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Chronic disease is one of the major causes of death worldwide which generally not
vaccine preventable are also don’t resolve spontaneously. The world health organization
identifies four main types of chronic diseases including cardiovascular diseases (CVD,
primarily heart disease and stroke), Cancer, chronic respiratory diseases and diabetes
which are responsible for the majority of related deaths, while they can be treated, are
seldom healed with medicine or other medical treatment. Chronic disease care is
becoming increasingly confined, which frequently results in suboptimal therapeutic
efficacy and adverse medication reactions. Pharmacotherapy involve in management and
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treatment of chronic diseases mainly associate with the dose and drug selection for the
authorized treatment that significantly impact on outcomes. Artificial intelligence and
machine learning are shifting pharmacotherapy from a reactive, standardize model to

DOI

or
&
[=]2to:

10.5281/ib-2460126

proactive personalized and data driven. Different Al driven software’s and technical
platform along with their superiority in management of chronic diseases has elaborate in
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this review article. This article looks at the use of Artificial intelligence to optimize
medicine selection and dosing for complicated, long-term illness. Apart from their
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promising outcomes, concern about mainly data privacy, model interpretability and also
ethical regulatory barriers remain. This study explores the challenges emphasizing the
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significant importance of transparent, explainable Al in ensuring efficacy and safety in
clinical practices. The use of Al in precision pharmacology has the potential to greatly
improve therapeutic results, patient compliance and healthcare resource use for chronic
conditions.

1. Introduction

Pharmacotherapy often known as drug therapy, is the
mainly use of pharmaceutical substances to treat,
manage or prevent illness and medical problems. It
comprises a wide spectrum of therapeutic approaches
from over-the-counter medicines to complicated
prescription pharmaceuticals, all of which aim to
improve patient outcomes and quality of life.
Pharmacotherapy is the foundation of modern
healthcare, providing a wide range of
pharmacological substances to addresses a variety of

health issues [1]. Chronic diseases are health
conditions that last longer than 3 months and may
necessitate ongoing care because of significant
decline in health (Fig. 1). Years or even lifetime may
pass before chronic illness resolved. These illness or
condition typically develop as people ages and also
manageable but infrequently curable [2].
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Fig. 1 Chronic diseases and their impact on body

The main cause of early mortality and disability are
chronic illness. Living with chronic illness. They are
generally not vaccine preventable, do not resolve
spontaneously and while they can be treated or
healed by medical treatments. Chronic disease
especially cardiovascular disease (CVD), Stroke,
arthritis, obesity, COPD, asthma and kidney diseases,
type 2 diabetes, cancer cause more than half of all
deaths worldwide [3]. About 3 million deaths from
CVD occur annually in both India and China. One
million tobacco related deaths occur annually in China
and 700,000 in India. There is 1 in 5 adults in the
world now smokers and 1 in 10 classified as
overweight or obese, future prospects regarding CVD
and type 2 diabetes are grim [4]. Cancer is the one of
the most cause of death in past 20 years due to
various reasons which influence on the rate of causing
factors. Complex global healthcare concerns and more
diverse prompted new integrated approaches to
healthcare, with growing emphasis on the patient
perspective. Handling patient provider interaction
and patient education, in particular are becoming
increasingly important in delivering better outcomes
and increased quality of life. Chronicity is relative
term that has altered as advanced in medicines
translate from bench to bedside and the focus of care
shifts from dealing with acute or fatal diseases to long
term management of chronic conditions [5].

Because chronic diseases diminish work
productivity, investor returns in developing countries
will be affected, which in turn will likely affect the
growth of countries within the organization for
Economic Cooperation and development [6].

Traditional pharmacokinetic (pK) and
pharmacodynamics (PD) models have been used to
guide dosing techniques, especially in drug research
and specialized care settings. Population PK models
predict average rug concentration time profiles and
variability across defined cohort, whereas PD models
describe dose response interactions. Although these
approaches help to make initial dose
recommendations, they are often based on
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established assumptions about compartmental

distribution and clearance kinetics. Their routine use
in outpatient chronic disease treatment I still limited
because to complexity, resource restrictions and the
requirement for specialized skills [7]. Combined
impact shows integrating both improves outcomes
such as tailored medicines selection combined with
pharmacokinetic based dosing minimize adverse
responses, increases adherence and saves healthcare
costs in chronic management. Population modeling
and TDM enable proactive adjustments, particularly
for polypharmacy in diseases such as hypertension.
This technique promotes long term control and
improved quality of life. In chronic disease
management, the overall result of treatment is
depends upon the selection of appropriate drug and
dosing for therapy [8]. Optimized dosing and drug
selection centers on achieving a steady state where
therapeutic effects are sustained while long term
toxicities are minimized. Because of patients having
chronic disorders remain on therapy for extended
periods, the focus then shifted from a maximum
tolerance dose toward a precision dosing model that
considers individual biological variability and lifelong
adherence [9].

The ideal characteristics of pharmacotherapy for
chronic disorders focus on balancing long-term
effectiveness with patient safety and lifestyle
integration. Since chronic conditions require
medication for extended periods, often a lifetime the
pharmacological profile must minimize the burden of
treatment while maximizing health outcomes. The
current pharmacotherapy system for chronic
conditions like diabetes and hypertension is complex
environment with a wide range of pharmaceutical
agents, treatment recommendations, and clinical
procedures [10]. Oral antidiabetic medicines, insulin,
diuretics, beta blockers, angiotensin converting
enzyme inhibitors, angiotensin II receptor blockers
and calcium channel blockers are only a few of the
kinds of drugs that are commonly used in current
pharmacotherapy procedures. But even the defined
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treatment recommendations, there are still a number
of issues with the present system. For many patients,
adherence to medication regimens is still subpar,
which results in poor diseases control and higher risk
of complications [11].

Dose and drug selection are crucial in controlling
chronic diseases such as diabetes, hypertension and
cardiovascular disorders because they optimize
efficacy, safety and patient adherence. Drug selection
choosing the proper drug requires considering
individual criteria such as patient genetics, age and
pharmacogenomics to match therapies that maximize
benefits while minimizes side effects. For example,
genetic variants can influence the selection of anti-
hypertensive or antidiabetic for better outcomes in
chronic situations [12]. Evidence based
recommendations and clinical pharmacology
principles guarantee that selections fit with long term
illness management. Dose selection involves
optimization  tailors’ regimens  based on
pharmacokinetics (absorption, distributions,
metabolism, and excretion), with therapeutic drug
monitoring (TDM) being used for tight therapeutic
windows. Simpler schedules, such as once daily
dosage, enhance adherence in chronic patients over
more frequent ones [13]. Adjustments take into
consideration individual variables such as organ
function and drug interactions to avoid toxicity or sub
therapeutic levels. Hence optimized drug and dosing
selection plays crucial role in the chronic disease
therapy.

2. Conventional Methods

Conventional drug and dose selection procedures are
standard, rule-based strategies used in medications
safety and efficacy. These methods generally based on
physical experimentation, animal testing and basic
statistical protocols rather than sophisticated
computer modeling or artificial intelligence. Drug
selection is screening enormous libraries of chemical
compounds to find interaction with biological target
of selected drug candidate. While the usual method
for dosage selection typically follows a “more is
better” mindset, with computational designs such as
the 3+3 model increasing doses until a maximum
Tolerated Dosage (MTD) is attained. While these
approaches have established the foundation for
modern medicines, they often exhibit slow progress,
high cost and the potential to administer doses that
exceed the patient’s necessary toxicity

2.1 Conventional methods for dose selection as

listed below
a. Clinical guidelines
b. Stepwise therapy
c. Physician expertise
d. RCT data (randomized controlled trials)

Chronic disease management has traditionally relied
on standardized clinical guidelines, physician’s
expertise and periodic patient monitoring to guide
drug selection and dose titration (Fig. 2). Conditions
such as diabetes mellitus, hypertension, chronic
obstructive pulmonary disease, cancer and heart
failure are typically managed wusing structure
treatment algorithms derived from randomized
controlled trails and large cohort studies [14]. While
these approaches have significantly improved
morbidity and mortality outcomes, they are largely
population based and rely on episodic assessment
rather than continuous individualized optimization.
Guideline based drug selection. Drug selection in
chronic disease care is generally guided by evidence
based clinical guidelines created by professional
organizations. As shown in these guidelines use data
from RCTs and meta-analyses to prescribe first line,
second line and adjunctive therapy based on illness
severity, concomitant diseases, and broad risk
stratification criteria, anti-hypertensive therapy for
example, frequently uses a stepwise escalation
strategy, starting with approved first line medicines
and processing based on blood pressure response and
tolerance [15]. Although guideline directed therapy
standardizes care and decreases unnecessary
variance, its structure is fundamentally rigid.
Recommendations are typically based on average
treatment effects reported in diverse populations,
which may not account for individual heterogeneity in
pharmacokinetics, pharmacodynamics, hereditary
variables or behavioral determinates.

Therapeutic
drug
monitoring

|

Conventional
Dosing

Fixed or
titration
dosing

Clinical
judgement

Risk/
stratification
scores

Fig. 2 Convectional methods in drug selection in treatment
of chronic diseases

2.2 Conventional methods for drug selection listed
below

a. Therapeutic Drug monitoring

b. Fixed or titration dosing

c. Risk/ stratification scores
d. Clinical judgments

Drug selection decisions are often based on

categorical risk grouping rather than continuous,

multidimensional patient specific data. In traditional
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practice, dose optimization is often carried out using a
start low, go slow titration paradigm. Initial dose is
determined using conventional reference ranges,
followed by gradual modifications at predetermined
intervals based on clinical response, laboratory data,
or symptom reporting (Fig. 3) [16]. In diabetes care,
for example, mediation doses are titrated based on
periodic glycated hemoglobin (HbAlc) readings or
self-monitored glucose values, which are typically
measured weeks to months apart. Therapeutic drug
monitoring (TDM) is used for certain drugs that have
limited therapeutic indices. Plasma medication
concentrations are tested intermittently to guide
adjustments; however, this monitoring is limited to
certain drug classes and is not commonly used in the
majority of chronic diseases therapy [17].

Clinical Guidelines

|

Conventional

RCT Data &
Evidence

Physician
experience

Drug selection

Stepwise therapy

Fig. 3 Convectional methods in dosing in treatment of
chronic diseases

Convectional care frequently employs validated risk
scoring systems to estimated diseases progression or
adverse event probability. Importantly, conventional
methods are don’t directly optimize drug selection or
dosing at the individual level. Monitoring and data
utilization monitoring in convectional chronic care I
primarily episodic, taking place during planned clinic
visits. Data sources often include laboratory findings,
vital signs, medications lists and patient reported
symptoms recorded in electronic health records [18].
Although HER systems collective extensive
longitudinal data, this data typically used
descriptively rather than analytically for predictive
dose adjustments. As a result, therapy changes are
reactive to observed outcomes rather than proactive
optimization [19].

2.3 Challenges in treatment and management of
chronic diseases:

Managing chronic diseases involves complex
challenges in dosing and drug selection due to patient
variability and treatment demands. Challenges
associated with the one of the leading diseases in
world as mentioned in below Table 1.

Table 1 Challenges associate with chronic disease management

Disease Challenges

In the real time trend, causes of inconsistent insulin adjustments due to

Diabetes Mellitus
(Type 1&2)

manual blood sugar checks.

Changes in patient diet or activity variation results from error and trial for

oral med used to treat patient.

Aggressive lipid management limits

Heart attack

Evolving consensus on beta blockers used in treatment

Critical balance between dissolving clots and avoiding fatal bleeding.

Patient heterogeneity

Alzheimer’s Comorbidities

Slow titration and tolerability

Adverse effects and safety

Pharmacokinetic alternation

Chromc Kidney Drug-drug interaction
Disease .
Impaired renal clearance
Inhaler technique errors
COPD/ Asthma High inter patient variability

Overuse and underuse

2.3.1  Dosing challenges

Manual Pharmacokinetic calculations struggle with
inter patient variability leading to trial-and-error
adjustment and frequent under or toxic overdosing
(adverse effect), such in accuracies are particularly
dangerous for drugs with narrow therapeutic indices,
were precise concentration control crucial. The
inability to rapidly analyze complex, patient specific
data means that optimal, personalized care is delayed.

Examples: management of Vancomycin, a potent
antibiotic with a narrow therapeutic window. Because
its clearance depends heavily on a patient’s renal
function and body mass, manual calculations often
miss the mark, resulting in nephrotoxicity or
treatment failure [26]. No real time predictive
modeling means delayed detection changes in drug
clearance from inflammation, increasing toxicity risks
in CKD or heart failure can creates a dangerous lag, as
traditional biomarkers like serum creatinine often
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only reflects damage 24-48 hours after it occurs.
Inflammation significantly alters drug clearance by
down regulating metabolic enzymes and transporters,
which without immediate detection, leads to drug
accumulation and acute toxicity. Examples: Digoxin
frequently used in heart failure but has a very narrow
safety margin. Toxicity manifest as dangerous
arrhythmias, nausea and visual disturbances. Real
time modeling could predict these shifts by
integrating heart failure severity and inflammatory
markers like C reactive protein [27]. Labor intensive
therapeutic drug monitoring requires repeated lab
tests and clinician interpretation, staining resources
without automated pattern recognition is currently
addressing several critical resources and efficiency
Constraints. Tacrolimus an immunosuppressant used
to prevent organ transplant rejection. Automated
extraction allows for faster, more accurate
adjustments with less frequent hospital visit [28].

2.3.2  Drug selection challenges

Polypharmacy decisions depend on static guidelines
and memory heightening interaction oversights
diabetes patients. These decisions are increasing
recognized as a balance between static clinical
guidelines and the mitigation of interaction oversights
caused by human memory [29]. A common example
of this decision-making tension involves treating
diabetic patient for routine infection. Integrated
pharmacogenomics  into  patient  simulations
eliminated trail error prescribing, which frequently
results in serious adverse effects or treatment failure.
Clinicians for example, can avoid regimens that are
genetically predisposed to failure by mimicking a
patient's  CYP2C19  metabolism  before to
administering antidepressants. This tailored method
directly targets the fundamental cause of non-
adherence by ensuring that the medication is both
comfortable and effective from the first dosage,
lowering the 50% dropout rate seen in mismatched
regimens [30]. When data driven insights are
unavailable, doctors frequently resort to general
regimens that disregard the physiological feedback
loops of many diseases. For example, a doctor may
administer Thiazide diuretics for hypertension
without understanding their lower efficiency at low
GFR, or fail to modify SGLT2 inhibitors, which while
cardio rental protective, necessitate precise
monitoring of first creatinine rise. The lack of
computer monitored drug disease interactions cause
therapeutic inertia, in which the fear of worsening on
condition precludes the optimization of another [31].

3. Advantages of Al in Chronic Disease
Management

chronic diseases
diabetes,

Al can detect
cardiovascular diseases,

including
cancer, and

infectious diseases early on, according to multiple
studies. Al can benefit public health by detecting
chronic diseases with optimized dosing and drug
selection leading to more effective interventions. Al
advantages are shown in (Fig. 4) by examining data
from various sources. Al algorithm provides through
summary of person’s health and anticipates future
ailments. This enables healthcare practitioners to
create personalized interventions and medicines to
enhancement patient health and slow disease
progression [32].

Patient Data
analysis
Predcting ' Drug
Drug screening
response Al'in drug
- and dosing
selection A
entifying
Dose effective
‘optimization ~_compounds
Disease I
Modeling

Fig. 4 Advantages of Al in chronic disease management

Al can guide blood pressure and volume strategies for
end stage kidney disease by learning from previous
responses. Artificial neural networks can forecast
session specific results and make individualized
modification to reduce hypotension and maximum

fluid  evacuation maintaining patient trust
necessitates strong cyber security and regulatory
compliance. The ethical implications include

algorithmic bias, transparency and informed consent.
Biased data and black box Al algorithms can
exacerbate disparities and erode trust between
patients and doctors. Transparency and informed
consent are key considerations [33]. The
implementation issues are equally considerable.
Adoption is hampered by a lack of digital health
literacy, particularly among the elderly and low-
income groups, as well as wunequal access to
cellphones and internet connectivity. Integrating Al
into clinical workflows and EHRa poses technological
and logistical obstacles, necessitating
interdisciplinary collaboration training for healthcare
staff. Accurate models may fail if alerts are ignored or
escalation paths are unclear. This highlights the need
of process fit and human oversight [34].

There are significant gaps in evidence for long
term effectiveness, standardized outcomes measures
and external validation across varied groups.
Although monitoring and predicted technologies have
shown practically and patient reported advantages,
clinical outcomes are still variables and limited in
generalizability due to signal center or narrow
cohorts. Large scale, prospective validation with
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standardized outcomes is urgently required. Although
engagement focused Al improves PROs in the short
term, problems such as variable retention and
insufficient external validation warrant additional
investigation. Physician led innovation enables Al
technologies to addresses clinical difficulties
including optimizing chronic illness monitoring and
tailoring treatment plans by combining domain and

evaluation [35]. Collaboration among clinicians and
researchers is crucial for aligning Al development
with patient centered care priorities.

Using Al in treatment of chronic disease by
overcoming different conventional strategies or
methods including treatment process in various
chronic diseases are mentioned in below Table 2.

Table 2 Al overcome challenges associate with conventional methods in chronic disease management

Chronic

Conventional

. Treatment Process Al overcomes challenges Reference
Disease Methods g
Medications Diagnose via HbAlc, A.I apps predict glluc.os.e trend's
Type 2 : o via wearable, optimizing dosing
. (metformin), monitoring glucose . . [20]
Diabetes . . . . . improves adherence with
Diet/exercise quarterly, titrate insulin .
reminders.
o Al analyzes BP data
N Monitoring and . .
. ACE inhibitors, continuously, suggests precise
Hypertension . measurement of BP . [21]
Lifestyle changes dose adjustments, detects non
repeatedly.
adherence early.
. Al powered spirometers
. Assess lung function, use .
Bronchodilators, . . forecast exacerbations,
COPD/ Asthma of inhaler and monitor . [22]
pulmonary rehab . personalized rehab plans,
exacerbations. . .
reduce hospital visit
Confirm via blood tests, . . ..
Starhm sthotrexate Al imaging tracks joint
Rheumatoid DMARDs, physical . . ! inflammation, predicts flares,
" monitor liver function . . . [23]
Arthritis therapy . o customizes biologics to
monthly add biologics if 0o
. minimize side effects.
active
. | sclore.calcul.a tion, Al ECG analysis prevents
. start high intensity S . .
Cardiovascular . . | . . events, optimizes statin dosing
. Statins, angioplasty  statin, coronary imaging . . [24]
diseases . . : via genetic data, and enhances
if symptomatic, PCI if lifestyle trackin
blocked &
Stage via
biopsy/imaging, select )
Chemotherapy, targeted therapy based Al analyzes.tumor genomics for
. . . drug matching, predicts
Cancer immunotherapy, on genetics, monitor ; . [25]
.. resistance, and personalizes
radiation tumor . ..
chemo dosing to reduce toxicity.
markers/response
scans.

3.1 Al software’s used in management of chronic diseases

There are several Al software’s used in various chronic diseases like cancer, diabetes, heart disease shown in
Table 3 below. Alzheimer’s, chronic kidney disease, COPD / Asthma. Mainly in treatment of diabetes mellitus
DreMed Adviser Pro as well as Glooko software’s were used to insulin dose and remote monitoring [36].
Whether as in management of heart diseases Idoven and PMcardio computerized models were used for ECG
analysis for detection 23 cardiac patterns and detection of blood biomarkers [37]. Software’s such as Ella Al
and VGG16 can analysis early detection via MRI and Measure biomarkers in Alzheimer’s condition [38]. Al/ML
for diseases management and monitoring as well as video-based physiotherapy with adaptive algorithms has
done by XpertHaler and Kaia COPD app respectively in COPD therapy 9. In chronic kidney diseases, Roche Al
algorithm can predict kidney function and urine biomarkers ACR NGAL, KIM-1 decline risk [39]. Whether in
cancer treatment software used are Tempus PathAl Genetic mutation, MSI, TMB. Histopathogical biomarkers.
EGFR, ALK, PD-L1 detected by using this software [41].
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Table 3 Al software’s used in chronic disease management

Chronic

. Al Software Primary use case Examples
Diseases
. DreaMed Analyses CGM data for insulin Used.by c.11n1c1.ans in the US and.Israel
Diabetes Adviser Pro dose optimization to adjust insulin for 10000+ patients,
P reducing A1C by 0.5-1%
Consolidates data for pattern . .
Diabetes Glooko identification and remote D'eployed n 59+ .count.les, partnered for
o diabetes data insights in Europe.
monitoring.
ECG analysis for detection 23 Analyzed 1M+ ECGs for NHS UK trails,
Heart Diseases  Idoven cardiac patterns involve improving arrhythmia detection by
electrical biomarkers. 20%
Diagnoses 38 cardiovascular
Heart Diseases PMecardio conditions from ECGs. Detect Adopted in 100+ countries; used in
blood biomarkers like troponin,  Ukraine for wartime cardiac triage.
natriuretic peptide.
Alzheimer’s Ella Al Measure biomarker such as p- Singapore pilot with 500 elderly users,

tau217 and medical reports.

cutting caregiver time by 30%

VGG16- based

Alzheimer’s

Early detection via MRI

Tested in India hospital on 1000 MRIs,

models hippocampus analysis achieving 92% accuracy pre symptoms
Chronic Kidney ~ Roche Al Pr.edlct.s kidney function and In'te.grated in Roche’s cqbas systems; EU
. ) urine biomarkers ACR NGAL, clinics predict progression 2 years
Diseases algorithm . .
KIM-1. decline risk early.
COPD/Asthma  XpertHaler Al/ML fo.r d1§eases management India deployment tr.acks inhalers for-
and monitoring 5000 patients, alerting on exacerbation.
. Video based physiotherapy with  US/EU users; reduced hospital
COPD/Asthma  Kaia COPD app adaptive algorithms. readmissions by 40 % in trials.
Tempus . - :
Cancer PathAl Genetic mutation, MSI, TMB. EGFR, ALK, PD-L1 detected by using

Histopathological biomarkers.

this software.

Some important and widely used software with the

case studies are mentioned below:

Case studies:

3.1.1 DreaMed Advisor pro

address insulin need to patients, which leads to

higher risk of hypoglycemia and hyperglycemia.
Clinical Application and evaluation mentioned in

below Fig. 5.

Patient profile: Adolescent and young adults with type
1 diabetes struggle with glucose management. Manual
adjustment of infrequent insulin therapy fails to

4 N

Scanning

A smartphone camera
takes of a 12 lead
ECG

—

- AN

Analysis

The AI digitizes the
ECG, analyzes it
against trained
databases

N )

Treatment
Recommendations

=

App provides treatment
suggestions based on the
latest ESC on the lastest

)

Fig. 5 Clinical Application and evaluation

This case study shows that Al can predominate over
conventional methods. It reduces the gap between
raw data and collection and actionable treatment
steps. Showing remote capabilities that crucial for
patients with limited access to specialists.

3.1.2 PMcardio

Research shows that PMcardio provides diagnostic
accuracy comparable to cardiologist, allowing
efficient and faster treatment in management of heart
diseases.

A study in 2023 shows that PMcardio showed
high diagnostic accuracy, AF (Atrial fibrillation)
detection with almost 97% sensitivity and 99%
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specificity also major ECG abnormalities with around
86% sensitivity and 92% specificity.

In another case of heart attack involved STEMI
detection, An Al EGC model used by PMcardio
segment

significantly improved ST elevation

Patient’s insulin
pump and CGM

Uploaded
to cloud

myocardial infraction detection (STEMI). It was
shown to reduce false activations and improve
specificity to 81%.

This software works on following manner (Fig. 6)

Adviser Pro
analyzed glucose
pattern, carb intake
and bolus delivery

.
% (J
[

. _ System generated
Endocrinologist ypersoﬁalized

re‘v’lewzdtiilﬂd €  recommendation
approved these for pump setting
recommendation

.

Fig. 6 Stepwise working procedure software

PMcardio is certified as class II (b) medical device
under EU MDR.

3.1.3 Roche Al algorithm

Large scale validation studies supporting the Roche
Kidney Klinrisk Algorithm'’s clinical value shows that
how well it can predict the course of CKD9 Chronic

Kidney Disease) in variety of patient demographics
(Fig. 7).

A 2023 study involving 4 million US adults
showed the Klinrisk model was more than 80%
accurate in predicting CKD progression over a five-
year period. In study of around 170,000 patients, the
model effectively categorized individuals into low,
moderate, and high-risk groups.

-~

Input Data

Uses 8 routine lab
biomarkers9e.g.
CBC, metabolic

panel, urine albumin

=

"

Target Users

Clinicians managing
adults with CKD or
diabetes/hypertension

Impact

Proactive care by
identifying high
risk patients

=

J

Fig. 7 Roche Al algorithm predicting CKD

4. Application of Al in Management of Chronic
Diseases

True personalization beyond Rule based medicine
which involves Traditional dosing often relies on -
Population averages, Guideline thresholds, linear pK
models. Al can integrate: Age, weight renal function.
Genetic markers, lifestyle data and real time
biomarkers. Example: In chronic kidney disease, renal
clearance fluctuates dynamically. Al models can
continuously adjusted dosing rather than relying on
static creatinine cutoffs. Dynamic Real time dose
adjustments has chronic disease evolve over time. Al
systems can continuously learn from new patient
data, Adapt dosing I near real time, Detect subtle
trends before clinical deterioration, Responsiveness

to temporal variability. Example: In diabetes mellitus,
Al driven insulin algorithm already adjust doses
based on continues glucose monitor data- something
manual titration cannot match in speed [42].
Improved Safety through pattern detection. Al excels
at identifying early toxicity signals, rare adverse event
combinations, Subclinical organ stress Example:
Detecting early nephrotoxicity trends. Identifying
hypotension risk patterns in hypertension treatment.
Better management of Polypharmacy. Chronic disease
patients often take multiple medications. Al can
Model complex drug-drug interactions, simulated
metabolic pathways competition, Predict cumulative
Toxicity. Also it can reduce Trial and Error titration.
Traditional dose titration can take weeks to months,
multiple clinic visits.Al may predicts optimal dosing
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earlier, shorten stabilization time, reduce adverse
titration events [43]. This can improve patient
comfort adherence, healthcare efficiency. The
monitoring and prediction stack includes risk
stratification, screening and patient assistance.
Explainable Al stratifies exacerbation risk based on
smoking history, BMI, and system characteristics.
Adding explainable Al to pulmonologist PFT
interpretation improved diagnosis accuracy in
specialist settings, but some subsets performed
worse, highlighting the importance of monitoring. CT
deep learning offers accurate staging and prognosis
for chronic obstructive pulmonary disease (COPD).
Scalability in resource limited settings in region with:
few specialist, limited pharmacology expertise [44].
Al decision support can: Assist general practitioners,
standardize care quality, and reduce variation
between providers. It doesn’t replaced specialist but
can extend their reach. Integration of genomics and
precision medicines. Al can integrate;
pharmacogenomics markers, enzyme polymorphism,
transporter differences traditional statistical models

populations.

Mechanistic
PK/PD + Al

hybrid models

struggle when variables explode combinatorial.
Reduction in human cognitive load information
overload, alert fatigue, time constraints involve Al can
Pre analyzes large datasets, provide ranked dosing
options, and highlight risk flags. This supports, rather
than replace [45].

In Continuous learning System unlike static
guidelines, Al systems can: Update with new clinical
trial data, incorporate post market surveillance, adapt
to new drug approvals. Potentially faster than waiting
for guideline revisions. Long term outcome
optimization instead of optimizing only a lab value, Al
can optimize: Hospitalization risk, cardiovascular
outcomes, mortality  probability, and cost
effectiveness. It can simulated future trajectories
rather than reacting to present labs [46].

Overall look of applications of Al in the various
parts of prevention, control and
management/treatment involved in chronic diseases
mainly focuses on drug selection and dosing range of
medication with suitable software along with their
significant use are mentioned in below (Fig. 8).

* Mechanism informed AT improves extrapolation to new

« Enhnaces REgulatory acceptance due to interpretation
« Apply ML : capture nonlinear covariate effect

* Model residual unexplanable variability.

+ Softwares: NONMEM, Monolix, Gastroplus

* Use continous physiological data streams for dyanamic dose

adjustment

reccomedation

digital
Biomarkers

* Data ingestion- Signal processing - Al prediction- Dose

* Softwares: Apple healthkit, Google fit

Integrate Genotype phenotype dose optimization.
Dyanamic dose update beyond static genotype rules.

mics + Al * Genomic data acquistion - variant annotation- Enzyme activity

integration

prediction- Dose adjustments
Softwares: GATK, PharmGKB, PLINK.

* More fromprediction causal interference
* Enables personalize treatment effect includes estimation not just

dose prediction.

» Can evaluate the effect of Drug A vs Drug B in patient

m + Softwares: DoWhy, EconML

* Optimize therapy under multiple drugs and constraint

techniques.

* Graph neural networks( drug iteraction network)
* Multi objective optimization

.

* Softwares: Deepchem, NetworkX

Fig. 8 Application of Al software’s in pharmacotherapy

4.1 Alin Pharmacotherapy

Al in chronic disease pharmacotherapy revolutionizes
long term care by making it proactive and
personalized. By continuously analyzing data from
wearables and electronic health records, Al can
determine the most effective drug combinations and
precise dosage for conditions such as diabetes and

hypertension, as well other chronic diseases moving
beyond the conventional trial and error approach.
Additionally, AL addresses medication non adherence
with smart monitoring systems and predictive alerts
that intervene before doses are missed. This
technology enables clinicians to detect early signs of
diseases progression, minimize risk related to

ISSN: 3008-6280 | © 2026 | Published by: World BIOLOGICA

29


https://worldbiologica.com/

Inventum Biologicum, 2026, Vol. 6, Issue 3

polypharmacy, and adjust treatments in real time,
ultimately enhancing patient’s quality of life.

4.2 Al in Precision/ personalized pharmacotherapy

Al helps to tailor medications to genetics, biomarkers
and patient response. Software used in personalized
pharmacotherapy listed below:

Tempus Al; uses Ai and genomic data for personalized
cancer pharmacotherapy and chronic disease
treatment.

Deep Genomics: Applies Al to drug discovery and
personalized therapeutics.

Nant Health: Al guided precision medicine, especially
in oncology.

4.3 Al in adverse effect monitoring

Al algorithms continuously analyze electronic health
records, lab results to detect early signals and effect
patterns effective before even noticeable by humans.
By automating the simultaneous analysis of
thousands of variables, Al enhances the patient safety
in chronic diseases treatment care also supports
regulatory agencies and pharmaceutical companies in
monitoring the long-term safety of medications in real
world. Most used software’s in Pharmacovigilance are
as below.

ArisGloballifeSphere MultiVigilance: Uses NLP and
machine learning to automate case processing.

Veeva Vault Safety Suite: Streamline adverse event
reporting

VigiMatch: can identify duplicate safety reports within
the global VigiBase database.

4.4 Al in managing drug-drug/ drug- food
interaction

Patients with chronic conditions as type 2 diabetes,
hypertension and chronic kidney diseases often
require multiple medications for long term periods,
increasing the risk of adverse interaction and
inappropriate dosing for treatment. Al systems
analyze patient specific factors as age, body weight,
kidney and liver function, medical history, laboratory
values and concurrent medications to predict
potential drug-drug interactions. For example, Al can
identified harmful combinations, adjust dosing
according to renal function and reduces toxicity risk
in patients with impaired organ function. Al also
supports drug selection by considering disease
severity, comorbidities, interaction burden, lifestyle
and even genetic factors to personalized therapy. In
chronic disease management, this leads to safer
prescribing, individualized dosing, also fewer adverse
drug events, improved treatment associate adherence
and better long-term patient outcomes while assisting
healthcare professionals in making evidence-based
decisions. Example of Al software used is Lexi comp:

Drug dosing, interaction analysis and chronic

medication management.

4.5 Medication Optimization

Useful in chronic polypharmacy (patients taking
multiple drugs long term)

Medi Span Clinical APIs: Al enhanced drug interaction
checks and dosing guidance.

Micromedex: Evidence based medication decision
support.

Medtronic Diabetes: Al
optimization.

driven insulin delivery

4.6 Al for medication Adherence

Long term treatment often fails because patients stop
medicines

Ai Cure: Uses computer vision and Al to monitor
medication adherence

Proteus Digital Health: Smart medication tracking for
chronic diseases.

5. Challenges Associate with Use of Al

The reliability and accuracy of Al technologies having
practical issues including data quality problems, data
messiness or biases in process data sets, despite the
technology’s amazing advantages in data processing
and pattern recognition. Therefore, it's imperative to
guarantee their accuracy and stability in real world
applications. Important process to ensure data
accuracy and dependability in the data processing
phase include outlier discovery and management,
duplicate data identification and merging and
imputation of missing values. Biased or
unrepresentative data in which Al dosing models
depend on historical datasets. If certain populations
are underrepresented, recommendations may be less
accurate, potentially unsafe, systematically biased.
Poor data quality in real world settings. Chronic
disease management relies heavily on patient
reported adherence, wearable data, and electronic
health records (EHRs). Also, it can misinterpret
missing data as clinical stability. Over fitting and
generalization problems. Al models may perform well
in controlled situations but fail when patients change
medications, comorbidities evolve, new drug
formulations enter the market, or guidelines alter
[47]. Clinical risks include the possibility that Al will
optimize for restricted measures such as hbAlc levels,
blood pressure objectives, and inflammatory markers.
However, this does not apply to long term safety,
quality of life, or polypharmacy interactions. Ethical
and legal concerns: chronic illness optimization
necessitates ongoing monitoring, longitudinal health
data. This increases the risk of data breaches,
secondary abuse and re identification. Clinical
judgment has been reduced. Individual patient
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assessments have been reduced, and
recommendations are encouraged to be accepted
passively. Human clinical reasoning continuous to be
crucial in difficult patients (advanced chronic kidney
disease with renal clearance).

Regulatory and validation barriers: unlike static
pharmaceuticals, Al systems learn and update and
their behavior may change over time. Regulatory
challenges include continues learning algorithms and
post market surveillance criteria. This demonstrates
deployment or lead to a poorly managed
implementation. Cost and accessibility disparities Al
based dosing systems require digital infrastructure,
complex HER integration, and technical maintenance
which increase costs and creates two types of
treatment quality [48].

Patient search and Autonomy issues. Patients
may distrust algorithm driven care, feel reduced data
points, resist machine adjusted doing. Chronic disease

management requires long term therapeutic
relationships.

6. Future Scope

Al is poised to revolutionize chronic illness

management by optimizing drug selection and
administration, for disease such as diabetes,
hypertension, heart failure and cancer, Al algorithms
will combine massive datasets from
pharmacogenomics, electronic health records (EHRs),
wearable, and real time biomarkers to predict
individual drug reactions with unparalleled accuracy.
Machine learning models, such as deep neural
networks and reinforcement learning, will analyzes
genetic variations, lifestyle factors, and physiological
dynamics to recommend not only the best drug but
also the precise dose reactions, which currently
affects up to 30% of chronic patients. Future
application includes polypharmacy optimization in
Multimorbidity older patients, in which Al simulated
drug- drug interactions using virtual PK/PD modeling
to prioritize regimens that balance efficacy, safety and
cost. NLP will use unstructured clinical notes and
patient report outcomes to refine predictions, while
federated learning allows for collaborative model
training across hospitals without data privacy issue.
In oncology, Al will pioneer patient specific dosage for
chemotherapies by combining tumor genetics, micro
biome data, and imaging, expediting drug discovery
through generative Al, which creates novel
compounds customized to chronic disease subtypes
[49].

The use of digital twins in pharmacotherapy,
where virtual patient models dynamically simulated
medication response using real time clinical,
biochemical and behavioral data, will be one of the
most revolutionary advancements. By reducing
adverse medication reactions and enhancing long
term results. Furthermore, by allowing individualized

treatment impact estimation instead of depending o
population level connections, the incorporation of
causal inference frameworks into Al systems will

revolutionize drug selection. This is especially
important when managing complicated chronic
diseases.

Real time adaptive dosing via wearable

integration on edge Al enables preemptive changes,
such as treating beta blockers in heart failure based
on heart rate variability or diuretics in CKD with
hydration sensors, saving hospitalizations by 255.
Predictive analytics can forecast disease development
and switch diabetic kidney disease treatments from
metformin to SGLT2 inhibitors. Federated learning
across global datasets allows for privacy preserving
models that enhance dosing algorithms for privacy
preserving models that enhance doing algorithms for
are genetic variants, reducing adverse outcomes in
conditions such as hypertension and rheumatoid
arthritis. Although challenges like as algorithmic bias,
legal obstacles, and interoperability remain,
developments in explainable Al and block chain
protected data transmission provide fair, transparent
implementation. By 2030, AI might reduce chronic
care costs by 20-30 %, increases adherence with app
based nudges and extend quality adjusted life years,
making optimal therapy acceptable to billions of
people globally. In the coming decade, Al driven
digital twins virtual patient models integrating multi
omics data (genomics, proteomics, metabolomics)
will stimulates real time disease progression,
predicting optimal drug combinations with
unprecedented accuracy [50]. From a regulatory point
of view, new lifecycle-based approval models that
include post deployment surveillance, model drift
detection, and periodic revalidation will be required
as Al based dosing tools advance. Adaptive algorithms
that change over time will require the expansion of

current software as a medical device (SaMD)
framework.

Quantum enhanced Al  will accelerate
pharmacokinetics simulations, forecasting

individualized response to novel therapies, such as
CRISPR edited biologics. Al could reduce chronic
disease mortality through proactive, patient specific
regimens, bridging the gap curative pharmacotherapy
while slashing healthcare costs [51].

7. Conclusion

Artificial intelligence is transforming chronic disease
management by enabling optimized drug and dosing
selection tailored to individual patient characteristics.
Traditionally, prescribing focuses heavily on
standardized guidelines and population averages,
which may fail to account for inter patient diversity in
genetics, metabolism, and organ function and
adherence habits. Al powered models can effectively
predict therapy responses and disease progression by
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merging genomic data, electronic health records, real
world evidence, and patient reported outcomes. This
shift from population- based prescribing to
customized treatment procedures improves clinical
results while reducing the trial-and-error approaches
that are frequent in chronic disease management. Al
algorithms help clinicians identify ideal medication
combinations, change doses dynamically, and
anticipate complications before they occur clinically.
Machine learning approaches also enables continuous
learning from large datasets, allowing treatment
suggestions to change as new information becomes
available. Despite its potential, incorporating Al into
every day. Apart from its promise, incorporating Al
into normal treatment necessitate high quality data,
transparent algorithms, regulatory supervision, and
physician involvement to ensure dependability and
ethical use. To avoid expanding healthcare disparities,
data bias must be addressed and appropriate access
ensured. Overall, Al powered drug optimization and
selection mark a paradigm shift in chronic disease
therapy. Artificial intelligence increases treatment
precision, long term outcomes and the sustainability
of chronic care management systems by enabling
evidence based, tailored therapy decision.
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