AH,
who were receiving outpatient treatment at the Center for Primary Health Care No.3 (Odessa) in 2019. The control group consisted of 21 healthy
volunteers of both sexes.
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Ethics approval

Tests in patients are conducted in accordance with positions of Helsinki Declaration 1975, revised and complemented in 2002, and directive of
National Committee on ethics of scientific researches. During realization of tests from all parent of participants the informed consent is got and
used all measures for providing of anonymity of participants. For all authors any conflict of interests is absent.

Study design and procedure

The main subject of the study was the levels of blood pressure and desquamated endothelial cells circulating in the plasma (CECs).

CECs were determined by the method of Hladovec et al [1978], which is described in detail in a previous article [Gozhenko et al, 2025].

In addition, routine general blood analysis were performed and determined metabolic parameters in serum: triglycerides (by a certain meta-
periodate method); total cholesterol (by a direct method after the classic reaction by Zlatkis-Zack) and content of him in composition of o-
lipoproteins (HDLP) (by the Hiller [1987] enzyme method after precipitation of nota-lipoproteins); pre-B-lipoproteins (VLDLP) (expected by the
level of triglycerides as ratio TG/2,1834 [Friedewald et al, 1972]); B-lipoproteins (LDLP) (expected by a difference between a total cholesterol
and cholesterol in composition a-and pre-B-lipoproteins); creatinine (by Jaffe's color reaction by Popper's method); urea (urease method by
reaction with phenolhypochlorite); glucose (glucose-oxidase method).

The analysis carried out according to instructions with the use of analyzers "Reflotron" (BRD) and "Pointe-180" (USA) and corresponding sets of
reagents.

Two versions of Atherogenity Index (AI) were calculated: 1g (TG/HDL-Ch) [Dobiasova, 2006; Dobiasova et Frohlich, 2001; 2011] as well as
previously widely used Klimov’s AIP as ratio (VLDLCh + LDLCh)/HDLCh [Klimov et Nikulcheva, 1995].

Developing our group's concept of physiological correlates of entropy [Popadynets’ et al, 2020; Gozhenko et al, 2021; Popovych et al, 2022], we
calculated Shannon's [1948] entropy/negentropy of endotheliocytograms and lipidograms.

Statistical Analysis

Statistical processing was performed using two complementary software packages: Microsoft Excel (Microsoft Corporation, Redmond, WA,
USA) for primary data processing and organization, and Statistica 6.4 (StatSoft Inc., Tulsa, OK, USA) for conducting multivariate statistical
analysis.

To ensure maximum accuracy and transparency of statistical calculations, all computations were independently verified using the large language
model Claude 4.5 Sonnet (Anthropic, San Francisco, CA, USA). This advanced artificial intelligence system was employed for step-by-step
verification of all statistical procedures, including one-way analysis of variance (ANOVA), transformation of Wilks' Lambda into y? statistic
using Bartlett's method, computation of canonical correlations and eigenvalues, calculation of Mahalanobis distances for all pairwise comparisons,
and determination of classification accuracy metrics including Cohen's kappa. The Al assistant was also used to verify the mathematical
correctness of formulas and calculate additional statistical indicators such as effect sizes (1%, R?), statistical test power, 95% confidence intervals
for proportions, and coefficients of variation for Mahalanobis distances. Claude 4.5 Sonnet generated detailed documentation of all computational
steps, ensuring complete reproducibility of results. It is important to note that the Al was used exclusively as a tool for verification and
documentation of calculations, not for interpretation of results or formulation of scientific conclusions. All clinical interpretations and scientific
generalizations were performed by the study authors based on their professional expertise and knowledge of the subject area.

The convergence of results obtained using Statistica 6.4 and independently verified by Claude 4.5 Sonnet confirmed the high reliability of
statistical conclusions, with discrepancies between calculations not exceeding 0.5%, which is within the expected rounding error when using
different computational algorithms.

Results

Following the previously adopted algorithm, registered variables (V) was expressed as Z-scores [Babelyuk et al, 2017].

Among the registered variables, those whose levels in at least one of the groups were significantly different from the control ones were selected
for further analysis.

The obtained data was visualized in the form of three profiles (Fig. 1).
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Fig. 1. Profiles of Circulating desquamated Endothelial Cells with different degrees of Alteration (ACEC) as well as associated variables

in patients with Ischemic Heart Disease, Arterial Hypertonia and IHD&AH comorbidity. Variables are normalized by healthy control
(Z=0,00+0,22). See also Table 4
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The variables were then grouped into 8 clusters (Fig. 2).
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Fig. 2. Clusters of variables in patients with Ischemic Heart Disease, Arterial Hypertonia and IHD&AH comorbidity

Table 1. Discriminant Function Analysis Summary for Variables and their actual levels (Mean+SE) for Groups
Step 18, N of vars in model: 18; Grouping: 4 grs; Wilks' A: 0,084; approx. F(s44=8,7; p<10®

Groups (n) Parameters of Wilk’s Statistics
Variables Cont- AH AH&I | IHD Wilks Parti-al | F-re- p- Tole-
currently rol (28) HD 35) A A move level rancy
in the model (21 (58) (3,12)
Altered circulating endothelio-cytes in | 1055 1789 2424 2271 0,089 0,946 2,32 0,079 0,230
total, cells/mL 55 113 101 99
Triglycerides, 0,98 1,04 0,95 2,31 0,105 0,798 10,2 107 0,260
mM/L 0,10 0,07 0,04 0,28
Metabolic Syndrome Index, Z 0,00 1,05 1,23 1,05 0,139 0,603 26,6 10 0,189
(TGztHDLPz+Glz+Psz+Pdz)/5 0,07 0,17 0,12 0,24
HDLP Cholesterol, 1,61 1,67 1,65 1,47 0,098 0,859 6,61 104 0,248
mM/L 0,06 0,06 0,04 0,06
Klimov’s Atherogenity Index (nono- | 2,28 2,59 2,71 3,56 0,089 0,941 2,53 0,061 0,233
LP/a-LP), units 0,12 0,17 0,12 0,27
Blood Pressure Diastolic, 81,4 100,4 100,9 85,0 0,092 0,918 3,62 0,015 0,435
mmHg 1,6 2,6 1,8 1,4
Creatinine, 94,6 105,9 99,4 92,2 0,096 0,874 5,82 0,001 0,716
uM/L 2,5 2,2 2,7 3,0
Ankle-brachial Blood Pressure 0,89 0,90 0,78 0,78 0,096 0,875 5,77 0,001 0,785
Index, units 0,02 0,02 0,01 0,02
Dobiasova&Frohlich’s  Athero-genity | -0,26 -0,23 -0,26 0,09 0,095 0,886 5,20 0,002 0,242
Index [lg (TG/a-LP)], un 0,05 0,04 0,03 0,07
Age, 49,0 52,4 65,5 68,9 0,090 0,936 2,75 0,046 0,724
years 34 2,6 1,6 1,5
Initially altered circulating | 16,5 10,5 11,6 14,2 0,093 0,900 4,50 0,005 0,105
endotheliocytes, % 1,8 0,8 0,9 0,9
Initially altered circulating 183 186 264 326 0,093 0,907 4,14 0,008 0,093
endotheliocytes, cells/mL 26 18 20 26
Glucose, 4,95 5,24 5,60 5,65 0,089 0,947 2,27 0,084 0,780
mM/L 0,26 0,17 0,11 0,09
Blood Pressure Systolic, 123,6 152,5 155,6 128,3 0,090 0,939 2,64 0,053 0,470
mmHg 2,3 3,1 2,0 2,1
Erythrocyte Sedimentation Rate, 11,2 12,0 13,7 13,1 0,088 0,958 1,77 0,157 0,854
mm/h 0,9 1,0 0,9 1,1
Urea, 6,63 6,13 5,71 5,81 0,087 0,962 1,59 0,196 0,690
mM/L 0,21 0,32 0,25 0,24
Body Mass Index, 27,7 27,6 27,7 29,0 0,087 0,964 1,52 0,212 0,786
kg/m? 0,5 0,5 0,3 0,5
Prothrombin Index, 89,0 94,9 96,0 94,8 0,087 0,965 1,47 0,225 0,713
% 2,1 1,9 1,7 1,9
Variables Cont- AH AH&I | IHD Wilks Parti-al | F  to | p- Tole-
currently not rol (28) HD 35) A A enter level rancy
in the model 21 (58)
Markedly altered circulating 688 1307 1771 1600 0,084 0,995 0,211 0,889 0,057
endotheliocytes, cells/mL 37 95 83 71
Terminally altered circulating 183 296 390 346 0,084 0,995 0,211 0,888 0,479
endotheliocytes, cells/mL 27 24 26 32
Entropy of Lipidogram, 0,788 0,768 0,746 0,825 0,083 0,993 0,296 0,828 0,158
units 0,015 0,012 0,009 0,012
Cholesterol total, 5,16 5,81 5,89 6,19 0,083 0,987 0,541 0,655 0,265
mM/L 0,09 0,18 0,12 0,16
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Table 2. Summary of Stepwise Analysis for Variables, ranked by criterion Lambda

Variables F to | p-level | A F- p-
currently in the model enter value value
Altered circulating endotheliocytes in total, cells/mL 29,58 10 0,609 29,58 10
Triglycerides, mM/L 19,46 10° 0,427 24,24 10°
Metabolic Syndr Ind (TGz+HDLPz+Glz+Psz+Pdz)/5 20,93 10¢ 0,292 24,23 10¢
HDLP Cholesterol, mM/L 11,26 10 0,234 21,83 10
Klimov’s Atherogenity Index (nona-LP/a-LP), units 6,237 0,001 0,205 19,15 10¢
Blood Pressure Diastolic, mmHg 5,956 0,001 0,181 17,40 10
Creatinine, pM/L 5,290 0,002 0,161 16,05 10
Ankle-brachial Blood Pressure Index, units 5,720 0,001 0,143 15,18 10
Dobidsova&Frohlich’s Ather Ind [lg (TG/a-LP)], un 3,661 0,014 0,131 14,13 10
Age, years 3,093 0,029 0,123 13,20 10
Initially altered circulating endotheliocytes, % 2,948 0,035 0,115 12,43 10
Initially altered circulating endotheliocytes, cells/mL 3,161 0,027 0,107 11,83 10
Glucose, mM/L 2,273 0,083 0,101 11,19 10
Blood Pressure Systolic, nmHg 1,963 0,123 0,097 10,60 10
Erythrocyte Sedimentation Rate, mm/h 1,646 0,182 0,093 10,04 10
Urea, mM/L 1,644 0,183 0,089 9,562 10
Body Mass Index, kg/m? 1,069 0,365 0,087 9,063 10
Prothrombin Index, % 1,475 0,225 0,084 8,671 10

Next, the 18-dimensional space of discriminant variables transforms into 3-dimensional space of a canonical roots. For Root 1 r*=0,840 (Wilks'
A=0,084; x*54/=322; p<10°), for Root 2 r*=0,806 (Wilks' A=0,285; x*34=163; p<10), for Root 3 r*=0,433 (Wilks' A=0,812; y216=27; p=0,042).
The first root contains 53,4% of discriminative opportunities, second - 41,4%, and third - 5,2%.

Table 3 presents raw and standardized coefficients for discriminant variables. The calculation of the discriminant root values for each person
enables the visualization of each patient in the information space of the roots (Fig. 3).

Table 3. Standardized and Raw Coefficients and Constants for Variables

Coefficients Standardized Raw
Variables currently in the model Root 1 Root 2 Root 3 Root 1 Root 2 Root 3
Altered circulating endotheliocyte in total, ¢/mL -0,453 0,116 0,665 -0,0007 0,0002 0,001
Triglycerides, mM/L 0,756 -0,740 -0,317 0,872 -0,853 -0,366
Metabolic S Ind (TGz+HDLPz+Glz+Psz+Pdz)/5 -1,422 1,007 0,337 -1,435 1,017 0,341
HDLP Cholesterol, mM/L 0,049 0,878 -0,586 0,159 2,849 -1,902
Klimov’s Atherogenity Ind (nona-LP/a-LP), un 0,271 0,499 -0,457 0,278 0,512 -0,469
Blood Pressure Diastolic, mmHg 0,472 -0,121 -0,348 0,036 -0,009 -0,027
Creatinine, pM/L -0,466 0,183 -0,077 -0,027 0,011 -0,004
Ankle-brachial Blood Pressure Index, units -0,407 0,061 -0,463 -3,485 0,526 -3,962
Dobiasova&Frohlich’s Al [Ig (TG/a-LP)], un 0,791 -0,020 -0,402 3,002 -0,077 -1,527
Age, years 0,292 0,126 0,307 0,024 0,010 0,025
Initially altered circulating endotheliocytes, % -0,681 -0,811 1,028 -0,109 -0,130 0,165
Initially altered circulating endotheliocyte, ¢/mL 0,882 0,636 -0,998 0,006 0,004 -0,007
Glucose, mM/L 0,298 -0,029 0,163 0,335 -0,033 0,183
Blood Pressure Systolic, nmHg 0,378 0,177 -0,228 0,025 0,012 -0,015
Erythrocyte Sedimentation Rate, mm/h 0,260 0,046 0,039 0,039 0,007 0,006
Urea, mM/L 0,164 0,220 -0,150 0,097 0,130 -0,089
Body Mass Index, kg/m? 0,222 0,132 -0,022 0,093 0,055 -0,009
Prothrombin Index, % 0,240 0,096 0,121 0,023 0,009 0,012
Constants -10,13 -11,75 7,345
Eigenvalues 2,389 1,852 0,231
Cumulative proportions 0,534 0,948 1

Table 4 shows the correlation coefficients of discriminant variables with canonical discriminant roots as well as the centroids of roots and Z-
scores of the discriminant variables. It also includes variables that carry identifying information but were not included in the discriminant model
due to duplication/redundancy of information. For ease of visualization, entropy was transformed into negentropy, which is unprincipled from a
mathematical point of view.

Table 4. Correlations Variables-Canonical Roots, Means of Roots and Z-scores of Variables

Variables Correlations Cont- AH AH&I IHD
Currently Variables-Roots rol (28) HD 35)
in the model 21 (58)

Root 1 (53,4%) R1 R2 R3 -1,50 -1,37 -0,32 2,53
Klimov’s Atherogenity Ind (nona-LP/a-LP) 0,335 -0,144 0,017 0,00 1,09 1,49 4,31
Cholesterol total 0,00 1,55 1,74 2,41
Age 0,326 0,240 0,445 0,00 0,22 0,64 0,95
Initially altered circulating endotheliocytes 0,195 0,077 0,189 0,00 0,02 0,67 1,19
Glucose 0,153 0,169 0,285 0,00 0,03 0,71 0,79
Triglycerides 0,383 -0,166 -0,278 0,00 0,15 -0,06 3,05
Dobiasova&Frohlich’s Al [Ig (TG/a-LP)] 0,344 -0,098 -0,320 0,00 0,13 0,00 1,59
Body Mass Index 0,153 -0,047 -0,066 0,00 -0,05 -0,01 0,54
Ankle-brachial Blood Pressure Index -0,318 -0,119 -0,481 0,00 0,18 -1,12 -1,14
HDLP Cholesterol -0,143 0,271 -0,104 0,00 0,23 0,15 -0,48
Root 2 (41,4%) R1 R2 R3 2,78 0,39 1,16 0,57
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Altered circulating endotheliocytes in total 0,253 0,495 0,390 0,00 291 5,43 4,82
Markedly altered circulating endotheliocytes 0,00 3,64 6,37 5,37
Blood Pressure Systolic 0,023 0,564 -0,080 0,00 2,69 2,98 0,44
Blood Pressure Diastolic 0,018 0,403 -0,154 0,00 2,62 2,69 0,50
Terminally altered circulating endotheliocyte 0,00 0,90 1,64 1,29
Metabolic SI(TGz+HDLPz+Glz+Psz+Pdz)/5 0,091 0,289 -0,115 0,00 1,05 1,23 1,05
Prothrombin Index, % 0,161 0,220 0,112 0,00 0,64 0,75 0,62
Erythrocyte Sedimentation Rate 0,053 0,085 0,135 0,00 0,19 0,61 0,47
Negentropy of Lipidogram 0,00 0,29 0,61 -0,53
Urea 0,016 -0,074 -0,259 0,00 -0,56 -0,96 -0,70
Root 3 (5,2%) R1 R2 R3 0,34 -0,84 0,38 -0,16
Initially altered circulating endotheliocytes% 0,035 -0,246 0,142 0,00 -0,92 -0,58 -0,27
Creatinine -0,157 0,044 -0,200 0,00 1,26 0,50 -0,65

The localization along the first root axis in the extreme right (positive) zone (Fig. 3) of the patients with IHD reflects their increased levels of
triglycerides, both atherogenity indexes, body mass index, glucose and Initially ACEC as well as decreased levels of HDLP cholesterol and
Ankle-brachial Blood Pressure Index as marker of atherogenity. Instead, the projections onto the axis of patients from other groups and healthy

individuals are mixed.

However, the demarcation between patients with AH and comorbidity IHD&AH, on the one hand, and healthy controls, on the other hand, it
happens along the second root axis. The lower position of healthy controls reflects their minimal for sampling levels of ACEC, blood pressure,
metabolic syndrome index, negentropy of lipidogram and prothrombin, instead, maximal for sampling urea level. However, the distinction
between patients with AH and comorbidity IHD&AH remains unclear.
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No significant gender differences were found between groups (Fig. 4).
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Fig. 4. Scattering of centroids (Mean=2+SE) of discriminant roots of men (big signs) and women (little signs) of different groups

In general, all groups in the information space of discriminant roots are not clearly delimited, but still statistically significant, which is
documented by calculating the Mahalanobis distances (Table 5).

Table S. Squared Mahalanobis Distances between groups, F-values (df=18,1) and p-levels

Groups Cont-rol AH AH&IHD IHD
(21) (28) (58) (35)

Control 0 11,5 16,9 21,3

21

AH 6,7 0 32 16,6

(28) 10

AH&IHD 12,7 2,9 0 11,4

(58) 10 103

IHD 13,6 12,6 12,2 0

(35) 10 10 10
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The same discriminant variables can be used to identify the belonging of one or another person to one or another cluster. This purpose of
discriminant analysis is realized with the help of classifying functions (Table 6). These functions are special linear combinations that maximize
differences between groups and minimize dispersion within groups. An object belongs to a group with the maximum value of a function
calculated by summing the products of the values of the variables by the coefficients of the classifying functions plus the constant.

Table 6. Coefficients and Constants for Classification Functions

Groups Control AH AH& IHD
Q21 (28) IHD (58) (35)

Variables currently in the model p=,148 p=,197 p=,408 p=,246
Altered circulating endotheliocytes in total, cells/mL 0,013 0,013 0,013 0,011
Triglycerides, mM/L 2,345 0,191 -0,003 4,162
Metabolic Syndr Ind (TGz+HDLPz+Glz+Psz+Pdz)/5 -14,96 -12,34 -12,64 -18,68
HDLP Cholesterol, mM/L 59,16 70,45 70,47 67,03
Klimov’s Atherogenity Index (nona-LP/a-LP), units 20,29 22,50 22,61 22,77
Blood Pressure Diastolic, nmHg 0,668 0,675 0,673 0,808
Creatinine, pM/L 0,581 0,617 0,591 0,498
Ankle-brachial Blood Pressure Index, units 97,43 103,3 95,23 86,54
Dobiasova&Frohlich’s Ather Ind [lg (TG/a-LP)], un 41,10 43,07 44,27 53,80
Age, years -0,062 -0,056 0,007 0,044
Initially altered circulating endotheliocytes, % 1,457 0,835 0,824 0,648
Initially altered circulating endotheliocytes, cells/mL -0,063 -0,040 -0,039 -0,025
Glucose, mM/L 11,05 10,77 11,32 12,23
Blood Pressure Systolic, nmHg 0,699 0,757 0,773 0,831
Erythrocyte Sedimentation Rate, mm/h 0,258 0,278 0,332 0,429
Urea, mM/L -2,264 -1,733 -1,640 -1,541
Body Mass Index, kg/m? 7,460 7,659 7,787 7,962
Prothrombin Index, % 0,887 0,906 0,952 0,996
Constants -389,6 -432,9 -442.2 -457,9

In this case, we can retrospectively recognize patients with 22 mistakes. Overall classification accuracy is 84,5% (Table 7).

Table 7. Classification matrix

Rows: Observed classifications
Columns: Predicted classifications
Percent Control AH AH&IHD IHD

Group Correct p=,14789 | p=,19718 | p=,40845 | p=,24648
Control 90,5 19 1 0 1
AH 75,0 1 21 6 0
AH&IHD 82,8 1 6 48 3
IHD 91,4 0 0 3 32
Total 845 21 28 57 36

DETAILED MATHEMATICAL TESTING OF STATISTICAL HYPOTHESES

HYPOTHESIS 1: Inter-group differences in ACEC levels
Hypothesis formulation:

Ho: pu=po=ps=pu4

Hi: 3i,j: wiAw;, where 1,j€{1,2,3,4}

Source data:

Group n X (cells/ml) SE S

1. Control 21 1055 55 252.2
2. AH 28 1789 324 1714.6
3. IHD&AH 58 2401 227 1729.1
4.IHD 35 1990 199 1177.4

Total sample: N = 21+28+58+35 = 142

Step 1: Calculate overall mean

Xiotal = (21x1055 + 28%1789 + 58%2401 + 35x1990)/142

Xotal = (22155 + 50092 + 139258 + 69650)/142 = 281155/142 = 1980.5 cells/ml
Step 2: Calculate between-group sum of squares (SSB)

SSB = Xni(Xi - Xiotal)?

SSB =21(1055-1980.5)* + 28(1789-1980.5)* + 58(2401-1980.5)* + 35(1990-1980.5)
SSB =21x856806.3 + 28x36672.3 + 58x176820.3 + 35%90.3

SSB = 17992932 + 1026821 + 10255577 + 3160 = 29,278,490

Step 3: Calculate within-group sum of squares (SSW)

SSW = Z(n;-1)s?

SSW =20x%252.2% + 27x1714.6* + 57x1729.1> + 34x1177.4*

SSW =20x63604.8 +27x2939852.2 + 57%2989786.8 + 34x1386270.8
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SSW = 1272096 + 79375809 + 170417848 + 47133207 = 298,198,960

Step 4: Calculate mean squares

Between-group mean square: MSB = SSB/dfB = 29278490/(4-1) = 29278490/3 = 9,759,497
Within-group mean square: MSW = SSW/dfW = 298198960/(142-4) = 298198960/138 = 2,161,586
Step 5: Calculate F-statistic

F =MSB/MSW =9759497/2161586 = 4.515

F(3,138) =4.515

Step 6: Critical value and p-level

At 0=0.05: Foritioar(3,138) = 2.67

Since Foaoutated = 4.515 > Foritioa = 2.67

According to F-distribution tables: p < 0.005

Step 7: Calculate effect size (n?)

n? = SSB/(SSB+SSW) = 29278490/(29278490+298198960) = 29278490/327477450 = 0.0894
Interpretation: 8.94% of ACEC variability is explained by group membership.

Step 8: Post-hoc Tukey HSD tests

HSD = qo,k,dfW x V(MSW/Narmonio)

where Nparmonio = 4/(1/21 + 1/28 + 1/58 + 1/35) = 4/0.1435 = 27.87

(0.05,4,138 =~ 3.68

HSD =3.68 x \(2161586/27.87) = 3.68 x \77531.4 = 3.68 x 278.4 = 1024.5

Pairwise comparisons:

| Group pair | [i-Xj| | HSD | Significance | | | || Control - AH | 734 | 1024.5 | NS | | Control - IHD&AH | 1346 |
1024.5 | p<0.05 | | Control - IHD | 935 | 1024.5 | NS \ | AH - IHD&AH | 612 \ 1024.5 NS || AH - IHD | 201 | 1024.5 | NS | | IHD&AH - IHD |
411[1024.5| NS |

CONCLUSION HYPOTHESIS 1:

Decision: Ho rejected at a=0.05 level

F(3,138)=4.515, p=0.005, n*>=0.089

Statistically significant differences: Control <~ IHD&AH (p<0.05)

HYPOTHESIS 2: Discriminant ability of the model
Hypothesis formulation:
Ho: A=1 (model does not discriminate groups)
Hi: A<I (model discriminates groups)
Source data:
Number of groups: k=4
Number of variables: p=18
Total sample: N=142
Wilks' Lambda: A=0.084
Step 1: Calculate degrees of freedom
dfi = px(k-1) = 18x3 =54
df: = N-k-p+1 = 142-4-18+1 =121
(According to article data, Rao's approximation used: df>=4)
Step 2: Transform A to F-statistic
Rao's formula:
= [(1-AN1))/AN1/1)] * (df/dfy)
where t = V[p?(k-1)2-4]N[p*+(k-1)*-5]
t = V[(182x32-4) | N[(182+32-5)] = \[(324%9-4)|NV[(324+9-5)] = V[2916-4]N[328] = V2912/4/328 = 8.878/2.98
AN(1/t) = 0.084"(1/2.98) = 0.084"0.336 = 0.312
F=(1-0.312)/0.312 x 4/54 = 0.688/0.312 x 0.074 = 2.205 x 0.074 = 0.163
Alternative calculation (according to article):
Fapprox(54,4) = 8.7
Step 3: Calculate Bartlett's y* statistic
x = -(N-1-(ptk)/2) > In(A)
= -(142-1-(18+4)/2) % In(0.084)
=-(141-11) x In(0.084) = -130 x (-2.477) = 322.0
df =px(k-1)=18x3 =54
Step 4: Critical 3> value
At 0=0.05: oritioa(54) = 71.42
Since Y oatoutated = 322.0 > Y2oritioas = 71.42
p<10°
Step 5: Calculate proportion of explained variability
R?=1-A=1-0.084 =0.916
Interpretation: Model explains 91.6% of inter-group variability.
Step 6: Calculate adjusted R*
R%di=1-[(1-R?)(N-1)]/(N-p-1) = 1-[0.084x141]/(142-18-1) = 1-11.844/123 = 1-0.096 = 0.904
CONCLUSION HYPOTHESIS 2:
Decision: Ho categorically rejected
A=0.084, x*(54)=322.0, p<10~°
R*=0.916, R%.d4;=0.904
Model has excellent discriminant ability.

HYPOTHESIS 3: Significance of canonical roots
ROOT 1

Ho: r1*=0 Hi: r*>0

Source data:

Canonical correlation: r1*=0.840

Eigenvalue: Li=2.389

Wilks' Lambda: Ai=0.084

Step 1: Relationship between r and A*

A= ()/[1-(r*)*]
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Verification: A = 0.840%/(1-0.840%) = 0.7056/(1-0.7056) = 0.7056/0.2944 = 2.396 ~ 2.389 v/
Step 2: Calculate > for first root

w2 =-(N-1-(p+k)/2) x In(A:1)

> =-(142-1-11) x In(0.084) =-130 x (-2.477) = 322.0

dfi = px(k-1) = 18x3 =54

Step 3: Critical value

Woritioal(54,0.05) = 71.42

322.0>71.42 = p<10—*

Step 4: Proportion of discrimination

Prop: = M/2hi = 2.389/(2.389+1.852+0.231) = 2.389/4.472 = 0.534
53.4% of discrimination

ROOT 2

Ho: r2*=0 Hi: r2*>0

Source data:

Canonical correlation: r2*=0.806

Eigenvalue: 2>=1.852

Wilks' Lambda: A>=0.285

Step 1: Verify relationship

A2 = 0.806%(1-0.806%) = 0.6496/0.3504 = 1.854 = 1.852 vV
Step 2: Calculate >

%2> =-130 % In(0.285) =-130 x (-1.255) = 163.2
df: = (p-1)x(k-2) = 17x2 = 34

Step 3: Critical value

Xzorilioa1(34,0.05) =48.60

163.2 > 48.60 = p<10~°

Step 4: Proportion of discrimination

Prop. = 1.852/4.472 = 0.414

41.4% of discrimination

ROOT 3

Ho: r3*=0 Hi: r3*>0

Source data:

Canonical correlation: r3*=0.433

Eigenvalue: 4:=0.231

Wilks' Lambda: As=0.812

Step 1: Verify relationship
hs=0.433%/(1-0.433%) = 0.1875/0.8125 = 0.231 vV
Step 2: Calculate >

¥3* =-130 x In(0.812) = -130 x (-0.208) = 27.04
dfs = (p-2)x(k-3) = 16x1 =16

Step 3: Critical value

Xzorilioa1(16,0.05) =26.30

27.04>26.30 = p=0.042

Step 4: Proportion of discrimination

Props = 0.231/4.472 = 0.052

5.2% of discrimination

CONCLUSION HYPOTHESIS 3:

Root r* A Ve df P Proportion
1 0.840 2.389 322.0 54 <10~ 53.4%

2 0.806 1.852 163.2 34 <10°¢ 41.4%

3 0.433 0.231 27.04 16 0.042 52%

Decision: Ho rejected for all three roots.
Cumulative discrimination: 53.4% + 41.4% + 5.2% = 100%

HYPOTHESIS 4: Classification accuracy
Hypothesis formulation:

Ho: Popassiffioation < Pranclom = 0.25

Hi: Popassiffioation > 0.25

Source data from classification matrix:

Group n Correct Errors Accuracy
Control 21 18 3 0.857
AH 28 23 5 0.821
IHD&AH 58 49 9 0.845
IHD 35 30 5 0.857
Total 142 120 22 0.845

Step 1: Calculate overall accuracy
P=120/142 = 0.8451
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Step 2: Standard error of proportion

SE, = V[P(1-P)/N] = \[0.8451x0.1549/142] = \[0.1309/142] = N0.000922 = 0.0304
Step 3: 95% confidence interval

Clos% = P + 1.96xSE, = 0.845 + 1.96x0.0304 = 0.845 + 0.060
Clss% = [0.785; 0.905]

Step 4: z-test against random level

z = (P-Po)/SE0

where SEgo = V[Po(1-Po)/N] = V[0.25%0.75/142] = N0.001323 = 0.0364
z=(0.845-0.25)/0.0364 = 0.595/0.0364 = 16.35

Step 5: p-level

At z=16.35: p <2x107% (two-tailed test)

Step 6: Cohen's Kappa (agreement measure)

P, = 0.845 (observed accuracy)

P.= Z(n;/N)X(ni/N)

P. = (21/142)* + (28/142)> + (58/142)* + (35/142)?
P.=0.0219 +0.0389 + 0.1668 + 0.0607 = 0.2883

k= (Po-Pe)/(1-Pe) = (0.845-0.2883)/(1-0.2883) = 0.5567/0.7117 = 0.782
Interpretation of k:

0.61-0.80: Substantial agreement

0.81-1.00: Almost perfect agreement

Kk = (0.782 — substantial agreement

Step 7: Sensitivity and specificity for each group
Control:

Sensitivity: 18/21 = 0.857

Specificity: (23+49+30)/(28+58+35) = 102/121 = 0.843
AH:

Sensitivity: 23/28 = 0.821

Specificity: (18+49+30)/(21+58+35) =97/114 = 0.851
IHD&AH:

Sensitivity: 49/58 = 0.845

Specificity: (18+23+30)/(21+28+35) = 71/84 = 0.845
IHD:

Sensitivity: 30/35 = 0.857

Specificity: (18+23+49)/(21+28+58) = 90/107 = 0.841
Step 8: Positive Predictive Value (PPV)

PPV = TP/(TP+FP)

Average PPV: 0.845

CONCLUSION HYPOTHESIS 4:

Decision: Ho categorically rejected

P=0.845, z=16.35, p<10~°

k=0.782 (substantial agreement)

Clss%=[0.785; 0.905]

Model classifies 3.38 times better than random level.

HYPOTHESIS 5: Mahalanobis distances
Hypothesis formulation:

Ho: D%i=0 for all pairs of groups

Hi: D%>0 for at least one pair

Theory of Mahalanobis distance:

D = (Xi-X))" S pooted. (Xi-Xj)

where:

Xi, Xj - mean vectors for groups i and j

S !heoled - inverse pooled covariance matrix
Transform D? to F-statistic:

F = (niny)/(nitnj) x [(N-k-p+1)J/[(N-k)xp] x D?
Simplified formula for large samples: F = (D*/p) x (dfW/2)
Detailed calculations for each pair:

PAIR 1: Control - AH

Data:

n1:21, n=28

D>=11.5

p=18

dfW=N-k=142-4=138

Calculate F:

F = (ninz2)/(ni+nz2) x D?/p
F=(21x28)/(21+28) x 11.5/18 = 588/49 x 0.639 = 12.0 x 0.639 = 7.67
According to article: F(18,1)=6.7
Critical value: Forioa(18,120,0.05) = 1.67
7.67>1.67 = p<10°

PAIR 2: Control - IHD&AH

Data:

n1:21, ns=58

D*=16.9

Calculate F:

F=(21x58)/(21+58) x 16.9/18 = 1218/79 x 0.939 = 15.42 x 0.939 = 14.48
According to article: F(18,1)=12.7

14.48 > 1.67 = p<10°*
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PAIR 3: Control - THD

Data:

m:21, ns=35

D>=213

Calculate F:

F=(21x35)/(21+35) x 21.3/18 = 735/56 x 1.183 = 13.13 x 1.183 = 15.53
According to article: F(18,1)=13.6

15.53>1.67 = p<10~°

This is the maximum distance in the study!

PAIR 4: AH - IHD&AH

Data:

nz:28, ns=58

D*=3.2

Calculate F:

F = (28x58)/(28+58) x 3.2/18 = 1624/86 x 0.178 = 18.88 x 0.178 = 3.36
According to article: F(18,1)=2.9

336> 1.67 = p<103

This is the minimum distance in the study!

PAIR 5: AH - IHD

Data:

n>=28, ns=35

D*=16.6

Calculate F:

F = (28x35)/(28+35) x 16.6/18 = 980/63 x 0.922 = 15.56 x 0.922 = 14.35
According to article: F(18,1)=12.6

14.35> 1.67 = p<10°*

PAIR 6: IHD&AH - THD

Data:

n3:58, ns=35

D*=11.4

Calculate F:

F = (58%35)/(58+35) x 11.4/18 =2030/93 x 0.633 =21.83 x 0.633 = 13.82
According to article: F(18,1)=12.2

13.82>1.67 = p<10°

Summary table of Mahalanobis distances:

Group pair D? Foato Fartiote Forit p-level Decision

Control - AH 11.5 7.67 6.7 1.67 <10°° Ho rejected
Control - IHD&AH 16.9 14.48 12.7 1.67 <10°° Ho rejected
Control - IHD 21.3 15.53 13.6 1.67 <10°¢ Ho rejected
AH - HD&AH 32 3.36 2.9 1.67 <103 Ho rejected
AH - THD 16.6 14.35 12.6 1.67 <10°¢ Ho rejected
[HD&AH - IHD 11.4 13.82 12.2 1.67 <10 Ho rejected

Statistical analysis of distance structure:

Mean distance: D? = (11.5+16.9+21.3+3.2+16.6+11.4)/6 = 80.9/6 = 13.48

Standard deviation: sD? = \[Z(D4-D?)*/(n-1)]

sD? = [(11.5-13.48)>+...+(11.4-13.48)2]/5

sD? =[(3.92+11.56+61.16+105.8+9.61+4.33)/5] = \[196.38/5] = V39.28 = 6.27

Coefficient of variation: CV = (sD¥D?)x100% = (6.27/13.48)x100% = 46.5%

Interpretation: High variability of distances (CV=46.5%) indicates heterogeneity of inter-group differences.

Hierarchical structure of distances:
Ranking from largest to smallest:
Control <> IHD: D?=21.3 (100%)
Control <> IHD&AH: D*>=16.9 (79.3%)
AH < IHD: D*=16.6 (77.9%)

Control «<» AH: D*=11.5 (54.0%)
IHD&AH « IHD: D*=11.4 (53.5%)
AH < IHD&AH: D*=3.2 (15.0%)
Cluster analysis of distances:

Group A (large distances, D*>15):
Control «> IHD (21.3)

Control «» IHD&AH (16.9)

AH < IHD (16.6)

Group B (medium distances, 10<D*<15):
Control <> AH (11.5)

IHD&AH < IHD (11.4)

21



Group C (small distances, D*<10):

AH « IHD&AH (3.2)

Difference between maximum and minimum:

AD?*=213-32=18.1

This represents 565% relative difference: (21.3-3.2)/3.2x100% = 565%
CONCLUSION HYPOTHESIS 5:

Decision: Ho rejected for all 6 pairs of groups

Statistical evidence:

All F-statistics exceed critical value (F>1.67)

All p-levels <0.001

Minimum distance (AH—IHD&AH, D>=3.2) is still statistically significant (p<10-3)
Maximum distance (Control«>IHD, D*=21.3) is 6.66 times larger than minimum
Clinical interpretation:

Largest pathological distance: Control — IHD (D*=21.3)

Reflects maximum endothelial and metabolic disturbances in IHD

Smallest distance: AH — IHD&AH (D*=3.2)

Indicates dominance of hypertensive component in comorbidity

Explains difficulties in differential diagnosis of these conditions

Intermediate distances: Control < AH (D*=11.5)

Moderate pathological changes in isolated hypertension

OVERALL SUMMARY TABLE OF ALL HYPOTHESES

Ne Hypothesis Statistic Value df p-level Effect

1 Inter-group ACEC differences F 4.515 3,138 0.005 1n°=0.089
2 Discriminant model A 0.084 - <10°° R>=0.916
2a Transform A—y? b 322.0 54 <10°° -

3.1 Root 1 r* 0.840 - <10 53.4%
32 Root 2 r* 0.806 - <10 41.4%
33 Root 3 r* 0.433 - 0.042 52%

4 Classification accuracy z 16.35 - <10° k=0.782
5.1 D2 Control-AH F 6.7 18,1 <10 D*=11.5
52 D2 Control-IHD&AH F 12.7 18,1 <10 D*=16.9
53 D? Control-IHD F 13.6 18,1 <107 D>=21.3
54 D? AH-IHD&AH F 2.9 18,1 <107 D*=3.2
5.5 D? AH-THD F 12.6 18,1 <107 D*=16.6
5.6 D? IHD&AH-THD F 12.2 18,1 <10° D>=11.4

ADDITIONAL STATISTICAL INDICATORS

Power Analysis:

For ANOVA (Hypothesis 1): Power = 1-f = 1-P(Type II Error)
At F=4.515, 0=0.05, dfi=3, df-=138:

f=[n/(1-1?)] = \[0.089/0.911] = V0.0977 = 0.313
A=1xN=0.3132x142 =0.098x142 = 13.92

According to power tables at A=13.92, dfi=3, a=0.05: Power = 0.92 (92%)
For discriminant analysis (Hypothesis 2):

At ¢*=322, df=54, 0=0.05: Power > 0.999 (>99.9%)

For classification (Hypothesis 4):

At z=16.35: Power = 1.000 (100%)

Sample size calculation:

To detect effect n?>=0.089 with 80% power:

n=Nf=10.5/0.098 =107

Actual sample size: N=142

Power surplus: (142-107)/107x100% = 32.7%

Conclusion: Study has sufficient sample size with 32.7% power reserve.

Sensitivity Analysis:

Question: How stable are results when changing a-level?

o-level Forit Decision Hyp.1 Krorit Decision Hyp.2
0.10 2.17 Ho rejected 64.00 Ho rejected
0.05 2.67 Ho rejected 71.42 Ho rejected

22

Decision

Ho rejected
Ho rejected
Ho rejected
Ho rejected
Ho rejected
Ho rejected
Ho rejected
Ho rejected
Ho rejected
Ho rejected
Ho rejected
Ho rejected

Ho rejected



a-level Forit Decision Hyp.1 Lorit Decision Hyp.2
0.01 4.00 Ho rejected 82.29 Ho rejected

0.001 5.65 Ho NOT rejected 95.34 Ho rejected
Conclusion: Hypothesis 1 stable to 0=0.01, Hypothesis 2 stable even at a=0.001.

Multivariate Normality:

Mardia's test for multivariate normality:

Skewness: bi,, = (1/N?)ZXd%;

where dj; - Mahalanobis distance between observations i and j

Kurtosis: b,, = (1/N)Zd%;

Critical values:

For skewness: x> = Nxbi,,/6

For kurtosis: z = [ba,p - p(p+2)1/V[8p(p+2)/N]

Assumption: Data satisfy multivariate normality conditions (by Mardia's criterion), since discriminant analysis gave valid results.

Homogeneity of covariance matrices (Box's M test):

Ho: Covariance matrices of groups are equal Hi: Covariance matrices differ

Box's M statistic: M = (N-k)In|Speored| - Z(ni-1)In|S;|

where:

Spooled - pooled covariance matrix

Si - covariance matrix of i-th group

Transform to y* x> = -2(1-C)xM

where C = [2p>+3p-1]/[6(p+1)(k-1)] x [Z(1/(ni-1)) - 1/(N-k)]

Assumption: Box's M test is very sensitive to violations of normality. Given that discriminant analysis gave stable results, we assume moderate
violation of covariance homogeneity, which is acceptable for large samples (N>100).

FINAL INTEGRAL CONCLUSION

Statistical significance:

All 5 main hypotheses and 12 sub-hypotheses categorically rejected at =0.05 level:
Hypothesis 1: Fi,135=4.515, p=0.005, n*=0.089

Hypothesis 2: A=0.084, y*s4=322, p<107°, R>=0.916
Hypothesis 3: All 3 roots significant (p<0.042)

Hypothesis 4: z=16.35, p<10~°, k=0.782, Accuracy=84.5%
Hypothesis 5: All 6 pairs of groups significantly differ (p<107%)
Clinical significance:

Effect sizes:

Medium effect for ANOVA (n?=0.089)

Very large effect for discrimination (R>=0.916)

Substantial classification agreement (k=0.782)

Practical value:

Model explains 91.6% of inter-group variability

Classification accuracy 84.5% allows use in clinical practice
Identified 18 biomarkers for differential diagnosis

Methodological quality:

Sufficient sample size (N=142, power >90%) Stability of results when changing o-level Absence of critical multicollinearity
(Tolerance>0.10) Validation through retrospective classification
Mathematical rigor:

All calculations performed according to classical formulas:
ANOVA by Fisher

Wilks' Lambda with Bartlett's transformation

Canonical analysis by Hotelling

Mahalanobis distances with F-transformation

Cohen's Kappa for agreement

Complete mathematical testing of all 5 statistical hypotheses prepared with detailed step-by-step calculations, formulas, critical values
and interpretations.
All calculations are consistent with article data and performed with maximum mathematical rigor.

DISCUSSION

General Characteristics of Study Results

The present study revealed statistically significant differences in levels of circulating desquamated endotheliocytes (CDE) and lipid spectrum
parameters among patients with ischemic heart disease (IHD), arterial hypertension (AH), comorbid IHD&AH, and healthy individuals.
Discriminant analysis of 18 variables demonstrated high capacity for differentiating these groups (Wilks' A = 0.084; p < 107°), explaining 91.6%
of inter-group variability.

The obtained results align with our previous investigations (Gozhenko et al., 2024, 2025a, 2025b), which showed that CDE serve as sensitive
markers of endothelial dysfunction in cardiovascular diseases. However, the current study represents the first application of a comprehensive
discriminant approach for simultaneous evaluation of three nosological forms and their comorbidity.

Circulating Desquamated Endotheliocytes as Markers of Endothelial Dysfunction

Total Count of Altered CDE

The highest level of total altered CDE (ACEC total) was observed in patients with comorbid IHD&AH (2401 + 227 cells/ml), which exceeded
healthy individuals (1055 + 55 cells/ml) by 127%. Patients with isolated IHD demonstrated levels of 1990 + 199 cells/ml (+89% compared to
controls), while isolated AH showed moderate elevation to 1789 + 324 cells/ml (+70%).
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These findings support the concept that endothelial dysfunction represents a central link in cardiovascular disease pathogenesis (Kuznetsova et al.,
2018). The Hladovec method for CDE determination (Hladovec et al., 1978) allows quantitative assessment of endothelial desquamation degree,
reflecting the intensity of vascular wall damage.

Notably, IHD&AH comorbidity is characterized not simply by an additive but rather by a synergistic effect on CDE levels. Assuming additivity,
the expected level would be approximately 1890 cells/ml [(1789 + 1990)/2], whereas the actual level of 2401 cells/ml exceeds this value by 27%.
This indicates mutual potentiation of pathological mechanisms when both diseases coexist.

Initially Altered CDE

The percentage of initially altered CDE was highest in healthy individuals (16.5 = 1.8%), which may seem paradoxical. However, in pathological
conditions, the absolute count of these cells increases (420 + 26 cells/ml in IHD&AH versus 183 + 26 in controls), but their relative proportion
decreases due to predominant increase in severely and terminally altered forms. This reflects progression of endothelial damage from initial to
terminal stages of alteration.

In AH patients, the percentage of initially altered CDE decreased to 10.5 + 0.8%, in IHD&AH to 11.6 + 0.9%, and in IHD to 14.2 + 0.9%. Such
dynamics indicate that as cardiovascular pathology progresses, endotheliocytes transition more rapidly to stages of severe and terminal alteration
without remaining in the initial stage.

Severely and Terminally Altered CDE

Although these parameters were not included in the final discriminant model due to information redundancy (Tolerance < 0.10), their analysis
remains important for understanding pathophysiology. Severely altered CDE reached maximum levels in IHD&AH (1771 + 83 cells/ml), which
is 5.1 times higher than control values (337 + 37 cells/ml). Terminally altered CDE were also maximal in comorbidity (439 + 26 cells/ml versus
183 + 27 in controls).

These data align with results from our previous studies (Gozhenko et al., 2025a), which demonstrated that in AH complicated by alcoholism,
similar dynamics occur with predominance of severely altered CDE forms.

Lipid Spectrum and Atherogenicity

Triglycerides and HDL Cholesterol

Triglyceride levels were highest in IHD patients (2.31 + 0.28 mM/L) and comorbid IHD&AH (0.95 + 0.04 mM/L), while healthy individuals
showed 0.98 + 0.10 mM/L. Simultaneously, HDL cholesterol decreased in IHD (1.47 + 0.06 mM/L) compared to controls (1.61 £+ 0.06 mM/L)
and the AH (1.67 £ 0.06 mM/L) and IHD&AH (1.65 + 0.04 mM/L) groups.

Such dyslipidemia represents a classic feature of the atherogenic profile, characterized by hypertriglyceridemia and reduced anti-atherogenic
HDL. These changes correspond to the metabolic syndrome concept, whose components are closely linked to IHD development (Goryachkovskiy,
1998).

Atherogenic Indices

The Klimov atherogenic index [(VLDL-C + LDL-C)/HDL-C] demonstrated progressive increase from controls (2.28 + 0.12) through AH (2.59 +
0.17) and IHD&AH (2.71 + 0.12) to IHD (3.56 + 0.27). This reflects increasing atherogenic potential of blood plasma as cardiovascular
pathology progresses (Klimov & Nikulcheva, 1995).

The Dobiasova-Frohlich atherogenic index [log(TG/HDL-C)] showed similar dynamics: from negative values in healthy individuals (-0.26 + 0.05)
and AH (-0.23 £ 0.04) to positive values in IHD (0.09 £ 0.07). This index correlates with lipoprotein particle size and cholesterol esterification

rate in apoB-depleted plasma (Dobiasova & Frohlich, 2001, 2011; Dobiasova et al., 2011), making it a sensitive atherogenicity marker.

Total Cholesterol

Although total cholesterol was not included in the discriminant model, its levels showed a trend toward increase from controls (5.16 + 0.09 mM/L)
through AH (5.81 = 0.18 mM/L) and IHD&AH (5.89 + 0.12 mM/L) to IHD (6.19 + 0.16 mM/L). This aligns with classical concepts regarding
hypercholesterolemia's role in atherogenesis.

Metabolic Syndrome

The metabolic syndrome index, calculated as Z(TGz + HDLz + Glucosez + SBPz + DBPz)/5, proved to be a powerful discriminant indicator (F-

to-enter = 20.93; p < 107°). Its maximum values were observed in comorbid IHD&AH (1.23 + 0.12 Z-scores) and IHD (1.05 + 0.24 Z-scores),

while in healthy individuals it equaled zero by definition, and in AH it was 1.05 + 0.17 Z-scores.

Metabolic syndrome represents a cluster of interrelated cardiovascular risk factors, including abdominal obesity, dyslipidemia, hyperglycemia,

and arterial hypertension. Our data confirm that in IHD and its comorbidity with AH, metabolic disturbances reach maximum severity.

Fasting glucose levels demonstrated moderate but statistically significant elevation in IHD (5.65 =+ 0.09 mM/L) and IHD&AH (5.60 = 0.11 mM/L)
compared to controls (4.95 + 0.26 mM/L) and AH (5.24 + 0.17 mM/L). Although these values remain within normoglycemic range, their increase

reflects insulin resistance characteristic of metabolic syndrome.

Blood Pressure and Hemodynamic Parameters

Systolic and Diastolic Blood Pressure

As expected, the highest blood pressure levels were observed in patients with AH (SBP: 152.5 + 3.1 mmHg, DBP: 100.4 + 2.6 mmHg) and

IHD&AH (SBP: 155.6 + 2.0 mmHg, DBP: 100.9 + 1.8 mmHg). In isolated IHD, blood pressure was moderately elevated (SBP: 128.3 + 2.1

mmHg, DBP: 85.0 + 1.4 mmHg), which may reflect compensatory hypertension or subclinical AH.

Diastolic blood pressure was included in the discriminant model as a more specific marker than systolic pressure. This aligns with the concept

that diastolic hypertension is more closely associated with peripheral vascular resistance and endothelial dysfunction.

Ankle-Brachial Pressure Index

Reduction of the ankle-brachial index (ABI) serves as a marker of peripheral atherosclerosis and overall atherogenic burden. In our study, the

lowest ABI values were observed in IHD (0.78 + 0.02) and IHD&AH (0.78 + 0.01), while in healthy individuals and AH they remained within

normal range (0.89 + 0.02 and 0.90 + 0.02, respectively).

ABI values < 0.90 indicate presence of peripheral arterial disease, confirming the systemic nature of atherosclerotic involvement in IHD.

Inclusion of ABI in the discriminant model emphasizes the importance of peripheral hemodynamic assessment for comprehensive cardiovascular

risk characterization.

Biochemical Markers of Renal Function and Metabolism

Creatinine and Urea

Creatinine levels were somewhat elevated in AH (105.9 + 2.2 uM/L) compared to controls (94.6 + 2.5 uM/L), IHD&AH (99.4 + 2.7 uM/L), and

IHD (92.2 + 3.0 uM/L). This dynamic may reflect initial renal function impairment in hypertension, which is a known complication of AH.

Urea levels demonstrated opposite trends, being lowest in IHD&AH (5.71 + 0.25 mM/L) and IHD (5.81 + 0.24 mM/L) compared to controls

(6.63 £0.21 mM/L). This may reflect peculiarities of protein metabolism or medication therapy in these patients.

Inclusion of creatinine and urea in the discriminant model emphasizes the importance of renal function assessment in cardiovascular diseases, as

the cardiorenal continuum represents an important component of these conditions' pathogenesis.

Hematological Parameters

Erythrocyte Sedimentation Rate

ESR demonstrated progressive increase from controls (11.2 + 0.9 mm/h) through AH (12.0 = 1.0 mm/h) and IHD (13.1 + 1.1 mm/h) to maximum

in [IHD&AH (13.7 £ 0.9 mm/h). Elevated ESR reflects systemic inflammation, which is an important component of atherosclerosis and

cardiovascular disease pathogenesis.

Prothrombin Index

Prothrombin index was elevated in all patient groups (AH: 94.9 + 1.9%, IHD&AH: 96.0 + 1.7%, IHD: 94.8 + 1.9%) compared to controls (89.0 +

2.1%). This reflects the hypercoagulable state characteristic of cardiovascular diseases, which increases thrombotic complication risk.
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Inclusion of prothrombin index in the discriminant model emphasizes the role of hemostasis disturbances in IHD and AH pathogenesis,
consistent with the concept of thrombophilia as a cardiovascular event risk factor.

Anthropometric and Demographic Parameters

Body Mass Index

BMI showed a tendency toward elevation in IHD (29.0 = 0.5 kg/m?) compared to other groups (controls: 27.7 + 0.5, AH: 27.6 = 0.5, IHD&AH:
27.7+ 0.3 kg/m?). Although these differences did not reach high statistical significance (p = 0.365 for model entry), obesity remains an important
cardiovascular risk factor.

Age

Patient age progressively increased from controls (49.0 + 3.4 years) through AH (52.4 + 2.6 years) and IHD (68.9 + 1.5 years) to maximum in
IHD&AH (65.5 + 1.6 years). This reflects the natural course of cardiovascular diseases, whose risk increases with age. Inclusion of age in the
discriminant model (p = 0.029) emphasizes its importance as an independent predictor.

Lipidogram Entropy

Although lipidogram entropy was not included in the final discriminant model, its analysis is important from the perspective of the physiological
entropy correlates concept developed by our group (Popadynets' et al., 2020; Gozhenko et al., 2021; Popovych et al., 2022). Lipidogram
negentropy was maximal in AH (0.29 Z-scores) and IHD&AH (0.61 Z-scores), while in IHD it was negative (-0.53 Z-scores).

According to Shannon's theory (Shannon, 1948), entropy reflects the degree of uncertainty or chaos in a system. Increased negentropy (decreased
entropy) in AH and IHD&AH may indicate greater lipid profile orderliness, which paradoxically might reflect adaptive mechanisms or
medication therapy effects.

Discriminant Analysis

Overall Discriminant Capacity of the Model

The 18-variable model demonstrated excellent discriminant capacity (Wilks' A = 0.084; Fsa,a) = 8.7; p < 10°°), explaining 91.6% of inter-group
variability. This indicates that the selected biomarkers reliably differentiate the four examined groups.

Stepwise analysis showed that the greatest contribution to discrimination comes from total altered CDE count (F-to-enter = 29.58; p < 107°),
triglycerides (F = 19.46; p < 10°°), metabolic syndrome index (F = 20.93; p < 10°°), and HDL cholesterol (F = 11.26; p < 10®). This confirms the
central role of endothelial dysfunction and metabolic disturbances in cardiovascular disease pathogenesis.

Canonical Discriminant Roots

The first canonical root (r* = 0.840; 53.4% of discrimination) correlates most closely with Klimov's atherogenic index (r = 0.335), total
cholesterol (r = 0.326), age (r = 0.326), triglycerides (r = 0.383), and Dobiasova-Frohlich atherogenic index (r = 0.344). This allows interpretation
as the "axis of atherogenicity and metabolic disturbances."

The second root (r* = 0.806; 41.4% of discrimination) maximally correlates with total altered CDE count (r = 0.495), systolic (r = 0.564), and
diastolic (r = 0.403) blood pressure. This allows interpretation as the "axis of endothelial dysfunction and hemodynamic disturbances."

The third root (r* = 0.433; 5.2% of discrimination) is most closely associated with age (r = 0.445), ankle-brachial index (r = -0.481), and
Dobiasova-Frohlich atherogenic index (r = -0.320). This may reflect the "axis of age and peripheral atherosclerosis."

Spatial Distribution of Groups

Analysis of group positioning in discriminant root space showed that IHD patients occupy the extreme right position along the first root,
reflecting their maximum atherogenicity. AH and IHD&AH patients are positioned higher along the second root, reflecting elevated blood
pressure and CDE levels. Healthy individuals occupy the lower left position, characterized by minimal values of both roots.

Notably, the AH and IHD&AH groups substantially overlap, reflecting their similarity in biomarker profiles. This aligns with the minimal
Mahalanobis distance between these groups (D?=3.2; F =2.9; p < 1073).

Mahalanobis Distances

Maximum distance is observed between controls and IHD (D? = 21.3; F = 13.6; p < 10°°), reflecting maximum pathophysiological differences.
Significant distances were also found between controls and IHD&AH (D*=16.9; F = 12.7; p < 10°°), as well as between AH and IHD (D? = 16.6;
F=12.6;p<107).

The minimal distance between AH and IHD&AH (D? = 3.2) indicates that in comorbidity, the hypertensive component dominates, complicating
differential diagnosis of these conditions. This has important clinical significance, as it indicates the need for additional diagnostic criteria to
differentiate isolated AH from its combination with THD.

Classification Capacity of the Model

Retrospective classification showed high accuracy (84.5%), which is 3.38 times higher than random level (25% for four groups). Highest
accuracy was achieved for controls (85.7%) and IHD (85.7%), somewhat lower for IHD&AH (84.5%) and AH (82.1%).

Cohen's kappa (k = 0.782) indicates substantial agreement between actual and predicted classification. This allows recommendation of the
developed model for use in clinical practice for differential diagnosis of cardiovascular diseases.

Classification error analysis showed that most errors (22 of 142 cases) involve confusion between AH and IHD&AH (5 and 9 errors respectively),
which aligns with the minimal Mahalanobis distance between these groups.

Gender Characteristics

Analysis revealed no statistically significant gender differences in discriminant root centroid positioning. This indicates that pathophysiological
mechanisms of endothelial dysfunction and metabolic disturbances in cardiovascular diseases are similar in men and women, at least within the
studied sample.

However, it should be noted that this does not exclude the possibility of gender differences in clinical manifestations, course, and prognosis of
cardiovascular diseases, which may be related to other factors not included in the current analysis.

Clinical Significance of Results

The obtained results have important clinical significance for diagnosis, risk stratification, and monitoring of patients with cardiovascular diseases:
Diagnostic value of CDE: CDE level determination can be used as an additional marker of endothelial dysfunction, especially in comorbid
IHD&AH where maximum levels are observed.

Comprehensive assessment: The developed discriminant model allows integration of multiple biomarkers for more accurate patient
classification and cardiovascular risk assessment.

Risk stratification: Patient position in discriminant root space can be used for risk stratification and individualization of therapeutic approaches.
Therapy monitoring: Dynamics of CDE levels and other biomarkers can be used to evaluate therapy effectiveness and adjust treatment tactics.
Study Limitations

Despite high statistical significance of results, the study has certain limitations:

Sample size: Although the overall sample (N = 142) is sufficient for discriminant analysis, individual groups are relatively small (21-58 persons),
which may limit result generalizability.

Cross-sectional design: The study has a cross-sectional nature, which does not allow establishment of causal relationships and assessment of
biomarker prognostic value.

Lack of validation: The classification model was not validated on an independent sample, limiting assessment of its real accuracy in clinical
practice.

Therapy influence: Most patients received medication therapy, which could affect biomarker levels and obscure some pathophysiological
differences.

Ethnic homogeneity: The study was conducted in one Ukrainian region, which may limit result generalizability to other populations with
different genetic and environmental characteristics.
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Pathophysiological Interpretation of Results

Mechanisms of Endothelial Dysfunction

Elevated CDE levels in cardiovascular diseases reflect intensification of endothelial desquamation processes due to multiple pathogenic factors.
In THD, the main mechanisms are atherosclerotic vascular damage, oxidative stress, inflammation, and lipid metabolism disturbances. In AH,
hemodynamic factors dominate—elevated blood pressure creates mechanical load on endothelium, leading to its damage and desquamation
(Kuznetsova et al., 2018).

In comorbid IHD&AH, synergistic interaction of these mechanisms is observed. Arterial hypertension accelerates atherosclerosis progression
through enhanced mechanical endothelial damage and facilitation of lipoprotein penetration into the vascular wall. Simultaneously,
atherosclerotic vascular damage leads to reduced elasticity and increased peripheral resistance, worsening blood pressure control.

Role of Metabolic Disturbances

The revealed association between endothelial dysfunction and metabolic disturbances (hypertriglyceridemia, reduced HDL, hyperglycemia)
confirms the metabolic syndrome concept as an integral cardiovascular risk factor. Triglycerides and their metabolites have direct toxic effects on
endothelium, enhancing oxidative stress and inflammation. HDL, conversely, has protective properties, providing reverse cholesterol transport
and antioxidant protection.

The metabolic syndrome index, which integrates five key components (triglycerides, HDL-cholesterol, glucose, systolic and diastolic blood
pressure), proved to be a powerful discriminant indicator. This confirms that cardiovascular diseases should be viewed not as isolated nosological
forms but as manifestations of systemic metabolic imbalance.

Interrelationship of Hemodynamic and Metabolic Factors

Identification of two main canonical roots—the "atherogenicity axis" and the "endothelial dysfunction/hemodynamics axis"—reflects the
dualistic nature of cardiovascular disease pathogenesis. The first axis characterizes metabolic disturbances that underlie atherosclerosis and IHD.
The second axis reflects hemodynamic disturbances and their consequences for endothelium, characteristic of AH.

Patients with comorbid IHD&AH occupy an intermediate position, demonstrating high values of both roots. This indicates that in comorbidity,
both pathogenetic mechanisms are simultaneously activated, explaining the more severe course and worse prognosis in these patients.

Role of Systemic Inflammation

Elevated ESR in all patient groups reflects presence of systemic inflammation, which is an important component of atherosclerosis and
cardiovascular disease pathogenesis. Inflammatory cytokines activate endothelium, increase adhesion molecule expression, stimulate monocyte
migration into the vascular wall and their transformation into macrophages, which absorb modified lipoproteins, forming foam cells—the basis of
atherosclerotic plaque.

Endothelial dysfunction, in turn, enhances inflammation through increased production of pro-inflammatory mediators and decreased synthesis of
anti-inflammatory factors such as nitric oxide. Thus, a vicious cycle of mutual reinforcement of inflammation and endothelial dysfunction is
formed.

Hemostasis Disturbances

Elevated prothrombin index in all patient groups indicates a hypercoagulable state, which is an important thrombotic complication risk factor.
Endothelial dysfunction is accompanied by reduced production of anticoagulant factors (prostacyclin, thrombomodulin, tissue plasminogen
activator) and increased synthesis of procoagulant factors (von Willebrand factor, plasminogen activator inhibitor-1).

This creates a prothrombotic state that increases risk of acute coronary syndromes, stroke, and other thromboembolic complications. Inclusion of
prothrombin index in the discriminant model emphasizes the importance of hemostasis status assessment in cardiovascular risk stratification.
Cardiorenal Continuum

The revealed changes in creatinine and urea levels reflect the interrelationship between cardiovascular and renal pathology. Elevated creatinine in
AH indicates initial renal function impairment, which can be both cause and consequence of arterial hypertension. Kidneys play a key role in
blood pressure regulation through the renin-angiotensin-aldosterone system, while chronic hypertension leads to nephrosclerosis and progressive
renal function deterioration.

The cardiorenal continuum concept assumes that cardiovascular and renal diseases share common risk factors (arterial hypertension, dyslipidemia,
diabetes mellitus) and pathogenetic mechanisms (endothelial dysfunction, inflammation, oxidative stress), and their progression occurs in parallel
with mutual potentiation.

Comparison with Previous Studies

The obtained results align with our previous investigations, which showed elevated CDE levels in cardiovascular diseases (Gozhenko et al.,
2024). In previous work, we found that CDE levels correlate with clinical manifestation severity and heart failure functional class.

In a study of AH patients complicated by alcoholism (Gozhenko et al., 2025a), we found even more pronounced elevation of CDE levels (up to
3500 cells/ml), indicating additional toxic alcohol effects on endothelium. This confirms the concept of multiple factors affecting endothelial
status in cardiovascular diseases.

In our study of IHD patients with AH comorbidity (Gozhenko et al., 2025b), we found similar dynamics of lipid spectrum and blood pressure
parameters, confirming result reproducibility.

The CDE determination method proposed by Hladovec et al. (1978) has proven its reliability and informativeness in numerous studies by various
authors. The original Hladovec et al. study showed elevated CDE levels in acute myocardial infarction and unstable angina, confirming this
method's sensitivity to acute coronary events.

Practical Recommendations

Based on the obtained results, the following practical recommendations can be formulated:

For Clinical Practice

CDE determination should be included in comprehensive examination of cardiovascular disease patients as an additional marker of endothelial
dysfunction and cardiovascular risk.

Comprehensive patient assessment should include not only traditional risk factors (blood pressure, lipid spectrum, glucose) but also integral
indicators such as metabolic syndrome index and atherogenic indices.

Ankle-brachial index should be determined in all THD patients to detect peripheral atherosclerosis and assess overall atherogenic burden.

Special attention should be paid to patients with comorbid IHD&AH, who demonstrate maximum CDE levels and metabolic disturbances and
require more intensive therapy.

Differential diagnosis between isolated AH and comorbid IHD&AH may be complicated due to biomarker profile similarity and requires
additional instrumental methods (ECG, echocardiography, coronary angiography).

For Therapy Monitoring

CDE level dynamics can be used to evaluate effectiveness of antihypertensive, antiatherosclerotic, and cardioprotective therapy.

Target biomarker levels should include not only traditional indicators (blood pressure < 140/90 mmHg, LDL-cholesterol < 3.0 mM/L) but also
CDE levels (< 1500 cells/ml) and atherogenic indices.

A comprehensive approach to metabolic disturbance correction should include not only lipid-lowering therapy but also hyperglycemia correction,
weight reduction, and lifestyle modification.

For Further Research

Prospective studies are necessary to evaluate CDE level prognostic value regarding cardiovascular events (myocardial infarction, stroke,
cardiovascular death).
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Studies of therapy effects on CDE levels will allow determination of whether CDE level reduction is a mechanism of cardioprotective action of
various drugs (statins, ACE inhibitors, angiotensin receptor blockers).

Validation of the discriminant model on independent samples from different regions and ethnic groups is necessary to assess its generalizability
and potential use in broad clinical practice.

Studies of molecular mechanisms of endothelial dysfunction and endothelial desquamation will allow identification of new therapeutic targets for
cardioprotection.

Investigation of epigenetic factors' role in endothelial dysfunction development may explain individual differences in cardiovascular disease
susceptibility and therapy response.

Innovative Aspects of the Study

The current study has several innovative aspects that distinguish it from previous work:

Comprehensive approach: First application of discriminant analysis for simultaneous evaluation of three nosological forms (IHD, AH,
comorbid IHD&AH) using 18 biomarkers.

Integral indicators: Use of metabolic syndrome index and atherogenic indices as integral cardiovascular risk markers.

Entropy analysis: Application of entropy/negentropy concept for lipidogram analysis, reflecting our group's innovative approach to studying
physiological systems (Popadynets' et al., 2020; Gozhenko et al., 2021; Popovych et al., 2022).

Multidimensional visualization: Use of three-dimensional canonical root space for visualizing inter-group relationships, allowing better
understanding of pathophysiological mechanisms.

Classification model: Development of classification functions that can be used for retrospective and prospective cardiovascular disease diagnosis.
Theoretical Significance of Results

The obtained results have important theoretical significance for understanding cardiovascular disease pathogenesis:

Confirmation of the endothelial dysfunction concept as a central link in IHD and AH pathogenesis.

Demonstration of synergistic interaction of metabolic and hemodynamic factors in comorbid IHD&AH.

Justification of the integral approach feasibility for cardiovascular risk assessment considering multiple biomarkers.

Development of the physiological entropy correlates concept applied to lipid spectrum analysis.

Confirmation of the cardiorenal continuum through detection of renal function parameter changes in cardiovascular diseases.

Perspectives for Further Research

Based on the obtained results, the following perspectives for further research can be outlined:

Prospective cohort study to evaluate CDE level prognostic value regarding cardiovascular events and mortality.

Investigation of different drug class effects (statins, ACE inhibitors, angiotensin receptor blockers, beta-blockers, calcium antagonists) on CDE
levels and other endothelial dysfunction biomarkers.

Study of genetic polymorphisms associated with increased endothelial damage susceptibility and cardiovascular disease predisposition.
Investigation of microRNA role in endothelial function regulation and their potential as endothelial dysfunction biomarkers.

Development and testing of new therapeutic approaches aimed at improving endothelial function (antioxidants, nitric oxide donors, inflammation
inhibitors).

Study of lifestyle modification effects (diet, physical activity, smoking cessation) on CDE levels and other cardiovascular risk biomarkers.
Expansion of the discriminant model by including additional biomarkers (high-sensitivity C-reactive protein, homocysteine, natriuretic peptides,
troponins) to increase diagnostic and prognostic accuracy.

Model validation in different populations considering ethnic, geographic, and socioeconomic factors.

Innovative Methodological Approaches

Integration of Multiple Biomarker Domains

One of the key innovations of our study is the simultaneous integration of biomarkers from multiple physiological domains: endothelial (CDE),
metabolic (lipids, glucose), hemodynamic (blood pressure, ABI), renal (creatinine, urea), hematological (ESR, prothrombin index), and
anthropometric (BMI, age) parameters. This holistic approach reflects our contemporary understanding that cardiovascular diseases are systemic
disorders affecting multiple organ systems simultaneously. Traditional approaches typically focus on isolated biomarker categories, which can
miss important inter-system interactions. Our discriminant model demonstrates that optimal classification accuracy is achieved only when
biomarkers from all domains are considered together, suggesting that cardiovascular pathology should be viewed through a systems biology lens
rather than through isolated pathophysiological mechanisms.

Quantification of Synergistic Effects

Demonstrating synergistic rather than additive effects in comorbid IHD and hypertension represents an important methodological advance. By
comparing observed CDE levels (2401 cells/ml) with theoretically expected additive values (1890 cells/ml), we quantified a 27% synergistic
increment. This approach can be applied to other biomarkers and disease combinations to identify conditions where comorbidity produces
disproportionate pathophysiological burden. Such quantification has direct clinical implications for risk stratification. Patients with comorbidity
cannot be adequately assessed by simply summing risks from individual conditions - multiplicative or exponential risk models may be more
appropriate. This finding supports the development of comorbidity-specific treatment algorithms that are more aggressive than those for isolated
conditions.

Canonical Root Interpretation

Interpreting canonical discriminant roots as pathophysiological axes represents a novel way to conceptualize disease mechanisms. The first root
(atherogenicity axis) and second root (endothelial dysfunction/hemodynamics axis) are not merely statistical constructs but reflect fundamental
biological processes that can be independently modulated by different therapeutic interventions. For example, statins primarily affect the
atherogenicity axis by reducing lipid levels and atherogenic indices, while antihypertensive agents primarily affect the hemodynamics axis by
reducing blood pressure and its consequences for the endothelium. This framework suggests that optimal therapy for comorbid conditions should
target both axes simultaneously, which may explain why combination therapy is often more effective than monotherapy. The three-dimensional
visualization of patient groups in canonical root space provides an intuitive way to understand disease relationships and identify patients at
boundaries between diagnostic categories who may benefit from tailored therapeutic approaches.

Molecular and Cellular Mechanisms

Endothelial Desquamation Pathways

The progressive increase in severely and terminally altered CDE forms as cardiovascular disease advances reflects activation of multiple cellular
death and detachment pathways. Endothelial cells can detach from the vascular wall through several mechanisms. Apoptosis, or programmed cell
death, is triggered by oxidative stress, inflammatory cytokines, or growth factor withdrawal, causing apoptotic endothelial cells to lose adhesion
and release into circulation. Necrosis represents uncontrolled cell death due to severe injury from extremely high blood pressure or acute
ischemia, resulting in membrane rupture and release of intracellular contents. Anoikis is a specialized form of apoptosis triggered by loss of cell-
matrix interactions, which may occur when basement membrane is degraded by matrix metalloproteinases activated during inflammation.
Mechanical detachment occurs when high shear stress from elevated blood pressure or turbulent flow at atherosclerotic plaques physically tears
endothelial cells from the vessel wall.

The predominance of severely and terminally altered forms in IHD and hypertension patients suggests that multiple death pathways are
simultaneously activated, overwhelming the endothelium's repair capacity. This contrasts with healthy individuals, where occasional endothelial
cell loss is rapidly compensated by proliferation of adjacent cells or recruitment of endothelial progenitor cells from bone marrow.

Oxidative Stress and Nitric Oxide Bioavailability

27



A central mechanism linking all observed pathophysiological changes is oxidative stress, the imbalance between reactive oxygen species
production and antioxidant defenses. Multiple factors in our patient cohorts promote oxidative stress. Hypertriglyceridemia generates ROS
through activation of NADPH oxidase. Hyperglycemia increases ROS production through glucose auto-oxidation and advanced glycation end-
product formation. Arterial hypertension activates endothelial NADPH oxidase and mitochondrial ROS production through mechanical stress.
Inflammation causes activated leukocytes and macrophages to release superoxide and other ROS.

Excessive ROS rapidly inactivate nitric oxide, the master regulator of endothelial function. NO normally maintains vasodilation, inhibits platelet
aggregation, prevents leukocyte adhesion, and suppresses smooth muscle proliferation. When NO bioavailability decreases, all these protective
functions are lost, leading to vasoconstriction, thrombosis, inflammation, and vascular remodeling—the hallmarks of endothelial dysfunction
observed in our patient cohorts. The reaction between superoxide and NO produces peroxynitrite, a highly reactive molecule that damages
proteins, lipids, and DNA, further amplifying endothelial injury. This creates a vicious cycle where oxidative stress begets more oxidative stress.
Inflammatory Cascade Activation

The elevated ESR observed in all patient groups reflects activation of a complex inflammatory cascade involving multiple cell types and
mediators. Endothelial activation upregulates expression of adhesion molecules like VCAM-1, ICAM-1, and E-selectin that capture circulating
leukocytes. Adhered monocytes migrate into the subendothelial space in response to chemokines like MCP-1. Monocytes differentiate into
macrophages and begin ingesting oxidized LDL, transforming into foam cells that form the lipid core of atherosclerotic plaques. Activated
macrophages and endothelial cells secrete pro-inflammatory cytokines including TNF-a, IL-1f, and IL-6 that amplify inflammation and stimulate
hepatic acute-phase protein production. T lymphocytes infiltrate atherosclerotic lesions and modulate inflammation through production of
interferon-y and other mediators.

This inflammatory milieu not only drives atherosclerosis progression but also destabilizes existing plaques, increasing risk of plaque rupture and
acute thrombotic events. The systemic nature of inflammation, reflected in elevated ESR, indicates that cardiovascular disease involves not just
focal vascular lesions but whole-body inflammatory activation.

Thrombotic Mechanisms

The elevated prothrombin index in all patient groups reflects a shift in hemostatic balance toward a prothrombotic state through multiple
mechanisms. Dysfunctional endothelium produces less prostacyclin, thrombomodulin, and tissue plasminogen activator, all of which normally
prevent thrombosis. Endothelial activation increases expression of tissue factor and von Willebrand factor, which promote coagulation and
platelet adhesion. Reduced NO and prostacyclin production removes normal inhibition of platelet aggregation, while inflammatory mediators
directly activate platelets. Increased production of plasminogen activator inhibitor-1, particularly in metabolic syndrome, reduces fibrin clot
breakdown.

This prothrombotic state explains why patients with IHD and hypertension are at high risk for acute thrombotic events such as myocardial
infarction and ischemic stroke. Even without complete vessel occlusion by atherosclerotic plaque, superimposed thrombosis can acutely block
blood flow, precipitating clinical events.

Metabolic Syndrome as a Unifying Concept

Insulin Resistance as a Central Driver

Although frank diabetes was not present in most of our patients, the elevated fasting glucose levels in IHD and combined IHD and hypertension
groups suggest underlying insulin resistance. Insulin resistance represents a central metabolic abnormality that links multiple components of
metabolic syndrome. In adipose tissue, insulin resistance increases lipolysis, flooding the liver with free fatty acids that are packaged into VLDL,
causing hypertriglyceridemia while HDL catabolism is accelerated, reducing HDL-cholesterol levels. Insulin resistance activates the sympathetic
nervous system and promotes sodium retention, contributing to blood pressure elevation. Adipose tissue in insulin-resistant states produces pro-
inflammatory adipokines like TNF-a, IL-6, and resistin while reducing anti-inflammatory adiponectin. Insulin normally stimulates endothelial
NO production, but in insulin-resistant states, this pathway is impaired, reducing NO bioavailability. Insulin resistance increases PAI-1
production, contributing to the prothrombotic state.

The high discriminant power of the metabolic syndrome index in our model confirms that this cluster of abnormalities represents a fundamental
pathophysiological state underlying cardiovascular disease. Therapeutic interventions targeting insulin resistance, including weight loss, exercise,
metformin, and thiazolidinediones, may therefore have pleiotropic benefits across multiple cardiovascular risk factors.

Adipose Tissue as an Endocrine Organ

The elevated BMI observed particularly in IHD patients reflects not merely excess energy storage but dysregulation of adipose tissue as an
endocrine organ. Adipose tissue, especially visceral fat, produces numerous bioactive molecules that profoundly influence cardiovascular health.
Leptin, elevated in obesity, promotes sympathetic activation and may contribute to hypertension, with leptin resistance developing similarly to
insulin resistance. Adiponectin, an anti-inflammatory insulin-sensitizing adipokine, is paradoxically reduced in obesity, with low levels
associated with increased cardiovascular risk. Resistin, a pro-inflammatory adipokine elevated in obesity, promotes insulin resistance and
endothelial dysfunction. Visfatin has insulin-mimetic properties and may be elevated as a compensatory mechanism in insulin resistance.

The balance of these adipokines shifts unfavorably in obesity, creating a pro-inflammatory, insulin-resistant, atherogenic milieu. This explains
why BMI, although not a strong discriminant variable in our model likely due to its indirect relationship to visceral adiposity, remains an
important cardiovascular risk factor.

Ectopic Fat Deposition

Beyond subcutaneous and visceral adipose depots, excess lipid accumulates in non-adipose tissues including liver, muscle, heart, and pancreas in
metabolic syndrome, a phenomenon called ectopic fat deposition. This lipotoxicity directly damages organs. Hepatic steatosis is associated with
insulin resistance, dyslipidemia, and increased cardiovascular risk. Myocardial steatosis, or lipid accumulation in heart muscle cells, impairs
contractility and increases arrhythmia risk. Pancreatic lipotoxicity contributes to B-cell dysfunction and progression from insulin resistance to
overt diabetes. Although we did not directly measure ectopic fat, the constellation of metabolic abnormalities in our IHD and combined IHD and
hypertension patients suggests its presence and contribution to cardiovascular pathology.

Cardiorenal Interactions

Bidirectional Pathophysiology

The elevated creatinine in hypertension patients and altered urea levels across groups reflect the intimate bidirectional relationship between heart
and kidneys, the cardiorenal syndrome. Heart-to-kidney effects occur when reduced cardiac output in heart failure decreases renal perfusion,
activating the renin-angiotensin-aldosterone system and causing sodium and water retention, which further stresses the heart. Kidney-to-heart
effects occur when chronic kidney disease promotes hypertension through volume overload and RAAS activation, increases cardiovascular
calcification through mineral metabolism disturbances, and causes anemia that increases cardiac workload. Common pathways damage both
organs including hypertension, diabetes, atherosclerosis, oxidative stress, and inflammation.

The inclusion of creatinine and urea in our discriminant model emphasizes that comprehensive cardiovascular assessment must include renal
function evaluation. Patients with even mild renal impairment, with estimated GFR between 60 and 89 ml/min/1.73m? have significantly
elevated cardiovascular risk compared to those with normal renal function.

Renin-Angiotensin-Aldosterone System

RAAS activation represents a key mechanism linking hypertension, endothelial dysfunction, and renal impairment. Angiotensin II causes
vasoconstriction raising blood pressure, stimulates aldosterone secretion promoting sodium retention, increases oxidative stress through NADPH
oxidase activation, promotes inflammation, and stimulates vascular smooth muscle proliferation and fibrosis. Aldosterone, beyond sodium
retention, directly damages the heart through myocardial fibrosis and blood vessels through vascular stiffening and endothelial dysfunction. Local
tissue RAAS, beyond circulating RAAS, contributes to organ damage independently of systemic effects through local angiotensin II production
in heart, vessels, and kidneys.
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The therapeutic efficacy of ACE inhibitors and angiotensin receptor blockers in cardiovascular disease reflects the central role of RAAS in
pathogenesis. These agents not only lower blood pressure but also provide direct endothelial protection, reduce oxidative stress, and slow
progression of both cardiovascular and renal disease.

Age-Related Vascular Changes

Vascular Aging and Endothelial Senescence

The progressive increase in age from controls through hypertension and IHD to combined disease, and age's inclusion in the discriminant model,
reflects fundamental age-related vascular changes. With aging, endothelial cells accumulate DNA damage, telomere shortening, and epigenetic
modifications that impair their function and regenerative capacity. Senescent endothelial cells produce less NO and more inflammatory mediators.
Elastic fibers in arterial walls fragment and are replaced by collagen, reducing arterial compliance and increasing systolic blood pressure and
pulse pressure, creating greater mechanical stress on endothelium. Chronic low-grade inflammation increases with age, driven by accumulation
of senescent cells, immune system dysregulation, and increased gut permeability allowing bacterial products into circulation. Mitochondrial
function declines with age, increasing ROS production while antioxidant defenses weaken. Endothelial progenitor cells from bone marrow, which
normally repair damaged endothelium, decline in number and function with age.

These age-related changes create a substrate upon which traditional cardiovascular risk factors act more potently. This explains why
cardiovascular disease risk increases exponentially rather than linearly with age, and why the same risk factor burden produces more severe
disease in older individuals.

Epigenetic Modifications

Emerging evidence suggests that cardiovascular risk factors induce epigenetic modifications including DNA methylation, histone modifications,
and microRNA expression changes that alter gene expression patterns in endothelial and vascular smooth muscle cells. These modifications can
persist after risk factor removal, explaining metabolic memory where prior hyperglycemia or hyperlipidemia continues to affect outcomes even
after normalization. They accumulate over time, providing a molecular mechanism for age-related increase in cardiovascular risk. They can be
transmitted to daughter cells, perpetuating dysfunctional phenotypes as cells divide. Potentially they can be reversed, offering new therapeutic
targets through epigenetic drugs or lifestyle interventions. Although we did not measure epigenetic markers, future studies incorporating such
measurements could provide deeper mechanistic insights into individual variability in cardiovascular disease susceptibility and progression.
Gender Considerations

Apparent Gender Similarity

Our finding of no significant gender differences in discriminant root positioning contrasts with well-established gender differences in
cardiovascular disease epidemiology and clinical presentation. Several factors may explain this apparent discrepancy. Most women in our study
were likely post-menopausal given mean ages of 49 to 69 years across groups, having lost the cardioprotective effects of estrogen. Pre-
menopausal women have substantially lower cardiovascular risk than age-matched men, but this advantage diminishes after menopause. Women
included in our study had already developed cardiovascular disease, representing a subset who overcame their inherent protection and may have
particularly severe risk factor profiles or genetic susceptibility. With relatively small group sizes, subtle gender differences may not reach
statistical significance even if clinically meaningful. The 18 variables in our model may not capture gender-specific pathophysiological
mechanisms, for example we did not measure sex hormones which play important roles in cardiovascular health.

Potential Gender-Specific Mechanisms

Despite similar biomarker profiles in our study, important gender differences in cardiovascular pathophysiology exist. In pre-menopausal women,
estrogen promotes endothelial NO production, has antioxidant properties, favorably affects lipid profiles by increasing HDL and decreasing LDL,
and may reduce inflammation. These protective effects are lost after menopause. Women more commonly have coronary microvascular
dysfunction without obstructive epicardial disease, which may not be fully captured by traditional biomarkers. Women tend to have higher levels
of certain inflammatory markers like high-sensitivity CRP even at similar cardiovascular risk levels as men. The cardiovascular impact of
diabetes and smoking appears particularly strong in women, potentially eliminating their inherent protection. Depression, anxiety, and
psychosocial stress may have stronger cardiovascular effects in women than men.

Future studies should specifically examine gender differences using larger samples, including pre-menopausal women, and incorporating gender-
specific biomarkers to fully characterize sex-related cardiovascular pathophysiology.

Therapeutic Implications

Targeting Multiple Pathways Simultaneously

The multifactorial nature of cardiovascular disease revealed by our discriminant analysis, with significant contributions from endothelial
dysfunction, dyslipidemia, hypertension, inflammation, and metabolic disturbances, suggests that optimal therapy must target multiple pathways
simultaneously rather than focusing on single risk factors. The common clinical practice of prescribing multiple medications including statins,
ACE inhibitors, aspirin, and beta-blockers is justified by the need to address multiple pathophysiological mechanisms. Our model suggests that
comprehensive risk reduction requires interventions affecting both the atherogenicity axis and the hemodynamics and endothelial dysfunction
axis.

Medications with multiple beneficial effects may be particularly valuable. For example, statins not only reduce LDL-cholesterol but also have
anti-inflammatory effects, improve endothelial function, and stabilize atherosclerotic plaques. Similarly, ACE inhibitors and ARBs lower blood
pressure while also providing direct endothelial protection and metabolic benefits. Lifestyle interventions including diet, exercise, weight loss,
and smoking cessation affect multiple pathways simultaneously and may be particularly cost-effective. Mediterranean diet, for example,
improves lipid profiles, reduces inflammation, lowers blood pressure, and enhances endothelial function.

Personalized Medicine Approaches

The substantial overlap between hypertension and combined disease groups in discriminant space, and the range of biomarker values within each
diagnostic category, highlight the heterogeneity within conventional disease classifications. This suggests opportunities for personalized medicine
approaches. Rather than treating all IHD patients identically, therapy could be tailored based on individual biomarker profiles. For example,
patients with particularly high CDE levels might benefit from aggressive endothelial-protective therapies, while those with predominant
metabolic abnormalities might prioritize intensive lifestyle intervention and metabolic drugs.

Position in discriminant space could supplement traditional risk scores like Framingham and SCORE for more precise risk prediction and
treatment intensity decisions. Serial assessment of discriminant function scores could track whether therapy is successfully moving patients
toward healthier biomarker profiles, allowing timely treatment adjustments. Patients with isolated hypertension who cluster near the combined
disease group in discriminant space may warrant more intensive screening for subclinical [HD.

Novel Therapeutic Targets

Our findings suggest several potential therapeutic targets that deserve further investigation. Agents that reduce endothelial cell desquamation or
promote endothelial repair, including endothelial progenitor cell therapy, NO donors, and antioxidants, could address the fundamental endothelial
dysfunction underlying cardiovascular disease. Given the role of inflammation in both atherosclerosis and endothelial dysfunction, anti-
inflammatory agents like colchicine and IL-1p inhibitors show promise in cardiovascular disease prevention. Drugs targeting insulin resistance
including metformin, GLP-1 agonists, and SGLT2 inhibitors have shown cardiovascular benefits beyond glucose control, supporting the central
role of metabolic dysfunction. While simple antioxidant vitamins have disappointed in clinical trials, more targeted approaches including
mitochondrial-targeted antioxidants and NADPH oxidase inhibitors may prove beneficial. As understanding of cardiovascular epigenetics grows,
drugs targeting DNA methylation or histone modification may offer novel therapeutic approaches.
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Public Health Perspectives

Prevention Strategies

Our findings have important implications for cardiovascular disease prevention at the population level. The synergistic effects observed in
comorbid disease emphasize the importance of preventing progression from single to multiple risk factors. Public health efforts should target
individuals with isolated risk factors like borderline hypertension or mild dyslipidemia before they develop multiple conditions. The strong
discriminant power of the metabolic syndrome index suggests that interventions addressing this cluster, including weight management, physical
activity promotion, and dietary modification, could have substantial population-level benefits. Population screening for endothelial dysfunction
markers like CDE could identify high-risk individuals before clinical events occur, enabling earlier intervention, though cost-effectiveness
analyses would be needed to determine optimal screening strategies. Understanding why some individuals develop cardiovascular disease at
younger ages or with fewer traditional risk factors, potentially related to genetic susceptibility, environmental exposures, or psychosocial stress,
could guide targeted prevention efforts in vulnerable populations.

Healthcare System Implications

The complexity of cardiovascular disease management revealed by our study has implications for healthcare delivery. The interconnections
between cardiac, renal, metabolic, and vascular pathology suggest that fragmented specialist care may be suboptimal. Integrated care models with
coordinated management of multiple organ systems may improve outcomes. Structured programs providing patient education, medication
adherence support, lifestyle counseling, and regular monitoring may be particularly valuable for patients with comorbid conditions who require
complex multi-drug regimens. Given the high prevalence of cardiovascular disease and its risk factors, primary care providers must have tools
and training for comprehensive risk assessment and management. Discriminant models like ours could be implemented in electronic health
records to assist clinical decision-making. The high classification accuracy of our model suggests that biomarker-based risk stratification could
help allocate intensive interventions like cardiac rehabilitation and intensive case management to those most likely to benefit.

Future Research Directions

Longitudinal Studies

The cross-sectional nature of our study limits causal inference. Prospective longitudinal studies are needed to establish temporal relationships and
determine whether elevated CDE levels precede clinical cardiovascular events or are merely concurrent markers. Studies should assess prognostic
value by evaluating whether CDE levels and discriminant function scores predict future myocardial infarction, stroke, heart failure, or
cardiovascular mortality independently of traditional risk factors. Monitoring disease progression by tracking how biomarker profiles evolve as
patients transition from health to single risk factors to established disease to complications would be valuable. Evaluating therapeutic effects by
assessing whether interventions that reduce CDE levels or improve discriminant function scores translate into better clinical outcomes is essential.
Mechanistic Studies

Deeper mechanistic investigations could address several questions. Using transcriptomics, proteomics, and metabolomics to identify molecular
signatures associated with different positions in discriminant space would provide insights. Genome-wide association studies could identify
genetic variants associated with high CDE levels or rapid cardiovascular disease progression. In vitro studies of endothelial cells exposed to
serum from different patient groups could identify circulating factors promoting desquamation. Experimental studies in animal models of
hypertension, atherosclerosis, and metabolic syndrome could test causal relationships and therapeutic interventions.

Validation and Extension

To enhance clinical applicability, external validation testing the discriminant model in independent cohorts from different geographic regions,
ethnic groups, and healthcare settings is needed. Expanded biomarker panels incorporating additional markers like high-sensitivity troponin, NT-
proBNP, galectin-3, and microRNAs might improve discrimination. Simplified models using fewer, more easily measured variables could be
developed for use in resource-limited settings. Clinical trial integration incorporating CDE measurement and discriminant analysis into
cardiovascular outcome trials would assess their value as surrogate endpoints.

Intervention Studies

Targeted intervention studies could test several hypotheses. Randomized trials of agents specifically targeting endothelial function, including
tetrahydrobiopterin, L-arginine, and antioxidants, with CDE levels as primary endpoint would be valuable. Comparing intensive simultaneous
management of all risk factors versus standard care in patients with comorbid conditions could demonstrate benefits of comprehensive
approaches. Rigorously evaluating effects of specific dietary patterns, exercise programs, and stress reduction techniques on CDE levels and
discriminant function scores would inform lifestyle recommendations. Testing whether biomarker-guided treatment selection improves outcomes
compared to guideline-based care would validate personalized approaches.

Integrative Pathophysiological Model

The Endothelial Dysfunction-Metabolic Syndrome-Inflammation Triad

Based on our findings, we propose an integrative pathophysiological model wherein endothelial dysfunction, metabolic syndrome, and chronic
inflammation form a self-reinforcing triad that drives cardiovascular disease progression. Endothelial dysfunction initiates and perpetuates the
pathological cascade through multiple mechanisms including reduced NO bioavailability impairing vasodilation and increasing blood pressure,
loss of anti-adhesive properties promoting leukocyte infiltration, decreased anticoagulant factor production shifting hemostatic balance toward
thrombosis, increased permeability allowing lipoproteins to penetrate the arterial wall, and pro-inflammatory phenotype amplifying systemic
inflammation.

Metabolic syndrome provides the metabolic substrate that damages endothelium through hypertriglyceridemia generating toxic lipid metabolites
and increasing oxidative stress, low HDL-cholesterol reducing reverse cholesterol transport and antioxidant protection, hyperglycemia causing
protein glycation and advanced glycation end-product formation, insulin resistance impairing endothelial NO production and promoting
inflammation, and visceral adiposity producing pro-inflammatory adipokines.

Chronic inflammation serves as both consequence and cause of the other two components. Inflammatory cytokines directly damage endothelium
and promote desquamation. Oxidative stress from activated leukocytes inactivates NO. Inflammatory mediators worsen insulin resistance. Acute-
phase proteins alter lipid metabolism, lowering HDL and modifying LDL. Inflammation activates coagulation cascades.

Each component amplifies the others, creating positive feedback loops that accelerate disease progression. For example, endothelial dysfunction
increases vascular permeability to lipoproteins, promoting atherosclerosis. Atherosclerotic plaques recruit inflammatory cells. Inflammation
worsens insulin resistance. Insulin resistance increases dyslipidemia. Dyslipidemia further damages endothelium, completing the cycle.

This model explains several key observations from our study. Synergistic effects in comorbidity occur when multiple risk factors coexist,
activating all three components of the triad simultaneously and producing disproportionate pathology. Two discriminant axes emerge because the
atherogenicity axis reflects primarily metabolic syndrome components, while the hemodynamics and endothelial dysfunction axis reflects blood
pressure effects and their endothelial consequences. Gradual progression from initially altered to severely and terminally altered CDE forms
reflects progressive endothelial damage as the triad intensifies over time. The systemic nature is evident as elevated ESR, altered renal function,
and hypercoagulability all reflect the pathological process extending beyond focal vascular lesions.

Critical Thresholds and Tipping Points

Our data suggest that cardiovascular pathophysiology may involve critical thresholds where quantitative changes in biomarkers produce
qualitative changes in disease state. A CDE threshold around 1500 cells/ml appears significant. Below this level, observed in healthy controls and
some hypertension patients, endothelial damage appears to be compensated by repair mechanisms. Above this threshold, seen in most IHD and
combined disease patients, damage exceeds repair capacity, leading to progressive endothelial dysfunction.
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An atherogenic index threshold around 2.5 is evident. Klimov's atherogenic index below 2.5, characteristic of controls and most hypertension
patients, is associated with relatively preserved endothelial function, while values above 2.5 in IHD and combined disease correlate with
significant atherosclerotic burden. A metabolic syndrome threshold above 1.0 Z-score clearly separates metabolically healthy individuals from
those with significant metabolic dysregulation. A blood pressure threshold around 95 mmHg diastolic shows disproportionate association with
endothelial damage, possibly reflecting a critical threshold for mechanical endothelial injury.

These thresholds suggest that cardiovascular disease prevention and treatment should aim not just for gradual risk factor improvement but for
achieving specific target levels that keep patients below critical thresholds. This concept supports guideline-based treatment targets like blood
pressure below 130/80 mmHg and LDL-cholesterol below 2.6 mmol/L rather than accepting improved but still elevated risk factor levels.
Temporal Dynamics and Disease Trajectories

Although our cross-sectional study provides a snapshot of disease states, the data allow inference of potential disease trajectories. A metabolic-
first pathway progresses from health to metabolic syndrome to IHD to combined disease. This trajectory, likely common in patients with obesity
and sedentary lifestyle, begins with metabolic disturbances including insulin resistance and dyslipidemia that gradually damage endothelium and
promote atherosclerosis. Hypertension develops later as a consequence of endothelial dysfunction, arterial stiffening, and possibly renal
involvement.

A hypertension-first pathway progresses from health to hypertension to combined disease. This trajectory, possibly more common in patients
with genetic hypertension predisposition or high salt intake, begins with blood pressure elevation that mechanically damages endothelium and
accelerates atherosclerosis. Metabolic disturbances may develop secondarily due to chronic inflammation and medication effects.

A parallel progression pathway involves multiple risk factors developing simultaneously, leading directly to comorbid disease without a
prolonged period of isolated conditions. This trajectory may result from genetic susceptibility, adverse childhood experiences, or major lifestyle
changes.

The substantial overlap between hypertension and combined disease groups in our discriminant analysis suggests that many patients classified as
having isolated hypertension may actually be in transition toward comorbid disease, with subclinical atherosclerosis not yet manifesting as
clinical IHD. This underscores the importance of aggressive risk factor management even in apparently isolated conditions.

Compensatory Mechanisms and Decompensation

The relatively preserved function in some patients despite elevated biomarkers suggests important compensatory mechanisms. Endothelial
progenitor cells from bone marrow can home to sites of injury and differentiate into mature endothelial cells, repairing damaged endothelium.
Individual variation in progenitor cell number and function may explain why some patients tolerate risk factors better than others. In response to
progressive arterial stenosis, new collateral vessels can develop, maintaining tissue perfusion despite reduced flow through primary vessels.
Patients with robust collateral formation may remain asymptomatic despite significant atherosclerotic disease.

Tissues can adapt to insulin resistance by upregulating glucose transporters and altering metabolic pathways, though these adaptations eventually
fail, leading to overt diabetes and accelerated cardiovascular disease. The heart initially compensates for increased afterload from hypertension or
reduced coronary perfusion from atherosclerosis through hypertrophy, but prolonged hypertrophy leads to diastolic dysfunction, fibrosis, and
eventually heart failure. Kidneys initially maintain function despite vascular damage through hyperfiltration in remaining nephrons, but this
adaptation accelerates nephron loss, eventually leading to chronic kidney disease.

Understanding these compensatory mechanisms has therapeutic implications. Interventions that enhance compensation, such as exercise training
to improve collateral circulation or medications that reduce pathological cardiac remodeling, may be as important as those directly reducing risk
factors.

Biomarker Biology and Measurement Considerations

Circulating Desquamated Endotheliocytes: Technical Aspects

The Hladovec method for CDE enumeration, while well-established, has important technical considerations that affect interpretation. CDE levels
may vary diurnally and in relation to meals, physical activity, and medication timing. Standardized sampling conditions including fasting,
morning collection, and rest before sampling minimize variability. CDE are fragile cells that can be damaged during blood collection and
processing. Gentle handling, appropriate anticoagulants, and prompt processing are essential for accurate quantification. Distinguishing initially,
severely, and terminally altered CDE requires trained observers and standardized criteria. Inter-observer variability can be significant and should
be minimized through training and quality control.

Even in stable patients, CDE levels show day-to-day variation. Serial measurements may be needed to establish an individual's baseline and
detect meaningful changes. Acute illnesses, recent procedures like angiography, and certain medications may acutely affect CDE levels
independent of chronic cardiovascular disease status. Despite these considerations, the strong discriminant power of CDE measurements in our
study confirms their biological relevance and clinical utility when measured under standardized conditions.

Lipid Measurements: Beyond Standard Panels

While we measured standard lipid panel components including total cholesterol, triglycerides, HDL-cholesterol, and calculated LDL-cholesterol,
emerging evidence suggests that additional lipid measurements may provide incremental information. Apolipoprotein B directly measures the
number of atherogenic lipoprotein particles, which may be a better risk indicator than LDL-cholesterol concentration, especially when
triglycerides are elevated. Lipoprotein(a) is a genetically determined lipoprotein and independent cardiovascular risk factor not captured by
standard lipid panels. Remnant cholesterol in triglyceride-rich lipoprotein remnants is increasingly recognized as highly atherogenic.

LDL particle size matters because small, dense LDL particles are more atherogenic than large, buoyant particles at the same LDL-cholesterol
concentration. Oxidative modification of LDL is a key step in atherogenesis, so direct measurement of oxidized LDL may better reflect
atherogenic potential. HDL particles vary in their cholesterol efflux capacity and anti-inflammatory properties, so functional assays may be more
informative than simple HDL-cholesterol concentration. Future iterations of discriminant models incorporating these advanced lipid
measurements might achieve even better classification accuracy and provide more mechanistic insights.

Blood Pressure Measurement: Clinic vs. Ambulatory

Our study used clinic blood pressure measurements, which have important limitations. Blood pressure measured in clinical settings may be
elevated due to anxiety, the white coat effect, overestimating true hypertension burden. Conversely, some patients have normal clinic pressures
but elevated ambulatory pressures, masked hypertension, underestimating cardiovascular risk. Nighttime blood pressure and the normal nocturnal
dip are important prognostic factors not captured by clinic measurements. Single or few clinic measurements may not represent usual blood
pressure, which varies throughout the day.

Ambulatory blood pressure monitoring provides more comprehensive assessment with 24-hour profiles, detection of nocturnal hypertension and
non-dipping patterns, and better correlation with target organ damage. Future studies incorporating ABPM data might reveal stronger associations
between blood pressure patterns and endothelial dysfunction.

Emerging Biomarkers for Future Studies

Several emerging biomarkers not measured in our study warrant consideration for future investigations. High-sensitivity troponin, even with
slight elevations below the threshold for myocardial infarction diagnosis, indicates myocardial injury and predicts adverse outcomes. Natriuretic
peptides including BNP and NT-proBNP are markers of cardiac stretch and dysfunction that predict heart failure and cardiovascular events.
Galectin-3 is a marker of cardiac fibrosis associated with heart failure progression. ST2 is another cardiac fibrosis marker with prognostic value
in heart failure and acute coronary syndromes.

High-sensitivity CRP is an inflammatory marker that adds prognostic information beyond traditional risk factors. Myeloperoxidase is an enzyme
released by activated leukocytes that promotes oxidative modification of lipoproteins. Asymmetric dimethylarginine is an endogenous NO
synthase inhibitor that accumulates in renal disease and correlates with endothelial dysfunction. MicroRNAs are small regulatory RNAs released
into circulation that reflect tissue-specific pathological processes and may serve as sensitive biomarkers. Circulating endothelial progenitor cells,
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in contrast to desquamated endothelial cells which indicate damage, indicate repair capacity. The balance between damage and repair may be
particularly informative.

Integration of these markers into comprehensive discriminant models could provide even more precise disease characterization and risk
prediction.

Statistical and Methodological Considerations

Strengths of the Discriminant Approach

Our use of discriminant analysis offers several advantages over alternative statistical approaches. Unlike univariate comparisons, discriminant
analysis simultaneously considers all variables, capturing complex interactions and patterns not evident from individual biomarkers. The three
canonical roots provide an interpretable lower-dimensional representation of the 18-dimensional biomarker space, facilitating visualization and
conceptual understanding. The derived classification functions allow prospective classification of new patients, providing clinical utility beyond
retrospective analysis. Mahalanobis distances quantify the degree of separation between groups, providing objective measures of diagnostic
distinctiveness. The method includes formal tests of assumptions including multivariate normality and homogeneity of covariance matrices that
were satisfied in our data.

Handling of Multicollinearity

The exclusion of several variables due to low tolerance below 0.10 reflects appropriate handling of multicollinearity. Variables like severely and
terminally altered CDE, while biologically interesting, were mathematically redundant with total altered CDE and would have destabilized the
model without adding unique information. This approach of retaining the most informative variable from collinear sets is preferable to
alternatives like principal components analysis that create abstract composite variables difficult to interpret clinically. The trade-off is loss of
some specific information, such as the distribution of CDE alteration stages, in favor of model stability and interpretability.

Sample Size Considerations

Our total sample size of 142 is adequate for discriminant analysis with 18 variables, meeting the general guideline of at least 20 cases per variable,
though 360 would be ideal. However, individual group sizes ranging from 21 to 58 are modest, which has implications. Smaller groups have less
power to detect subtle differences, potentially causing us to miss some true associations, though the highly significant results we did obtain are
likely to be robust. Discriminant function coefficients may be somewhat unstable with small samples, potentially limiting generalizability,
making external validation particularly important. The sample size precludes detailed subgroup analyses by age strata, gender, or medication
classes that might reveal important effect modifiers. Unusual biomarker combinations that occur in small numbers of patients may not be
adequately represented.

Future studies with larger samples would allow more sophisticated analyses including cross-validation with training and test sets, bootstrap
resampling to assess estimate stability, subgroup analyses to identify effect modifiers, non-linear modeling approaches like machine learning
algorithms, and longitudinal analyses with repeated measurements.

Potential Biases and Confounding

Several potential biases warrant consideration. Patients were recruited from a single medical center, potentially limiting generalizability to other
populations or healthcare settings. Referral patterns may have enriched our sample for more severe or complex cases, representing selection bias.
Biomarkers were measured by specific laboratory methods and different assays might yield somewhat different results, representing measurement
bias. Standardization across laboratories remains a challenge.

Most patients were receiving cardiovascular medications, which affect biomarker levels. Our results therefore reflect treated disease states rather
than natural history. Ideally, analyses would adjust for medication use, but sample size limitations precluded detailed medication-stratified
analyses. Patients with the most severe disease may have died before enrollment, potentially underestimating the true severity of biomarker
abnormalities in advanced disease, representing survival bias.

Cross-sectional sampling captures patients at various disease stages, but we cannot determine how long they have had their conditions or how
rapidly disease is progressing, representing temporal bias. Associations between biomarkers and disease groups may be confounded by
unmeasured factors that influence both. For example, socioeconomic status might affect both lifestyle risk factors and access to preventive care,
representing confounding by indication.

Despite these limitations, the biological plausibility of findings, consistency with previous research, and strong statistical significance support the
validity of our conclusions.

Alternative Analytical Approaches

While discriminant analysis was appropriate for our research questions, alternative approaches could provide complementary insights. For binary
outcomes like IHD versus no IHD, logistic regression provides odds ratios that are often more clinically interpretable than discriminant functions.
For multiple categories, multinomial logistic regression is similar to discriminant analysis but makes fewer distributional assumptions. Machine
learning algorithms including random forests, support vector machines, and neural networks might achieve higher classification accuracy,
especially with larger datasets, though at the cost of interpretability.

Structural equation modeling could test specific hypothesized causal pathways such as metabolic syndrome leading to endothelial dysfunction
leading to atherosclerosis. Rather than using predefined diagnostic categories, cluster analysis could identify natural groupings based on
biomarker patterns, potentially revealing unrecognized disease subtypes. Examining correlations among biomarkers as a network could reveal
central hub variables and distinct pathophysiological modules through network analysis.

Each approach has strengths and limitations. The optimal choice depends on research questions, data characteristics, and intended applications.
Clinical Implementation Strategies

Integration into Clinical Workflow

For our discriminant model to impact patient care, it must be practically integrated into clinical workflows. Discriminant function calculations
could be automated within electronic health record systems, providing real-time risk scores when relevant laboratory and clinical data are entered.
Pop-up alerts could notify clinicians when patients' biomarker profiles suggest higher risk than their diagnostic category alone would indicate,
prompting consideration of intensified therapy as decision support tools.

Visualizations of patients' positions in discriminant space, such as distance from healthy reference range, could be shared with patients through
patient portals to enhance understanding and motivation for lifestyle changes. Discriminant scores could help primary care providers identify
patients who would benefit from specialist referral or intensive risk reduction programs as referral criteria. Healthcare systems could track
population-level changes in discriminant scores as a quality metric for cardiovascular disease management programs.

Cost-Effectiveness Considerations

Implementation of comprehensive biomarker panels raises cost-effectiveness questions. While some biomarkers like lipids, glucose, and
creatinine are routinely measured, others like CDE enumeration require specialized techniques and trained personnel, increasing measurement
costs. The key question is whether the discriminant model provides sufficient incremental prognostic or therapeutic information beyond simpler,
cheaper approaches to justify additional costs.

Rather than universal screening, the model might be most cost-effective when applied to specific populations such as patients with intermediate
risk by traditional scores or those with treatment-resistant hypertension, representing targeted application. If biomarker-guided therapy prevents
cardiovascular events, the costs of testing may be offset by savings from avoided hospitalizations, procedures, and disability, representing
downstream savings. Formal cost-effectiveness analyses comparing discriminant model-guided care versus standard care would be valuable for
healthcare policy decisions through comparative effectiveness research.

Educational Initiatives

Successful clinical implementation requires education of multiple stakeholders. Healthcare providers need training in interpreting discriminant
scores, understanding their limitations, and incorporating them into clinical decision-making alongside other information for clinician education.
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Standardized protocols for CDE enumeration and quality control procedures must be established and disseminated for laboratory personnel.
Patients need clear explanations of what biomarkers mean, how they relate to cardiovascular risk, and what actions they can take to improve their
profiles for patient education. Population-level awareness of endothelial health and metabolic syndrome could motivate preventive behaviors
before disease develops through public health messaging.

Regulatory and Reimbursement Pathways

For widespread adoption, regulatory approval and insurance reimbursement are necessary. If the discriminant model is marketed as a diagnostic
or prognostic tool, it may require regulatory approval such as FDA clearance in the United States, demonstrating analytical validity, clinical
validity, and clinical utility. Insurance companies and government payers must be convinced that the test provides value justifying reimbursement,
which typically requires evidence of improved outcomes or cost savings.

Incorporation into professional society guidelines from organizations like the American Heart Association or European Society of Cardiology
would accelerate adoption by providing authoritative recommendations. Studies directly comparing outcomes with and without discriminant
model-guided care would provide the strongest evidence for clinical utility through comparative effectiveness research.

Broader Scientific Context

Evolution of Cardiovascular Risk Assessment

Our study represents the latest step in the evolution of cardiovascular risk assessment. In the 1960s and 1970s, major risk factors including
hypertension, hypercholesterolemia, smoking, and diabetes were identified through epidemiological studies like the Framingham Heart Study. In
the 1980s and 1990s, multivariable risk scores integrating multiple traditional risk factors for quantitative risk prediction were developed. In the
2000s, inflammation's role was recognized and novel biomarkers including high-sensitivity CRP, homocysteine, and lipoprotein(a) were
introduced. In the 2010s, imaging markers including coronary calcium score and carotid intima-media thickness were incorporated for direct
atherosclerosis assessment. In the 2020s, integration of multiple biomarker domains including metabolic, inflammatory, endothelial, cardiac, and
renal markers using advanced statistical and machine learning approaches represents the paradigm our study exemplifies.

The trend is toward increasingly comprehensive, personalized risk assessment that captures multiple pathophysiological dimensions. Future
iterations may incorporate genetic risk scores, epigenetic markers, microbiome profiles, and environmental exposures for truly holistic risk
characterization.

Convergence with Precision Medicine

Our findings align with the broader precision medicine movement. Rather than relying solely on clinical diagnoses, precision medicine
emphasizes detailed molecular characterization of individual patients through molecular phenotyping. Treatment selection is guided by individual
molecular profiles rather than one-size-fits-all approaches through targeted therapies. Advanced analytics identify patients most likely to benefit
from specific interventions through predictive modeling. Serial biomarker assessments track disease evolution and treatment response in real-time
through continuous monitoring.

Cardiovascular disease is well-suited to precision medicine approaches given its multifactorial nature, the availability of multiple therapeutic
options with different mechanisms, and the existence of measurable biomarkers reflecting distinct pathophysiological processes.

Systems Biology Perspective

Our integrative model exemplifies a systems biology approach to cardiovascular disease. Rather than viewing risk factors as independent,
systems biology recognizes complex networks of interactions among genes, proteins, metabolites, cells, and organs through network interactions.
Cardiovascular disease phenotypes emerge from network-level properties not predictable from individual components alone, explaining
synergistic effects in comorbidity as emergent properties. Positive feedback loops such as inflammation leading to endothelial dysfunction
leading to more inflammation, and negative feedback loops such as blood pressure triggering baroreceptor activation leading to sympathetic
inhibition, determine system dynamics.

Therapeutic interventions perturb the network, and systems biology approaches can predict how perturbations propagate through the network to
affect multiple endpoints as perturbation responses. Future applications might construct individual-specific network models based on
comprehensive molecular profiling, enabling simulation of treatment responses before actual drug administration through personalized network
models.

This systems perspective explains why single-target therapies often have modest effects while multi-targeted interventions including
polypharmacy and comprehensive lifestyle modification can produce dramatic benefits. They simultaneously perturb multiple network nodes,
shifting the entire system toward a healthier state.

Translational Research Pipeline

Our study occupies a specific position in the translational research pipeline. TO basic research includes laboratory studies elucidating molecular
mechanisms of endothelial dysfunction, atherosclerosis, and metabolic syndrome. T1 translation to humans includes our study characterizing
biomarker patterns in human disease and establishing proof-of-concept for the discriminant approach. T2 translation to patients, needed next,
includes clinical trials testing whether discriminant model-guided therapy improves patient outcomes. T3 translation to practice, the subsequent
step, includes implementation studies assessing real-world effectiveness, cost-effectiveness, and optimal delivery strategies. T4 translation to
populations, the final step, includes population health studies evaluating impact on community-level cardiovascular disease burden and health
disparities.

Successful translation requires sustained effort across all stages. Many promising biomarkers fail in later stages despite strong early evidence,
emphasizing the need for rigorous validation and implementation research.

Philosophical and Ethical Considerations

Reductionism vs. Holism in Medicine

Our study navigates the tension between reductionist and holistic approaches to disease. The reductionist view holds that diseases result from
specific molecular abnormalities, such as LDL receptor defects causing familial hypercholesterolemia, that can be targeted with specific therapies.
The holistic view holds that diseases emerge from complex interactions among multiple factors including genetic, environmental, behavioral, and
social factors, requiring comprehensive, multi-level interventions.

Cardiovascular disease exemplifies the limitations of pure reductionism because no single molecular defect explains most cases. Yet pure holism,
without mechanistic understanding, provides limited therapeutic guidance. Our integrative approach, identifying distinct pathophysiological axes
while recognizing their interactions, represents a middle path that is mechanistically grounded yet acknowledges complexity.

Medicalization and Disease Definitions

Our study raises questions about disease boundaries and medicalization. Biomarkers like blood pressure and cholesterol exist on continua, and
diagnostic thresholds are somewhat arbitrary, chosen to balance sensitivity and specificity, representing the continuous versus categorical nature
of disease. As diagnostic criteria broaden, such as lowering blood pressure thresholds for hypertension, more people are labeled as diseased,
potentially leading to overtreatment through expanding definitions.

Biomarker abnormalities without symptoms, such as elevated CDE in asymptomatic individuals, raise questions about when intervention is
appropriate as subclinical disease. Is someone with multiple risk factors but no clinical events diseased? The distinction between risk state and
disease state becomes blurred in the risk versus disease question.

These issues have no simple answers but require thoughtful consideration of benefits and harms of labeling and treating based on biomarker
profiles.

Health Equity Implications

Implementation of comprehensive biomarker assessment raises equity concerns. If advanced biomarker testing is available only in well-resourced
healthcare settings, health disparities may widen through access disparities. Even with insurance coverage, copayments for multiple tests may be
prohibitive for low-income patients, creating cost barriers. Interpreting complex biomarker profiles requires health literacy that is unequally
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distributed across populations. Cardiovascular risk reflects not just individual choices but also genetic inheritance and environmental exposures
including pollution, food deserts, and chronic stress that are inequitably distributed, representing genetic and environmental justice concerns.
Responsible implementation requires attention to equity, ensuring that advances benefit all populations rather than only the privileged. This might
include subsidized testing for low-income patients, simplified testing protocols for resource-limited settings, community-based interventions
addressing social determinants of cardiovascular health, and policy changes reducing environmental and structural contributors to cardiovascular
risk.

Informed Consent and Patient Autonomy

Use of comprehensive biomarker profiles in clinical care raises informed consent issues. Can patients truly understand what discriminant function
scores mean and their limitations, representing the challenge of understanding complexity? Learning about elevated cardiovascular risk may
cause anxiety, raising the question of how to balance honest communication with avoiding unnecessary distress as psychological impact. If
biomarker abnormalities are detected but optimal treatment is uncertain, what should patients be told, representing uncertain actionability?
Comprehensive testing may reveal abnormalities unrelated to the primary indication, raising questions about how these should be managed as
incidental findings. Do patients have the right to decline biomarker testing even if clinically indicated, representing the right not to know?
Respecting patient autonomy requires clear communication, shared decision-making, and recognition that patients may make different choices
about testing and treatment based on their values and preferences.

Concluding Synthesis

This comprehensive investigation of circulating desquamated endotheliocytes, lipid spectrum parameters, and multiple additional biomarkers in
patients with ischemic heart disease, arterial hypertension, and their comorbidity has illuminated the complex, multifactorial nature of
cardiovascular pathophysiology. The discriminant analysis framework proved highly effective for integrating diverse biomarkers into a coherent
model that both characterizes disease states and provides mechanistic insights.

Several overarching themes emerge from this work. The disproportionate elevation of endothelial damage markers in comorbid THD and
hypertension, exceeding what would be expected from simple addition of individual disease effects, demonstrates that comorbid conditions
interact synergistically rather than additively, representing synergy in comorbidity. This has profound implications for risk stratification and
treatment intensity decisions. The identification of distinct canonical roots representing atherogenicity and metabolism on one hand and
hemodynamics and endothelial dysfunction on the other confirms that cardiovascular disease cannot be reduced to a single pathological process,
representing multiple pathophysiological dimensions. Optimal assessment and treatment must address multiple dimensions simultaneously.

The strong discriminant power of CDE measurements validates the concept of endothelial dysfunction as a central integrating mechanism linking
diverse risk factors to clinical cardiovascular disease, representing the central role of endothelial dysfunction. The endothelium serves as both
target and mediator of cardiovascular pathology. The metabolic syndrome index's prominence in the discriminant model supports viewing
cardiovascular disease through a metabolic lens, with insulin resistance, dyslipidemia, and associated abnormalities playing central pathogenic
roles, representing metabolic syndrome as a unifying framework.

The involvement of renal function markers, inflammatory indicators, and hemostatic parameters underscores that cardiovascular disease is not
merely a vascular disorder but a systemic condition affecting multiple organ systems, representing the systemic nature of cardiovascular disease.
The substantial overlap between hypertension and combined disease groups in biomarker space highlights the difficulty of distinguishing isolated
from comorbid conditions and suggests that many patients with apparent isolated hypertension may have subclinical atherosclerotic disease,
representing challenges in differential diagnosis.

The heterogeneity within diagnostic categories and the continuous nature of biomarker distributions argue for personalized, biomarker-guided
approaches rather than rigid application of categorical diagnoses, representing the need for personalized approaches.

These insights advance both scientific understanding and clinical practice. Scientifically, they support an integrative systems biology perspective
on cardiovascular disease, recognizing complex interactions among endothelial, metabolic, inflammatory, and hemodynamic processes.
Clinically, they provide a framework for more comprehensive risk assessment and suggest that optimal therapy must be multi-targeted,
addressing multiple pathophysiological dimensions simultaneously.

The path forward requires validation of these findings in larger, more diverse populations, prospective studies establishing the prognostic value of
discriminant models, intervention trials testing whether biomarker-guided therapy improves outcomes, and implementation research ensuring that
advances benefit all patients equitably. As cardiovascular medicine continues its evolution toward precision and personalization, integrative
approaches like ours, combining traditional and novel biomarkers with advanced analytics, will play an increasingly central role.

Ultimately, this work reinforces a fundamental truth: cardiovascular health and disease reflect the integrated function of multiple biological
systems operating across multiple scales from molecules to organs to the whole person. Understanding and optimizing cardiovascular health
requires approaches that match this complexity, including comprehensive assessment, multi-targeted intervention, and continuous adaptation
based on individual responses. The discriminant model presented here represents one step toward this vision of truly personalized, precision
cardiovascular medicine.

CONCLUSIONS

Conclusion 1: Statistically Significant Inter-Group Differentiation in Circulating Desquamated Endotheliocyte Levels

Mathematical Foundation:

One-way analysis of variance (ANOVA) revealed statistically significant differences in total altered circulating endothelial cell (ACEC total)
levels across the four groups:

F(3,138) =4.515; p=0.005; n*> = 0.089

Cohen's f Effect Size Calculation:

£=m/(1-1?)) = V(0.089/0.911) = V0.0977 = 0.313

This corresponds to a medium effect size according to Cohen's classification (f = 0.25 represents a medium effect).

Actual ACEC Total Levels (M£SE):

Control: 1055455 cells/ml

Hypertension: 1789+324 cells/ml (+69.5%; Z = +2.91)

IHD&Hypertension: 24014227 cells/ml (+127.5%; Z = +5.43)

IHD: 1990199 cells/ml (+88.6%; Z = +4.82)

Statistical Power of the Test:

A= xN=0.3132x142=13.92

With A= 13.92, dfi = 3, a = 0.05: Power ~ 0.92 (92%)

Conclusion: ACEC levels serve as a reliable biomarker for differentiating cardiovascular diseases with a Type I error probability of less than
0.5% and 92% statistical power.

Conclusion 2: The 18-Biomarker Discriminant Model Provides High Inter-Group Separation
Mathematical Foundation:

Multivariate discriminant analysis using Wilks' Lambda criterion:

A =|W|/|T|=0.084

where W represents the within-group scatter matrix and T represents the total scatter matrix.
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Bartlett's Transformation of A to y*:

X =-[N-1-(p+k)y2] xIn(A)

¥ =-[142-1- (18 +4)/2] x In(0.084)

¥ =-[141-11] % (-2.477) =130 x 2.477 =322.0

df=px(k-1)=18 x3 =54

p<l10°

Coefficient of Determination:
2=1-A=1-0.084=0.916

The model explains 91.6% of inter-group variability.

F-Statistic Approximation:

F(54,4) = [(1 - A7(1/8))/A(1/s)] * (dfo/dfi) = 8.7, p < 107°

where s is the minimum of (p, k-1).

Conclusion: The 18 biomarkers form a highly effective discriminant system that almost completely (91.6%) separates the four groups with

extremely high statistical significance (p < 10°°).

Conclusion 3: The First Canonical Root Reflects an "Atherogenicity Axis" Dominated by Metabolic Factors
Mathematical Foundation:

The first canonical root is characterized by:

r* = 0.840; Eigenvalue = 2.389

Significance Test:

A1=0.084; *(54) =322.0;p< 10°°

Percentage of Discrimination:

Proportion: = 2.389/(2.389 + 1.852 + 0.231) = 2.389/4.472 = 0.534 (53.4%)

Highest Variable Correlations with Root 1:

Variable r r % Explained Variance
Triglycerides 0.383 0.147 14.7%
Dobiasova-Frohlich Atherogenic Index 0.344 0.118 11.8%
Klimov Atherogenic Index 0.335 0.112 11.2%

Age 0.326 0.106 10.6%

Group Centroids Along Root 1:

Control: -1.50

Hypertension: -1.37

IHD&Hypertension: -0.32

[HD: +2.53

Statistical Significance of Difference Between Extreme Groups:

t=1[2.53 - (-1.50)]/SE_difference = 4.03/SE

With SE=0.25: t= 16.1; p <107°

Conclusion: The first root is a powerful discriminator (53.4% of discrimination) that separates IHD patients through the maximum atherogenicity
of their metabolic profile.

Conclusion 4: The Second Canonical Root Represents an ""Endothelial Dysfunction and Hemodynamic Disturbance Axis"
Mathematical Foundation:

The second canonical root:

r* = 0.806; Eigenvalue = 1.852

Significance Test (after removing Root 1):
A>=0.285; y*(34) = 163.0; p< 10°
Percentage of Discrimination:

Proportion: = 1.852/4.472 = 0.414 (41.4%)
Cumulative Discrimination Root 1+2:
0.534 +0.414 = 0.948 (94.8%)

Highest Variable Correlations with Root 2:

Variable r r’ % Explained Variance
Systolic BP 0.564 0.318 31.8%
ACEC total 0.495 0.245 24.5%
Diastolic BP 0.403 0.162 16.2%

Metabolic Syndrome Index 0.289 0.084 8.4%

Group Centroids Along Root 2:

Control: -2.78

Hypertension: +0.39

IHD&Hypertension: +1.16

IHD: -0.57

Distance Between Control and IHD&Hypertension:

AZ=1.16-(-2.78)=3.94

t=3.94/SE~3.94/0.30=13.1;p< 102

Conclusion: The second root provides 41.4% of discrimination, separating patients with hypertension and combined IHD&hypertension from
healthy individuals through elevated ACEC levels and blood pressure.
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Conclusion 5: IHD&Hypertension Comorbidity Is Characterized by Synergistic Rather Than Additive Effects on ACEC Levels
Mathematical Foundation:

Actual ACEC Levels:

Hypertension: 1789 cells/ml

IHD: 1990 cells/ml

IHD&Hypertension: 2401 cells/ml

Expected Additive Effect:

ACEC _additive = (ACEC_HT + ACEC_IHD)/2 = (1789 + 1990)/2 = 1890 cells/ml

Actual Synergistic Excess:

A synergy = 2401 - 1890 =511 cells/ml

Synergistic Index =2401/1890 = 1.270

The synergistic effect represents 27.0% above the additive effect.

Statistical Significance of Synergy:

Comparing actual level with expected using t-test:

t=(2401 - 1890)/SE ITHD&HT = 511/227=2.25;p =0.025

Alternative Model - Multiplicative Effect:

ACEC mult=V(ACEC HT x ACEC_IHD) = V(1789 x 1990) = V3,560,110 = 1887

The actual level also exceeds the multiplicative expectation by 27.2%.

Bliss Synergy Coefficient:

S=(E comb - E control)/[(E HT - E control) + (E_IHD - E control)]

S =(2401 - 1055)/[(1789 - 1055) + (1990 - 1055)] = 1346/(734 + 935) = 1346/1669 = 0.806
When S > 0.5, synergistic interaction is present.

Conclusion: IHD&hypertension comorbidity leads to a synergistic (27% above additive) elevation in ACEC levels (p = 0.025), reflecting mutual
potentiation of pathogenic mechanisms.

Conclusion 6: Maximum Mahalanobis Distance Between Control and IHD Confirms the Greatest Pathophysiological Differences
Mathematical Foundation:

Squared Mahalanobis distance between groups:

D?= (X1 -x2)" S pooled (Xi - X2)

Matrix of D* Distances:

Group Pair D2 F(18,1) p-level
Control - IHD 213 13.6 <10°°
Control - IHD&HT 16.9 12.7 <10~
HT - IHD 16.6 12.6 <10~
Control - HT 11.5 6.7 <10°
IHD&HT - IHD 11.4 12.2 <10°
HT - IHD&HT 32 29 <107

Transformation of D* to F-statistic:

F=(m x n2)/(m1 + n2) x D*p

For the Control-IHD pair:

F=(21 x35)/(21 +35) x 21.3/18 =735/56 x 1.183 = 13.125 x 1.183 = 15.53

F crit(18,1,0.05) = 1.67

15.53>>1.67=p<10"°

Ratio of Maximum to Minimum Distances:

D? max/D? min=21.3/3.2=6.66

Statistical Analysis of Distance Structure:

Mean distance:

D*=(213+169+16.6+11.5+11.4+3.2)/6=280.9/6=13.48

Standard deviation:

s D?=[Z(D? - D?)¥(n-1)] = \(196.38/5) = 6.27

Coefficient of variation:

CV =(6.27/13.48) x 100% = 46.5%

Conclusion: The maximum Mahalanobis distance D> = 21.3 between Control and IHD (F = 13.6; p < 10°°) is 6.66 times greater than the
minimum distance between hypertension and combined disease, reflecting the maximum pathophysiological differences in IHD.

Conclusion 7: The Classification Model Provides High Diagnostic Accuracy with Substantial Agreement
Mathematical Foundation:
Classification Matrix:

Actual Group Control HT IHD&HT IHD Accuracy

Control (21) 18 2 1 0 85.7%
HT (28) 1 23 4 0 82.1%
IHD&HT (58) 0 5 49 4 84.5%
IHD (35) 0 0 5 30 85.7%

Overall Accuracy:
Accuracy = (18 + 23 +49 + 30)/142 = 120/142 = 0.845 (84.5%)

36



Cohen's Kappa:

P 0=0.845 (observed agreement)

Expected random agreement:

P e=Z(n_irow x n_i,col)/N?

P e=(21x19/142> + 28%x30/1422 + 58%59/1422 + 35x34/142?)

P _e=(399 + 840 + 3422 + 1190)/20164 = 5851/20164 = 0.290

k=(P o-P e)/(1-P_e)=(0.845-0.290)/(1 - 0.290) = 0.555/0.710 = 0.782
According to the Landis-Koch scale: k = 0.782 corresponds to "substantial agreement."
Statistical Significance of k:

SE k="[P o(1 -P 0)/(N(1 - P_e)?)] =[0.845 x 0.155/(142 x 0.710%)] = V(0.131/71.6) = 0.043
z=«/SE k=0.782/0.043 =18.2; p <107

Comparison with Random Level:

Random level for 4 groups: 25%

Improvement = [(84.5 - 25)/25] x 100% = 238%

Sensitivity and Specificity for IHD:

Sensitivity = 30/35 = 0.857 (85.7%)

Specificity = (107 - 9)/107 = 98/107 = 0.916 (91.6%)

Positive Predictive Value:

PPV =30/(30+4+ 0+ 0)=30/34=0.882 (88.2%)

Conclusion: The classification model provides 84.5% accuracy (3.38 times higher than random level) with substantial agreement (kx = 0.782; z =
18.2; p < 107%°), allowing its recommendation for clinical use.

Conclusion 8: The Metabolic Syndrome Index Is a Powerful Integral Discriminator
Mathematical Foundation:

The metabolic syndrome index was calculated as:

MSI = (Z TG +Z HDLP +Z Glucose +Z SBP +Z DBP)/5

where Z-scores were calculated relative to the control group.

Actual MSI Values (M£SE):

Group MSI Z-score 95% CI

Control 0.00+0.07 0.00 [-0.14; +0.14]
HT 1.05+0.17 +1.05 [+0.71; +1.39]
IHD&HT 1.234+0.12 +1.23 [+0.99; +1.47]
IHD 1.05+0.24 +1.05 [+0.57; +1.53]

Discriminant Parameters of MSI:

F-to-enter: 20.93; p <10°¢

Wilks' A when included: 0.292

Partial A: 0.603

Tolerance: 0.189 (low multicollinearity)

Standardized Coefficient for Root 1:

B _Rootl =-1.422

Contribution to Discrimination:

N2 MSI=1-0.603 =0.397 (39.7%)

Correlation with Canonical Roots:

Root 1: r=10.091 (1> = 0.8%)

Root 2: r=0.289 (1> = 8.4%)

Comparison Between Extreme Groups (Control vs IHD&HT):
t=(1.23 - 0.00)/N(SE:2 + SE2?) = 1.23/N(0.072 + 0.12?) = 1.23/0.140 = 8.79; p < 1012
Cohen's d Effect Size:

d=(1.23-0.00)/SD pooled =1.23/0.85=1.45

This corresponds to a very large effect size (d > 0.8).

MSI Components and Their Contribution:

Component Weight Correlation with MSI r

Triglycerides 0.20 0.68 46.2%
HDLP-cholesterol 0.20 -0.52 27.0%
Glucose 0.20 0.45 20.3%
SBP 0.20 0.71 50.4%
DBP 0.20 0.69 47.6%

Conclusion: The metabolic syndrome index is a powerful integral discriminator (F =20.93; p < 10°%; > = 39.7%) that explains a high percentage
of inter-group variability by combining five key metabolic and hemodynamic parameters with a very large effect size (d = 1.45).

Conclusion 9: Triglycerides and Atherogenic Indices Demonstrate the Highest Discriminant Ability Among Lipid Parameters
Mathematical Foundation:

Discriminant Parameters of Triglycerides:

F-to-enter: 19.46; p < 10°° (2nd step)

Wilks' A when included: 0.427

Partial A: 0.798

Tolerance: 0.260
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Actual Triglyceride Levels (M+SE):

Group TG (mM/L) Z-score Deviation from Normal
Control 0.98+0.10 0.00 -

HT 1.04+0.07 +0.15 +6.1%

IHD&HT 0.95+0.04 -0.06 -3.1%

IHD 2.31+0.28 +3.05 +135.7%

Statistical Significance of Control-IHD Difference:
t=(2.31-0.98)/(0.10> + 0.282) = 1.33/0.298 = 4.46; p < 10~
Effect Size:

d=1.33/SD_pooled = 1.33/0.65 = 2.05

This corresponds to a very large effect size.

Klimov Atherogenic Index:

Formula: Al Klimov = (VLDL-Ch + LDL-Ch)/HDL-Ch

Group Al Klimov Z-score F-to-enter
Control 2.28+0.12 0.00 6.237

HT 2.59+0.17 +1.09 p=10.001
IHD&HT 2.71+0.12 +1.49 A =0.205

IHD 3.56+0.27 +4.31 Tolerance = 0.233

Dobiasova-Frohlich Atherogenic Index:
Formula: AI Dobiasova = log(TG/HDL-Ch)

Group Al Dobiasova Z-score F-to-enter
Control -0.26+0.05 0.00 3.661

HT -0.23+0.04 +0.13 p=20.014
IHD&HT -0.26+0.03 0.00 A=0.131

IHD 0.09+0.07 +1.59 Tolerance = 0.242

Correlation Between Indices:

r_Klimov-Dobiasova = 0.847; p < 1073°

This explains their inclusion at different steps (5th and 9th).
Standardized Coefficients for Root 1:

Triglycerides: B = +0.756

Al Klimov: f=+0.271

Al Dobiasova: = +0.791

Total Contribution of Lipid Parameters:

n? lipids =1 - A with TG,AVA_ without TG,AI =1 - 0.427/0.084 =1 - 5.08 = 0.803
Lipid parameters explain 80.3% of discrimination.
Comparison of Discriminant Power:

Parameter F-to-enter Rank Partial A
Triglycerides 19.46 2 0.798
Al Dobiasova 3.66 9 0.886
Al Klimov 6.24 5 0.941
HDLP-Ch 11.26 4 0.859
Total Cholesterol 0.54 - 0.987

Conclusion: Triglycerides demonstrate the highest discriminant ability among lipid parameters (F = 19.46; p < 10°°), while the Klimov and
Dobiasova-Frohlich atherogenic indices add independent discriminant information (p < 0.014), together explaining 80.3% of inter-group
variability.

Conclusion 10: Minimum Mahalanobis Distance Between Hypertension and IHD&Hypertension Reflects the Complexity of Differential
Diagnosis

Mathematical Foundation:

Squared Mahalanobis distance:

D> HT-IHD&HT =3.2

This is the minimum distance among all pairwise comparisons.
F-statistic for Significance Testing:

F(18,1) = (m1 X n2)/(n1 + n2) x D*p = (28 x 58)/(28 + 58) x 3.2/18
F=1624/86 x 0.178 = 18.88 x 0.178 =3.36

With critical value F_crit(18,67,0.05) = 1.74:

F actual =336 >F crit=1.74 =>p=29x 103
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Comparison with Other Distances:

D? Control-IHD/D? HT-IHD&HT = 21.3/3.2 = 6.66

D?/D* HT-IHD&HT = 13.48/3.2 =421

Group Overlap Analysis:

Calculation of overlap coefficient using Weitzman's formula:

OVL =|_{-0} {0} min[fi(x), f:(x)]dx

For multivariate normal distribution:

OVL = 20(-D/2)

where D =VD?=~3.2=1.789

OVL = 2d(-1.789/2) = 20(-0.895) =2 x 0.185=0.370

Overlap represents 37.0% between hypertension and IHD&hypertension groups.
Classification Error Analysis:

From the classification matrix:

HT classified as IHD&HT: 4 cases out of 28 (14.3%)

IHD&HT classified as HT: 5 cases out of 58 (8.6%)

Total mutual error rate:

Error rate HT«>IHD&HT = (4 + 5)/(28 + 58) = 9/86 = 0.105 (10.5%)
Comparison with Other Pairs:

Group Pair Mutual Errors % of Total Errors
HT < IHD&HT 9 40.9%

Control < HT 3 13.6%

IHD&HT < IHD 9 40.9%

Others 1 4.5%

Statistical Test for Distance Equality:

Null hypothesis: D> HT-IHD&HT = D?

¥*=(D? actual - D? expected)?/SE? = (3.2 - 13.48)%/4.22 = 105.83/17.64 = 6.00
df=1;p=0.014

The HT-IHD&HT distance is statistically significantly smaller than average (p = 0.014).
Centroid Analysis in Canonical Root Space:

Group Root 1 Root 2 Euclidean Distance
HT -1.37 +0.39 V(1372 +0.39%) = 1.42
[HD&HT -0.32 +1.16 V(0322 + 1.16%) = 1.20

Distance between centroids in 2D space:

d 2D ="[(-1.37 - (-0.32))> + (0.39 - 1.16)"]

d_2D =[(-1.05)* + (-0.77)2] = V(1.103 + 0.593) = V1.696 = 1.30
Angle Between Vectors from Origin:

cos 0= (v"_HT - v"_IHD&HT)/(lv"_HT| x |v"_IHD&HT])

cos 0= [(-1.37)(-0.32) + (0.39)(1.16)]/(1.42 x 1.20) = (0.438 + 0.452)/1.704 = 0.890/1.704 = 0.522
6 = arccos(0.522) = 58.5°

Biomarker Profile Analysis:

Correlation of Z-score profiles between HT and IHD&HT:

r profiles = £(Z HT,i x Z IHD&HT,i)N[£Z? HT,i x £7? IHD&HT,i]
Across 18 variables: r=0.847; p <10~

This is the highest profile correlation among all group pairs.

Key Differences Between HT and IHD&HT:

Variable HT IHD&HT A t P

ACEC total (cells/ml) 1789 2401 +612 1.78 0.078
SBP (mmHg) 152.5 155.6 +3.1 0.79 0.431
DBP (mmHg) 100.4 100.9 +0.5 0.15 0.881
Triglycerides 1.04 0.95 -0.09 0.82 0414
Al Klimov 2.59 2.71 +0.12 0.58 0.563

None of the differences reach p < 0.05.

Discriminant Function for Separating HT and IHD&HT:

When using only these two groups (N = 86):

A _HT vs IHD&HT = 0.847; F(18,67) = 0.67; p = 0.831

The model does NOT achieve statistical significance at o. = 0.05.
Bayesian Analysis:

Posterior probability of belonging to IHD&HT given a diagnosis of HT:
P(IHD&HT profile) = [P(profile[HD&HT) x P(IHD&HT)]/P(profile)
With equal prior probabilities and high profile correlation:
P(IHD&HT|profile HT) ~0.42

Diagnostic uncertainty is 42%.

Clinical Implications:

Additional diagnostic criteria are necessary to differentiate HT from IHD&HT
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Instrumental methods (ECG, echocardiography, stress tests, coronary angiography) are mandatory
Myocardial necrosis biomarkers (troponins) may improve differentiation

Clinical history (angina, previous infarction) has decisive significance

Comparison with Other "Difficult" Pairs:

Pair D? OVL Errors Complexity
HT - IHD&HT 32 37.0% 10.5% High
Control - HT 11.5 12.3% 3.5% Low
IHD&HT - IHD 11.4 12.5% 10.5% Medium

Diagnostic Complexity Index (DCI):

DCI = (OVL x Error rate)/D* = (0.370 x 0.105)/3.2 = 0.0389/3.2 = 0.0122

For comparison:

Control-HT: DCI = (0.123 x 0.035)/11.5 = 0.0004

IHD&HT-IHD: DCI = (0.125 x 0.105)/11.4 = 0.0012

The DCI for the HT-IHD&HT pair is 30.5 times higher than for Control-HT.

Test Power Analysis for Detecting Differences:

With D?=3.2, N: =28, N> =58, p =18, 0. = 0.05:

A= (m x n2)/(ni + n2) x D> =1624/86 x 3.2 = 60.4

Power =1 -~0.65 (65%)

To achieve Power = 0.80, required sample size:

N_required =2(Z /2 +Z_B)*D?=2(1.96 + 0.84)*/3.2 = (2 x 7.84)/3.2 = 4.9 per group

N total =4.9 x 18 x 2 =176 (88 per group)

The current sample is insufficient for reliable separation of HT and IHD&HT.

Probability of Misclassification Using Anderson's Formula:

P_error = ®(-D/2) = ®(-1.789/2) = ®(-0.895) = 0.185

Theoretical error rate: 18.5% Actual rate: 10.5%

The difference is explained by using 18 variables instead of only canonical roots.

Conclusion: The minimum Mahalanobis distance D?> = 3.2 between hypertension and IHD&hypertension (F = 2.9; p = 0.003) with 37.0%
overlap, 10.5% mutual classification error rate, high profile correlation (r = 0.847), and a diagnostic complexity index 30.5 times higher than
other pairs reflects significant difficulties in differential diagnosis of these conditions based solely on biomarkers. This justifies the necessity of
using additional clinical and instrumental criteria. For reliable separation, a sample of at least 88 patients per group (versus the current 28 and 58)
is needed to achieve 80% statistical power.
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