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Abstract

Artificial intelligence (Al) in healthcare is predominantly built on observational data that provide incomplete, delayed, and noisy
representations of underlying biological processes. Such limitations constrain current predictive models, which often remain
reactive and fail to capture the intrinsic dynamics of disease evolution. In this study, we introduce a novel Al-driven framework
based on latent-state reconstruction, designed to infer hidden disease trajectories from partial clinical and population-level
observations and to generate dynamic, forward-looking risk estimates. The proposed approach departs fundamentally from
traditional methods by explicitly modeling healthcare systems as partially observed complex adaptive systems. It reconstructs
latent health states that evolve over time and gives rise to observable clinical measurements subject to stochastic variability.
Drawing a conceptual parallel to quantum mechanics, where a system’s true state is described by a wave function that governs
probabilistic observations, our framework treats the latent health state as the primary object of inference rather than the observed
data alone. This shift enables a transition from descriptive analytics to anticipatory intelligence. By deriving hazard functions
from reconstructed latent trajectories, the framework provides earlier and more accurate detection of disease progression,
outbreak dynamics, and systemic instability. Empirical and theoretical analysis demonstrates that this approach captures
underlying population heterogeneity and temporal dynamics that are inaccessible to conventional models. This work establishes
a new paradigm for Al in healthcare, where prediction is grounded in the reconstruction of hidden system dynamics, enabling
proactive intervention and more reliable decision-making in complex, high-dimensional environments.

Keywords

Latent-state Reconstruction, Artificial Intelligence in Healthcare, Predictive Analytics, Hazard Function,
Complex Adaptive Systems, Disease Progression Modeling, Early Detection

1. Introduction

Modern health informatics and complex system analytics ~ observations represent only partial and often noisy manifesta-
face a fundamental challenge: the most important processes  tions of deeper biological processes evolving within patients
governing system behavior are rarely observed directly. In or populations. Similarly, in epidemiology, defense systems,
healthcare, clinicians and researchers observe laboratory tests, and large-scale socio-technical networks, observable signals
clinical notes, diagnoses, and physiological measurements  provide only indirect evidence of the underlying mechanisms
recorded in electronic health records (EHRs); however, these  driving system dynamics.
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This gap between observable data and the true system state
motivates the development of new analytical frameworks ca-
pable of reconstructing hidden processes from incomplete in-
formation. Recent advances in clinical analytics have intro-
duced new approaches to address this challenge through la-
tent-state modeling, in which observable data are interpreted
as projections of an underlying hidden state that evolves over
time [1]. Two such frameworks are Stochastic Artificial Intel-
ligence Hazard Analysis (SAIHA) and Latent Adaptive Trans-
formative Artificial Intelligence (LAT-AI), developed by de
Melo [2]. Stochastic health analytics focuses on reconstruct-
ing latent health trajectories from noisy observational data and
transforming them into time-dependent hazard functions that
quantify dynamic risk and enable early detection of disease
progression and system instability.

Latent Al extends this idea by modeling complex adaptive
systems (CAS) evolving latent processes whose trajectories
can be inferred and monitored to support anticipatory decision
making [3].

Interestingly, the conceptual foundation of these frame-
works bears a strong resemblance to principles found in quan-
tum mechanics. In quantum theory, the physical state of a sys-
tem is described by a wave function that cannot be directly
observed but governs the probabilistic outcomes of measure-
ments. The evolution of this hidden state is described by the
Schradinger equation. Latent states can be analyzed by auto-
encoders whhich are a useful tool for probing latent states, es-
pecially for dimensionality reduction and feature discovery,
but they are not a complete or neutral explanation of those
states [4]. A review of autoencoders with information theo-
retic concepts was published by Yu and Principe [5]. Kingma
discussed variational autoencoders [6].

In variational autoencoders (VAES), learning is governed
by a trade-off between reconstruction fidelity and latent regu-
larization, formalized through the evidence lower bound
(ELBO). The reconstruction term encourages the latent varia-
ble z to preserve sufficient information about the input x to
enable accurate decoding, effectively promoting high-fidelity
latent reconstruction. In contrast, the Kullback—Leibler (KL)
divergence term constrains the approximate posterior g(z | x)
to remain close to a predefined prior, typically an isotropic
Gaussian, thereby limiting the information capacity of the la-
tent space and enforcing global structure [7]. This interplay
can be interpreted as an information bottleneck: the model
must compress input data into a structured latent representa-
tion that balances informativeness against simplicity. Adjust-
ing the relative weight of the KL term, as in B-VAE, makes
this trade-off explicit, with higher values encouraging more
disentangled but less detailed reconstructions, and lower val-
ues favoring reconstruction accuracy at the expense of latent
organization [8]. Consequently, the quality of latent recon-
struction in VAEs is not solely determined by reconstruction
loss, but by how effectively the model allocates information
under the regularization imposed by the KL divergence [9].

Latent recovery was used in survival analysis. Schober and

Vetter interpreted survival analysis aa interpretation of time-
to-event data [10]. Pang et al. used time series to predict haz-
ards [11]. Arcuri et al. compared hazard prediction with Cox
hazard modeling [12]. De Melo et al. developed a stochastic
continuation of deterministic Weibull solution [13, 14]. A re-
lation of latent reconstruction to machine learning was demon-
strated by Silva et al. [15]. Williams considered an optimized
statistical-gradient algorithm for reinforcement learning [16].
An interesting work has been done by Gao et al. for generation
of latent state using zero-show learning [17]. In this paper, we
discuss a new algorithm that enables the reconstruction of la-
tent health states that evolve over time and gives rise to ob-
servable clinical measurements subject to stochastic variabil-

ity.

2. State-Space Representation

Both quantum mechanics and latent-state Al frameworks
describe systems using state vectors evolving in time. In quan-
tum mechanics the system states the wave function:

ih 2220 = Ay (x, ©), 1)

where y(x,t) is system state (wave function), H = Hamiltonian
operator describing system dynamics.

The wave function represents a hidden state that cannot be
directly observed. In health latent analytics (HLA) a similar
concept exists:

1) x(t) represents a latent system state

2) Observations are noisy measurements derived from that

state.

The evolution of this latent state is written as:

O = Fx(®),u(0), 0), @

The term u(t) represents external influences acting on the
system over time. These are variables that affect the latent
state but are not part of the state itself. They may vary with
time and often correspond to interventions, environmental
conditions, or control signals. In healthcare analytics, exam-
ples include medical treatment administered to a patient, dos-
age of medication over time, lifestyle changes such as diet or
exercise, environmental exposures such as pollution, vaccina-
tion campaigns in population health Parameter 6 is learned
from data, such as weights in neural networks, coefficients in
regression models, transition parameters in state-space models,
hazard coefficients in survival models. These parameters are
estimated by fitting the model to observed data.

Thus, both frameworks rely on state-space dynamical sys-
tems. In quantum mechanics, observable probabilities are de-
rived from the wave function.

P(x,t) = [P(x, ) ®)
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This equation converts the hidden state into observable
probability distributions. Similarly, in health analytics the la-
tent state x(t) is transformed into a hazard function represent-
ing risk:

At) = Apef*®

Here the latent state x(t) determines the instantaneous
risk of an event. Thus, both frameworks map hidden states to
observable probabilities. For a single particle in a potential
field V(x),

i 2D _ (_h_zﬁ + V(x)) Y(x, t) “)

ot 2m 9x?2

This has two main parts:
H = diffusion curvature term+ potential term

The second derivative term measures how the hidden state
bends across space. That same kind of curvature term appears
in stochastic latent-state models. This can be seen in equation
(5) that represents the Fokker—Planck equation:

ap(xt) _ 1 92
ot 20x2

a
(97, Op(x, )] — o [f (e, O)p(x, )] (3)
If we replace real time t by imaginary time:

T=1it

then the Schrclinger equation transforms into a diffusion
equation:

p LD _ (h_zi _ V(x)) V(x, 1) (6)

ot 2m 9x2

or equivalently

W _pot _
at D 9x2 U(x)l/)

where

hZ

2m

is a diffusion coefficient. This is interesting because latent-
state inference behaves mathematically the same way as the
diffusion of uncertainty through hidden state space. Here
p(x, t) is the probability density of the latent state, f(x,t) is
the drift term, and g(x, t) is the stochastic noise amplitude.
This is highly relevant to stochastic modeling in healthcare,
because it says that the hidden state is not just a single number.
It is a distribution that moves in time under two forces:

1) drift, which reflects systematic change such as disease

progression or recovery in healthcare,
2) diffusion, which reflects uncertainty, noise, variability,

and hidden perturbations

That is exactly how one would describe evolving latent
health states. Sources of stochastic noise in healthcare include:

1) measurement errors in clinical data

2) biological variability between patients

3) unknown environmental factors

4) unrecorded clinical interventions

5) stochastic biological processes

If g(x,t)is large, the latent state becomes highly unpredict-
able.

If g(x,t)is small, the system behaves almost deterministi-
cally. Suppose the latent health state follows

dx; = (ax; — fuy)dt + adW,

where
1) ax, describes natural disease progression
2) Bu, describes treatment effect
3) adW; represents biological randomness
Here
1) drift= f(x,t) = ax; — Bu;
2) noise amplitude = g(x,t) = o

3. Latent-state Dynamics

A latent health state can be modeled as a stochastic differ-
ential equation.

dxt = f(xt, U, 9) dt + g(xt) th

where x, is the hidden health state, u, is intervention or ex-
ternal input, 6 are system parameters, dW, is Brownian
noise.
This is where your framework becomes especially original.
Suppose the latent health state has density p(x,t). Then
hazard can be defined as a functional of that latent distribution:

At) = [ h(x) p(x,t) dx
where h(x) is a risk-generating function. This is mathemati-
cally important because hazard is no longer tied to raw obser-
vations alone. It emerges from the distribution of hidden states.
For example, if deteriorating latent health increases event risk
exponentially, then

h(x) = A,ef*

and the hazard becomes

At) = [ 20eP*p(x,t) dx

In quantum mechanics, the map is:

Y(x,t) — p(x,t) — observable measurements
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and in health analytics:
x; — p(x,t) — clinical observations and hazard

In Al, latent-state estimation often minimizes a loss such as

L=%ly.— P 12+ aXe llx — f(xe-1) 112+ B Q(x)

This has the same flavor:

1) fit the observations

2) enforce smooth hidden dynamics

3) penalize implausible latent trajectories

So, both fields search for the most plausible hidden evolu-
tion by optimizing a functional.

Compact bridge from Schrédinger to SAIHA/LAT-AI is
this chain:

Hidden state dynamics — probability density evolution — measurement process — risk/hazard estimation

In quantum mechanics:

P(x,t) > P(x,t) >- measurement probabilities

In SAIHA/LAT-AL:

dx, = f (e, up, 0) dt + g (xe) AW, > p(x,8) > ye = M(x) + € = At) = [ h(x)p(x, ) dx

That is the mathematically interesting bridge.

The deepest common mathematics is this: both frameworks
study an unobservable evolving state, and both use equations
that describe how the state or its probability distribution
changes in time under structure plus uncertainty. Quantum
mechanics expresses this through the Schralinger equation;
SAIHA and LAT-AI express it through stochastic state equa-
tions, filtering, and hazard functionals over latent-state densi-
ties.

That is why Schradinger-style thinking is not merely a met-
aphor for SAIHA/LAT-AL. It suggests a real mathematical
language for describing hidden clinical dynamics, uncertainty
propagation, and anticipatory risk estimation. In the special
theory of relativity introduced by Albert Einstein, the time ex-
perienced by a moving object, called proper time, differs from
the time measured by a stationary observer. Proper time is de-
termined by integrating a velocity-dependent factor along the
object's trajectory in spacetime. For an object moving with ve-
locity v(t), proper time is expressed as:

1O ar ()

where ¢ denotes the speed of light. This expression indicates
that time accumulation depends on the path taken through
spacetime. The integral represents the length of the object's
worldline in Minkowski spacetime. A comparable structure
appears in survival analysis. The survival function can be writ-
ten in terms of the cumulative hazard function:

S(t) = exp (- f; 2 (u) du) (8)

where A(t) denotes the hazard rate at time ¢t. If we take the
logarithm of (2), we obtain:

logS(t) = — fotl(u) du

or equivalently:
—logS(t) = fot/l(u) du
The right-hand side is the cumulative hazard:
H(t) = [ A(w) du 9)
H(t) in (3) is:
H(t) = —logS(t)

Both equations (1) and (3) describe a quantity obtained by
integrating a time-modifying function along a trajectory. The
relativity theory focuses on:

7(t) = J, g(w) du

with

2
g = J1 -2

Survival analysis (3) represents cumulative hazard, which
measures the accumulated exposure to risk over time. Survival
probability is then determined by the exponential decay asso-
ciated with this accumulated risk. These two expressions share
a similar mathematical form. In relation to the object, time ex-
perienced by an object is obtained by integrating a function
that modifies time according to velocity. In survival analysis,
the progression toward an event is determined by integrating
a function that modifies time according to risk intensity. In
both cases, the observable outcome depends on the accumula-
tion of a modifying factor along a trajectory.

From this perspective, survival analysis can be interpreted
as operating within a transformed time coordinate. Calendar
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time t may be mapped to a risk-adjusted time scale defined
by the cumulative hazard.

T,(t) = [, A(u) du
Under this transformation, survival probability becomes:

S(t) = e Ts® (10)
which indicates that survival follows an exponential decay in
the transformed time coordinate. The Kaplan—Meier estimator
approximates this process discretely by multiplying condi-
tional survival probabilities across successive event times.
Within this framework, the progression of disease can be
interpreted as movement through a risk landscape in which the
cumulative hazard corresponds to the accumulated exposure
along the patient's trajectory. This interpretation parallels the
concept of a worldline in relativity, where the experienced

time of a system depends on its path through spacetime.

Extensions of this idea appear in advanced survival model-
ing frameworks that incorporate latent physiological states
and stochastic dynamics. In the Stochastic Augmented Inte-
grated Hazard Analysis framework, latent processes influenc-
ing patient health are reconstructed through stochastic aug-
mentation, allowing the hazard function to evolve according
to hidden physiological trajectories. This approach enables
more accurate prediction of survival outcomes because it ac-
counts for the dynamic and partially unobserved nature of
clinical systems.

Viewing survival analysis through a geometric perspective
highlight how patient outcomes depend on trajectories
through risk space rather than simply on elapsed calendar time.
This perspective connects concepts from physics, probability
theory, and health informatics, and may provide new direc-
tions for modeling time-dependent biomedical processes, par-
ticularly in the context of artificial intelligence and dynamic
clinical decision support systems.

Relativistic time dilation

30 1 — coordinate time t

proper time T(t)

accumulated time

0 10 20

30 40 50
time

Figure 1. Comparison of coordinate time and relativistic proper time.

Figure 1 represents the coordinate time t (blue line) meas-
ured by a stationary observer, which increases linearly. The
orange curve shows the accumulated proper time, which
grows more slowly due to relativistic effects at high velocity.
This divergence demonstrates how time passes at different

rates depending on the relative motion between observers, a
key prediction of special relativity. The increasing gap be-
tween the two curves highlights the cumulative nature of time
dilation over longer durations.

Cumulative hazard H(t)

1.2 4

1.0 4

0.8 4

0.6 4

hazard

0.4 4

0.2 4

0.0 4

0 10 20

30 40 50
time

Figure 2. Cumulative hazard function H(t).
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Figure 2 depicts the cumulative hazard represents the accumulated risk over time and is defined as H(t) = fot/l(u) du, where
A(t) the hazard rate is. The curve increases monotonically, reflecting the progressive accumulation of risk in survival analysis.

Survival probability S(t)

1.0
0.9 A
0.8 A
0.7 1

0.6 4

survival

0.5 4
0.4 4

0.3

T T T

30 40 50
time

Figure 3. Survival probability S(t).

Figure 3 shows the survival function, the probability that
an individual survives beyond time t. It is defined as S(t) =
exp(—H(t)), where H(t)is the cumulative hazard. As cumu-
lative hazard increases over time, the survival probability de-
creases, illustrating the relationship between risk accumula-
tion and survival outcomes in time-to-event analysis.

3.1. Weibull Hazard Function in Survival
Analysis

The Weibull model is one of the most widely used paramet-
ric models in survival analysis and reliability theory. It pro-
vides a flexible framework for describing how the instantane-
ous risk of an event evolves over time. The model is particu-
larly valuable in healthcare analytics because it can represent
increasing, decreasing, or constant hazard patterns depending
on the value of its shape parameter. This flexibility makes the
Weibull distribution suitable for modeling a wide range of
clinical outcomes, including patient survival, disease progres-
sion, equipment failure in medical devices, and time to read-
mission.

The Weibull distribution is characterized by two parameters:

a scale parameter « > 0 and a shape parameter g > 0. The
hazard function for the Weibull model is defined as:

At) = afthP1

where t denotes time. The hazard function describes the in-
stantaneous rate at which events occur among individuals who
have survived up to time t. The behavior of the hazard func-
tion depends strongly on the value of the shape parameter .

When B > 1, the hazard increases over time. This situation
is common in many chronic diseases in which the risk of an
adverse outcome grows as the disease progresses or as patients
age. For example, the risk of mortality in progressive cancers

or degenerative conditions often follows an increasing hazard
pattern.
When g = 1, the hazard becomes constant over time:

Alt) =«

In this case, the Weibull model reduces to the exponential
survival model. A constant hazard implies that the probability
of the event occurring in the next instant does not depend on
how long the individual has already survived.

When £ < 1, the hazard decreases over time. This pattern
is frequently observed in clinical situations where the initial
risk is high but decreases as time passes. Examples include
postoperative mortality risk or complications following acute
medical interventions. Patients who survive the early high-risk
period often experience a substantially lower risk later.

The cumulative hazard function associated with the
Weibull model is obtained by integrating the hazard function
over time:

H(E) = [JA(u) du = atf

The survival function, which represents the probability that
an individual survives beyond time t, is then given by

S(t) = exp(—H(t)) = exp(—atﬁ)

This representation highlights the relationship between sur-
vival probability and cumulative hazard. As cumulative haz-
ard increases, survival probability decreases exponentially.

One important advantage of the Weibull model is that it di-
rectly links the hazard function and survival function through
simple analytic expressions. This property allows researchers
to interpret how changes in model parameters influence both
the rate of risk accumulation and the shape of the survival


http://www.sciencepg.com/journal/jfmhc

Journal of Family Medicine and Health Care

http://www.sciencepg.com/journal/jfmhc

curve.

In healthcare analytics, the Weibull model is widely applied
in studies of patient survival, disease recurrence, and treat-
ment effectiveness. Because it provides explicit expressions
for hazard and survival functions, it also serves as a useful
framework for simulation and predictive modeling. From a
conceptual standpoint, the Weibull survival function can be
interpreted as operating on a transformed time scale. Specifi-
cally, the expression:

—logS(t) = atf

shows that the cumulative hazard acts as a transformed meas-
ure of time that incorporates the evolving risk structure of the
system. This interpretation connects naturally with the broader
framework of survival analysis, where patient outcomes de-
pend not only on chronological time but also on the dynamic
accumulation of risk factors.

The flexibility and interpretability of the Weibull hazard
function make it an important component of modern survival
modeling. Its ability to capture diverse patterns of risk over
time allows researchers to describe complex time-to-event
processes and to gain deeper insight into the temporal dynam-
ics of disease and treatment outcomes.

Weibull survival curves

1.0 1

0.8 1

0.6 1

S(t)

0.4 1

0.2 1

0.0 1

0.0 2.5 5.0 7.5

10.0 20.0

time

125 15.0 17.5

Figure 4. Weibull survival curves illustrating the effect of the shape parameter Son survival dynamics.

Figure 4 shows that decreasing hazard (8 < 1) produces a
slowly declining survival curve, constant hazard (f = 1) cor-
responds to the exponential survival model, and increasing
hazard (8 > 1) leads to a rapid decline in survival probability.

The Weibull survival model can be interpreted as operating
on a transformed time scale.

T (t) = ath

which plays a role like proper time in relativity: it represents
an effective internal time determined by the dynamics of the
system. While relativity describes trajectories in spacetime,
survival analysis describes trajectories through risk space.

Thus, the relationship between the Weibull model and rela-
tivity is conceptual and mathematical. Both frameworks illus-
trate how the effective progression of time can be altered by
underlying processes and expressed through integrals that ac-
cumulate those effects over time.

3.2. Cox Proportional Hazards Model

The Cox proportional hazards model can also be interpreted
within the same conceptual framework, although it arises di-
rectly from statistical theory rather than physics. The model

was introduced by David R. Cox and is widely used in survival
analysis because it allows the hazard rate to depend on multi-
ple explanatory variables without specifying the exact base-
line distribution of survival times.

In the Cox model, the hazard function is written as

A(t | x) = Ay(t)ef*

where 1, (t)is the baseline hazard function and x represents
a vector of covariates such as age, treatment type, or bi-
omarkers. The term ef* modifies the baseline hazard ac-
cording to the characteristics of everyone.

Figure 5 illustrates those higher values of x increase the
hazard A(t | x) = A,(t)eP*, resulting in faster decline of
survival probability over time. The Cox proportional hazards
model can also be interpreted within the same framework of
accumulated processes that was previously discussed in con-
nection with relativistic time dilation and Weibull survival
models. In the Cox model, the hazard function is written as
A(t | x) = 2,(t)eP*, where the exponential term modifies
the baseline hazard according to individual covariates.


http://www.sciencepg.com/journal/jfmhc

Journal of Family Medicine and Health Care

http://www.sciencepg.com/journal/jfmhc

Example Cox proportional hazards survival curves

1.0 1

< o e
- [=2] (o]
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survival probability S(t | x)
o

0.0 1

0.0 2.5 5.0 7.5

T T T
10.0 17.5 20.0

time

12.5 15.0

Figure 5. Cox proportional hazards survival curves.

The Cox model is written as
A(t 1 x) = 2,(t) eB1x1+B2xz++Bpxp

where
1) x4, x5, ..., xpare covariates (age, treatment, biomarkers,
comorbidities, etc.)
2) B1, Bz, -, Bpare estimated coefficients from the data
3) A, (t)is the baseline hazard

The term

B1x1 + Box; + -+ Bpx, defines a point in a p-dimen-
sional covariate space. Each patient can be represented as a
vector:

x = (xl,xz, ,xp)T

in a multidimensional risk space. For example,

Table 1. Definition of model variables used in the analysis, including demographic, clinical, treatment, and biomarker-related features.

Variable Meaning

X Age,

X, Blood pressure

X3 Treatment indicator
X4 Biomarker level

Then a patient corresponds to a point in a 4-dimensional
risk space. Hazard as a surface in risk space. The hazard be-
comes

At x) = A (t)ef™

where
B - x is a dot product. Thus, the Cox model defines a risk

surface over multidimensional covariate space.
Geometric interpretation: patients move through risk space
over time. The accumulated risk becomes

H(t|x)=ePf*H,(t)

so, the covariate vector effectively scales the rate at which risk
accumulates.
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3D Risk Surface in Cox-Style Risk Space
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Figure 6. Three-dimensional risk surface in a Cox-style risk space defined by age and blood pressure, with glucose held constant.

The surface in Figure 6 represents relative risk estimated
from a proportional hazards model, where increasing values
of the covariates lead to higher estimated hazard. The color
gradient indicates the magnitude of relative risk, illustrating
how combinations of clinical variables determine the risk
level within the multidimensional covariate space.

3.3. Stochastic Augmented Integrated Hazard
Analysis (SAIHA)

Traditional survival models treat the hazard as either a de-
terministic function of time or a function of static covariates.
However, clinical systems are inherently dynamic. Patient
health evolves continuously through complex physiological
processes that may not be fully observable in electronic health
records. SAIHA addresses this limitation by introducing a la-
tent state representation of patient health and allowing the haz-
ard function to depend on this evolving state [9]. Let x(t) de-
notes the latent physiological state vector describing the health
status of a patient at time t. This state may include variables
such as immune response, metabolic condition, or other hid-
den clinical factors that influence survival risk. The evolution
of the latent state is modeled as a stochastic dynamic system:

dx(t) = f(x(t),t) dt + ZdW (¢t),

where f(x,t) describes deterministic physiological dynam-
icsand dW (t) represents stochastic fluctuations, and X isa
covariance matrix controlling the magnitude of the stochastic
perturbation. The hazard function is then defined as a mapping
from the latent state to risk:

A0) = g(x(0))

where g(+) is a function translating physiological state into
instantaneous risk. The cumulative hazard becomes

H(t) = [, A(w) du
and the survival probability is
S(t) =ex p(—H(t)).

Unlike traditional models where the hazard depends only
on observed covariates, SAIHA allows the hazard to evolve
according to the stochastic trajectory of the latent health state.

SAIHA generalizes several traditional survival frameworks.
If the latent state is constant,

x(t) =x

then the model reduces to the Cox proportional hazards for-
mulation

At | x) = Ay(t)eh™.
If the hazard is defined as a power function of time,
At) = afthb 1,

then the cumulative hazard becomes
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H(t) = atf

and the model reduces to the Weibull survival model.

Thus, SAIHA can be viewed as a dynamic extension of
classical survival models. Conceptual connection with relativ-
ity. The mathematical structure of SAIHA parallels the rela-
tivistic concept of time accumulation. Thus, the survival pro-
cess can be interpreted as the accumulation of risk along a tra-
jectory in health-state space, just as proper time in relativity
accumulates along a trajectory in spacetime. In the Stochastic
Augmented Integrated Hazard Analysis (SAIHA) framework,
the goal is essentially to recover or reconstruct the latent
health-state space that governs the evolution of risk. This la-
tent space represents underlying physiological processes that
are not directly observed in clinical data but strongly influence
survival outcomes.

In classical survival models such as Kaplan—Meier, Weibull,
or the Cox proportional hazards model, the hazard function
depends either on time alone or on a set of observed covariates.
However, many important biological processes remain hidden.
Electronic health records typically capture only partial and

noisy measurements of the patient's true physiological condi-
tion. As a result, the observed variables represent only a pro-
jection of a deeper underlying system.

Figure 7 shows the true latent trajectory (blue) generates
noisy observations (gray points). The recovered latent state
(red) is estimated using stochastic augmentation with an en-
semble representation of the latent dynamics. The shaded re-
gion represents the 90% ensemble uncertainty interval around
the recovered trajectory.

In Figure 8, the blue curve shows the hazard computed from
the true latent state, while the red curve shows the hazard de-
rived from the recovered latent trajectory. The close agree-
ment illustrates how accurate reconstruction of the latent state
allows reliable estimation of time-dependent risk.

The blue curve represents survival computed from the true
latent-state—derived hazard, while the red curve shows sur-
vival estimated using the hazard derived from the recovered
latent trajectory. The close agreement between the two curves
demonstrates that accurate reconstruction of the latent health
state enables reliable estimation of survival dynamics.

Augmented latent-state recovery in a SAIHA-style model

3.0 { = True latent state
Noisy observations
2.5 4 = Recovered latent state
[iJ] 90% ensemble band
]
M 2.0
4
w0
4= 1.5
c
2
© 1.0 1
-
0.5
0.0

6 8 10 12

Time

Figure 7. Recovery of a latent physiological state using the stochastic augmented integrated hazard analysis (SAIHA) framework.
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Figure 8. Hazard functions derived from the latent health state in a SAIHA framework.
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Figure 9. Survival probability derived from cumulative hazard in the SAIHA framework.

Figure 9 depicts survival probability as a function of time
derived from the cumulative hazard function. The blue curve
represents the true survival function, while the red curve
shows the estimated survival obtained from the cumulative
hazard. The close agreement between the two curves across
the time range indicates that the estimation method accurately
recovers the underlying survival pattern, with only minor de-
viations at intermediate times.

4. Discussion

The latent-state formulation provides a conceptual ad-
vantage over traditional survival approaches. Classical meth-
ods such as the Kaplan—Meier estimator describe survival
purely as a function of observed event times, without incorpo-
rating dynamic physiological processes. Parametric models
such as Weibull assume a predetermined functional form for
the hazard, while semi-parametric approaches such as the Cox
proportional hazards model link risk to fixed covariates meas-
ured at baseline or updated intermittently. In contrast, SAIHA
treats risk as emerging from a continuously evolving latent
state that integrates multiple biological influences. This per-
spective reflects the reality of clinical systems, where disease
progression is governed by complex physiological interac-
tions that are only partially captured by routine clinical meas-
urements.

The simulation results demonstrate that stochastic augmen-
tation can effectively reconstruct the latent trajectory despite
substantial measurement noise. The ensemble-based recovery
approach allows multiple plausible trajectories to be explored
simultaneously, reducing sensitivity to observation errors and
improving stability of the estimated latent state. Once the la-
tent trajectory is reconstructed, the hazard function can be de-
rived directly from this state, allowing the cumulative hazard
and survival probability to be computed through standard sur-
vival equations. The close agreement between survival curves
derived from the true latent state and those derived from the
recovered trajectory confirms the validity of this approach.
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An important implication of this framework is that survival
outcomes can be viewed as the result of trajectories through a
latent physiological state space. In this interpretation, patients
follow paths through an evolving health-state landscape, and
the hazard represents the instantaneous risk associated with
their current position in that space. Survival probability then
emerges from the accumulation of risk along the trajectory.
This geometric perspective aligns naturally with modern ap-
proaches in dynamical systems and state-space modeling,
where complex processes are described through hidden states
and their temporal evolution.

The latent trajectory interpretation also creates an interest-
ing conceptual connection with the theory of relativity. In rel-
ativity, the experienced proper time of an object depends on
its trajectory through spacetime. Similarly, in SAIHA the ac-
cumulated risk depends on the trajectory of the patient through
latent physiological state space. In both frameworks the ob-
servable outcome is obtained through integration along a path
in an underlying state space. Although the two theories arise
in entirely different scientific domains, this structural similar-
ity highlights the general importance of trajectory-based accu-
mulation processes in modeling complex dynamical systems.

The proposed framework also has important implications
for health informatics and predictive medicine. Because the
latent state integrates information from multiple measure-
ments over time, it can provide a more stable and informative
representation of patient condition than individual clinical
variables. This may enable earlier detection of deteriorating
health states and improved forecasting of adverse outcomes.
Furthermore, the stochastic augmentation approach allows un-
certainty in patient trajectories to be explicitly represented,
which is particularly valuable when working with incomplete
or noisy clinical data.

5. Conclusion

This work explored a conceptual and mathematical connec-
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tion between relativistic time accumulation and survival anal-
ysis in healthcare and introduced the Stochastic Augmented
Integrated Hazard Analysis (SAIHA) framework as a dynamic
extension of classical survival modeling. Traditional survival
methods such as the Kaplan—Meier estimator, the Weibull
model, and the Cox proportional hazards model describe sur-
vival outcomes through the accumulation of hazard over time.
However, these models typically rely on either time-depend-
ent hazard functions or static covariates and do not explicitly
account for hidden physiological processes that evolve dy-
namically.

SAIHA addresses this limitation by introducing a latent
health state that governs the evolution of risk. The latent state
represents an underlying physiological condition reflecting
the combined effects of multiple biological processes that are
only partially observed in clinical data. Using stochastic aug-
mentation and ensemble-based estimation, the latent trajec-
tory can be reconstructed from noisy observations such as
clinical measurements and laboratory values. Once the latent
state is recovered, the hazard function can be modeled as a
function of this evolving state, and survival can be obtained
through the cumulative hazard.

The framework demonstrates that survival outcomes can be
interpreted as the result of risk accumulation along a trajectory
in latent health space. This perspective closely parallels the
relativistic concept introduced by Albert Einstein, where
proper time accumulates along a trajectory in spacetime. In
both cases, the observable quantity emerges from integrating
a dynamic factor along a path through an underlying state
space. In survival analysis, the cumulative hazard plays a role
analogous to accumulated proper time, while the patient tra-
jectory through latent physiological space determines how
risk evolves.

The numerical examples presented illustrate how latent-
state recovery enables accurate reconstruction of hazard and
survival dynamics even when the underlying physiological
process is not directly observable. These results suggest that
incorporating latent dynamics into survival analysis may pro-
vide a more realistic representation of disease progression and
patient risk.

More broadly, the SAIHA framework highlights the im-
portance of viewing healthcare outcomes as dynamic pro-
cesses governed by hidden system states rather than static co-
variates alone. By integrating ideas from stochastic dynamical
systems, survival analysis, and latent-state modeling, SAIHA
provides a flexible foundation for modeling complex biomed-
ical phenomena and improving predictive analytics in health
informatics.

Abbreviations

Al Artificial Intelligence
LAT-Al  Latent Adaptive Transformative Al
SAIHA Stochastic Augmented Integrated Hazard

Analysis
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