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Abstract

Electronic health records (EHRS) contain large amounts of valuable clinical information, but a substantial portion of this
information exists in unstructured form, including physician notes, discharge summaries, and narrative clinical reports. Because
these data are recorded as free text, they are difficult to aggregate, standardize, and analyze using conventional statistical or
database methods. As a result, a significant amount of clinically relevant information remains underutilized in healthcare
analytics and decision support systems. This study proposes a hybrid framework that combines artificial intelligence—based
natural language processing (NLP) with stochastic modeling to transform unstructured EHR narratives into structured clinical
datasets. The approach first applies Al-driven NLP techniques to identify and extract clinically meaningful entities such as
diagnoses, symptoms, medications, laboratory values, and procedures from free-text clinical notes. The extracted information is
then organized into relational tables suitable for large-scale analytics. To account for patient heterogeneity and uncertainty in
clinical observations, stochastic analytical methods are applied to reconstruct latent health trajectories and estimate time-
dependent risk patterns. The proposed framework enables the integration of narrative clinical information into structured data
environments, facilitating more comprehensive analysis of patient health dynamics. By combining Al-based text extraction with
stochastic modeling, the method improves the ability to analyze complex clinical datasets and supports more realistic
representation of disease progression and patient variability. This approach has the potential to enhance population health
analytics, clinical research, and predictive modeling using electronic health record data.
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1. Introduction

Electronic health records (EHRs) have become a central capture a wide variety of patient information, including de-
component of modern healthcare systems and represent one of ~ mographic data, laboratory results, diagnoses, medications,
the most important sources of data for clinical research, pop- and clinical procedures. However, a substantial portion of
ulation health analytics, and decision support. EHR systems clinically meaningful information is recorded in the form
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of unstructured text such as physician notes, discharge
summaries, radiology reports, and nursing narratives.
These narrative documents often contain detailed descrip-
tions of patient conditions, symptoms, treatment responses,
and clinical reasoning that are not fully captured in struc-
tured database fields.

Despite their richness, unstructured clinical narratives are
difficult to aggregate, standardize, and analyze using tradi-
tional data management and statistical approaches. Studies
have estimated that a large fraction of information stored in
EHR systems remains underutilized because it exists in free-
text form [1]. The variability of medical language, the use of
abbreviations, incomplete sentences, and context-dependent
expressions make automated interpretation of clinical notes
particularly challenging. As a result, much of the valuable in-
formation embedded in EHR narratives cannot be directly in-
corporated into large-scale analytics, predictive modeling, or
clinical decision support systems.

Recent advances in artificial intelligence and natural lan-
guage processing (NLP) provide promising approaches for ex-
tracting structured information from unstructured clinical text.
Al-based NLP techniques can identify clinical entities such as
diseases, medications, laboratory results, and procedures
within narrative documents and convert them into structured
variables suitable for computational analysis. These methods
have significantly improved the ability to transform narrative
clinical information into structured datasets that can be stored
in relational databases and used for epidemiological studies,
machine learning models, and healthcare analytics.

However, simply converting clinical narratives into struc-
tured variables does not fully capture the complexity and var-
iability of patient health dynamics. Patients with similar ob-
served characteristics may follow very different clinical tra-
jectories due to biological variability, treatment responses,
and environmental factors. Deterministic analytical methods
often assume that patients with similar observed data share the
same risk profile, which may not adequately represent the het-
erogeneity present in real-world clinical populations. Stochas-
tic analytical frameworks offer an alternative approach by
modeling the probabilistic evolution of patient health states
and incorporating uncertainty into the analysis of disease pro-
gression and risk [2].

This study proposes a hybrid framework that integrates Al-
based NLP methods with stochastic modeling to transform un-
structured EHR narratives into structured clinical data and to
analyze the resulting information using probabilistic ap-
proaches. The proposed methodology first applies Al-driven
NLP techniques to extract clinically relevant entities from nar-
rative clinical documents and organize them into structured
relational tables. Stochastic analytical methods are then ap-
plied to model the dynamic behavior of the underlying health
state and to capture variability among patients. By combining
automated information extraction with probabilistic modeling,
the framework enables more comprehensive utilization of
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EHR data and supports more realistic analysis of disease pro-
gression, population health dynamics, and clinical risk predic-
tion.

The framework combining Al-based NLP and stochastic
methods, such as Stochastic Artificial Intelligence for Hazard
Analytics (SAIHA) for structuring electronic health records
has many applications in healthcare analytics, clinical re-
search, and health system management [3]. Once unstructured
clinical narratives are transformed into structured datasets and
latent health states are reconstructed, the information can sup-
port a wide range of analytical and clinical tasks.

One important application is clinical outcome prediction.
Structured data extracted from clinical notes can be used to
model patient trajectories and estimate the probability of out-
comes such as mortality, complications, or disease progres-
sion. Stochastic methods allow these predictions to account
for patient variability rather than assuming a single determin-
istic trajectory, which leads to more clinically realistic risk es-
timation.

Another major application is early detection of disease de-
terioration and clinical risk stratification. By analyzing time-
dependent information extracted from EHR narratives, the
framework can detect subtle patterns indicating worsening pa-
tient conditions. For example, changes in symptoms, labora-
tory values, and treatment responses recorded in clinical notes
can signal the early stages of sepsis, cancer progression, or
cardiovascular complications. Identifying these patterns al-
lows clinicians to intervene earlier and improve patient out-
comes.

The Al-based NLP and stochastic methods also support
population health analytics and epidemiological surveillance.
Unstructured clinical notes often contain valuable information
about symptoms, exposures, and clinical observations that are
not present in structured fields. Extracting this information en-
ables large-scale monitoring of disease prevalence, outbreak
detection, and tracking of public health trends across
healthcare systems [4].

A further application is clinical research and real-world ev-
idence generation. Researchers can use structured datasets de-
rived from clinical narratives to study treatment effectiveness,
patient responses to therapies, and long-term disease trajecto-
ries (??7). Because clinical notes often contain detailed con-
textual information, incorporating these data improves the
quality of observational studies and comparative effectiveness
research.

The framework can also enhance clinical decision support
systems. Structured information extracted from narrative
notes can be integrated into predictive models that assist cli-
nicians in diagnosis, treatment planning, and monitoring of
patient risk. Stochastic modeling further improves these sys-
tems by representing uncertainty and variability in patient
health states.

Another important application is healthcare quality im-
provement and hospital operations analytics. By analyzing
structured information derived from EHR narratives,
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healthcare organizations can evaluate treatment outcomes,
identify patterns of adverse events, and monitor adherence to
clinical guidelines [5]. These insights can inform policy deci-
sions and improve healthcare delivery.

Finally, The Al-based NLP and stochastic methods enable
advanced Al-driven healthcare analytics, including the devel-
opment of predictive models, digital twins of patients, and
learning health systems. By converting previously inaccessi-
ble narrative data into structured and analyzable form, the
framework expands the usable information contained within
EHR systems and supports more comprehensive understand-
ing of patient health dynamics [6].

In summary, integrating Al-based NLP with stochastic
modeling allows healthcare systems to unlock the information
contained in unstructured EHR narratives and apply it to pre-
diction, surveillance, research, decision support, and health
system optimization.

The rapid digitization of healthcare systems has led to the
widespread adoption of Electronic Health Records (EHRs),
which contain a mixture of structured and unstructured data.
While structured fields such as laboratory values and billing
codes are readily analyzable, it is estimated that up to 80—-85%
of clinically relevant information resides in unstructured clin-
ical narratives, including progress notes, discharge summaries,
and physician observations [7]. EHR data often exhibit chal-
lenging characteristics: they are typically not organized or fil-
tered, low in quality (rarely subjected to systematic audits),
high-dimensional (containing thousands of distinct medical
events), sparse (with many missing or zero values), heteroge-
neous (collected from diverse sources), temporal (recorded
over time), incomplete, largescale, and multimodal (capturing
various data types such as images, notes, and lab results) [8].

To identify existing methodologies for transforming un-
structured EHR data into structured clinical representations, a
comprehensive literature search was conducted across major
biomedical and computational databases, including PubMed,
IEEE Xplore, Scopus, and Google Scholar [9].

Early approaches to clinical text processing relied heavily
on rule-based systems and domain ontologies, such as the Uni-
fied Medical Language System (UMLS), which enabled map-
ping of free text to standardize medical concepts [10]. How-
ever, despite their success, these approaches primarily focus
on syntactic and semantic structuring of text and often lack
mechanisms to capture the underlying stochastic dynamics
and latent health states that evolve over time [11].

To address these limitations, a growing body of research
has explored probabilistic and stochastic modeling frame-
works for healthcare data analysis. Methods based on hidden
Markov models, Bayesian networks, and stochastic differen-
tial equations have been proposed to model disease progres-
sion and patient trajectories under uncertainty [12]. Recent lit-
erature indicates that applying natural language processing-
based information extraction to unstructured clinical notes en-
hances the identification and representation of social determi-
nants of health, significantly augmenting structured EHR data
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and improving the ability to address patient risk factors and
care outcomes [13].

Current research indicates that integrating clinical notes
with structured electronic health record data in deep learning
models enhances the prediction of serious bloodstream infec-
tions in pediatric patients with central venous lines, improving
predictive accuracy and enabling more timely identification of
rare clinical events [14]. Existing research indicates that rule-
based text-mining approaches applied to unstructured elec-
tronic health record data can effectively identify the severity
of Alzheimer's disease and related dementias, though varia-
tions in documentation practices may introduce biases into
clinical interpretation [15].

Current research indicates that integrating clinical notes
with structured electronic health record data in deep learning
models enhances the prediction of serious bloodstream infec-
tions in pediatric patients with central venous lines, improving
predictive accuracy and enabling more timely identification of
rare clinical events [16]. Existing literature suggests that inte-
grating free-text clinical information extraction with struc-
tured electronic health record data enhances the accuracy and
effectiveness of estimating personalized, multistage treatment
strategies, particularly by improving data completeness and
identifying critical patient characteristics for optimal decision-
making [17].

Recent literature indicates that natural language processing
(NLP) plays an important role in extracting information from
unstructured clinical notes. Most valuable patient data in elec-
tronic health records is stored in a free text form; this causes
difficulty for them to be used during analysis. NLP supports
converting information that is discovered into efficient and us-
able formats, allowing a deeper understanding of patient data
and supports improved clinical and public health outcomes
[18].

Research explains the importance of combining unstruc-
tured clinical notes and structured EHR data. When used to-
gether in machine learning models, an improvement in pre-
dicting complex clinical outcomes is displayed. This high-
lights that unstructured data provides important context that
structured data itself may not be able to obtain, leading to ac-
curate predictions and quality patient care [19]. It is also im-
portant to consider that challenges arise during conflicts when
working closely with unstructured data. Factors such as dif-
ferences in documentation styles, inconsistencies in format-
ting, and system limitations can affect the reliability of ex-
tracted information. These challenges demonstrate the need
for additional standardized approaches and improvements in
system designs when processing clinical data [20].

Recent research conducted focuses on integrating free text
data with structured electronics health records information.
Combining both improves accuracy by capturing details that
are missed. Additionally, it strengthens data quality and sup-
ports meaningful analysis, leading to better informed clinical
decisions and efficient and personalized care [21]. This study
builds upon these foundations by proposing an integrated
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framework that combines Al-based NLP techniques with sto-
chastic modeling to not only structure unstructured clinical
narratives but also reconstruct latent patient states and infer
dynamic disease progression patterns. By bridging the gap be-
tween text extraction and probabilistic modeling, the proposed
approach aims to enhance the clinical interpretability and pre-
dictive power of EHR-based analytics.

2. Methods

The methodology of this study consists of a hybrid analyti-
cal framework designed to transform unstructured electronic
health record (EHR) narratives into structured clinical datasets
and to analyze the resulting information using stochastic mod-
eling. The proposed approach integrates artificial intelli-
gence—based natural language processing (NLP) techniques
with stochastic analytical methods to extract clinically rele-
vant information from narrative clinical notes and represent
patient health dynamics in a structured analytical form.

The first stage of the methodology focuses on data acquisi-
tion and preprocessing. Unstructured clinical narratives, in-
cluding physician progress notes, discharge summaries, and
diagnostic reports, are obtained from the EHR system. These
documents are preprocessed to prepare them for automated
analysis. Preprocessing includes removal of formatting arti-
facts, normalization of abbreviations and medical terminology,
sentence segmentation, and tokenization. The preprocessing
stage ensures that the clinical text can be systematically ana-
lyzed by computational methods while preserving the contex-
tual meaning of medical expressions. Finally, before the ex-
tracted data is used for analysis, de-identification procedures
are often applied to remove protected health information such
as names, addresses, and medical record numbers. The result-
ing dataset contains the raw clinical narratives and associated
metadata necessary for subsequent preprocessing and natural
language processing analysis.

The second stage applies artificial intelligence—based NLP
techniques to extract clinically meaningful entities from the
narrative text. Named entity recognition algorithms are used
to identify key medical concepts such as diagnoses, symptoms,
medications, laboratory measurements, procedures, and tem-
poral information. Context analysis is performed to determine
whether the identified concepts represent active conditions,
historical events, or negated findings. For example, the system
distinguishes between statements such as “patient has diabetes”
and “no history of diabetes.” Extracted entities are subse-
quently standardized using common clinical vocabularies
where possible. The extracted information is then organized
into structured relational tables that include patient identifiers,
clinical variables, and time stamps associated with each ob-
servation.

In the third stage, the structured clinical variables derived
from the NLP process are analyzed using stochastic modeling
methods. Instead of assuming deterministic clinical trajecto-
ries, the methodology treats the observed variables as noisy
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manifestations of an underlying latent health state that evolves
over time. The stochastic analytical framework models the
probabilistic dynamics of the latent state and accounts for het-
erogeneity among patients. This approach allows the estima-
tion of time-dependent risk patterns and hazard functions as-
sociated with disease progression and clinical outcomes.

The integration of Al-based text extraction and stochastic
modeling enables the transformation of narrative clinical in-
formation into a structured analytical representation while
preserving the variability inherent in real-world clinical pop-
ulations. By combining automated information extraction
with probabilistic modeling, the proposed methodology pro-
vides a systematic approach for utilizing unstructured EHR
data in population health analytics, clinical research, and pre-
dictive modeling applications.

2.1. Al-driven NLP

After the acquisition and preprocessing of clinical text, ar-
tificial intelligence—driven natural language processing (Al-
NLP) methods are applied to identify and extract clinically
meaningful information from unstructured electronic health
record narratives. Clinical notes contain complex language
patterns, abbreviations, and context-dependent expressions
that are difficult to interpret using traditional rule-based meth-
ods alone. Al-based NLP techniques improve extraction accu-
racy by learning linguistic and semantic patterns from large
collections of annotated medical text. These methods enable
automated identification of key clinical entities such as diag-
noses, symptoms, medications, laboratory measurements, pro-
cedures, and temporal information embedded within narrative
clinical documents.

The Al-driven NLP process typically begins with clinical
entity recognition, in which machine learning or deep learning
models analyze the tokenized clinical text to detect medically
relevant concepts. Modern approaches often employ neural
language models such as transformer architectures that can
capture contextual relationships between words in a sentence.
These models can recognize that different expressions may re-
fer to the same clinical concept. For example, phrases such as
“high blood sugar,” “hyperglycemia,” and “poor glucose con-
trol” may all be interpreted as indicators of abnormal glucose
metabolism. Al-based models also help address common chal-
lenges in clinical text, including ambiguous terminology and
variability in physician documentation.

In addition to identifying medical entities, AI-NLP systems
perform context analysis to determine the clinical meaning of
extracted information. This step distinguishes between active
conditions, historical diagnoses, family history references,
and negated statements. For example, the phrases “patient has
diabetes” and “no evidence of diabetes” contain the same key-
word but represent opposite clinical interpretations. Advanced
NLP models incorporate contextual cues to correctly classify
these statements. Temporal expressions and treatment actions
may also be identified to associate clinical events with specific
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time points. tical analysis, predictive modeling, and population health re-
The extracted entities are subsequently mapped to standard- search.

ized clinical terminologies when possible, enabling consistent For example, consider the following clinical note:

representation of medical concepts across records. The re- “Patient is a 67-year-old male with hypertension and

sulting information is organized into structured relational chronic kidney disease. Blood pressure 172/96. Started on

tables that associate patients, clinical variables, and obser- amlodipine 5 mg daily.”

vation times. This transformation allows narrative clinical An Al-driven NLP system can extract the relevant clinical

data to be integrated into computational workflows for statis- information and represent it in a structured form as follows:

Table 1. NLP extraction of an unstructured clinical note.

Patient ID Age  Sex Diagnosis Blood Pressure Medication Dose Frequency
P2054 67 Male Hypertension Chronic Kidney Disease 172/96 Amlodipine 5mg Daily
The idea of Al-driven NLP comes mainly from linear alge- word is represented as a point in a high-dimensional vector
bra, probability theory, statistics, and optimization. These space. These embeddings capture semantic relationships be-
mathematical tools allow machines to represent language nu-  tween words. For example, the words “diabetes,” “hypergly-
merically, detect patterns in text, and learn from large corpora cemia,” and “glucose” may appear close to one another in the
of documents such as clinical notes in EHR systems. embedding space because they frequently occur in similar
First, textual data must be converted into a numerical rep- contexts in medical documents. These vector representations

resentation that algorithms can process. A common approach are typically learned using neural network models trained on
is the vector space model, where each document is represented ~  large text corpora.
as a vector of word frequencies. One widely used weighting Modern Al-driven NLP systems frequently employ trans-
scheme is Term Frequency—Inverse Document Frequency  former neural networks, which model relationships between
(TF-IDF), which measures the importance of a word withina  words using attention mechanisms. In these models, matrices
document relative to a collection of documents. representing word embeddings are transformed through layers
of linear operations and nonlinear activation functions. The
TF_IDF(t,d) = TF(t,d) x log (D :’( t)) (1)  training process involves minimizing a loss function that
measures the difference between predicted and actual outputs,
allowing the model to learn complex linguistic structures.

In the context of EHR analytics, these numerical techniques
enable AI-NLP systems to transform narrative clinical text
into structured variables. The resulting structured representa-
tions can then be used for statistical analysis, predictive mod-
eling, or stochastic frameworks that reconstruct latent health
states and estimate clinical risk dynamics.

In (1), TF(t,d) represents the number of times term
t appears in document d, DF(t) is the number of docu-
ments containing the term, and N is the total number of doc-
uments. This transformation converts text into numerical vec-
tors that can be analyzed numerically.

Once text is represented numerically, machine learning
models can be applied to identify patterns in language. For ex-
ample, in classification tasks such as detecting medical condi- . L .
tions in clinical notes, models may estimate the probability 2.2. Stochastic Artificial Intelligence Hazard
that a document belongs to a particular class. A common prob- Analysis
abilistic model used in NLP is logistic regression, which pre-

dicts the probability of a class label based on input features: SAIHA is designed to analyze complex health data when

the true underlying disease state is not directly observable. In-

1 stead of relying only on deterministic statistical models,

Ply=11x)= 1+e—(WTx+b) ) SAIHA reconstructs a latent health trajectory from noisy ob-

servations and estimates the associated risk (hazard) of clini-

In this equation, x represents the vector of textual features cal outcomes. At the current stage of development, SAIHA

extracted from a document, w is a vector of learned weights,  can perform several important analytical tasks.

and b is a bias term. The model learns these parameters dur- First, SAIHA can reconstruct latent health states from in-
ing training by minimizing a loss function using optimization  complete or noisy clinical observations. In many healthcare
algorithms such as gradient descent. datasets, recorded variables such as laboratory results, vital

NLP systems can rely on word embeddings, where each  signs, or extracted clinical concepts from EHR notes represent
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only partial indicators of the patient’s underlying physiologi-
cal condition. SAIHA models these observed measurements
as manifestations of an evolving hidden health state. By ap-
plying stochastic modeling techniques, the framework esti-
mates the most probable trajectory of the latent state over time.
This allows researchers to infer disease progression even
when direct measurements of the biological process are una-
vailable.

Second, SAIHA can estimate time-dependent hazard func-
tions based on the reconstructed latent state. Traditional sur-
vival analysis methods such as Kaplan—Meier or Cox propor-
tional hazards models typically rely on observed covariates
and assume similar risk for patients with the same measured
characteristics. SAIHA instead links the hazard rate to the la-
tent health trajectory, enabling more dynamic estimation of
risk. This approach allows the risk of events such as mortality,
disease progression, or complications to change over time as
the underlying health state evolves.

Third, the framework can capture heterogeneity among pa-
tients. Real-world clinical populations exhibit substantial var-
iability in disease progression and treatment response. Deter-
ministic models often represent an “average patient,” which
may not reflect individual trajectories. SAIHA incorporates
stochastic variability, allowing multiple possible trajectories
to emerge from similar observed conditions. This provides a
more realistic representation of patient populations and sup-
ports probabilistic prediction of outcomes.

Fourth, SATHA can integrate heterogeneous data sources,
including structured clinical variables and information ex-
tracted from unstructured EHR narratives through Al-driven
NLP methods. For example, diagnoses, laboratory values,
symptoms, and medications extracted from clinical notes can
be incorporated as observations that inform the latent health
state. This capability allows the framework to utilize infor-
mation that would otherwise remain embedded within narra-
tive clinical documentation.

Finally, SATHA can support predictive analytics and early
detection of adverse clinical events. By continuously updating
the estimated latent health trajectory as new observations be-
come available, the system can detect emerging patterns that
indicate increased risk. This capability may be particularly
useful for monitoring disease progression, identifying patients
at high risk of deterioration, and supporting clinical decision-
making.

In summary, SATHA currently provides a stochastic analyt-
ical framework capable of reconstructing hidden health dy-
namics from observed clinical data, estimating time-depend-
ent hazard functions, accounting for patient heterogeneity, in-
tegrating heterogeneous EHR data sources, and supporting
predictive modeling of disease progression and clinical out-
comes.

SATHA is based on stochastic processes, differential equa-
tions, and survival analysis. The key idea is that the true health
condition of a patient is not directly observable. Instead, the
patient’s health is represented by a latent state that evolves
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over time, while the measurements recorded in the electronic
health record are noisy observations of this hidden process.

Latent health state dynamics

SAIHA assumes that the underlying health state
x(t)evolves according to a stochastic differential equation
(SDE) that combines deterministic disease dynamics and ran-
dom variability among patients.

flx(@®), tldt + g[x(©), tldW, (©)

Here x(t)is the latent health state at time ¢, f[x(t), t]is the
deterministic drift term describing systematic disease progres-
sion or treatment effects, g[x(t), t]represents the stochastic
diffusion term capturing biological variability, and W, de-
notes a Wiener process representing random fluctuations.

This formulation allows the model to represent heterogene-
ous trajectories of disease evolution rather than a single deter-
ministic path. The clinical variables observed in EHR data are
treated as noisy measurements of the latent state.

y(t) = h[x()] + e(t)

Where y(t)represents observed measurements such as la-
boratory values, symptoms, or extracted clinical entities,
h(-) is a mapping between the latent health state and the ob-
served variable, and €(t)is measurement noise. This observa-
tion model connects the hidden health dynamics to real-world
clinical data. The probability distribution of the latent state
evolves over time according to the Fokker—Planck equation,
which describes how uncertainty in the system propagates.

ap(xt)
at

1 92
2 dx2

— = [f (x, 0P (x, O] + 55 [9%(x, Op(x, )] (4)

Here p(x,t) represents the probability density of the la-
tent health state at time t. This equation captures both deter-
ministic trends and stochastic dispersion in patient trajectories.

SAIHA links the reconstructed latent state to the hazard rate
describing the instantaneous risk of a clinical event such as
disease progression or death.

h(t) = hoef*® (5)

Here h(t)is the hazard function, h,is the baseline hazard,
x(t)is the latent health state, and f quantifies how changes
in the latent state influence risk. This formulation allows the
risk of adverse outcomes to evolve dynamically as the under-
lying health condition changes.

Numerically, SATHA integrates several components:

1) stochastic differential equations describing hidden

health dynamics

2) observation models connecting latent states to clinical

measurements

3) the Fokker—Planck equation governing probability evo-

lution

4) hazard functions linking latent states to clinical risk
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Together, these mathematical elements allow SAIHA to re- estimate time-dependent risk patterns, providing a probabilis-
construct latent health trajectories from noisy EHR data and tic framework for analyzing disease progression and patient
heterogeneity.

Table 2. An unstructured clinical note.

Patient ID: P1007
Encounter date: March 10, 2026

The patient is a 64-year-old male with a history of type 2 diabetes mellitus, hypertension, and chronic kidney disease stage 3. He presents
today with increasing fatigue, shortness of breath on exertion, and bilateral ankle swelling for the past 2 weeks. He denies chest pain.
Blood pressure is 172/98 mmHg, heart rate 96 bpm, temperature 98.4 F, and oxygen saturation 94% on room air. Laboratory results show
HbALc 9.1%, serum creatinine 2.1 mg/dL, BNP 640 pg/mL, and haemoglobin 10.2 g/dL. Chest x-ray suggests mild pulmonary vascular
congestion. Assessment includes poorly controlled diabetes, uncontrolled hypertension, worsening renal function, and possible early con-
gestive heart failure. The patient was started on furosemide 20 mg daily and lisinopril 10 mg daily and advised continuing metformin 500
mg twice daily.

Norfolk EHR Processing Package consists of the following steps:
Step 1: AI/NLP application transforms the clinical note to the following Table (5 first rows):

Table 3. Al-driven NLP extraction of categorical and numerical values.

Age 64

Sex Male

Diagnosis Diabetes mellitus

Diagnosis Hypertension

Diagnosis Chronic kidney disease stage 3

Step 2: Splitting the initial table into specialized tables.

Table 4. Patient table extracted from the clinical note.
patient_id age sex

P1007 64 Male

Table 5. Diagnoses table extracted from the clinical note.

patient_id encounter_date diagnosis

P1007 2026-03-10 Type 2 diabetes mellitus

P1007 2026-03-10 Hypertension

P1007 2026-03-10 Chronic kidney disease stage 3

P1007 2026-03-10 Possible early congestive heart failure
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Table 6. Symptoms table extracted from the clinical note.

patient_id encounter_date symptom status

P1007 2026-03-10 Fatigue Present

P1007 2026-03-10 Shortness of breath on exertion Present

P1007 2026-03-10 Bilateral ankle swelling Present

P1007 2026-03-10 Chest pain Negated

Table 7. Vitals table extracted from the clinical note.

patient_id encounter_date systolic_ bp diastolic_bp heart_rate temp_f spo2

P1007 2026-03-10 172 98 96 98.4 94
Table 8. Laboratory table extracted from the clinical note.

patient_id encounter_date lab_name value unit

P1007 2026-03-10 HbAlc 9.1 %

P1007 2026-03-10 Creatinine 21 mg/dL

P1007 2026-03-10 BNP 640 pg/mL

P1007 2026-03-10 Haemoglobin 10.2 g/dL
Table 9. Medications table extracted from the clinical note.

patient_id encounter_date medication dose frequency action

P1007 2026-03-10 Furosemide 20 mg daily started

P1007 2026-03-10 Lisinopril 10 mg daily started

P1007 2026-03-10 Metformin 500 mg twice daily continued
Table 10. Latent state reconstruction from the clinical note.

Date Evidence from AI/NLP-structured EHR Latent state x(t)

2025-12-01 Diabetes + HTN, mild abnormalities 0.85

2026-01-15 Worse BP, rising creatinine 1.20

2026-02-20 Dyspnoea begins, HbAlc worsens 1.65

2026-03-10 BNP 640 pg/ml 2.30

Figure 1 is the reconstructed latent health trajectory es-
timated using the SAITHA framework across four clinical

visits. The latent health state x(t) is inferred from struc-
tured clinical observations extracted from electronic health
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record narratives using Al-driven NLP. The progressive in-
crease in the latent state values (from 0.85 to 2.30) indi-
cates worsening underlying disease burden over time. This
trajectory reflects the probabilistic integration of multiple
clinical signals, including symptoms, laboratory measure-
ments, and diagnoses, and provides the basis for estimating
time-dependent hazard and risk of adverse clinical outcomes.

SAIHA Reconstructed Latent Health Trajectory

2.21

2.04

1.8 4

1.6

1.4 4
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0.8+
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T
2.5 3.0 3.5 4.0
Clinical Visit

Figure 1. Reconstructed latent health trajectory.

The hazard model assumes that the risk depends exponen-
tially on the latent state. The likelihood of observing the sur-
vival times and event indicators is written as

L) =TT, h(t)%S(t)

where

t; isthe observed follow-up time, §; indicates whether the
event occurred (1) or the observation was censored (0), and
S(t;) is the survival probability. Substituting the hazard func-
tion:

h(t]|x) = hyef*®

the likelihood becomes a function of L(f). The value of B is
then obtained by maximizing the likelihood:

f = argmax L(B)
B

This is solved numerically using optimization algorithms.
Let us calculate hazards using the EHR data. Hazard is com-
puted from the latent health state reconstructed from EHR ob-
servations. The hazard represents the instantaneous risk that
an event occurs at a particular moment in time, given that the
patient has survived or remained event-free up to that time. In
other words, hazard answers the question: “At this moment,
how likely is the event to occur for a patient who has not yet
experienced it?” We use formula (5) to compute hazards.
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Hazard trajectory estimated from the latent health state
across four clinical visits. The hazard values h(t) were com-
puted using (5), where x(t) represents the reconstructed la-
tent health state inferred from clinical observations extracted
from electronic health record narratives using Al-driven NLP.
The increasing hazard values (0.043, 0.059, 0.088, and 0.158)
indicate a progressive rise in instantaneous clinical risk as the
latent disease burden worsens over time. Unlike traditional
survival analysis approaches that estimate hazard primarily
from structured time-to-event datasets, the SAIHA framework
derives the hazard from a reconstructed latent physiological
trajectory obtained from heterogeneous EHR signals, includ-
ing symptoms, laboratory measurements, diagnoses, and treat-
ment information. The upward trend in the hazard curve there-
fore reflects the increasing probability of adverse clinical out-
comes implied by the evolving latent health state and demon-
strates how stochastic latent-state modeling can translate com-
plex EHR observations into dynamic estimates of patient risk.

Hazard Estimated from SAIHA Latent State
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0.14

0.12 4

0.10

Hazard h(t)
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0.06

0.04

2.0

T
2.5 3.0 35 4.0

Clinical Visit
Figure 2. Hazard is computed from the latent health state recon-
structed from EHR observations.

Figure 3 shows the continuous wavelet transform (CWT) of
the smoothed hazard trajectory derived from the SAIHA latent
health state. The hazard function, estimated from the recon-
structed latent disease burden across clinical visits, was first
smoothed using spline interpolation to obtain a continuous
signal. CWT was then applied using the Morlet wavelet to an-
alyze variations in the hazard signal across multiple scales.
The horizontal axis represents clinical visits (time), while the
vertical axis represents the wavelet scale corresponding to dif-
ferent frequency components of the signal. Color intensity in-
dicates the magnitude of the wavelet coefficients, with
brighter regions reflecting stronger local changes in the hazard
dynamics. The increasing intensity toward later visits reflects
the progressive rise in instantaneous clinical risk associated
with the worsening latent health state inferred from EHR-de-
rived clinical observations.
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Continuous Wavelet Transform of Smoothed Hazard

Scale

1.0 15 2.0

2.5

“Clinical Visit

0.08

0.06

0.04

|Wavelet Coefficient|

0.02

3.0 3.5 4.0

Figure 3. The continuous wavelet transforms (CWT) of the smoothed hazard trajectory derived from the SAIHA latent health state. Between
clinical visits 3 and 4, the wavelet scalogram shows a marked increase in the magnitude of the wavelet coefficients, particularly at larger
scales. This indicates a strong local change in the hazard trajectory, which corresponds to a rapid increase in the estimated instantaneous risk

derived from the latent state.

3. Conclusion

Electronic health records contain a large volume of clini-
cally meaningful information, much of which is recorded in
unstructured narrative form. Because free-text clinical docu-
mentation cannot be directly analyzed using conventional da-
tabase methods, a substantial portion of valuable clinical
knowledge remains underutilized in healthcare analytics. This
study presented a hybrid framework that integrates artificial
intelligence—driven natural language processing with stochas-
tic analytical modeling to transform narrative clinical records
into structured datasets suitable for advanced analysis.

Al-based NLP techniques were used to extract clinically
relevant entities such as diagnoses, symptoms, laboratory val-
ues, and medications from unstructured clinical notes. These
extracted elements were organized into structured relational
tables that represent observable clinical variables associated
with individual patients and encounters. By converting narra-
tive documentation into structured data, the proposed ap-
proach enables systematic integration of clinical narratives
into computational workflows used in health analytics and
clinical research.

The structured observations were subsequently analyzed
using the Stochastic Artificial Intelligence Hazard Analysis
framework, which models clinical measurements as noisy
manifestations of an underlying latent health state. Unlike tra-
ditional deterministic survival models that assume homogene-
ous patient populations, SAIHA reconstructs stochastic trajec-
tories of disease progression and links these trajectories to
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time-dependent hazard functions. This probabilistic represen-
tation captures the heterogeneity and uncertainty inherent in
real-world clinical populations and allows more realistic mod-
eling of disease dynamics.

The integration of Al-driven NLP and stochastic modeling
therefore provides a unified analytical pipeline that connects
narrative clinical documentation with probabilistic represen-
tations of patient health dynamics. By enabling the extraction
of information from unstructured EHR narratives and linking
these observations to latent disease trajectories, the proposed
framework expands the analytical value of electronic health
records. This approach has the potential to improve population
health analytics, support predictive modeling of disease pro-
gression, and enhance data-driven clinical decision support
systems.
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