Hypertension risk prognostics based on the blood pressure exponential tail distribution phenomenon 
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Abstract
Introduction: Hypertension (HTN) is one of the primary risk factors for human mortality nowadays around the globe. Nevertheless, a large proportion of individuals with HTN are unaware of their condition. This study utilizes clinical screening results from Nepal within a framework of a nationwide Blood Pressure (BP) screening initiative. Within wide range of medical and health science applications, viscous blood flow and associated turbulence are ubiquitous phenomena. 
Objectives: Complex multiscale turbulence dynamics define the BP and blood-velocity turbulent nature, necessitating extensive experimental and clinical confirmation. The empirical observation of BP distribution tail exponentiality, which defies the commonly assumed BP normal distribution hypothesis, supports the idea that the outlet turbulent velocity is Gaussian, as reported in this paper. The experimental and theoretical evidence for BP probability distribution is presented in detail. 
Methods: A new physical phenomenon of BP distribution tail exponentiality was identified by analyzing unfiltered clinical data. HTN diagnostics are essential for the early identification of elevated BP, a "silent killer" frequently devoid of signs, to avert serious, life-threatening consequences such as stroke, myocardial infarction, and renal failure. Early HTN diagnostics, proper, proactive clinical measurement, and monitoring of BP facilitate prompt, life-saving lifestyle modifications and medical interventions, thereby decreasing morbidity and mortality. 
Results: This study highlights the compelling necessity to enhance HTN prevention, screening, and management programs. The results indicate that opportunistic screening can detect a substantial proportion of individuals with HTN. One of the practical aspects of specific-disease near-future-level prognostics is budgetary planning, e.g., strategic planning of national public health budgets.  
Conclusion: The proposed framework establishes a direct linkage between BP statistical parameters and bio-structural design reliability, offering a practical tool for safety-critical biomedical applications. 
Novelty: new BP distribution tail phenomenon reported, having direct application to early HTN diagnostics and a deeper understanding of blood flow turbulent dynamics. 
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This case study utilizes generalized 4-parameter Weibull distribution to analyze extreme BP value with given critical return-period. For the first time in literature the exponential tail phenomenon identified. It is well known that blood flow phenomena are of complex turbulent viscous nature, especially in the presence of blood clots, potentially leading to HTN symptoms. Physics-based theoretical explanation was carried out along with reliability-based interpretation of hypertension. This study may serve to an early HTN detection.
1 Introduction
BP within a population normally adheres to a continuous, approximately bell-shaped normal distribution (Gaussian distribution), commonly characterized by a mean systolic pressure of around 120 mmHg and a standard deviation of 10-15 mmHg. Turbulent flow velocity fluctuations typically follow Gaussian Probability Density Function (PDF), due to summation of a large number of uncorrelated terms for the large scales of turbulence, [1]. Although frequently represented as normal, population statistics may exhibit minor right skewness due to the increased incidence of HTN among older adults. HTN is a major global public health problem and a leading risk factor for Cardiovascular Disease (CVD), stroke, and kidney failure. Contemporary statistical research on BP and HTN is expanding rapidly, leveraging epidemiological surveys, longitudinal cohorts, and advanced analytical methods to understand prevalence, risk factors, trends, and medical interventions. 
HTN prevalence varies markedly across regions. An extensive systematic review and meta-analysis of sub-Saharan African adults (533,167 individuals) found that elevated BP and HTN are widespread across 26 countries, with considerable heterogeneity by age and gender. Estimates were derived using random-effects models, an approach that accounts for between-study variance in pooled prevalence measures, [1]. As reported in [1], [2] among about 3000 participants (about 2000 were women), aged between 25 - 65 years from Western Nepal indicated that nearly 30 % of community residents suffered from HTN. Universal access to basic medicines as well as routine diagnostics is required to combat world-wide growing burden of CVD and diabetes, [3]. Similarly, systematic reviews in the Middle East and North Africa (MENA) region found that HTN prevalence among adults was near one-quarter, and highlighted low awareness and control rates over decades, based on pooled analyses of 178 studies with >2 million participants [4]-[6]. In Bangladesh, meta-analytic estimates indicate that approximately 11% of adults have undiagnosed HTN — underscoring gaps in case detection, [7]. Large-scale population surveys such as WHO STEPS and NHANES are widely used to estimate HTN prevalence across whole countries and their sub-regions. HTN is typically defined using hazard thresholds, such as BP ≥140/90 mmHg. Recent studies indicate that HTN increases with age and is higher in low-income countries. Males tend to have higher HTN prevalence than females, and urbanization and dietary transitions contribute to rising HTN levels. Several studies have documented HTN trends: decline in mean systolic and diastolic BP over recent decades in high-income countries, attributed to improved treatment and public health measures; mixed trends in low-income countries, with rising HTN. 
Statistical and trend analysis methods are widely used to detect changes in trend slope. Emerging evidence highlights the rising burden in younger populations. A systematic review of adolescents in Asia reported HTN prevalence spanning from <1% to nearly 25% in urban settings, reflecting lifestyle and environmental influences and variation in diagnostic criteria, [8].  Additionally, global meta-analytic data show that high BP rates in children under 19 years have nearly doubled over the last 2 decades, likely driven by obesity and sedentary behavior, suggesting shifting risk factor distributions early in life, [9]. Statistical analyses consistently identify age, sex, obesity, socioeconomic status, and lifestyle behaviors (e.g., diet, physical inactivity) as significant predictors of HTN. Demography-specific studies using very large clinical databases (e.g., >75 million BP records) reveal age-related increases in systolic BP and sex/ethnicity differences in BP probability distributions, [10].
A series of meta-analyses confirms graded associations between BP levels and CVD outcomes. For example, a pooled systematic review of prospective studies found that both pre-HTN and HTN are consistently associated with elevated risks of stroke, myocardial infarction, and total CVD events across different BP ranges, [11]. For review focusing on young adults demonstrated that higher BP categories confer progressively increased risks for coronary heart disease and stroke, with population attributable fractions suggesting HTN contributes substantially to CVD burden, see [11]. In the United States, recent NHANES data (2021–2023) indicate that nearly half of adults have HTN, with awareness and treatment increasing with age but control rates remaining modest—about one-fifth of individuals achieved BP <130/80 mmHg, [12]. Research findings underscore that despite widespread recognition of HTN as a modifiable risk factor, treatment gaps and suboptimal control persist globally.
HTN studies employ a diversity of methods:
a) Meta-analysis models (random-effects, fixed-effects) to synthesize prevalence and risk estimates.
b) Multivariable regression to isolate independent predictors while adjusting for confounders.
c) Longitudinal cohort and survival models (e.g., Cox proportional hazards) for outcomes research.
d) Age-period-cohort and demography-specific modeling to explore temporal and subgroup trends.
Across designs, statistically robust standards (PRISMA for systematic reviews; quality assessment tools such as the Newcastle-Ottawa Scale) are applied to enhance the reliability of the evidence. Recent research has explored machine learning approaches to BP prediction and CVD risk profiling; see [13], [14], where the authors utilized a 2-way ANOVA test to assess statistically significant interactions among CVD issues, chronic respiratory illness, and diabetes. For BP distribution and prevalence of HTN among adults in Ethiopia see [15].
Analytical studies commonly use multivariable regression (logistic for HTN status; linear for continuous BP) to quantify associations with: a) age, sex, ethnicity; b) body mass index and waist circumference; c) physical activity, diet (salt intake), alcohol use; d) smoking and socioeconomic indicators. Research findings robustly indicate the following statistical correlations: a) positive association of BMI with both systolic and diastolic BP; b) high sodium consumption correlates with higher BP, stronger in salt-sensitive subgroups; c) socioeconomic deprivation is associated with higher HTN prevalence after controlling for other factors. Population genetic studies and genome-wide association studies (GWAS) have identified loci associated with BP traits, explaining a modest portion of variability. When combined with environmental exposures, these studies utilize interaction terms to explore gene–environment interplay. Prospective cohort studies link elevated BP levels with increased risk of CVD outcomes:
a) Each 10-mmHg increment in systolic BP is associated with proportional increases in coronary heart disease and stroke risk.
b) Meta-analyses using individual participant data provide precise hazard ratios adjusted for confounders.
Statistical survival models (e.g., Cox proportional hazards) and competing-risks frameworks are common methods. Some studies estimate the population attributable fraction of CVD events due to HTN. These combine prevalence data with relative risks to assess the public health burden. Cross-national data reveal HTN awareness, treatment, and control rates: control rates are often <50 %, with disparities by age, gender, and country income level; multilevel models account for clustering by health systems and communities. Statistical methods in HTN research are summarized in Table 1.
Table 1. Methodological diversity in HTN research. 
	Method
	Typical use

	Descriptive statistics
	Prevalence, mean BP probability distributions

	Multivariable regression
	Risk factor statistical analysis

	Longitudinal models
	BP changes over time

	Survival analysis
	CVD outcomes

	Meta-analysis
	Summarizing multiple studies

	Machine learning approaches
	CVD risk prediction prognostics


Emerging methods include causal inference techniques (propensity scoring, instrumental variables) to address confounding in observational studies. Statistical studies on BP and HTN have significantly advanced epidemiological understanding, quantified key predictors, and informed clinical and public health interventions. Continued methodological innovation and globally representative data are essential to address unresolved challenges and reduce the burden of HTN.
1.1 Research gap
Statistical research has elucidated the global scale of BP elevation and HTN, identified key risk factors, and quantified the link to adverse CVD outcomes. Meta-analyses and large population studies play a central role in guiding public health policies and clinical practice. Gaps in awareness, treatment, and control persist, and methodological advancements will be central to future HTN research.
Despite progress, several gaps remain:
a) Standardization of BP measurement and diagnostic criteria across studies to improve comparability.
b) Greater representation from low-income countries, where data scarcity limits generalizability.
c) Incorporation of digital and ambulatory monitoring in large population studies to capture BP variability outside clinical settings.
d) Integration of genetic, environmental, and socioeconomic data in multilevel and causal inference models.
e) Variability in BP measurement protocols across studies introduces measurement error.
f) Heterogeneous HTN definitions (e.g., different thresholds) complicate comparisons.
g) Limited longitudinal data in many low- and middle-income countries.
h) Residual confounding and selection biases in observational research.
Potential areas for further statistical research include: a) integrative analyses combining genetic, lifestyle, and environmental data using advanced modeling; b) Use of wearable devices and ambulatory BP monitoring to better capture true BP variability; c) Implementation science studies to statistically evaluate the impact of health systems interventions on HTN control; d) application of deep learning for individualized risk prediction and early detection.
Classical reliability methods, such as First- and Second-Order Reliability Methods (FORM, SORM), are widely used in biomedical engineering but rely on approximate linearization of the limit-state surface, assumed or transformed Gaussian variables, and explicit knowledge of the Joint PDF (JPDF). These approaches perform well for moderately nonlinear problems but can become inaccurate for highly nonlinear, non-Gaussian, dynamically coupled biosystems.
Large-scale epidemiological studies and meta-analyses consistently model the population’s BP as approximately normally (Gaussian) distributed, focusing primarily on mean levels, standard deviation, and prevalence thresholds (e.g., ≥140/90 mmHg) [16]. The latter assumption underpins existing BP HTN studies such as [1]-[7], [17]-[19]. These studies robustly quantify prevalence, awareness, treatment, and control. However, they assume a near-Gaussian BP PDF; focus on central tendency and categorical thresholds; rarely examine the statistical structure of PDF or Cumulative Distribution Function (CDF) tails.

2 Blood flow mechanics (basics)
Bernoulli’s principle states that for blood flowing through a vessel, an increase in blood velocity   corresponds to a decrease in lateral BP , expressed as 
                                                                                                                                                                (1)
meaning that within narrowed arteries (stenosis), high blood velocity  lowers internal BP , risking vessel collapse. As BP  is a Random Variable (RV), when sampled over a large group of individuals, Eq. (1) directly relates the Probability Density Function (PDF) of RV  to one of the RVs . Figure 1 illustrates blood flow through the stenosed section of a blood vessel.
[image: ]
[bookmark: _Ref223024953]Figure 1: Blood flow through the stenosed section of a blood vessel. 
The BP  as a stochastic RV possesses a PDF essential to bio-reliability analysis, blood vessel HTN diagnostics, and overall cardiovascular system fatigue assessment. Figure 2 illustrates the effects of turbulent blood flow due to vessel constriction.

[image: ]
[bookmark: _Ref223024989]Figure 2: Blood flow becoming turbulent after vessel constriction. 
Periodic vortex shedding caused by turbulence imposes oscillatory hydrodynamic stresses on the blood vessel walls. Frequency lock-in, also known as synchronization, happens when the vortex-shedding frequency gets close to a natural frequency of the blood vessel. This phenomenon poses a serious risk to the fatigue life of the affected blood vessel. 
There are two main conceptual components of this research. First, the examination of the clinically measured BP results for RV. Second, a discussion on BP’s Complementary CDF (CCDF) exponential tail linearity phenomenon and its theoretical reasoning.  CCDF is defined as
                                                                                                                                  (2)
where  represents BP  value. 
The nonlinear connection between turbulence, unsteady flow driven by Vortex-Induced Vibration (VIV), results in a particular pattern of BP  PDF,  tail, i.e.,   with  indicating HTN BP threshold. With fluctuations mostly occurring at twice the vortex-shedding frequency and broadband contributions arising from nonlinear interactions, the BP fluctuating component becomes significant and frequently approaches the mean  in value. When combined, the above-mentioned viscous fluid-dynamic features result in non-Gaussian, skewed PDFs, especially in the frequency-lock-in domain. The BP PDF exhibits noticeable positive skewness during lock-in, when vortex shedding synchronizes with a blood vessel’s natural frequency. Simultaneously, multimodality might arise through response-branch transitions or competition among various vibration modes. Vibrations of blood vessels induced by turbulent flow—commonly seen as bruits or sensed as thrills—arise from irregular, chaotic blood movement, usually at stenotic or bifurcation locations. These turbulent eddies produce high-frequency shear stress, resulting in vascular wall vibrations, endothelial injury, and possibly long-term artery damage, [20]-[23].

2.1 Methods of stochastic modeling
Stochastic modeling of BP aims to describe and predict temporal variability in Systolic BP (SBP), Diastolic BP (DBP), or Mean Arterial Pressure (MAP) by explicitly accounting for randomness arising from physiological regulation, environmental stimuli, measurement noise, and pathological processes. Unlike deterministic cardiovascular models, stochastic formulations treat BP as a random process evolving over time, enabling probabilistic prediction, risk quantification, and uncertainty analysis, [24], [25]. BP statistics have also been modeled using non-Gaussian distributions, such as the lognormal distribution to account for positive skewness, the Gamma distribution, the Generalized Pareto Distribution (GPD), the Weibull distribution, and the Generalized Extreme Value (GEV) distribution for peak values, and mixture models for multi-regime behavior. BP variability arises from multiple interacting mechanisms: autonomic nervous system regulation (sympathetic/parasympathetic balance); baroreflex feedback control; circadian rhythms; respiratory sinus arrhythmia; physical activity and posture; pharmacological effects; measurement noise. These abovementioned drivers operate at different time scales (seconds to 24-hour cycles), motivating multiscale stochastic modeling approaches, [26].
[bookmark: _Ref223257429]Table 2 Distribution types used in BP statistical modeling.
	Modeling Goal
	Common Distribution

	Population BP
	Normal

	Skewed BP data
	Log-normal/Gamma

	Extreme episodes
	GEV/GPD

	Time-to-crisis
	Weibull

	Beat-to-beat dynamics
	Ornstein–Uhlenbeck process

	Multiple states
	Mixture models

	Joint SBP–DBP
	Multivariate Normal/Copula

	Long-memory
	ARFIMA/fractional Gaussian



Distributional assumptions are a crucial point in stochastic modeling. Interestingly, a wide range of researchers assumed that the population BP fluctuation follows a normal (Gaussian) distribution (Table 2), in contrast to experimental data indicating a skewed BP PDF.
Several important characteristics define the statistical behavior of BP. One of main features is BP obvious non-uniformity: BP exhibits large spatial and temporal variations, heavily impacted by the magnitude of local vibrations and the conditions of the instantaneous blood flow. For crucial applications such as blood-vessel fatigue and HTN reliability analysis, BP probabilistic modeling is required because the intrinsic stochastic nature of internal arterial loads results in turbulent responses that are random processes. 
The variance and mean, among other BP statistical characteristics, are strongly influenced by several variables. The baseline mean drag coefficient and the features of the VIV response itself are both impacted by the Reynolds number. The vibration amplitude and mode, especially the cross-flow and in-line motion intensities, are strongly correlated with the amount of drag amplification. Lastly, the dominant vibration modes along the structure are determined by the flow profile, which controls the spatial distribution of forces and can be uniform, sheared, or wave-dominated. Because VIV's complicated nonlinearity makes analysis difficult, researchers and engineers use complementary approaches. Under specific operating conditions, mean and effective drag coefficients are predicted using empirical models derived from large experimental databases. Probabilistic techniques such as the First- and Second-Order Reliability Methods (FORM/SORM) and Monte Carlo Simulations (MCS) are common tools for evaluating extreme-value and fatigue-damage risks in deep-water applications. The Weibull distribution is one of the statistical models most commonly used in the literature to describe the likelihood of various force magnitudes associated with fatigue damage and drag amplification. In conclusion, the VIV drag force is quite unpredictable and changeable. Thus, direct experimental measurement, empirical modeling of mean amplification effects, and the use of suitable statistical distributions to quantify its intrinsic randomness provide the foundation of a thorough knowledge of its behavior.

 3 Theoretical model 
The presence of a blood clot or non-uniformity in blood vessel cross-sections (Figure 2) results in downstream turbulent effects and a pressure differential (pressure drop). Outlet BP  and turbulent velocity  are bound by the Bernoulli equation Eq. (1)
                                                                                                                                                             (3)
Figure 5 a) presents the inlet-outlet flow with an inlet constant blood velocity  and outlet nonuniform nonstationary turbulent velocity  at intermediate distance downstream, see Figure 3.
a)
[image: ]
[bookmark: _Ref217778906]

b)
[image: undefined]
[bookmark: _Ref226384992]Figure 3 a) Inlet-outlet flow with inlet fluid velocity  and outlet nonuniform nonstationary velocity  at an intermediate distance downstream, b) Blood vessel with clot, [24].
According to the classic Morison drag force  (BP differential if blood clot is present) formulation
                                                                                                                                                                (4)
with  being blood density,  blood clot cross-sectional area,  drag coefficient. Assuming the blood velocity profile is constant on average, but includes temporal fluctuation (turbulent part) 
                                                        ,                                   (5)
With indicating radial coordinate. Next, the turbulent, random part  can be decomposed into -modal shape and temporal factors
                                                                                                                                             (6)
Since only the 1st geometric mode is typically theoretically and experimentally verified, as turbulence energy is higher at larger geometric scales (higher geometric modes). Single wave number -mode approximation yields, assuming flow is axisymmetric (independent on polar angle )
                                                                                                                                     (7)
with ,  being a Gaussian RV. Hence, following Eqs. (1)-(7) 
                                                                                                                                                                      (8)
with and  being a Gaussian RV with mean  and standard deviation , and  being constants, obtained by integration in  over a blood vessel’s circular cross-section, with  being the blood vessel radius.  It follows from Eq. (8) that PDF  of BP RV  is  
                                                                                      (9)
which approaches a shifted exponential distribution in the tail, i.e., for large values of BP , since
                                                        , ,                                  (10)
for some constant . Alternatively, given the mass conservation law  
                                                                      ,                                                          (11)
Eq. (5) yields 
                                                                                                          (12)
and consequently 
                                                                                                                                                                   (13)
with  being a Gaussian RV with zero mean and  and BP RV  would be exactly shifted exponentially distributed
                                                                                                                               (14)
Note that both estimates given by Eq. (14) follow the PL Weibull distribution model parameter , in terms of the CCDF , denoted also as  , also called the survival function   
                                                                                                                                 (15)
with  being the CCDF of BP RV , which is equivalent to the exponential distribution property given by Eq. (15) and constitutes the main finding of this study. Distribution tail region where linearity  develops is characterized by large  where drag force dominates inertia, even at low inlet velocities . 
If, on the contrary, Eqs. (12), (13) to be taken as the basis (confirmed experimentally in this study), then the turbulent outlet velocity ; the Gaussian hypothesis is thus subsequently confirmed. In fact, theoretical derivation, expressed through Eqs (1)-(16), confirms the Gaussian turbulent outlet blood velocity hypothesis.
The hazard rate in bio-mechanics is a crucial metric in reliability analysis that measures the instantaneous probability of failure of a structural component or system at a specified load level (in this study, drag force ), contingent upon its survival till that time. Hazard rate  is defined as 
                                                                                                                                        (16)
Since BP  was shown to follow an exponential distribution type in the tail , the hazard rate  for BP   is  from Eq. (14). Because of its intuitive interpretation of the instantaneous risk of heart failure at a given time , the hazard function is arguably the most extensively used representation in survival analysis. Its practical relevance for evaluating temporal risk patterns across populations, by graphically superimposing hazard functions on a standard timeline, further supports its widespread use. Furthermore, in a non-homogeneous Poisson process, the danger function is a particular instance of the intensity function; this link will be discussed in more detail in the next section. The intensity function reflects the rate at which repeated events occur over time, whereas the hazard function describes the immediate risk of a single event (usually a failure). This measure is referred to by several names in various disciplines: the hazard rate or failure rate in bio-reliability engineering; the force of mortality or force of decrement in actuarial science; the rate function or intensity function in point process and extreme value theory; the age-specific death rate in demography and vital statistics; and Mill's ratio in economics.

[bookmark: _Hlk224741696]4 Application to non-stationary bio-structural loads

This Section highlights link between particular bio-structural design and BP statistics, utilized during manufacturing of specific bio-structural components. In the above representativity of the analyzed material data sample was assumed, moreover, all data points were assumed to be Independent Identically distributed (I.I.D). When particular material is incorporated in a particular patient, subjected to e.g., bio-environmental loads, the underlying material data sample will be endowed with corresponding patient-specific JPDF , with  represents underlying measured BP data sample. Then Eq. (2) needs to be modified to
                                                   (17)
with  indicating probability  or  and indicating patient-specific probability, assigned to -th local maxima (or -th material data point), according to designer input of .

5 Results 

This Section presents statistical analysis results for the clinical BP data. Data were gathered from 18 screening locations throughout 7 districts within 5 provinces. Screenings were conducted at healthcare facilities, public venues, and participants' residences. A total of about 6000 persons were screened, of whom almost a quarter exhibited HTN. Elevated BP constitutes a significant health issue within the Nepalese community, with numerous surveys indicating high prevalence rates. One to four The control rate of HTN is low due to inadequate awareness and treatment rates. Increasing knowledge of the detrimental effects of high BP is essential for reducing HTN-related problems. BP screening is a cost-effective health promotion method that can be adopted on a broad scale and is sustainable over the long run. It can enhance awareness and detect undetected instances of HTN, especially in low- and middle-income nations such as Nepal, where healthcare access is restricted. May Measurement Month 2017 (MMM17), [1] was launched as a worldwide initiative by the International Society of Hypertension (ISH) to raise awareness of HTN, specifically targeting adults (aged ≥18 years) who had not had BP measurements in the past year. The campaign in Nepal spanned two months, specifically May and June of 2017. This report presents the campaign results and discusses lessons for future initiatives.
This study utilized data from the MMM17 performed in Nepal. Sitting BP was assessed three times using standardized methods. BP measurements were conducted using both digital (OMRON) and manual sphygmomanometers. Data were gathered utilizing a paper-based questionnaire. Ethical approval was secured from the Nepal Health Research Council. Individuals possessing a bachelor's degree in health sciences or medicine performed the BP screening. We also deployed trained female community health volunteers (FCHVs) for BP screening, who collected over 50% of the data for MMM17. Screening was performed either in healthcare facilities or at participants' residences (for FCHVs). Individuals with a systolic blood pressure (SBP) of 140 mmHg or higher and/or a diastolic blood pressure (DBP) of 90 mmHg or higher were categorized as hypertensive, including those on antihypertensive therapy. The description and measurement methods for other study variables have been detailed elsewhere. Data cleaning was conducted locally, followed by additional cleaning post-submission to ISH. The MMM project team conducted a centralized analysis of the data for this investigation
[image: ]
[bookmark: _Ref217840790]Figure 4 Histogram of clinically measured systolic BP  MMM17 in mmHg. 
Figure 4 presents a histogram of clinically measured BP MMM17, with clearly observable non-Gaussian skewness in the PDF. Figure 5 presents spread mean BP according to individual characteristics, adjusted for age, sex, antihypertensive medication, according to clinical measurement reported by [1].

a)
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[bookmark: _Ref225942973]b)
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Figure 5 Spread mean BP according to a) individual characteristics, b) body-mass index from linear mixed model, with underweight as the reference category. Adjusted for age, sex, antihypertensive medication, [1].
It is seen from Figure 5 that mean BP is strongly correlated with particular groups of individuals, such as segregated by age, sex, intake of antihypertensive medication as well as overweight. For an alternative, spatially uncorrelated, clinical field measurement dataset see BP screening campaign results in Indonesia-South-East Asia and Australasia, [4].

            5.1 Statistical analysis of systolic BP clinical measurements 
Figure 6 shows the Complementary CDF  (also called survival function)  distribution tail, which shows linearity or a Power Law (PL) constant . See the next Section for theoretical reasons behind PL and the generalized Weibull distribution. 95% Confidence Intervals (CI) are shown by two dotted lines in Figure 6 b), c). The 4-parameter generalized Weibull technique was used for  distribution tail extrapolation. It is assumed that the survival function  is -smooth in the distribution tail: . When extrapolating the tail of the empirical distribution is necessary, the 4-parameter Weibull distribution is employed in a variety of design and engineering applications. Figure 6 b) and c) differ with selected tail marker  set as  120 and 140 mmHg respectively, as well as different target  level and  respectively.
The survival function  quantifies the likelihood that a patient (in this study, patients with HTN) will survive beyond a certain time (return period ).
a)
[image: ]
b)
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[bookmark: _Ref217840857]c)
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Figure 6 Complementary CDF  tail systolic BP distribution. a) full range , b), c)  tail extrapolation. The dashed line indicates a linear tail fit. Star indicates forecasted critical BP with a 1-month return period. Tail marker  mmHg.
The 4-parameter generalized Weibull distribution is used in a wide range of design and engineering applications when the tail of the empirical distribution needs to be extrapolated. The 4-parameter Weibull distribution model with four model parameters , provided a suitable tail’s cut-on 
                                                                                                           (17)
Plotting the functional tail of  vs , it is assumed that the tail behavior is asymptotically linear. The Numerical Algorithms Group (NAG) library regularly uses source code implementing Quadratic Sequential Programming (SQP) Levenberg-Marquardt Least-Squares (LMLS) optimization [27]-[31].

5.2 Results verification
For this data-driven validation, we compressed a non-stationary timeseries dataset by a factor of ten by retaining just the tenth consecutive data point. The 95% CI, computed from the entire dataset encompassed the predictions from the compressed dataset. Incorporating variance-based sensitivity analysis (Sobol's indices) is feasible, particularly when the underlying datasets are small. Distribution tail extrapolation accuracy can be validated in two alternative ways:
A. Artificial reduction of the underlying data sample, with subsequent comparison between forecasts based on the full and reduced datasets
B. Cross-validation versus an alternative extrapolation scheme. 
For A) alternative the original data sample was reduced tenfold by retaining only each tenth consecutive datapoint. Forecast, based on the tenfold reduced dataset was found to lie within 95% CI reported in Figure 5 b). For B) alternative the Gumbel plot was selected, based on 20 global maxima, extracted from equally spaced in time data sample segments. Figure 7 indicates Gumbel based forecast for selected , demonstrating good agreement with results reported by Figure 6. 
[image: ]
[bookmark: _Ref224844035]Figure 7 The Gumbel plot, cross-validating forecast by Figure 6, star indicates selected  level (marked with dashed horizontal line).
It is seen from Figure 7 that while forecasted BP matches well forecast by Figure 6, the Gumbel probability plot does not capture distribution tail linearity with the same quality as 4-parameter Weibull distribution  does, thus demonstrating superiority of the proposed 4-parameter Weibull extrapolation scheme. 

6 Discussions and future directions
[bookmark: _Toc468299877][bookmark: _Toc468299876]The principal finding of this study is the empirical identification and theoretical justification of exponential linearity in the tail of the CCDF of BP distributions derived from the Nepal MMM17 screening dataset. Contrary to the conventional Gaussian assumption widely adopted in epidemiological studies and reflected in large-scale surveys such as the National Health and Nutrition Examination Survey and the World Health Organization STEPS framework, our results demonstrate systematic right-tail deviation consistent with a shifted exponential (Weibull-type with shape parameter ) behavior, see Eq. (17). This deviation is not merely statistical noise or a sampling artifact. The theoretical derivation, based on Bernoulli coupling between turbulent velocity fluctuations and outlet pressure, combined with Gaussian assumptions for turbulent velocity, naturally leads to an exponential BP tail. Hence, the observed empirical pattern is physically interpretable rather than purely phenomenological. The implication is significant: HTN risk modeling that relies exclusively on Gaussian assumptions may underestimate the probability of extreme BP values. Since clinical risk thresholds (e.g., ≥140/90 mmHg) lie precisely within the upper distribution tail, accurate tail characterization becomes critical for:
· Extreme risk forecasting
· Return-period estimation of critical BP levels
· Hazard rate quantification
· Reliability-based diagnostics
Thus, the exponential tail structure offers a mechanistically justified refinement to existing probabilistic HTN frameworks. Most large epidemiological meta-analyses focus on mean shifts and categorical prevalence (e.g., pooled studies across sub-Saharan Africa or the MENA region). However, the tail structure directly governs the probability of severe hypertensive episodes. If the survival function decays exponentially rather than quadratically (as under Gaussian assumptions), then:
· The hazard rate in the extreme BP region approaches a constant.
· Extreme BP exceedance probabilities are systematically higher than Gaussian-based projections.
· Short-term “return period” concepts are meaningful in clinical screening.
This finding may complement existing risk-stratification frameworks derived from prospective meta-analyses of cardiovascular outcomes, such as those published in the British medical journal (BMJ) and Current Hypertension Reports. Instead of relying solely on categorical thresholds, clinicians could integrate probabilistic exceedance metrics into early detection algorithms. Furthermore, the exponential tail provides a natural bridge between bio-reliability engineering and survival analysis. The hazard function interpretation aligns HTN diagnostics with established reliability theory used in structural mechanics and offshore engineering, suggesting cross-disciplinary methodological transfer. This work contributes methodologically in several ways:
1. Shift from central tendency to tail modeling: classical epidemiology emphasizes mean BP and standard deviation. Our framework prioritizes CCDF tail behavior and extreme quantiles.
2. Physics-informed statistical modeling: instead of postulating distributional forms ad hoc (e.g., lognormal, Gamma), the exponential tail arises from fluid-mechanical principles combined with stochastic turbulence decomposition.
3. Integration with reliability metrics: exponential tails imply constant hazard rates in the high-BP region, simplifying reliability-based risk quantification and enabling return-period forecasting of critical pressures.
4. Non-Gaussian validation of turbulent velocity hypothesis: the empirical BP distribution supports Gaussian assumptions for turbulent velocity at the flow level, providing indirect experimental confirmation of theoretical turbulence modeling in vascular systems.
Despite promising findings, several limitations must be acknowledged:
· Cross-sectional design: MMM17 provides snapshot data rather than longitudinal BP trajectories.
· Measurement variability: use of both digital and manual sphygmomanometers introduces device heterogeneity.
· Geographic scope: data originate from selected Nepalese provinces and may not generalize globally.
· Absence of ambulatory monitoring: beat-to-beat and circadian variability were not captured.
· Potential confounding: Age, BMI, medication status, and comorbidities were not incorporated into multivariate tail modeling.
Future studies should validate exponential tail behavior in independent datasets, including high-income and low-income populations. 
I. Large-scale cross-national validation: replication using datasets from programs such as NHANES and WHO STEPS would determine whether exponential CCDF tail linearity is universal or population-specific. 
II. Ambulatory and wearable monitoring: integrating 24-hour ambulatory BP monitoring with wearable sensor data would enable multiscale stochastic modeling, distinguishing short-term turbulence-driven variability from long-term regulatory drift.
III. Multivariate and copula-based extensions: joint SBP–DBP tail modeling via copula theory could reveal dependency structure in extreme regions, improving CVD event prediction.
IV. Deep learning with physics constraints: hybrid physics-informed neural networks could incorporate Bernoulli-based constraints while learning nonlinear patient-specific risk functions.
V. Longitudinal hazard modeling: if exponential tails persist in longitudinal datasets, non-homogeneous Poisson process models could estimate crisis intensity functions for hypertensive emergencies.
VI. Vascular fatigue and mechanobiology: high-frequency fluctuations in wall stress associated with turbulence may contribute to endothelial injury and long-term arterial remodeling. Coupling stochastic BP tails with fluid–structure interaction simulations would deepen mechanobiological understanding.
The exponential tail phenomenon suggests that HTN should not be viewed solely as a threshold-based categorical disease but as a reliability problem of a dynamically loaded biological structure. In this paradigm:
· BP is a stochastic load process.
· Arterial walls are fatigue-sensitive structures.
· Hypertensive crises correspond to extreme load realizations.
This perspective encourages interdisciplinary synthesis between cardiovascular medicine, stochastic dynamics, and structural reliability engineering. The identification of exponential CCDF tail linearity in BP distributions represents a conceptual and methodological shift in HTN research. It challenges entrenched Gaussian assumptions, introduces physics-based stochastic interpretation, and opens avenues for reliability-informed diagnostics. Future progress will depend on:
· Independent replication,
· Multiscale longitudinal data integration,
· Advanced stochastic modeling, and
· Clinical translation into probabilistic screening tools.
If validated broadly, this framework could refine early detection strategies and improve quantitative CVD risk stratification beyond conventional threshold paradigms.


7 Conclusions 
This study investigated the statistical structure of clinically measured BP data collected during the Nepal May Measurement Month 2017 (MMM17), [1] screening campaign. It proposed a physics-informed stochastic framework for interpreting HTN risk. The principal conclusions are summarized below.
· Non-Gaussian BP distribution behavior: although population BP is traditionally modeled as approximately Gaussian, empirical analysis of unfiltered clinical measurements demonstrates clear right-tail deviation. The Complementary CDF (CCDF) exhibits asymptotic linearity in the semi-logarithmic scale, consistent with an exponential (Weibull-type with shape parameter ≈1) tail structure rather than a purely normal distribution.
· Exponential tail phenomenon identified: a novel exponential tail behavior in the BP distribution was identified and quantified using a 4-parameter Weibull extrapolation approach. This structure governs the probability of extreme BP exceedance and is particularly relevant in the hypertensive range (SBP ≥ 140 mmHg and/or DBP ≥ 90 mmHg). The findings indicate that extreme BP values occur with probabilities that differ systematically from those predicted under Gaussian assumptions.
· Theoretical justification via fluid to blood vessel interaction: the observed exponential tail was theoretically derived from Bernoulli coupling between turbulent outlet blood velocity and pressure fluctuations. Assuming Gaussian turbulent velocity components and applying classical drag-force formulations yields a shifted exponential BP tail in the high-pressure regime. Thus, the empirical statistical behavior is consistent with fundamental fluid-mechanical principles rather than purely phenomenological curve fitting.
· Implications for hazard and reliability modeling: in the exponential tail domain, the hazard rate becomes approximately constant. The latter allows HTN to be interpreted within a reliability-theoretic framework, where BP represents a stochastic load process acting on arterial structures. Such an approach enables estimation of return periods for critical BP levels and provides a mechanistically grounded metric for extreme-risk quantification.
· Public health relevance: screening data from Nepal confirm a substantial burden of elevated BP and highlight persistent gaps in awareness and control, consistent with global findings reported by the World Health Organization and national surveillance systems such as the National Health and Nutrition Examination Survey. The proposed tail-based probabilistic interpretation may complement existing threshold-based diagnostics and support improved risk stratification in population screening programs.
· Methodological contribution: this study bridges CVD epidemiology and stochastic reliability engineering by shifting the analytical focus from central tendency metrics to distributional tail structure. The integration of clinical data analysis, Weibull tail modeling, and turbulence-based theoretical derivation constitutes the study's primary novelty.
In summary, the identification of tail behavior in the exponential BP distribution provides a new statistical and physical perspective on HTN diagnostics. If validated in independent cohorts and longitudinal datasets, this framework may enhance early detection strategies, improve extreme-risk estimation, and contribute to a deeper mechanistic understanding of CVD, HTN BP dynamics.
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