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1. MECHANISTIC AI IN 
RENAL DISEASES 

Background 
Mechanistic artificial intelligence in renal dis-
eases represents a growing and transformative 
field that merges traditional machine learning 
methodologies with biophysical, biochemical, and 
physiological models of kidney function. The kid-
ney is one of the most structurally and function-
ally complex organ systems in the human body. 
It contains millions of nephrons, each housing 
intricate networks of glomeruli, tubules, blood 
vessels, and transport systems that maintain fluid 
balance, acid base homeostasis, electrolyte equi-
librium, metabolic waste clearance, endocrine sig-
naling, and pressure regulation. Conventional arti-
ficial intelligence methods have gained traction in 
nephrology for tasks such as chronic kidney dis-
ease detection, prediction of acute kidney injury, 
risk stratification for progression, and the analysis 
of imaging or laboratory data. However, classical 
deep learning models are primarily correlation 
based, which limits their clinical interpretability 
and reduces their capacity to provide mechanis-
tic explanations for observed abnormalities. Clin-
icians must rely on causal reasoning grounded 
in physiology, and therefore black box AI models 
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introduce important challenges in trust building, 
adoption, and clinical translation. 
Mechanistic AI addresses these concerns by unit-
ing data driven learning with mechanistic models 
derived from renal physiology, fluid dynam-
ics, transport kinetics, glomerular filtration prin-
ciples, hormonal feedback loops, and hemo-
dynamic regulation. Through this integration, 
mechanistic AI can produce predictions that not 
only fit data but also explain why outcomes occur, 
how pathological processes evolve, and which 
parameters drive disease progression. These 
models embed biological equations into computa-
tional architectures, such as conservation of mass 
and solute, nonlinear transport functions, Starling 
forces within the glomerulus, and network laws 
describing renal blood flow autoregulation. When 
combined with machine learning, these mathem-
atical structures allow the model to infer latent 
physiological variables, simulate disease states 
that are difficult to measure experimentally, and 
generate hypotheses regarding pathological mech-
anisms. 
Mechanistic AI thus occupies a unique role 
within the broader movement toward preci-
sion nephrology. Its capacity to integrate clin-
ical, laboratory, imaging, and molecular data 
with mechanistic knowledge supports patient spe-
cific modeling, personalized prediction of dis-
ease course, and targeted therapeutic planning. 
It does so with greater transparency and clinical 
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relevance than conventional black box models, 
making it well suited to the nuanced decision 
making and complex pathophysiological terrain of 
nephrology. As kidney disease continues to im-
pose a rising global burden, mechanistic AI offers 
a framework through which clinicians and re-
searchers can understand renal disease at a deeper 
causal level, ultimately helping guide individual-
ized treatment and improve outcomes. 

Principles Of Mechanistic 
AI In Nephrology 

Mechanistic AI builds upon several foundational 
principles that make it particularly relevant for 
renal physiology and pathology. The first prin-
ciple is constraint based modeling. Renal function 
is tightly governed by established physical laws 
and biochemical relationships, such as the prin-
ciples of filtration, reabsorption, secretion, and 
ultrafiltration. Mechanistic AI incorporates these 
constraints into the learning process to ensure 
that model predictions remain biologically plaus-
ible. When a model learns parameters or produces 
outputs, those outputs must satisfy mass balance 
equations, comply with known transport relation-
ships, and maintain consistency with established 
physiological limits. 
The second principle is multiscale integration. 
Renal disease spans molecular, cellular, tubular, 
nephron, and whole organ levels. Mechanistic AI 
seeks to link these levels through nested model-
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ing frameworks. For example, alterations in ion 
channel function or transporter density affect 
tubular reabsorption. Tubular changes influence 
nephron level function, which affects glomerular 
dynamics and subsequently impacts whole kidney 
hemodynamics. In chronic kidney disease, fibro-
sis and inflammatory cascades alter tissue archi-
tecture, affecting nephron viability and filtration. 
Mechanistic AI allows researchers to model these 
interactions across scales, enabling interpretation 
of how changes at one level propagate to produce 
measurable clinical outcomes. 
The third principle is causal interpretability. Mech-
anistic AI does not merely map input data to out-
put predictions. It also elucidates which mechan-
istic pathways and parameters drive the predicted 
outcome. By identifying the role of glomerular 
pressure, oncotic gradients, tubular transporter 
activity, or renin release, the model can explain 
why a patient’s kidney function is deteriorating 
or why a particular therapeutic strategy might be 
effective. This transparency allows clinicians to 
verify model reasoning against established physio-
logical understanding, which is essential for trust 
and adoption. 
Mechanistic AI frequently uses hybrid computa-
tional architectures. One common architecture is 
the physics informed neural network, which em-
beds renal specific differential equations within 
neural network training. For example, a model 
may incorporate glomerular filtration equations, 
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tubular transport differential equations, or renal 
blood flow autoregulation laws as constraints dur-
ing training. Hybrid dynamical systems are also 
common. In these systems, known mechanis-
tic relationships are expressed through ordinary 
or partial differential equations, while unknown 
or incompletely characterized relationships are 
learned through neural networks. This structure 
preserves interpretability while allowing flexibil-
ity for knowledge gaps. 

Mechanistic Modeling Of 
Renal Physiology 

Mechanistic AI is uniquely suited to model renal 
physiology because the kidney is fundamentally 
a system of dynamic fluid and solute trans-
port governed by well defined physical laws. The 
glomerulus operates through principles of ultra-
filtration driven by pressure gradients. Tubular 
segments perform highly specialized reabsorptive 
and secretory processes mediated by transporter 
kinetics. Renal blood flow and glomerular pres-
sure are regulated by feedback mechanisms such 
as tubuloglomerular feedback and the myogenic 
response. Mechanistic AI can integrate these pro-
cesses into computational frameworks that repre-
sent the kidney as a coupled, nonlinear physio-
logical system. 
A central application of mechanistic AI is mod-
eling glomerular filtration. Traditional machine 
learning might predict estimated glomerular fil-
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tration rate for a population but cannot explain 
how filtration changes arise. Mechanistic AI can 
represent Starling forces within the glomeru-
lar capillary as differential equations describing 
hydrostatic and oncotic pressures, filtration co-
efficients, and membrane characteristics. Machine 
learning components can infer patient specific 
values for these parameters using laboratory and 
imaging data. This allows estimation of glomeru-
lar filtration based on interpretable, mechanistic 
variables such as altered capillary permeability or 
disrupted pressure gradients. 
Tubular processes are another area where mech-
anistic AI offers substantial advantages. Tubular 
reabsorption and secretion involve complex trans-
porter networks and nonlinear solute concen-
tration gradients. Mechanistic models represent 
these processes through systems of equations de-
scribing sodium transport, potassium handling, 
bicarbonate buffering, water movement driven by 
osmotic gradients, and hormonal influences such 
as aldosterone and antidiuretic hormone. When 
machine learning is added to calibrate these 
parameters, mechanistic AI can estimate tubu-
lar function under disease states such as acute 
tubular necrosis, diabetic nephropathy, or drug in-
duced nephrotoxicity. It can also evaluate the im-
pact of altered transporter expression on electro-
lyte balance. 
Renal hemodynamics can also be modeled mech-
anistically. The kidney maintains stable filtra-
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tion rates despite significant fluctuations in 
systemic blood pressure through autoregulatory 
mechanisms. Modeling this requires representing 
the afferent arteriole myogenic response, tubulo-
glomerular feedback, efferent arteriole tone, and 
hormonal modulation through systems of differ-
ential equations. Mechanistic AI can learn how 
these feedback loops shift in pathological states 
like hypertensive nephropathy or cardiorenal syn-
drome. Predicting renal perfusion and filtration 
based on mechanistic variables helps clinicians 
understand the pathophysiological basis of renal 
function decline rather than simply observing 
trends. 

Mechanistic AI In Acute 
Kidney Injury 

Acute kidney injury is a complex and het-
erogeneous condition arising from diverse etiolo-
gies including ischemia, toxicity, sepsis, volume 
depletion, and obstruction. Traditional machine 
learning models can predict acute kidney injury 
risk, but they do not explain which physiological 
mechanisms are failing or how injury is evolv-
ing. Mechanistic AI, however, can identify im-
paired autoregulation, disruption of tubular trans-
port, mitochondrial dysfunction, inflammation, 
and microvascular injury through mechanistically 
interpretable parameters. This produces a clearer 
understanding of the biological processes driving 
acute injury. 
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For example, in ischemic acute kidney injury, 
mechanistic AI can simulate how reduced perfu-
sion pressure leads to diminished oxygen delivery 
and metabolic failure in the proximal tubule. This 
can be modeled through oxygen transport equa-
tions, mitochondrial bioenergetic relationships, 
and tubular epithelial transport failure. Machine 
learning components learn patient specific modi-
fications to these parameters based on laboratory, 
hemodynamic, and imaging data. This enables 
early detection of subclinical injury by identifying 
deviations in mechanistic parameters before crea-
tinine rises. 
In sepsis induced acute kidney injury, the 
pathophysiology involves complex interactions 
between inflammation, microvascular dysfunc-
tion, altered hemodynamics, and mitochondrial 
impairment. Mechanistic AI can incorporate 
models describing cytokine mediated capillary 
leak, impaired renal blood flow distribution, and 
changes in efferent arteriole tone. By integrat-
ing inflammatory markers and vital sign trends, 
machine learning enhances patient specific 
parameter estimation. This allows identification 
of mechanistic trajectories such as inflamma-
tory microvascular collapse or dominant hemo-
dynamic instability. These insights can support 
personalized interventions guiding fluid resusci-
tation, vasopressor use, and timing of renal re-
placement therapy. 
Mechanistic AI is also valuable for predicting renal 

NEDA GORJIZADEH

16

recovery. Many patients with acute kidney injury 
fail to regain baseline function. Hybrid models 
linking tubular epithelial injury with repair pro-
cesses and fibrosis progression can estimate the 
probability of recovery based on mechanistic vari-
ables such as residual tubular integrity, perfusion 
recovery, and fibrotic signaling pathways. This 
level of detail surpasses what correlation based 
models can provide and aligns more closely with 
clinical decision making. 

Mechanistic AI In Chronic 
Kidney Disease 

Chronic kidney disease involves progressive and 
irreversible decline in renal function due to a wide 
range of etiologies. The progression of chronic kid-
ney disease is influenced by glomerulosclerosis, 
inflammation, tubular atrophy, interstitial fibro-
sis, oxidative stress, microvascular loss, and mal-
adaptive nephron hypertrophy. Mechanistic AI is 
particularly well suited to modeling such complex, 
nonlinear progression because it can incorporate 
multiscale biological mechanisms into predictive 
frameworks. 
One major application is modeling glomerular 
hypertrophy and hyperfiltration in early chronic 
kidney disease. Physiology based equations can 
describe how remaining nephrons increase their 
filtration load when nephron number declines. 
Machine learning can estimate patient specific 
hyperfiltration parameters from laboratory data, 
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providing insight into compensatory stress and 
future decline. This approach allows clinicians to 
identify patients with high mechanistic risk, even 
when glomerular filtration rate appears preserved. 
Mechanistic AI also provides a framework for 
modeling interstitial fibrosis, the central driver 
of chronic kidney disease progression. Biophys-
ical models describe the activation of fibroblasts 
and myofibroblasts, deposition of extracellular 
matrix, and degradation of renal architecture. 
These systems are influenced by cytokines such as 
transforming growth factor beta, angiotensin sig-
nalling, hypoxia, and tubular epithelial cell stress. 
Machine learning can calibrate these mechanis-
tic pathways for individual patients using biopsy 
findings, imaging, and laboratory markers. This 
creates an interpretable map of which fibrotic 
pathways are dominant, supporting personalized 
antifibrotic therapy. 
Electrolyte and acid base regulation in chronic kid-
ney disease can also be modeled using mechanistic 
AI. Disturbances in potassium handling, sodium 
retention, bicarbonate buffering, and phosphate 
regulation reflect underlying tubular dysfunction, 
transporter downregulation, and hormonal mal-
adaptation. Mechanistic AI can reveal the mechan-
istic basis of these imbalances rather than merely 
predicting laboratory derangements. This helps 
clinicians understand why abnormalities occur 
and how treatments such as potassium binders, 
diuretics, or bicarbonate therapy will affect under-
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lying mechanisms. 

Mechanistic AI In Dialysis And 
Extracorporeal Therapies 

Dialysis involves complex fluid and solute trans-
port across semipermeable membranes, influ-
enced by blood flow, dialysate composition, 
membrane characteristics, and patient physiology. 
Mechanistic AI can integrate transport equations, 
hemodynamic models, and machine learning to 
optimize dialysis prescriptions. Conventional dia-
lysis algorithms focus on target solute concentra-
tions but do not account for patient specific mech-
anistic variables such as intracellular fluid shifts, 
intercompartmental gradients, and vascular refill-
ing capacity. 
Mechanistic AI can model these processes by rep-
resenting solute transport through partial differ-
ential equations describing diffusion and con-
vection. Machine learning components estimate 
patient specific transport coefficients, predicting 
how different dialysis prescriptions will influence 
plasma solute levels, blood pressure, and fluid 
shifts. This allows individualized optimization of 
dialysis duration, ultrafiltration rate, and dialysate 
composition. 
Hemodynamic instability during dialysis is a 
major clinical challenge. Mechanistic AI can con-
nect cardiovascular models with renal replace-
ment parameters to predict when hypotension or 
intolerance may occur. This enables clinicians to 
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identify patients at risk and adjust therapy in 
advance. In continuous renal replacement therapy 
for critically ill patients, mechanistic AI can simu-
late the impact of therapy on acid base balance, so-
lute clearance, and fluid dynamics while integrat-
ing real time vital signs. 

Digital Twins For Kidney Function 
Mechanistic AI supports the creation of digital 
twins for renal disease, which are personalized, 
computational replicas of an individual’s kidney 
physiology. These twins integrate patient specific 
clinical data, imaging, laboratory values, and gen-
etic information with mechanistic equations de-
scribing glomerular filtration, tubular transport, 
vascular regulation, and hormonal feedback. Ma-
chine learning updates the twin over time using 
new data, allowing continuous refinement. 
Digital twins can simulate disease progression 
under different scenarios. For example, a twin for 
a patient with diabetic nephropathy could predict 
how changes in blood pressure control, glucose 
management, or use of specific medications might 
influence future decline. Similarly, in acute kidney 
injury, a twin could simulate the effects of differ-
ent fluid management strategies, nephrotoxic 
drug exposures, or hemodynamic states. This al-
lows clinicians to test potential treatments in 
silico before applying them in real patients. 
Digital twins also offer insights into the mech-
anistic drivers of disease within a given pa-
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tient. By analyzing parameter shifts, a twin can 
show whether progression is driven primarily by 
hyperfiltration stress, glomerulosclerosis, tubular 
injury, or vascular dysfunction. This helps tailor 
therapy to the patient’s mechanistic profile rather 
than relying on generalized treatment algorithms. 

Explainability And Trust 
In Mechanistic AI 

The transparency offered by mechanistic AI is 
central to its clinical utility. Because these models 
encode physiological relationships, their predic-
tions can be interpreted in terms of mechanistic 
variables such as filtration pressure, tubular trans-
porter function, vascular resistance, and fibrotic 
signaling. Explainability techniques can highlight 
which pathways or parameters are most influen-
tial for an individual prediction. For example, a 
mechanistic AI model predicting worsening kid-
ney function might reveal that increased glomeru-
lar pressure, elevated renin activity, and reduced 
tubular reabsorption efficiency are key drivers. 
Such insights help clinicians verify model reason-
ing and avoid automation bias. 
Explainability is also critical for regulatory ap-
proval and clinical adoption. Mechanistic AI must 
demonstrate not only accuracy but also biological 
plausibility. Transparent alignment with estab-
lished physiology makes mechanistic AI better 
suited for these requirements than purely statis-
tical models. 
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Challenges And Future Directions 
Despite rapid progress, mechanistic AI in renal 
diseases faces several challenges. Renal physiology 
is highly complex, and comprehensive mechanis-
tic models require large numbers of parameters 
that are difficult to measure directly. Parameter 
identifiability is a challenge, requiring robust in-
ference techniques. Data integration is another 
barrier, since renal disease data come from diverse 
modalities spanning several temporal and spatial 
scales. Efficient numerical methods are required to 
compute mechanistic AI predictions in clinically 
acceptable time frames. Validation across differ-
ent populations and settings remains essential for 
generalizability. 
Future research will likely focus on building 
unified models linking molecular, cellular, tubu-
lar, and nephron level processes into cohesive 
frameworks. Integration with wearable sensors 
and continuous monitoring could allow dynamic 
updating of digital twins. Mechanistic AI may 
also support personalized drug dosing by predict-
ing how renal pathology affects pharmacokinetics 
and pharmacodynamics. Ultimately, mechanistic 
AI could become a foundational tool in precision 
nephrology, providing mechanistic explanations 
and personalized predictions that guide treatment 
and improve outcomes. 
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2. MECHANISTIC AI IN 
NEUROLOGICAL DISEASES 

Background 
Artificial intelligence (AI) is playing an important 
role in medicine by improving diagnostics, data 
analysis, and clinical decision-making. Topal et al. 
demonstrated that AI systems, particularly deep 
learning models, can rival human performance in 
key medical tasks such as image interpretation 
and pattern recognition, highlighting their poten-
tial to improve patient care. The need to adopt 
AI-driven innovations is urgent, especially in Alz-
heimer’s disease, a progressive neurodegenerative 
disorder with a growing prevalence. The incidence 
and prevalence of Alzheimer’s disease and other 
dementias increased by 147.95% and 160.84%, 
respectively, from 1990 to 2019, making early de-
tection and effective interventions crucial. AI can 
be a valuable tool for advancing both research 
and clinical care in addressing the diagnostic and 
treatment challenges of Alzheimer’s disease. 
Artificial intelligence has transformed both diag-
nostic and therapeutic approaches to Alzheimer’s 
disease. Recent studies show that machine learn-
ing (ML) and deep learning (DL) models can sig-
nificantly enhance diagnostic accuracy when ap-
plied to neuroimaging, fluid biomarkers, and digi-

24

tal data. However, challenges related to validation 
and practical implementation remain. 
Neuroimaging is one of the earliest areas of AI 
application. Several meta-analyses of deep learn-
ing models applied to MRI and PET scans report 
that deep neural networks and transformer-based 
models can distinguish Alzheimer’s disease and 
mild cognitive impairment (MCI) with substan-
tially higher sensitivity and specificity than many 
conventional statistical methods. Although these 
findings highlight the promising outcomes of AI 
applications in Alzheimer’s research, many stud-
ies rely on idealized research cohorts, which may 
limit the generalizability of these systems. 
AI has also been used to analyze speech, eye move-
ments, gait patterns, and other digital biomarkers, 
which may detect subtle cognitive changes earlier 
than standard cognitive tests. Explainable AI tech-
niques, such as SHAP and LIME, improve transpar-
ency by showing which features contribute most 
to a system’s predictions. This enables clinicians to 
better understand the reasoning behind AI-gener-
ated results. 
Prognostic models using machine learning have 
also shown promising outcomes. Studies indicate 
that these models can predict conversion from 
MCI to Alzheimer’s disease and estimate rates of 
cognitive decline, particularly when longitudinal 
imaging and fluid biomarker data are included. 
However, external validation and standardized re-
porting remain essential, as inconsistent methods 
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currently hinder the reliability and comparability 
of AI-driven prognostic studies. 
The use of AI in treatment is still evolv-
ing. Current studies suggest that AI can con-
tribute by accelerating pharmacological research, 
optimizing patient selection for clinical trials, 
and identifying digital endpoints for non-phar-
macological interventions. AI-based systems may 
also assist clinicians in making more informed 
decisions by recommending non-pharmacological 
interventions such as cognitive training and life-
style modifications. However, because of the lack 
of large randomized trials, researchers emphasize 
that prospective validation is necessary to trans-
late AI’s potential therapeutic advantages into 
practical treatments. 
Recurring concerns in the literature include the 
risk of bias due to small and unrepresentative 
study populations, limited testing on external 
datasets, data heterogeneity and interoperability 
challenges, and ethical issues related to privacy. 
To integrate AI tools into clinical settings, it is es-
sential to establish standardized datasets, develop 
transparent AI models, and create appropriate 
regulatory pathways, while conducting large-scale 
trials to evaluate their real-world clinical effective-
ness. 
In conclusion, current research indicates that AI 
can improve diagnostic accuracy and has the po-
tential to predict disease progression, enhance 
clinical trials, and support therapeutic discovery. 
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However, full adoption of AI in clinical prac-
tice requires rigorous validation, transparent and 
explainable outcomes, and strong evidence from 
large clinical trials demonstrating its clinical 
value. 

Principles Of Mechanistic 
AI In Neurology 

The foundation of mechanistic AI lies in its abil-
ity to connect computational learning systems 
with biological models that have explanatory 
power. In neurological diseases, this connection 
is established through several core principles. 
The first principle is constraint based integration. 
Biological systems are governed by physical laws 
and biochemical rules, such as energy conser-
vation, molecular kinetics, and excitatory inhibi-
tory balance within neural circuits. Incorporat-
ing these constraints within AI architectures al-
lows the system to infer states and transitions 
that remain physiologically plausible. The second 
principle is multiscale modeling. The nervous 
system operates across levels from ion channels 
to large scale brain networks, and neurological 
diseases often exhibit pathology that spans these 
scales. Mechanistic AI incorporates multiscale rep-
resentations, enabling models to track the con-
sequences of molecular dysfunction up to behav-
ioral manifestations. The third principle is causal 
interpretability. Unlike purely statistical deep 
learning, mechanistic AI seeks to identify cause 
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effect relationships, thereby providing an avenue 
for testable mechanistic hypotheses and clinical 
interventions. 
One commonly employed strategy is the use of 
physics informed neural networks, which inte-
grate differential equations representing phenom-
ena such as membrane potential dynamics or 
blood flow regulation into neural network train-
ing. These networks do not simply fit observed 
data, but respect underlying physical laws dur-
ing the learning process. For example, in model-
ing brain hemodynamics, equations derived from 
the balloon model of the vascular response can 
be embedded into a physics informed architecture 
to produce outputs that remain consistent with 
known relationships among neuronal activity, 
oxygen metabolism, and blood volume. Similarly, 
mechanistic AI can employ biophysical simula-
tors such as the Hodgkin Huxley model for neur-
onal firing or neural field equations representing 
cortical waves, enhancing predictive stability and 
explanatory coherence. Another strategy involves 
hybrid dynamical systems, where mechanistic 
components are modeled by differential equations 
and unknown or unmodeled components are cap-
tured by neural networks. This combination pro-
vides a balance between interpretability and flexi-
bility, allowing the AI to learn patterns that are 
difficult to describe mechanistically while preserv-
ing grounding in known physiology. 
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Mechanistic Modeling Of Neural 
Circuits And Brain Dynamics 

Mechanistic AI in neurological diseases heavily 
relies on accurate models of neural circuits and 
brain activity. The brain’s activity can be viewed as 
a high dimensional dynamical system composed 
of interacting neuronal populations governed 
by excitatory and inhibitory balance, synaptic 
coupling, and neuromodulatory influences. Con-
ventional neuroimaging based machine learning 
models, such as those using functional MRI data, 
have achieved success in identifying biomarkers 
for conditions like Alzheimer’s disease, epilepsy, 
and major depressive disorder. However, they 
largely remain statistical in nature. Mechanistic AI 
advances this by embedding biophysical models of 
neural interactions directly into learning architec-
tures. The resulting systems can simulate how net-
work dysfunctions lead to observable clinical and 
imaging signatures. 
One compelling example lies in modeling resting 
state dynamics, which represent spontaneous ac-
tivity patterns measurable through fMRI or EEG. 
Mechanistic AI can use neural mass or neural 
field models to represent the behavior of large 
scale cortical and subcortical networks, capturing 
how changes in connectivity or excitability repro-
duce disease specific signatures. For example, the 
emergence of hypersynchronous oscillations seen 
in epileptic seizures can be simulated through bi-
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furcation analysis of coupled neuron models, with 
machine learning optimizing parameter identifi-
cation for each patient. Such integration allows 
not only prediction of seizure risk but also insight 
into which circuit parameters drive transitions be-
tween normal and pathological states. Similarly, 
in disorders such as Parkinson’s disease, mechan-
istic AI can combine data on neuronal firing from 
the basal ganglia with network models of motor 
control to explore how dopaminergic depletion 
alters oscillatory patterns and motor variability. 
This approach produces interpretable biomarkers 
that align with known neurophysiological mech-
anisms. 
Another major application is in understand-
ing neurovascular coupling and energy metabol-
ism. Mechanistic AI can connect computational 
models describing blood oxygenation and flow 
with physiological observations from functional 
imaging. These models help explain changes in 
cerebral blood flow often seen in stroke, traumatic 
brain injury, or Alzheimer’s disease. Instead of pas-
sively mapping abnormal patterns, mechanistic AI 
elucidates underlying processes such as impaired 
vasoreactivity, regional metabolic compromise, or 
capillary dysfunction. This capacity to simulate 
causal processes provides clinicians with a mech-
anistic understanding of neurovascular pathology 
that can inform targeted interventions. 

Applications In Neuro-
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degenerative Diseases 
Neurodegenerative diseases offer an ideal domain 
for mechanistic AI because their pathogenesis un-
folds over long timescales and involves well char-
acterized biochemical and cellular interactions. In 
disorders like Alzheimer’s disease, Parkinson’s dis-
ease, Huntington’s disease, or amyotrophic lateral 
sclerosis, brain dysfunction arises from progres-
sive molecular and cellular alterations, including 
protein misfolding, synaptic failure, neuroinflam-
mation, and neuronal death. Mechanistic AI can 
incorporate such biological processes as coupled 
differential equations describing toxic protein kin-
etics, oxidative stress responses, or connectiv-
ity degeneration, while machine learning compo-
nents fine tune model parameters based on patient 
data. This synergy allows prediction of disease 
progression, evaluation of therapeutic responses, 
and identification of patient specific mechanisms 
of decline. 
In Alzheimer’s disease, mechanistic AI has been 
used to model amyloid beta and tau propagation 
through brain networks. These models represent 
the spatial diffusion of pathogenic proteins along 
structural connectivity pathways, mathematically 
similar to epidemiological diffusion processes. Ma-
chine learning enhances these models by optimiz-
ing transport coefficients to match observed im-
aging or cerebrospinal fluid measures. By linking 
these parameters to cognitive outcomes, mechan-
istic AI creates interpretable trajectories explain-
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ing how pathology progresses from microscopic 
aggregation to macroscopic network failure and 
cognitive decline. Furthermore, the integration of 
metabolic and inflammatory pathways into these 
frameworks provides a holistic picture of dis-
ease evolution. The same modeling philosophy ap-
plies to Parkinson’s disease, where hybrid systems 
connect dopamine neuron loss in the substantia 
nigra to striatal network dysfunction and motor 
performance decline. By embedding physiological 
equations for dopamine dependent modulation 
and synaptic coupling, models can predict the im-
pact of medication, deep brain stimulation, or dis-
ease progression under different assumptions of 
cellular damage. 
Mechanistic AI also enhances drug discov-
ery and therapeutic targeting in neurodegen-
eration. Classical drug response modeling re-
lies on pharmacokinetic and pharmacodynamic 
equations, but these alone cannot capture the 
complexities of brain transport barriers and me-
tabolic interactions. Integrating machine learn-
ing with physiologically based pharmacokinetic 
models enables accurate estimation of patient 
specific responses while maintaining mechanistic 
interpretability. For example, combining compart-
mental models of drug diffusion in brain tissue 
with neural network corrections trained on im-
aging and clinical outcomes allows prediction of 
effective drug concentrations at target sites. Such 
approaches can accelerate the design of treatment 
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strategies personalized to the patient’s neuro-
biology. 

Mechanistic AI For Epilepsy 
And Network Disorders 

Epilepsy represents one of the earliest and clearest 
examples of a neurological disorder fundamen-
tally governed by network dynamics. Traditional 
AI models in epilepsy have focused on seizure pre-
diction based on EEG pattern recognition. Mech-
anistic AI extends this by connecting predictions 
to the underlying dynamical systems generating 
these patterns. Neural mass models, for example, 
describe how populations of excitatory and in-
hibitory neurons interact to produce oscillations. 
Incorporating these models into AI frameworks al-
lows parameter inference directly from EEG data, 
transforming black box prediction into mechanis-
tically grounded understanding. Such systems can 
identify which parameters, such as synaptic gain 
or coupling strength, are shifting toward thresh-
olds that generate seizures. 
Furthermore, mechanistic AI can simulate the 
effects of interventions. For instance, by integrat-
ing pharmacodynamic models describing the ac-
tion of antiepileptic drugs on ionic currents, AI 
systems can predict how drug dosage or timing 
affects seizure thresholds in individual patients. 
Similarly, models of cortical excitability can in-
form noninvasive stimulation protocols aimed at 
stabilizing abnormal neural oscillations. These ap-
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plications not only improve prediction accuracy 
but also provide actionable mechanistic insights 
guiding personalized therapy. 
Epileptic brain networks can also be studied 
through structural and functional connectivity 
data obtained from diffusion MRI and functional 
MRI. Mechanistic AI connects these data with 
graph theoretical models and dynamic systems 
equations, allowing simulations of how structural 
damage or abnormal synaptic strengths lead to 
pathological synchronization. This mechanistic-
ally grounded interpretation supports clinical de-
cision making about surgical resection or stimula-
tion targets by predicting network level outcomes. 
The integration of such models across scales, from 
cellular excitability to whole brain connectivity, 
makes mechanistic AI a powerful tool for under-
standing network disorders. 

Applications In Cerebrovascular 
And Demyelinating Diseases 

Disorders such as stroke, cerebral vasospasm, and 
multiple sclerosis are characterized by vascular 
and structural changes that evolve over time. 
Mechanistic AI can capture the interplay between 
blood flow dynamics, tissue oxygenation, inflam-
mation, and repair. In ischemic stroke, for ex-
ample, hybrid models can represent perfusion 
deficits as partial differential equations describing 
mass transport and metabolic consumption, while 
AI components infer parameters such as diffusion 
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coefficients and tissue viability thresholds from 
imaging data. This integration can delineate the 
core infarct zone from the salvageable penum-
bra with improved precision and biological inter-
pretability. The same principles can help forecast 
secondary injury mechanisms such as reperfusion 
hemorrhage, allowing clinicians to strategize time 
sensitive treatments. 
In multiple sclerosis, mechanistic AI provides a 
framework to unify immune, cellular, and net-
work perspectives. Disease models may combine 
equations describing demyelination and axonal 
degeneration with learning modules that as-
similate MRI lesion data and clinical scores. 
These models can track the cumulative effects of 
immune activity, remyelination, and network re-
organization, explaining why lesion load does not 
always correlate directly with disability progres-
sion. The capacity to simulate functional compen-
sation and network plasticity gives mechanistic AI 
an advantage over purely correlational methods, 
offering a deeper understanding of ongoing pro-
cesses within the central nervous system. 

Neurodevelopmental And 
Psychiatric Disorders 

While neurodegenerative disorders emphasize 
progressive tissue loss, neurodevelopmental and 
psychiatric conditions involve maladaptive neural 
circuit formation and plasticity. Mechanistic AI 
can contribute to these areas by modeling devel-
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opmental trajectories of brain connectivity and 
neurotransmission. In autism spectrum disorder, 
attention deficit hyperactivity disorder, or schizo-
phrenia, abnormalities often occur at synaptic 
and microcircuit levels, yet manifest as cognitive 
or behavioral outcomes observable at the macro-
scopic scale. Mechanistic AI uses computational 
models of synaptic plasticity, neuromodulatory 
balance, and hierarchical connectivity to explore 
how micro scale dysfunctions generate large scale 
phenotypes. By linking patient specific imaging 
and behavioral data with mechanistic simula-
tions, AI systems can uncover candidate mechan-
isms underlying distinct clinical subtypes. 
In psychiatric applications, mechanistic AI is 
particularly suited for modeling neurochemical 
dynamics involved in mood regulation, percep-
tion, and decision making. For instance, reinforce-
ment learning models can be extended with mech-
anistic representations of dopaminergic and sero-
tonergic signaling pathways to explain altered re-
ward processing in addiction or depression. These 
models illuminate causal mechanisms that cannot 
be captured by conventional machine learning or 
statistical regression alone. The insights derived 
from mechanistic AI are essential for developing 
mechanistically targeted pharmacological and be-
havioral interventions. 

Mechanistic Digital Twins 
For The Nervous System 
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Digital twins represent one of the most promis-
ing applications of mechanistic AI in neurology. 
A neurological digital twin is a virtual replica of 
an individual’s brain that evolves dynamically ac-
cording to both mechanistic models and real pa-
tient data. Such systems integrate neuroimaging, 
electrophysiological signals, genetic markers, and 
clinical observations into multiscale simulations 
of neural function. The mechanistic foundation 
could include biophysical models of synap-
tic transmission, network oscillations, or neuro-
vascular dynamics, while machine learning com-
ponents adapt the twin to the specific patient 
by optimizing parameters and updating with new 
data. These digital twins can simulate disease pro-
gression, test therapeutic scenarios, and predict 
outcomes under various interventions. 
In neurocritical care, for example, a digital twin of 
a patient’s brain could predict the impact of differ-
ent ventilation or perfusion strategies on intracra-
nial pressure and brain oxygenation, supporting 
personalized management. In degenerative dis-
eases, a longitudinal digital twin could project fu-
ture cognitive decline based on current metabolic 
and structural indicators, guiding therapeutic 
timing. The real power of these mechanistic twins 
lies in their ability to maintain interpretability: 
each prediction is grounded in a set of physio-
logically meaningful parameters and equations, 
allowing clinicians to understand and trust the 
reasoning behind recommendations. This para-
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digm marks the evolution from descriptive AI sys-
tems to truly mechanistic and patient centered 
intelligence. 

Explainability, Trust, And 
Ethical Implications 

Transparency and interpretability are essen-
tial for the adoption of mechanistic AI in 
neurology. Even when models incorporate physio-
logical knowledge, their hybrid architecture can 
remain partially opaque. Explainable AI methods 
must therefore bridge the gap between com-
plex mathematical representations and clinically 
meaningful insights. Techniques such as sensi-
tivity analysis, parameter attribution, and visual-
ization of learned representations can highlight 
which features or mechanisms primarily drive a 
model’s conclusions. For instance, identifying that 
changes in modeled synaptic coupling strength 
drive the predicted onset of seizure activity allows 
neurologists to validate results against established 
neurobiology. 
Trust in mechanistic AI also depends on rigorous 
validation and ethical deployment. Because these 
models can influence critical medical decisions, 
especially in acute neurological care, developers 
must ensure that predictions are reproducible and 
unbiased. Bias can emerge from data imbalance, 
measurement error, or assumptions encoded in 
mechanistic equations. Comprehensive validation 
against multi institutional datasets and transpar-
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ent publication of model architectures are vital 
steps toward trustworthy AI. Ethical challenges 
further include maintaining data privacy, obtain-
ing informed consent for using patient data in 
training digital twins, and addressing the poten-
tial for automation bias among clinicians. Educa-
tion and collaboration between AI developers and 
neurologists are therefore crucial for responsible 
integration of mechanistic AI into clinical work-
flows. 

Challenges And Future Directions 
Despite significant promise, multiple challenges 
hinder the full realization of mechanistic AI in 
neurological diseases. The first challenge is model 
complexity. The nervous system’s nonlinear, high 
dimensional behavior makes it difficult to capture 
all relevant interactions within a tractable compu-
tational framework. Simplification must strike a 
balance between realism and generalizability. The 
second challenge is parameter estimation. Many 
mechanistic equations include parameters that 
are not directly measurable in humans and must 
be inferred from limited data. This process is com-
putationally demanding and may result in non 
unique solutions without proper regularization or 
prior information. The third challenge involves 
data integration. Combining multimodal datasets 
such as MRI, EEG, and molecular biomarkers into 
a coherent mechanistic framework requires har-
monization across temporal and spatial resolu-
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tions. 
Scalability and clinical translation are additional 
hurdles. Mechanistic AI systems must operate 
efficiently enough to provide real time or near real 
time guidance in clinical environments. Achiev-
ing this goal calls for advancements in numerical 
solvers, adaptive modeling techniques, and hard-
ware acceleration tailored for hybrid AI computa-
tions. Moreover, regulatory pathways for approv-
ing such complex models remain underdeveloped, 
as traditional validation methods based on fixed 
algorithms do not easily apply to adaptive, data 
informed systems. Addressing these issues will 
require multidisciplinary collaboration among 
neuroscientists, engineers, clinicians, and policy 
makers. 
Looking forward, research is likely to focus on 
several strategic directions. One is the develop-
ment of unified frameworks that couple cellular 
mechanistic models with systems level network 
simulations, thereby spanning the full cascade 
from molecular events to cortical dynamics. An-
other is the refinement of patient specific digital 
twins that incorporate continuous data streams 
from wearable devices and remote monitoring, 
creating living models that evolve with the pa-
tient’s condition. Integration of mechanistic AI 
with neuroscience oriented brain computer inter-
faces could enable real time feedback control for 
neuromodulation therapies. In neurodegenerative 
conditions, mechanistic AI may guide precision 
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pharmacology by predicting how genetic and me-
tabolic variations influence disease progression 
and treatment efficacy. These advances point to-
ward a future in which mechanistic AI becomes 
a central tool for understanding, predicting, and 
preventing neurological diseases through physio-
logically interpretable intelligence. 

Conclusion 
Mechanistic artificial intelligence represents a 
paradigm shift in the study and treatment of 
neurological diseases. By combining the explana-
tory depth of mechanistic modeling with the pre-
dictive power of machine learning, it enables a 
new level of understanding that connects data 
driven predictions with biological causation. From 
modeling network dynamics in epilepsy to simu-
lating protein aggregation in neurodegeneration, 
mechanistic AI transforms fragmented insights 
into coherent mechanistic frameworks. It en-
hances interpretability, supports trust, and opens 
the door to personalized interventions guided by 
scientifically grounded reasoning. As computa-
tional capacity, data quality, and interdisciplinary 
collaboration continue to advance, mechanistic AI 
will likely redefine clinical neurology, transform-
ing it from an observational science into a truly 
predictive and mechanistically informed discip-
line.
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3. MECHANISTIC AI IN 
INFECTIOUS DISEASES 

Background
Numerous pathogens continue to pose serious 
life‑threatening risks to humans. Host–pathogen 
interactions trigger immune responses, yet patho-
gens often develop ways to evade these defenses. 
Major pandemics, such as the 1918 influenza out-
break and the HIV/AIDS pandemic identified in 
1981, together caused an estimated 87 million 
deaths by 2020, demonstrating that medically sig-
nificant viruses remain difficult to control despite 
ongoing advancements in vaccine development.

To better understand and manage large‑scale 
infectious disease dynamics, mathematical and 
computational models have long been used to 
describe pathogen transmission and host–popula-
tion interactions. For many years, mechanistic epi-
demiological models have served as foundational 
tools for representing disease processes based on 
key epidemiological principles, including popula-
tion dynamics, herd immunity, and the effects 
of interventions. These models have been widely 
applied across numerous infectious diseases and 
played a central role during the COVID‑19 pan-
demic, particularly in forecasting, scenario ana-
lysis, and shaping public health decisions.
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However, their usefulness is limited by several 
challenges, such as strong dependence on accurate 
parameter estimation, reliance on oversimplified 
assumptions, inadequate integration of heteroge-
neous and real‑time data sources, and intensive 
computational demands needed for calibration 
and validation—especially under rapidly changing 
epidemic conditions. The extensive use of mech-
anistic models during the COVID‑19 crisis also re-
vealed difficulties in timely calibration, transpar-
ency, and effective communication with decision‑
makers.

Because of these shortcomings, recent advances 
in artificial intelligence (AI), particularly in ma-
chine learning and deep learning, have been ex-
plored to complement mechanistic modeling. AI 
methods can analyze vast and complex data-
sets, infer time‑varying parameters, and improve 
forecasting and calibration performance. Rather 
than replacing mechanistic models, integrated ap-
proaches that combine data‑driven AI techniques 
with the explanatory framework of mechanis-
tic modeling have demonstrated enhanced accur-
acy in infectious disease prediction, parameter 
estimation, and outbreak control. These hybrid 
models represent a potential path toward more 
adaptive, scalable, and informative epidemio-
logical systems.

Mechanistic AI in infectious disease research 
refers to this class of integrated modeling ap-
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Mechanistic artificial intelligence in infectious 
diseases represents a rapidly advancing paradigm 
that merges machine learning with biological, 
epidemiological, and immunological models to 
understand how infections emerge, spread, evolve, 
and respond to interventions. Infectious diseases 
are shaped by complex processes including host 
pathogen interactions, immune responses, patho-
gen life cycles, genetic variability, environmental 
conditions, population structure, and behavioral 
patterns. Traditional machine learning models 
can detect patterns, predict probabilities, and 
perform classification tasks, yet they often do 
so without an underlying mechanistic rationale. 
This limits interpretability and reduces confi-
dence among clinicians, epidemiologists, immun-
ologists, and public health authorities who rely on 
understanding causality rather than correlations. 
Mechanistic AI bridges these gaps by embedding 
structured biological knowledge into computa-
tional frameworks. Instead of learning only from 
data, mechanistic AI incorporates mathematical 
models that describe pathogen kinetics, transmis-
sion pathways, immune dynamics, pharmacokin-

proaches that merge data‑driven artificial intelli-
gence with mechanistic epidemiological models. 
These models learn from complex and heteroge-
neous data while maintaining biologically inter-
pretable structures that describe disease transmis-
sion and host–population dynamics.
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etics and pharmacodynamics, and ecological 
interactions. These models constrain the training 
of machine learning components, ensuring that 
predictions remain physiologically plausible and 
consistent with known principles. As infectious 
diseases continue to impose global health chal-
lenges, mechanistic AI offers a pathway toward 
more accurate forecasting, personalized treat-
ment, and mechanistic understanding that sup-
ports actionable decision making. 
Mechanistic AI reflects a broader shift in com-
putational medicine. It recognizes that infectious 
disease systems are nonlinear, multiscale, and 
often only partially observed. Purely data driven 
models struggle when data are sparse, noisy, 
or unrepresentative, which often occurs during 
emerging outbreaks. Mechanistic AI, by contrast, 
can infer latent variables such as viral load trajec-
tories, immune response strength, transmission 
probabilities, or pathogen fitness landscapes even 
when direct measurements are unavailable. This 
opens new opportunities for guiding interven-
tions, designing therapies, improving outbreak 
preparedness, and deepening scientific under-
standing of pathogenesis. 

Principles Of Mechanistic AI 
In Infectious Diseases 

Mechanistic AI in infectious diseases builds on 
several core principles. The first is the integra-
tion of mechanistic models with machine learn-
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ing. Mechanistic models describe processes such 
as viral replication, bacterial growth, immune ac-
tivation, antibody waning, or environmental sur-
vival using differential equations or stochastic 
rules. Machine learning algorithms then estimate 
unknown parameters, infer hidden states, or learn 
functional forms of poorly understood relation-
ships. This hybridization allows the model to cap-
ture both known biological mechanisms and data 
driven patterns. 
The second principle is adherence to biological 
constraints. Infectious disease processes must fol-
low rules such as mass balance, conservation of vi-
rions or bacterial cells, and limits imposed by tis-
sue resources. Mechanistic AI enforces these con-
straints during model training, which prevents 
biologically implausible predictions. This is es-
pecially important for safety critical applications 
such as predicting pathogen load under therapy, 
evaluating outbreak interventions, or estimating 
vaccine impacts. 
A third principle is causal interpretability. Mech-
anistic AI identifies which biological pathways or 
epidemiological parameters influence outcomes. 
For example, if a model predicts that a patient with 
influenza is likely to progress to severe disease, 
mechanistic AI can identify whether viral repli-
cation rate, immune dysregulation, or secondary 
bacterial infection risk is driving this prediction. 
In population level modeling, mechanistic AI can 
specify whether transmission is being driven by 
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superspreading events, changes in mobility, or 
pathogen evolution. These explanations help align 
models with established scientific understanding 
and support confident decision making. 
A fourth principle is multiscale modeling. Infec-
tious diseases span processes from viral entry 
into a single cell to spread across entire popu-
lations. Mechanistic AI integrates models across 
these scales, connecting within host dynamics to 
between host transmission. For example, within 
host viral load trajectories influence contagious-
ness. Mechanistic AI can model both scales simul-
taneously, supporting more realistic forecasts and 
targeted interventions. 
Finally, mechanistic AI relies on continuous 
updating. Infectious diseases evolve, immunity 
wanes, treatments change, and human behavior 
shifts. Mechanistic AI systems update parameters 
in real time as new data arrive, ensuring that pre-
dictions remain current. Digital twins of infected 
individuals or communities can evolve dynamic-
ally to reflect changing biological or epidemio-
logical conditions. 

Mechanistic Modeling Of Pathogen 
Replication And Host Response 

A central domain of mechanistic AI is the mod-
eling of within host infectious disease dynamics. 
Many infections follow characteristic patterns in-
volving pathogen entry, replication, immune rec-
ognition, immune activation, peak pathogen bur-
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den, and eventual clearance or persistence. Mech-
anistic AI represents these stages through equa-
tions describing pathogen population growth, im-
mune cell activation, cytokine signaling, tissue 
damage, and drug interactions. 
One of the most widely used mechanistic models 
is the target cell limited model, which has appli-
cations in viral infections such as influenza, SARS 
CoV 2, HIV, and hepatitis viruses. This model div-
ides host cells into susceptible, infected, and virus 
producing compartments and describes transi-
tions between these states. Traditional mechan-
istic models require fixed parameters, yet these 
parameters can vary widely between individuals. 
Mechanistic AI allows machine learning to infer 
patient specific parameters such as infection rate, 
viral production rate, and immune mediated clear-
ance. This supports personalized predictions of 
disease severity, treatment response, and viral 
shedding. 
Mechanistic AI can also model bacterial infections. 
Bacterial dynamics involve exponential growth, 
resource limitation, biofilm formation, quorum 
sensing, and immune evasion. Mechanistic frame-
works can represent these processes through lo-
gistic growth equations, diffusion equations for 
nutrient transport, and models of neutrophil 
or macrophage responses. Machine learning en-
hances these models by estimating parameters in 
real time from clinical data such as laboratory 
values, imaging, and vital signs. 
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The immune response is another critical compo-
nent. Immune models often include innate and 
adaptive components, describing processes such 
as interferon signaling, antibody generation, cy-
totoxic T cell activation, and cytokine release. In 
severe infections, immune dysregulation such as 
cytokine storms can occur. Mechanistic AI can 
simulate how early innate responses influence 
downstream adaptive immunity and disease reso-
lution. It can also identify mechanistic signatures 
of severe disease such as delayed interferon re-
sponse or excessive proinflammatory cytokines. 
This enhances risk stratification and supports per-
sonalized immunomodulatory therapy. 
Mechanistic AI additionally incorporates tissue 
level models. For respiratory infections, models 
can describe viral spread in the airway, mucus 
layer dynamics, ciliary clearance, epithelial turn-
over, and alveolar immune interactions. In sys-
temic infections, models may represent bacterial 
dissemination through the bloodstream, endothe-
lial barrier disruption, or organ specific inflamma-
tion. Machine learning refines these models using 
imaging, biomarkers, and physiologic signals, al-
lowing mechanistic inference that would other-
wise require invasive sampling. 

Mechanistic AI In Transmission 
And Epidemiology 

Mechanistic AI extends beyond individual hosts 
to model infection spread across populations. 
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Classical epidemiological models such as suscep-
tible exposed infectious recovered models describe 
transitions between states, but they often use 
fixed parameters and simplified structures. Mech-
anistic AI enriches these models through data 
driven parameter estimation, incorporation of 
additional heterogeneities, and integration with 
mobility, environmental, and genomic data. 
Heterogeneity in contact patterns is a major chal-
lenge in infectious disease modeling. Mechanistic 
AI can incorporate network structures describ-
ing households, workplaces, transportation, and 
social interactions. Machine learning identifies 
clusters or communities with high transmission 
potential and learns how behavior changes influ-
ence contact rates. This supports targeted inter-
ventions such as vaccination of high risk groups or 
closure of specific settings. 
Mechanistic AI can also model environmental 
transmission. Many pathogens spread through 
aerosols, droplets, surfaces, or water systems. 
Mechanistic models represent processes such 
as aerosol decay, airborne dispersion, humidity 
effects, or waterborne transport. Machine learn-
ing calibrates these models using environmental 
sensor data, outbreak investigations, and experi-
mental measurements. This provides mechanistic 
insights into how environmental conditions influ-
ence spread. 
Pathogen evolution is another important di-
mension. Mechanistic AI can represent mutation 
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processes, selection pressures, fitness landscapes, 
and competition between variants. Machine learn-
ing analyzes genomic sequencing data to estimate 
fitness advantages and predict which variants are 
likely to dominate. Mechanistic models can simu-
late interactions between immune escape, trans-
missibility, and virulence. This helps anticipate fu-
ture waves and inform vaccine design. 
Mechanistic AI also improves forecasting accur-
acy. Classical models struggle when data are scarce 
or when disease dynamics shift. Mechanistic AI in-
corporates mechanistic constraints that make pre-
dictions more stable. It also allows models to infer 
latent variables such as true infection incidence, 
asymptomatic rates, or immunity waning, even 
when direct measurements are lacking. Forecasts 
become grounded in biological realism and there-
fore more reliable during early outbreak phases. 

Mechanistic AI And Anti-
microbial Resistance 

Antimicrobial resistance is shaped by interactions 
between pathogens, drugs, host immunity, and 
environmental factors. Mechanistic AI can model 
how antibiotics, antivirals, and antifungals influ-
ence pathogen populations through equations de-
scribing drug binding, bacterial kill rates, viral 
suppression, mutation emergence, and fitness 
costs associated with resistance. 
Pharmacokinetic and pharmacodynamic models 
are central to understanding antimicrobial ther-

NEDA GORJIZADEH

52

apy. Mechanistic AI integrates these with machine 
learning to estimate patient specific parameters 
such as drug clearance, tissue penetration, im-
mune synergy, or bacterial tolerance. This enables 
personalized dosing strategies that maximize effi-
cacy while minimizing resistance selection. 
Mechanistic models can also describe bacterial 
population heterogeneity. Persister cells, biofilm 
communities, and tolerant subpopulations require 
nonlinear modeling. Machine learning refines 
these models by identifying patterns in drug re-
sponse data. This supports development of com-
bination therapies and treatment regimens that 
target mechanistic vulnerabilities. 
At the population level, mechanistic AI links anti-
microbial use patterns with resistance spread. It 
can simulate how prescribing behaviors, infection 
control policies, and community transmission 
interact to drive resistance. This supports the de-
sign of stewardship strategies grounded in mech-
anistic understanding. 

Mechanistic AI For Vaccine 
Modeling And Immune Memory 

Vaccination involves complex processes includ-
ing antigen presentation, B cell activation, T cell 
priming, germinal center maturation, memory 
formation, and antibody waning. Mechanistic AI 
can integrate these immunological processes with 
machine learning to predict vaccine effectiveness, 
durability, and protection against variants. 
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Mechanistic models can describe antibody kin-
etics using differential equations that represent 
production, decay, and affinity maturation. Ma-
chine learning calibrates parameters based on 
serological data. This allows estimation of when 
immunity wanes and when booster vaccinations 
might be necessary. 
Mechanistic AI also supports evaluation of vaccine 
strategies. For example, it can simulate how dose 
spacing influences germinal center dynamics and 
memory formation. It can test scenarios such as 
targeting high transmission groups, older adults, 
or individuals with immune compromise. Because 
these models are mechanistic, they reveal why cer-
tain strategies outperform others. 
Mechanistic AI is also valuable for understanding 
breakthrough infections. It can integrate within 
host and population level models to assess how 
variant properties such as immune escape affect 
protection. This helps guide updates to vaccine 
formulations. 

Digital Twins In Infectious Diseases 
Digital twins represent dynamic, personalized 
models of an individual’s infectious disease state. 
Mechanistic AI supports digital twins by inte-
grating within host dynamics, immune responses, 
drug interactions, and clinical data streams into a 
unified framework. 
A digital twin for a patient with viral infection 
can simulate viral load trajectories, immune re-
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sponses, and expected disease course. It can ex-
plore hypothetical interventions such as earlier 
antiviral therapy or immune modulation. These 
simulations provide personalized decision sup-
port. 
For bacterial infections, digital twins can in-
corporate antibiotic pharmacokinetics and phar-
macodynamics, resistance emergence, inflamma-
tory responses, and tissue level pathology. Ma-
chine learning updates the twin using laboratory 
values, vital signs, and imaging, making the model 
increasingly accurate. 
Digital twins can also be applied at the population 
level. Entire communities can have digital repre-
sentations incorporating transmission networks, 
immunity profiles, and behavior. These models 
support real time outbreak response. 

Explainability And Trust In Mech-
anistic AI For Infectious Diseases 

Explainability is essential for clinical adoption of 
mechanistic AI. Because predictions derive from 
mechanistic pathways, the model can provide 
causal explanations. For example, if a mechanistic 
AI system predicts that an infection will worsen, 
it can identify whether this results from rapid 
pathogen replication, delayed immune activation, 
or inadequate drug concentration levels. 
Explainability also applies to epidemiological pre-
dictions. Mechanistic AI can specify whether an 
expected rise in cases is due to increased transmis-
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sion, waning immunity, or a more transmissible 
variant. This transparency supports informed 
public health decisions. Mechanistic AI aligns 
more closely with clinical reasoning than purely 
statistical models. Clinicians can evaluate mech-
anistic explanations against their own knowledge, 
strengthening trust and adoption. 

Challenges And Future Directions 
Mechanistic AI in infectious diseases faces several 
challenges. One challenge is parameter identifi-
ability. Mechanistic models often contain many 
parameters that are difficult to estimate directly. 
Machine learning helps, but uncertainty must be 
rigorously quantified. Data availability is another 
obstacle. Infectious disease data come from di-
verse sources including clinical records, labora-
tory measurements, genomic sequencing, envir-
onmental sensors, and mobility traces. Integrating 
these multimodal data streams requires advanced 
statistical and computational approaches. 
Computational complexity is another challenge. 
Simultaneously modeling within host dynam-
ics, transmission networks, and evolution re-
quires efficient algorithms. Advances in numerical 
solvers, neural differential equation methods, and 
scalable training frameworks will be critical. 
Validation is essential. Mechanistic AI models 
must be validated across diverse populations, 
pathogens, and settings. Real world data, clin-
ical trials, and experimental systems will play key 
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roles. 
Future development will likely include deeper in-
tegration of genomics with mechanistic models. 
Pathogen evolution, host genetics, and immune 
diversity can all be incorporated into mechanistic 
AI. Another direction is the expansion of digital 
twins for personalized infectious disease manage-
ment. These twins could evolve dynamically as 
new data are collected, offering continuously up-
dated predictions. 
Mechanistic AI may also support rapid response 
during emerging outbreaks. When little data are 
available, mechanistic constraints become invalu-
able. Mechanistic AI can provide early estimates of 
transmission, severity, and intervention effective-
ness. It can also generate hypotheses about patho-
genesis that guide early research. 
As infectious disease complexity grows due to 
global interconnectedness, climate change, anti-
microbial resistance, and pathogen evolution, 
mechanistic AI offers a robust, interpretable, and 
biologically grounded approach. Through its cap-
acity to unify machine learning with mechanistic 
understanding, mechanistic AI has the potential 
to transform clinical care, epidemiology, immun-
ology, pharmacology, and global health.
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4. MECHANISTIC AI IN 
CARDIAC DISEASES 

Background

Mechanistic artificial intelligence (AI) in cardiac 
diseases represents a transformative approach 
that integrates mechanistic models with ad-
vanced AI techniques to improve understanding 
of cardiovascular disorders. Historically, cardiac 
research has relied on mechanistic models such 
as electrophysiological models of the heart’s elec-
trical activity and hemodynamic models describ-
ing blood flow dynamics. These models provide a 
physics‑based understanding of the heart’s com-
plex behavior. However, traditional mechanistic 
approaches often face challenges when scaling to 
large datasets or capturing the variability found 
across diverse patient populations.
In contrast, AI, particularly machine learning and 
deep learning, has significantly advanced diag-
nostic accuracy and predictive capabilities in car-
diology. Yet, these data‑driven models frequently 
function as black boxes, generating predictions 
without clear interpretability or mechanistic ex-
planation.
Integrating mechanistic models with AI aims 
to address these limitations by combining the 
strengths of both approaches. Mechanistic AI 
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leverages the computational power of AI to pro-
cess large and complex datasets while maintaining 
the physiological insights provided by mechanis-
tic modeling. This combination has created new 
opportunities for advancing the diagnosis and 
management of cardiac diseases, from arrhyth-
mias to heart failure, resulting in more accurate 
diagnostics, improved prognostication, and more 
personalized treatment planning.
Cardiovascular diseases remain the leading cause 
of death worldwide, increasing the need for more 
sophisticated diagnostic and therapeutic tools. 
Traditional diagnostic methods such as electro-
cardiograms, echocardiograms, and cardiac MRI 
remain essential, yet they require expert interpret-
ation and may not always reveal the underlying 
disease mechanisms. Mechanistic AI can analyze 
these data sources more comprehensively, offer-
ing insights into underlying pathology that con-
ventional methods might overlook. For example, 
AI models trained on electrocardiogram datasets 
can accurately predict arrhythmic events while 
incorporating mechanistic knowledge of ion chan-
nels, conduction pathways, and tissue characteris-
tics to improve reliability.
Despite these promising developments, mechan-
istic AI in cardiology is still emerging, and sev-
eral challenges must be addressed. One major 
obstacle is ensuring that mechanistic models are 
sufficiently detailed to reflect cardiovascular com-
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plexity while remaining computationally efficient. 
Another challenge concerns model interpretabil-
ity. AI systems must provide accurate predictions 
and also clarify the causal relationships between 
variables, which is essential for clinical decision-
making. Additionally, regulatory requirements 
and concerns about transparency and reliability 
continue to limit adoption in clinical practice, es-
pecially in high‑risk healthcare environments.
This review aims to explore the current landscape 
of mechanistic AI in cardiac diseases by outlining 
the most promising applications, methodologies, 
and challenges. It examines how AI is integrated 
with traditional mechanistic models to improve 
diagnosis, treatment, and patient outcomes. It also 
addresses key issues including model validation, 
ethical considerations, and regulatory pathways, 
offering direction for future research in this ad-
vancing field.
In conclusion, mechanistic AI has the potential to 
transform the diagnosis and treatment of cardiac 
diseases by uniting the strengths of mechanistic 
modeling with AI techniques. Although chal-
lenges remain, particularly in model interpretabil-
ity and clinical integration, ongoing progress in 
AI, computational modeling, and data accessibil-
ity is likely to reshape our understanding and 
management of heart disease. Future work must 
focus on resolving current limitations and devel-
oping standardized methods for validating and 
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implementing these models in real-world clinical 
settings.
Mechanistic AI in cardiac diseases integrates ad-
vanced computational models with established 
cardiovascular physiology to improve predictive 
accuracy and interpretability. Artificial intelli-
gence is increasingly poised to transform cardio-
vascular care and support personalized, precise 
interventions, but widespread clinical adoption 
requires models that are transparent and trust-
worthy. Traditional deep learning often functions 
as a black box, making it difficult for clinicians 
to trust its predictions. Mechanistic modeling ap-
proaches address this limitation by incorporating 
physical knowledge, such as hemodynamic equa-
tions or anatomical structure, directly into AI 
architectures, while explainable AI techniques aim 
to clarify the model’s decision making.
One important approach is the use of phys-
ics informed neural networks and related hy-
brid models. These networks embed governing 
equations, such as the Navier Stokes equations 
for blood flow, into the training process, which 
effectively encodes the laws of fluid dynamics 
within the model. This enables AI systems to 
simulate cardiovascular phenomena such as pres-
sure and flow fields with minimal labeled data, 
functioning as a fast surrogate for traditional 
computational fluid dynamics. These models can 
estimate hemodynamic variables that obey phys-
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ical conservation laws even when empirical data 
are limited. By embedding domain equations and 
constraints, mechanistic AI ensures that outputs 
remain physiologically plausible and consistent 
with established cardiovascular science. Recent re-
search also shows that physics informed neural 
networks can model cardiac electrophysiology in 
complex three dimensional geometries, estimate 
biophysical parameters from sparse data, and 
simulate responses to antiarrhythmic drugs, even 
under fibrillatory conditions.
Another major frontier is the development of 
cardiovascular digital twins, which are virtual 
patient specific hearts that integrate mechan-
istic simulations with individual clinical data. 
Contemporary digital twin models incorporate 
multimodal information such as imaging, elec-
trophysiology, and genomic profiles into phys-
ics based simulations to create a physiologically 
accurate replica of a patient’s heart. These in 
silico models allow clinicians to test treatment 
strategies and predict disease trajectories on a vir-
tual platform, supporting personalized care plan-
ning. Importantly, digital twins are grounded in 
cardiac mechanics and hemodynamics. They are 
powered by mechanistic models that encode laws 
of motion, blood flow, and electrophysiology, with 
data driven components used for patient spe-
cific calibration. This integration of physiological 
knowledge with AI produces predictions that align 
closely with known disease mechanisms and re-
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flect clinical understanding.
Ensuring transparency through explainable AI is 
equally essential. Even when physics based con-
straints are built into the system, complex AI com-
ponents may remain difficult to interpret. Explain-
able AI methods aim to make the model’s reason-
ing accessible by highlighting influential features, 
visualizing learned patterns, or mapping internal 
computations to clinically meaningful concepts. 
This level of interpretability is central to building 
clinical trust, and it is increasingly viewed as an 
ethical requirement for medical AI. For example, 
saliency based techniques applied to a cardiac risk 
model have identified the specific factors contrib-
uting to individual patient risk, offering mech-
anistic insight into the model’s decisions. When 
these explanations are aligned with established 
cardiovascular knowledge, clinicians can validate 
the AI’s reasoning and gain confidence in its rec-
ommendations.
Despite promising progress, several challenges 
must be addressed before widespread adoption 
can occur. Many mechanistic AI models have been 
evaluated only in simplified settings or small co-
horts, and broader validation using real world 
clinical data is necessary to ensure generaliz-
ability. Although incorporating physics improves 
physiological plausibility, it does not guarantee 
that the model will perform consistently across all 
patient populations. Explainable AI methods also 
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Principles Of Mechanistic 
AI In Cardiac Diseases 

Mechanistic AI in cardiac diseases rests on sev-
eral fundamental principles. The first is adherence 
to physical and physiological constraints. Cardiac 
function follows known laws describing electrical 
conduction, myocardial tension, ventricular pres-
sure volume relationships, coronary perfusion, 
and fluid dynamics. Mechanistic AI incorporates 
these laws into model structure, ensuring predic-
tions remain physiologically plausible. This con-
straint driven approach prevents the biologically 
incorrect outputs that sometimes arise in uncon-
strained machine learning models. 
The second principle is multiscale integration. 
Cardiac physiology spans molecular ion channels, 
sarcomere level contraction, tissue level electrical 
propagation, whole organ mechanics, vascular 
network hemodynamics, and systemic cardiovas-
cular regulation. Mechanistic AI integrates these 

require careful evaluation, as some studies apply 
XAI without verifying that the explanations are 
correct, which may create a false sense of reli-
ability. Additionally, successful implementation in 
clinical practice will require intuitive user inter-
faces, clinician training, regulatory approval, and 
strong protections against bias and privacy risks. 
Overcoming these challenges is essential for tran-
sitioning mechanistic AI from early prototypes to 
dependable clinical tools.
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scales through nested or coupled models. For ex-
ample, electrical activation at the cellular level 
influences tissue level conduction, which shapes 
mechanical contraction patterns, which then de-
termine pressure and flow generation. Machine 
learning calibrates each layer using data, allowing 
the model to reflect individual variability. 
A third principle is hybrid modeling. Mechanis-
tic AI systems frequently combine mechanistic 
equations with neural networks. In some cases, 
known physiological processes are represented ex-
plicitly using differential equations, while neural 
networks model unknown functions such as 
pathological remodeling, fibrosis progression, or 
autonomic dysregulation. This division of labor al-
lows the model to remain interpretable while ac-
commodating knowledge gaps. 
A fourth principle is inference of latent variables. 
Cardiac diseases involve parameters that are not 
directly measurable, such as tissue conductivity, 
myocardial stiffness, or coronary microvascular 
resistance. Machine learning can infer these vari-
ables by observing their effects on measurable data 
such as imaging, electrocardiograms, or pressure 
curves. Mechanistic models constrain the infer-
ence so that latent variables remain physiologic-
ally meaningful. 
Finally, mechanistic AI emphasizes explainability. 
Each prediction can be decomposed into its mech-
anistic components, revealing which variables and 
pathways drive the outcome. This supports clin-
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ician trust and aligns with regulatory require-
ments for transparency. 

Mechanistic Modeling Of 
Cardiac Electrophysiology 

Electrical conduction is fundamental to cardiac 
function. It determines heart rhythm, synchrony 
of contraction, and susceptibility to arrhythmias. 
Mechanistic models of electrophysiology often 
use systems of differential equations describing 
ion channel kinetics, membrane potentials, ac-
tion potential propagation, and tissue conductiv-
ity. These models build on classical frameworks 
such as Hodgkin Huxley type models and more 
advanced formulations like the Ten Tusscher or 
Courtemanche models. 
Mechanistic AI enhances these electrophysio-
logical models by estimating patient specific 
parameters. For example, machine learning algo-
rithms can infer ion channel conductances, cell 
coupling strengths, or fibrosis induced conduction 
blocks using clinical electrocardiograms, intracar-
diac mapping, or imaging data. These parameters 
differ across individuals due to genetics, disease 
states, medications, and aging. Mechanistic AI pro-
vides a personalized electrophysiologic model cap-
able of simulating arrhythmia initiation, conduc-
tion pathways, and response to antiarrhythmic 
drugs. 
In atrial fibrillation, mechanistic AI can iden-
tify regions prone to reentry by simulating wave 
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propagation under different assumptions. Ma-
chine learning informs the model by learning 
structural remodeling patterns from imaging or 
mapping data. In ventricular tachycardia, mech-
anistic AI can determine circuits created by scar 
tissue. Personalized models enable prediction of 
ablation targets and outcomes. These models pro-
vide insights into why arrhythmias occur rather 
than merely identifying their presence. 
Mechanistic AI also contributes to understanding 
conduction abnormalities such as bundle branch 
blocks, long QT syndrome, and Brugada syn-
drome. By integrating ion channel dynamics with 
genetic information and electrocardiographic sig-
nals, mechanistic AI can simulate how specific 
mutations or structural abnormalities alter elec-
trical propagation. This supports personalized risk 
assessment and therapeutic planning, including 
device implantation or pharmacologic interven-
tions. 

Mechanistic Modeling Of 
Myocardial Mechanics 

Myocardial contraction results from complex 
interactions between calcium dynamics, sar-
comere cross bridge cycling, tissue elasticity, and 
ventricular geometry. Mechanistic models capture 
these processes using equations describing active 
tension generation, passive elasticity, fiber orien-
tation, and ventricular wall motion. Finite elem-
ent models allow representation of three dimen-
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sional cardiac mechanics, incorporating deforma-
tion, stress, and strain under physiological loading 
conditions. 
Machine learning enhances these models by es-
timating parameters that are difficult to meas-
ure, such as myocardial stiffness, contractility, 
and fiber orientation. Imaging modalities such as 
echocardiography, cardiac MRI, and CT provide 
data for parameter inference. Mechanistic AI can 
reconstruct patient specific mechanical models by 
relating observed motion patterns to underlying 
mechanical properties. This is valuable for condi-
tions such as heart failure, myocardial infarction, 
cardiomyopathies, and valvular disease. 
In heart failure with reduced ejection fraction, 
mechanistic AI can simulate how contractile dys-
function interacts with dilation, sympathetic ac-
tivation, and fluid overload. It can estimate the 
relative contribution of contractility loss, ven-
tricular stiffness increase, and geometric remod-
eling. In heart failure with preserved ejection 
fraction, mechanistic AI helps elucidate diastolic 
dysfunction, altered relaxation, and microvascu-
lar impairment. Personalized models can predict 
responses to therapies such as diuretics, afterload 
reduction, or device based interventions. 
After myocardial infarction, mechanistic AI can 
model scar formation, border zone remodeling, 
and changes in ventricular geometry. Machine 
learning identifies patterns of strain and wall mo-
tion abnormalities that inform the mechanistic 
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model. This supports prediction of post infarc-
tion complications such as ventricular aneurysm, 
heart failure development, or arrhythmia risk. 

Mechanistic AI In Hemodynamics 
And Circulation 

Hemodynamics involves interactions between car-
diac output, vascular resistance, arterial com-
pliance, venous return, and autonomic control. 
Mechanistic models represent these interactions 
using equations governing pressure, volume, flow, 
and resistance. The cardiovascular system is often 
modeled as a closed loop system where changes in 
one component influence the others. 
Mechanistic AI enhances these models by per-
sonalizing parameters using clinical data such as 
blood pressure, cardiac imaging, wearable sensor 
data, and hemodynamic measurements. This en-
ables simulation of circulatory dynamics under 
different conditions including exercise, stress, de-
hydration, heart failure, or shock. 
Coronary circulation requires special modeling be-
cause myocardial perfusion occurs primarily dur-
ing diastole and is influenced by intramyocardial 
pressures. Mechanistic models represent coronary 
flow using equations describing pressure gra-
dients, vessel compliance, microvascular resist-
ance, and autoregulatory mechanisms. Machine 
learning calibrates these models using coronary 
angiography, perfusion imaging, or fractional flow 
reserve data. Personalized models can identify re-
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gions of impaired flow, predict ischemic risk, and 
guide decisions about revascularization. 
Mechanistic AI also models pulmonary circula-
tion, which is important in conditions such as pul-
monary hypertension, right heart failure, and con-
genital heart disease. Hybrid models that combine 
mechanistic representation of pulmonary vascu-
lar dynamics with machine learning can esti-
mate pulmonary vascular resistance, compliance, 
and right ventricular afterload. These models help 
clinicians evaluate disease severity and choose ap-
propriate interventions. 

Mechanistic AI In Cardiac Imaging 
Cardiac imaging provides rich spatial and tem-
poral information about cardiac structure and 
function. Mechanistic AI integrates imaging with 
physiological models to extract more meaningful 
and interpretable insights. 
In echocardiography, mechanistic AI can relate 
observed wall motion to underlying mechanical 
properties. Neural networks process raw images 
to identify boundaries, strain patterns, or mo-
tion fields, while mechanistic models translate 
these features into physiological variables such as 
stiffness, contractility, and pressure changes. This 
bridges the gap between imaging and physiology. 
In cardiac MRI, mechanistic AI can use motion 
tracking, late gadolinium enhancement, and T1 
or T2 mapping to identify fibrosis, inflamma-
tion, or myocardial edema. Mechanistic models 
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then simulate how these structural abnormalities 
affect mechanical function, electrical conduction, 
and perfusion. This integrated approach supports 
risk stratification in cardiomyopathies and predic-
tion of arrhythmic risk. 
Mechanistic AI also enhances CT based modeling 
of coronary arteries. Machine learning segments 
vessels and detects stenosis, while mechanistic 
models compute fractional flow reserve noninvas-
ively, estimating whether a stenosis impairs blood 
flow. This provides functional assessment without 
invasive procedures. 

Mechanistic AI In Heart Failure 
Heart failure involves complex interactions be-
tween systolic function, diastolic function, neuro-
hormonal activation, fluid balance, vascular tone, 
and comorbidities. Mechanistic AI integrates these 
processes into computational frameworks that 
can simulate patient specific trajectories. 
One major application is modeling the transition 
from compensated to decompensated heart fail-
ure. Mechanistic models describe how the heart 
compensates for reduced output through sym-
pathetic activation, renin angiotensin aldoster-
one system stimulation, ventricular dilation, and 
hypertrophy. Machine learning identifies patient 
specific thresholds where these compensatory 
mechanisms become maladaptive. Personalized 
predictions can forecast when a patient is at risk 
of acute decompensation, guiding early interven-
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tion. 
Mechanistic AI can also simulate the effects of 
medications such as beta blockers, ACE inhibi-
tors, angiotensin receptor blockers, SGLT2 inhibi-
tors, and diuretics. By modeling pharmacokinetic 
and pharmacodynamic interactions with cardio-
vascular physiology, mechanistic AI can predict 
therapeutic response and optimize dosing. Digital 
twins of heart failure patients allow exploration of 
hypothetical scenarios such as adjusting medica-
tions, changing device settings, or modifying fluid 
intake. 
Another application is device therapy. Mechanistic 
AI can simulate cardiac resynchronization therapy 
by modeling electrical activation and mechanical 
contraction patterns. It can identify patients likely 
to respond and suggest optimal lead placement. In 
patients with implanted devices, mechanistic AI 
can analyze device signals to detect early signs of 
deterioration. 

Mechanistic AI In Coronary 
Artery Disease And Ischemia 

Coronary artery disease involves plaque for-
mation, stenosis, endothelial dysfunction, and 
microvascular impairment. Mechanistic AI can 
model blood flow through stenosed arteries using 
fluid dynamics equations. Machine learning pro-
cesses imaging data to reconstruct vessel geom-
etry, while mechanistic models compute pressure 
drops, flow limitations, and shear stress patterns. 
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Mechanistic AI predicts how a given stenosis will 
affect myocardial perfusion under rest or stress. 
It can simulate the effects of interventions such 
as stenting or bypass surgery. These simulations 
provide physiological interpretations that comple-
ment anatomical imaging. 
Microvascular disease requires modeling of small 
vessel resistance, compliance, and autoregulation. 
Mechanistic AI combines physiological models 
with imaging and biomarker data to identify 
microvascular dysfunction, which is often missed 
in standard testing. This supports more accur-
ate diagnosis of ischemia in patients without ob-
structive coronary artery disease. 

Digital Twins In Cardiology 
Digital twins represent personalized computa-
tional replicas of a patient’s heart and cir-
culation. Mechanistic AI supports digital twin 
creation by integrating individual imaging, elec-
trocardiographic signals, hemodynamic measure-
ments, wearable data, and laboratory values with 
mechanistic models describing electrophysiology, 
mechanics, and hemodynamics. 
A cardiac digital twin can simulate disease pro-
gression, therapeutic responses, and hypothetical 
interventions. For example, in a patient with ven-
tricular tachycardia, the twin can simulate ab-
lation strategies. In heart failure, the twin can 
simulate medication adjustments. In coronary dis-
ease, it can simulate stenting outcomes. The twin 
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evolves as new data arrive, improving its accuracy 
over time. 
Digital twins have potential in preventive cardi-
ology as well. By simulating how lifestyle changes, 
blood pressure control, or lipid lowering affect 
long term outcomes, they support personalized 
prevention strategies. 

Explainability And Clinical 
Trust In Mechanistic AI 

Mechanistic AI enhances interpretability because 
predictions derive from physiologic relationships. 
When a model predicts development of heart 
failure, it can specify whether the driver is 
elevated filling pressures, impaired contractility, 
autonomic imbalance, or vascular dysfunction. In 
arrhythmia prediction, mechanistic AI can iden-
tify specific conduction pathways or regions of 
slow conduction. In ischemia evaluation, it can 
distinguish plaque related flow limitation from 
microvascular dysfunction. 
This explanatory capacity aligns with clinical 
reasoning, making mechanistic AI more trust-
worthy for clinicians. It also aligns with regula-
tory expectations for transparency in medical AI 
systems. 

Challenges And Future Directions 
Mechanistic AI in cardiac diseases faces chal-
lenges, including high dimensional parameter 
spaces, data limitations, and computational com-
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plexity. Parameter identifiability is a major issue 
because many mechanistic models contain nu-
merous variables that influence outputs in similar 
ways. Robust inference techniques are required. 
Data integration is also challenging because car-
diac data come from diverse sources including 
imaging, wearable sensors, electrophysiologic re-
cordings, genetic testing, and laboratory measure-
ments. Harmonizing these data requires sophisti-
cated pipelines. 
Computational demands are substantial, espe-
cially for large scale simulations involving three 
dimensional mechanics or fluid dynamics. Ad-
vances in numerical solvers, neural differential 
equation models, and hardware acceleration will 
be important. 
Despite these challenges, mechanistic AI is poised 
to transform cardiology. It will enable deeper 
mechanistic understanding, more precise diagno-
sis, personalized therapy, and predictive modeling 
of complex disease trajectories. As models become 
more refined and data become more integrated, 
mechanistic AI will support truly individualized 
cardiac care.
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5. MECHANISTIC AI IN 
DERMATOLOGICAL DISEASES 

Background 
Mechanistic artificial intelligence in dermato-
logical diseases is an emerging discipline that inte-
grates machine learning with mechanistic models 
of skin biology, immunology, wound healing, bar-
rier function, and dermatopathology. The skin is 
a complex organ composed of multiple layers, 
immune cell networks, microbiome structures, 
vasculature, and appendages such as hair follicles 
and sweat glands. It provides protection, regu-
lates temperature, maintains hydration, and inter-
acts continuously with the external environment. 
Dermatological diseases arise when these tightly 
coordinated processes fail due to genetic sus-
ceptibility, immune dysregulation, environmental 
exposures, metabolic disturbances, or infections. 
Because many dermatological disorders involve 
nonlinear biological feedback loops and multiscale 
interactions, models based purely on pattern rec-
ognition create challenges in interpretability and 
generalization. 
Traditional machine learning has contributed sig-
nificantly to dermatology, especially in the ana-
lysis of clinical photographs, dermoscopic images, 
histopathology slides, and segmentation tasks. 
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Machine learning systems can classify skin le-
sions, estimate malignancy risk, support triage 
of suspicious moles, and assist in diagnosing 
conditions such as melanoma, eczema, psoriasis, 
and fungal infections. However, these models 
rely solely on correlations present in the train-
ing data. They do not incorporate underlying 
biological mechanisms such as immune pathways, 
epidermal turnover dynamics, keratinocyte prolif-
eration, melanocyte behavior, inflammatory sig-
naling networks, or barrier integrity. As a result, 
traditional models struggle to explain their predic-
tions, adapt to atypical presentations, or simulate 
disease progression. 
Mechanistic AI offers a solution by integrating 
machine learning with computational models 
derived from dermatological physiology and im-
munology. Mechanistic models describe bio-
logical processes using mathematical equations, 
often differential equations, that represent kera-
tinocyte dynamics, cytokine interactions, T cell 
activation, melanocyte behavior, wound healing 
cascades, and pathogen load. Machine learning en-
hances these models by estimating patient specific 
parameters, identifying hidden variables, learning 
unknown functions, and assimilating multimodal 
data such as imaging, laboratory tests, genomics, 
microbiome profiles, and clinical history. The re-
sult is a hybrid system that maintains biological 
plausibility while gaining predictive power and 
personalization. 
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In dermatology, mechanistic AI supports tasks 
that require understanding of underlying 
physiology rather than mere pattern recognition. 
These tasks include predicting flare ups, modeling 
immune responses to biologics, estimating wound 
healing rates, simulating skin barrier restoration, 
and forecasting treatment outcomes. Mechanistic 
AI also supports dermatological drug develop-
ment by modeling pharmacokinetics and pharma-
codynamics in the skin, predicting responses to 
topical therapies, and simulating molecular inter-
actions. As the field advances, mechanistic AI is 
poised to provide clinicians with interpretable, 
personalized tools that deepen understanding of 
dermatological diseases while enhancing diagno-
sis and management. 

Principles Of Mechanistic AI In 
Dermatological Diseases 

Mechanistic AI in dermatology is grounded in sev-
eral foundational principles that guide the inte-
gration of machine learning and biology. The first 
principle is biological fidelity. Skin physiology in-
volves cellular turnover, immunological signaling, 
microbiome interactions, mechanical properties, 
hydration gradients, and wound repair pathways. 
Mechanistic AI incorporates these processes into 
model structures, preventing biologically implaus-
ible outcomes. For example, a mechanistic model 
ensures that keratinocyte proliferation respects 
homeostatic limits, that immune responses follow 
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known cytokine cascades, and that pigment pro-
duction aligns with melanocyte biology. 
The second principle is multiscale modeling. 
Dermatological diseases reflect interactions across 
molecular, cellular, tissue, and visible clinical 
scales. Psoriasis involves molecular level cy-
tokines, cellular level keratinocyte proliferation, 
tissue level scaling, and clinical level plaque for-
mation. Vitiligo involves melanocyte destruction, 
immune activation, pattern propagation, and vis-
ible depigmentation. Mechanistic AI links these 
scales through coupled models, while machine 
learning calibrates them using patient specific 
data. 
A third principle is hybridization. Mechanistic 
equations represent known processes such as 
epidermal turnover, immune feedback loops, or 
wound healing rates. Neural networks model un-
known or partially known processes such as en-
vironmental triggers, microbiome shifts, or pa-
tient specific sensitivities to allergens. This allows 
the model to remain interpretable while capturing 
complex data patterns. 
A fourth principle is latent variable inference. 
Many important dermatological variables cannot 
be measured directly, such as barrier coefficient 
based hydration diffusion, melanocyte survival 
probability, or subclinical inflammation levels. 
Machine learning infers these hidden variables 
using observable data such as skin images, ther-
mographic patterns, biomarker levels, or tran-
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scriptomic profiles. Mechanistic models constrain 
the inference to ensure physiological plausibility. 
A fifth principle is explainability. Predictions can 
be decomposed into contributions from mechan-
istic components. If a model predicts a psoria-
sis flare, it can attribute the cause to increased 
cytokine output, accelerated keratinocyte prolif-
eration, microbiome imbalance, or barrier break-
down. This aligns with dermatological reasoning 
and supports clinician trust. 

Mechanistic Modeling Of Skin 
Structure And Barrier Function 

The skin barrier maintains hydration, protects 
against pathogens, regulates temperature, and 
prevents entry of toxins. Mechanistic models de-
scribe barrier function using equations for tran-
sepidermal water loss, lipid layer organization, 
corneocyte turnover, and stratum corneum hydra-
tion kinetics. These models incorporate diffusion 
equations, cellular proliferation rates, and bio-
chemical interactions. 
Machine learning enhances these models by esti-
mating parameters such as barrier repair rate, cor-
neocyte shedding rate, lipid composition variabil-
ity, and hydration dynamics. Imaging modalities 
such as Raman spectroscopy, confocal micros-
copy, optical coherence tomography, and high 
resolution photography provide data for infer-
ence. Mechanistic AI can translate visible dryness 
or scaling patterns into underlying physiological 
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variables such as lipid deficiency, abnormal prolif-
eration, or increased protein loss. 
Mechanistic AI is particularly valuable in condi-
tions like atopic dermatitis, where barrier dys-
function plays a central role. In atopic dermatitis, 
mechanistic models describe defects in filaggrin, 
increased permeability, immune activation, and 
microbial colonization. Machine learning analyzes 
imaging and biomarker data to estimate patient 
specific barrier integrity. Personalized models can 
forecast flare up risk, simulate the effects of mois-
turizers or topical steroids, and evaluate responses 
to systemic therapies. 
Psoriasis also benefits from barrier modeling. 
Hyperproliferation leads to thickened epidermis 
and increased turnover. Mechanistic models de-
scribe the interplay between proliferation, differ-
entiation, and desquamation. Mechanistic AI 
helps distinguish between subtypes of psoriasis, 
predict plaque evolution, and simulate response to 
biologics targeting cytokines such as TNF alpha, IL 
17, and IL 23. 

Mechanistic Modeling Of Immune 
Pathways In Dermatology 

Dermatological diseases frequently involve dys-
regulation of immune pathways. Mechanistic 
models capture cytokine interactions, T cell 
differentiation, antigen presentation, and inflam-
matory feedback loops using systems of differen-
tial equations. These models describe how stimuli 
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activate immune cells, how cytokines propagate 
inflammation, and how regulatory mechanisms 
restore balance. 
Machine learning enhances these models by in-
tegrating genomic data, proteomic signatures, 
microbiome profiles, and inflammatory markers. 
In diseases such as psoriasis, vitiligo, alopecia 
areata, atopic dermatitis, lupus, and hidradenitis 
suppurativa, mechanistic AI helps estimate indi-
vidual variability in immune responses. It can 
quantify cytokine sensitivities, T cell activation 
thresholds, and regulatory deficiencies. 
In psoriasis, mechanistic AI models the IL 23 
IL 17 axis, keratinocyte mediated inflammation, 
and feedback between immune cells and skin 
cells. Machine learning calibrates the model using 
clinical severity scores, inflammatory biomarkers, 
imaging data, and genetic predispositions. Per-
sonalized models simulate treatment responses to 
biologics, predict flare durations, and evaluate al-
ternative therapies. 
In atopic dermatitis, mechanistic AI captures Th2 
dominated immune responses, barrier dysfunc-
tion, microbial dysbiosis, and environmental trig-
gers. Machine learning integrates transcriptomic 
data and skin microbiome profiles to refine mech-
anistic parameters. The model can simulate how 
moisturizers, immunomodulators, or biologics in-
fluence inflammatory pathways. 
In vitiligo, mechanistic AI links melanocyte de-
struction with autoimmunity and oxidative stress. 
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It can simulate repigmentation patterns under 
phototherapy or topical treatments. Machine 
learning identifies patient specific responses to 
treatment, enabling personalized therapy selec-
tion. 

Mechanistic Modeling Of 
Wound Healing 

Wound healing is a complex multistage process 
involving inflammation, proliferation, angiogen-
esis, reepithelialization, and remodeling. Mechan-
istic models describe these stages using equations 
representing fibroblast activity, collagen deposi-
tion, keratinocyte migration, cytokine signaling, 
oxygen diffusion, and angiogenic responses. 
Machine learning supports wound healing models 
by analyzing clinical photographs, thermography, 
imaging biomarkers, and sensor data. For ex-
ample, machine learning can extract wound size, 
depth, tissue composition, and granulation sta-
tus from images, providing inputs to mechanistic 
models. 
Mechanistic AI is particularly valuable for chronic 
wounds such as diabetic ulcers, venous ulcers, 
and pressure injuries. Chronic wounds involve 
impaired immune response, reduced perfusion, 
sustained inflammation, microbiome shifts, and 
metabolic dysfunction. Mechanistic AI integrates 
these factors to predict wound healing trajector-
ies. Personalized models can simulate the effects 
of interventions such as debridement, compres-
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sion therapy, dressings, oxygen therapy, and skin 
grafts. 
In surgical wound healing, mechanistic AI can pre-
dict dehiscence risk, simulate scar formation, and 
guide postoperative care. In burns, mechanistic 
AI can model fluid shifts, inflammatory cascades, 
and reepithelialization rates to guide treatment 
decisions. 

Mechanistic AI For 
Pigmentary Disorders 

Pigmentary disorders involve melanocyte biology, 
melanin synthesis, pigment transfer, and inflam-
matory interactions. Mechanistic models describe 
melanin production using equations represent-
ing tyrosinase activity, UV stimulation, oxidative 
stress, and melanocyte dendricity. They also cap-
ture melanocyte migration and survival. 
Machine learning enhances these models by ana-
lyzing images for pigmentation patterns, extract-
ing color distributions, and identifying subclinical 
depigmentation. Integrating genomic and tran-
scriptomic data supports parameter estimation re-
lated to melanocyte health, immune activity, and 
oxidative stress responses. 
Vitiligo benefits significantly from mechanis-
tic AI. Mechanistic models describe autoimmune 
destruction of melanocytes, oxidative stress, cy-
tokine mediated recruitment of immune cells, and 
repigmentation under therapy. Machine learning 
identifies patient specific features such as activity 
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level, trigger sensitivity, and depigmentation pat-
terns. Personalized mechanistic models can simu-
late treatment outcomes under phototherapy, top-
ical agents, or systemic immunomodulators. 
Melasma also benefits from mechanistic AI by 
modeling hormonal influences, UV exposure, mel-
anocyte hyperactivity, and dermal inflammatory 
pathways. Integrating mechanistic models with 
data from imaging, hormone levels, and UV ex-
posure patterns supports personalized treatment 
planning. 

Mechanistic AI In Skin Cancer 
Skin cancer diagnosis and management rely 
heavily on pattern recognition from clinical and 
dermoscopic images, histopathology, and gen-
omic testing. Mechanistic AI extends beyond clas-
sification by modeling tumor growth, invasion, 
angiogenesis, and interactions with the immune 
system. Mechanistic models describe tumor pro-
liferation using growth equations, vascular supply 
models, and immune evasion mechanisms. 
Machine learning processes dermoscopic images, 
histopathology slides, and molecular data to 
infer parameters related to tumor aggressiveness, 
proliferation rate, and microenvironmental inter-
actions. Mechanistic AI creates patient specific 
tumor growth models that can forecast progres-
sion, estimate treatment response, and evaluate 
surgical or nonsurgical interventions. 
In melanoma, mechanistic AI models complex be-

MECHANISTIC AI IN MEDICINE: DISCOVERY OF MECHAN...

87



haviors such as vertical and radial growth phases, 
immune infiltration, and metastasis risk. Integrat-
ing genomic data reveals driver mutations and 
immunological vulnerabilities. These models can 
support decisions about immunotherapy, targeted 
therapy, and surgical margins. 
In basal cell carcinoma and squamous cell carcin-
oma, mechanistic AI can simulate local invasion 
patterns, predict recurrence risks, and evaluate 
outcomes of topical therapies or photodynamic 
therapy. In rare skin cancers such as Merkel cell 
carcinoma, mechanistic AI can integrate viral, im-
mune, and molecular models to support personal-
ized treatment strategies. 

Mechanistic AI And The 
Skin Microbiome 

The skin microbiome influences barrier integ-
rity, immune function, inflammation, and infec-
tion risk. Mechanistic models describe microbial 
growth dynamics, host microbe interactions, and 
competition between commensal and pathogenic 
organisms. Equations represent nutrient availabil-
ity, immune pressure, diffusion of antimicrobial 
peptides, and bacterial signaling. 
Machine learning analyzes sequencing data, me-
tabolomic profiles, and imaging to infer microbial 
community structure. Mechanistic AI integrates 
these data to model interactions between mi-
crobes and the host. Conditions such as atopic 
dermatitis, acne, rosacea, hidradenitis suppura-
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tiva, and chronic wounds involve dysbiosis. Mech-
anistic AI can simulate how microbiome changes 
influence disease progression and predict the 
effects of treatments such as probiotics, antibiot-
ics, or microbiome targeted therapies. 
In acne, mechanistic AI models the interactions 
between Cutibacterium acnes, sebum production, 
inflammation, and follicular occlusion. Machine 
learning extracts patterns from images to es-
timate lesion types and severity. Personalized 
models can simulate responses to retinoids, anti-
biotics, and hormonal treatments. 
In atopic dermatitis, mechanistic AI models the 
competition between Staphylococcus aureus and 
commensal bacteria, integrating immune and bar-
rier models. Personalized predictions can guide 
antimicrobial or microbiome restoring treat-
ments. 

Mechanistic AI In 
Dermatopathology 

Histopathology provides microscopic insights 
into tissue architecture, cellular organization, in-
flammation, and malignancy. Machine learning 
has achieved strong performance in classifying 
histopathology slides. Mechanistic AI goes fur-
ther by integrating biological understanding of 
cell proliferation, immune infiltration, collagen re-
modeling, and angiogenesis. 
Mechanistic models simulate tissue level inter-
actions, while machine learning interprets micro-
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scopic images, extracts structural features, and in-
forms parameter estimation. These hybrid models 
can support diagnostics, grading, and treatment 
planning. 
In inflammatory diseases, mechanistic AI captures 
T cell infiltration, cytokine patterns, and kera-
tinocyte responses. In skin cancers, mechanistic 
AI models tumor architecture, stromal inter-
actions, and invasion depth. In scarring disorders, 
mechanistic AI models fibrosis pathways and col-
lagen deposition, supported by histopathology de-
rived features. 

Digital Twins In Dermatology 
Digital twins provide personalized computational 
replicas of a patient’s skin, incorporating imaging, 
biomarker data, immune profiles, microbiome 
compositions, and genomic information. Mechan-
istic AI powers these digital twins by integrating 
mechanistic models with data driven inference. 
A digital twin of a psoriasis patient can simu-
late plaque evolution, treatment responses, and 
flare dynamics. A digital twin of a vitiligo patient 
can simulate repigmentation trajectories under 
phototherapy. A twin of a chronic wound patient 
can predict healing rates and optimal interven-
tions. These models evolve over time as new data 
become available, becoming progressively more 
accurate. 
Digital twins support personalized medicine, pa-
tient education, and clinical decision making. 
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They can evaluate hypothetical scenarios such 
as initiating therapy, adjusting doses, modifying 
skin care routines, or altering environmental ex-
posures. 

Clinical Explainability And 
Trust In Mechanistic AI 

Mechanistic AI enhances interpretability by 
grounding predictions in physiological processes. 
When a model predicts a flare in atopic derma-
titis, it can identify whether the driver is bar-
rier dysfunction, immune activation, microbiome 
disturbance, or environmental exposure. When 
predicting wound healing delays, it can attribute 
them to perfusion deficits, excessive inflamma-
tion, or bacterial load. When assessing melanoma 
risk, it can explain how structural patterns relate 
to mechanistic tumor behavior. 
This aligns with dermatological reasoning, sup-
ports clinical adoption, and meets regulatory re-
quirements for explainability. 

Challenges And Future Directions 
Mechanistic AI in dermatology faces challenges 
including parameter identifiability, model valid-
ation, data heterogeneity, and computational 
complexity. Skin biology involves many inter-
acting processes, making it difficult to identify 
parameter values uniquely. High quality multi-
modal data are needed for model calibration, in-
cluding images, biomarkers, genomics, proteom-
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ics, and microbiome profiles. 
Computational demands increase for three dimen-
sional models, stochastic immune simulations, 
and high resolution image analysis. Advances 
in numerical solvers, neural differential equation 
frameworks, and hardware acceleration will sup-
port progress. 
Despite challenges, mechanistic AI is poised to 
transform dermatology. It will enable mechanistic 
disease insights, personalized therapy planning, 
prediction of flares and remission, simulation of 
treatment responses, and integration of biological 
and clinical data. Mechanistic AI represents a shift 
from pattern recognition toward causal modeling, 
offering a deeper and more holistic understanding 
of dermatological diseases.
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6. MECHANISTIC AI IN CANCERS 

Background 
Over the last thirty years, significant progress 
in the detection, treatment, and clinical manage-
ment of cancer has contributed to a 33% decline 
in overall cancer-related mortality. However, the 
incidence of many cancer types continues to rise, 
and cancer remains a major global health chal-
lenge. 
Clinical oncology continuously generates an over-
whelming volume of data from molecular as-
says, imaging studies, drug development research, 
and routine biological analyses. This creates chal-
lenges that cannot be adequately addressed using 
conventional statistical methods alone. Advances 
in molecular research and high-resolution im-
aging technologies have further expanded the 
scale and complexity of biological and clinical 
data. This rapid growth is shifting oncology 
toward a more data-driven approach and compel-
ling researchers to identify meaningful patterns 
within large datasets while extracting clinically 
relevant insights. In recent years, machine learn-
ing and deep learning techniques have become in-
creasingly widespread because of their strong abil-
ity to identify complex patterns in large datasets. 
AI-based analytical tools provide a practical ap-
proach for analyzing biological network data. 
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These systems use computational models that 
simulate aspects of human reasoning, enabling 
them to perform classification, clustering, and 
predictive tasks on complex network structures 
without being overwhelmed by data volume or 
complexity. AI systems can analyze intricate gene-
to-protein interactions that drive cancer develop-
ment within large biological networks. Applying 
these methods can expand our understanding of 
tumor initiation and progression and help re-
searchers identify novel therapeutic targets that 
have not yet been fully explored. 
The complex and adaptive nature of cancer limits 
the effectiveness of single-agent therapies, as tu-
mors frequently develop drug resistance. Combin-
ation therapies help address this issue by target-
ing multiple signaling pathways simultaneously, 
thereby reducing the likelihood of resistance and 
often improving therapeutic outcomes. 
Tumor drug resistance continues to compromise 
treatment effectiveness and remains a persistent 
challenge in oncology. Artificial intelligence is 
increasingly being applied in research on tumor 
drug resistance and in efforts to improve treat-
ment precision. It is also influencing the design 
of nanomedicine-based strategies aimed at over-
coming resistance. These approaches can enhance 
targeting accuracy, improve tolerability, and re-
duce adverse effects, while also providing strategic 
guidance for rational drug combinations. Several 
research groups suggest that the integration of AI 
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technologies with nanoscale engineering will fur-
ther advance precision medicine, offer practical 
strategies to address cancer drug resistance, and 
accelerate the rapid screening of novel intelligent 
materials. 
AI has the potential to shift oncology toward a 
more proactive discipline that emphasizes early 
intervention, risk prediction, patient engagement 
in decision-making, and individualized treatment 
optimization rather than standardized treatment 
approaches. By maintaining a patient-centered 
focus and fostering collaboration between re-
search laboratories and clinical settings, AI could 
move cancer care toward a more effective era 
characterized by precise data utilization, outcome-
oriented planning, and broader clinical impact. 
Drug discovery has traditionally followed a slow 
and costly pathway, progressing from initial target 
identification to regulatory approval over a period 
that often exceeds a decade. This lengthy process 
places substantial pressure on academic institu-
tions and biotechnology companies. The applica-
tion of AI to identify new therapeutic uses for ex-
isting drugs offers a more efficient strategy that 
may reduce both development time and overall 
costs. 
Cancer is a highly complex, heterogeneous, and 
dynamically evolving disease shaped by multi-
scale interactions among genetic mutations, sig-
naling pathways, tumor–microenvironment com-
ponents, immune dynamics, and therapeutic 
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interventions. This biological complexity chal-
lenges conventional modeling approaches and 
requires computational frameworks that integrate 
mechanistic understanding with data‑driven in-
ference. Traditional machine learning and deep 
learning techniques have shown strong perform-
ance in identifying latent patterns within large 
molecular and imaging datasets, yet they fre-
quently operate as black boxes with limited in-
terpretability and weak connections to biological 
causality. In contrast, mechanistic models rooted 
in biophysics, pharmacology, and systems biology 
provide interpretable representations of tumor 
behavior, drug transport, and cell–microenviron-
ment interactions, but they often struggle to ad-
dress high‑dimensional data and patient‑specific 
heterogeneity. These complementary strengths 
and limitations have led to the emergence of 
mechanistic artificial intelligence, a hybrid para-
digm that integrates biological theory with data‑
driven methods to improve prediction, personal-
ization, and transparency in oncology.

Mechanistic modeling includes mathematical for-
malisms that span multiple biological scales. 
At the cellular and subcellular levels, ordinary 
differential equation models describe temporal 
changes in tumor burden, signaling dynamics, 
and pharmacologic responses. Partial differential 
equation models build on this by representing 
spatial heterogeneity, including invasion fronts, 
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diffusion‑driven proliferation, and morphological 
patterning. Beyond the tumor itself, physiologic-
ally based pharmacokinetic models treat the body 
as interconnected compartments that represent 
organ‑level physiology, enabling quantitative pre-
dictions of drug absorption, distribution, metab-
olism, and clearance. More recent mechanistic 
frameworks incorporate biophysical determinants 
such as extracellular matrix stiffness, mechanical 
stress, fluid dynamics, and mechanotransduction, 
all of which significantly influence tumor progres-
sion, immune evasion, and therapeutic resistance.

Although mechanistic models are transparent 
and biologically interpretable, they are often 
limited by uncertain or nonidentifiable param-
eters, incomplete understanding of tumor biology, 
and difficulty in capturing patient‑specific and 
high‑dimensional variation. Machine learning 
models, by contrast, can learn complex patterns 
from large omics, imaging, and clinical datasets 
but generally lack explicit mechanistic ground-
ing and remain hard to interpret. This comple-
mentarity has motivated mechanistic learning, in 
which mechanistic and machine learning models 
are combined in a structured manner. Sequen-
tial coupling uses mechanistic outputs, such as 
growth or immune parameters, as inputs to ma-
chine learning models. Parallel coupling merges 
predictions from both model types. Extrinsic 
coupling uses machine learning to calibrate or ex-
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tend mechanistic models. Intrinsic coupling em-
beds mechanistic equations directly within ma-
chine learning architectures.

Recent applications highlight the transformative 
potential of mechanistic AI. One example is a hy-
brid deep learning model that incorporates mech-
anistically derived tumor–immune parameters to 
predict time‑to‑event outcomes in patients receiv-
ing immune checkpoint inhibitors. This combined 
approach outperforms models based solely on 
clinical variables or mechanistic inputs, illustrat-
ing the value of mechanistic AI for precision 
immuno‑oncology. Another example is the use of 
Bayesian methods to integrate mechanistic pre-
dictions with sparse clinical data to generate per-
sonalized forecasts of tumor growth in gliomas, 
ovarian cancer, and leukemia. These studies dem-
onstrate how mechanistic priors can regularize 
machine learning models, improving generaliza-
tion and biological plausibility. Intrinsic strat-
egies such as physics‑informed neural networks 
enforce consistency between deep learning predic-
tions and known governing equations, ensuring 
that learned representations respect the biological 
and physical constraints of tumor growth. Add-
itionally, deep learning imaging methods can infer 
tumor geometry, spatial heterogeneity, vascular 
architecture, and microenvironmental conditions, 
providing individualized initial conditions and in-
puts for mechanistic models. This bidirectional 
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flow of information, where machine learning 
informs mechanistic structures and mechanis-
tic theory constrains machine learning behavior, 
creates a more biologically grounded predictive 
system. Mechanistic models also contribute to ma-
chine learning workflows by generating synthetic 
data, inferring unobserved biological states, or 
serving as digital twins, virtual patient models 
that continuously update to forecast thera-
peutic outcomes and support adaptive treatment 
strategies. Integrated platforms that incorporate 
machine learning‑inferred omics associations into 
large mechanistic signaling models further high-
light the ability of mechanistic AI to uncover pre-
viously unrecognized regulatory interactions rele-
vant to cancer therapy.

These developments demonstrate that mechanis-
tic AI is a promising approach for building cancer 
models that are more interpretable, more closely 
aligned with real biology, and more tailored to in-
dividual patients. Hybrid methods such as Bayes-
ian combinations of mechanistic and statistical 
models, digital twins, and survival models that 
integrate mechanistic information already out-
perform approaches that rely solely on data‑driven 
or purely mechanistic models. However, the field 
remains diverse and not yet unified, and signifi-
cant challenges persist. These include parameter 
identification, integration of multimodal data, 
and translation of mechanistic AI methods into 
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clinical practice.

A powerful application of this mechanistic per-
spective is the prediction of effective combin-
ation therapies. The complexity and adaptability 
of cancer often necessitate shifting from single‑a-
gent treatments to synergistic drug combinations. 
Mechanistically explainable AI models have been 
applied successfully to predict such combinations, 
including the pairing of atezolizumab and cobi-
metinib in melanoma. By explicitly modeling bio-
logical interactions, these systems can explain 
why certain drug combinations are more effective, 
providing actionable insights rather than simple 
predictions.
Despite rapid progress driven by AI in can-
cer research, several challenges remain. Although 
complex AI models achieve impressive predict-
ive performance, they can be prone to overfit-
ting, and this issue is worsened by the limited 
availability of clinical data. To address concerns 
related to black box behavior and spurious cor-
relations, researchers are working to improve 
model validation using advanced interpretabil-
ity techniques. One example is the development 
of SemanticLens, an approach designed to map 
knowledge graphs onto neural network modules, 
enabling automated functional role annotation 
and identification of modules associated with 
spurious correlations. Such tools are essential for 
validating large‑scale AI models. Future progress 

MECHANISTIC AI IN MEDICINE: DISCOVERY OF MECHAN...

101



in AI for cancer research will likely rely on further 
improvements in self‑supervised and semi‑super-
vised learning, as well as the continued advance-
ment of three‑dimensional Vision Transformer 
architectures.

Principles Of Mechanistic 
AI In Cancers

Mechanistic AI in oncology is built on several core 
principles. The first is physiological consistency. 
Tumors grow according to biophysical constraints 
that govern cell division, nutrient supply, meta-
bolic demands, and diffusion of oxygen and drugs. 
Mechanistic AI incorporates these constraints dir-
ectly into the model architecture, ensuring that 
predictions align with known principles of cancer 
biology. This reduces the risk of biologically im-
plausible outputs, such as growth rates that ex-
ceed physical limits or treatment responses that 
contradict pharmacological laws.
The second principle is multiscale integration. 
Cancer is a disease that unfolds across multiple 
biological scales. Genetic mutations drive aberrant 
molecular signaling. These signaling networks 
regulate cellular behaviors such as proliferation, 
apoptosis, and differentiation. Populations of cells 
then form complex tissue structures influenced by 
mechanical stresses, extracellular matrix compos-
ition, and microenvironmental conditions. Mech-
anistic AI integrates these scales into unified 
models. Machine learning calibrates parameters at 
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each scale using genomic, proteomic, radiological, 
and clinical data.
A third principle is hybrid modeling. Mechanistic 
models represent well understood biological pro-
cesses using mathematical equations. Neural net-
works model unknown functions or components 
for which mechanistic knowledge is incomplete. 
For example, while cell cycle regulation is mech-
anistically well characterized, tumor immune eva-
sion strategies involve processes that are partially 
understood. Neural networks can approximate 
these unknown components while mechanistic 
elements anchor the model in established biology.
A fourth principle is latent variable inference. 
Key variables in oncology cannot be measured 
directly. These include tumor oxygenation status, 
cell cycle phase distributions, clonal composition, 
spatial heterogeneity, and drug penetration. Ma-
chine learning can infer these variables from ex-
ternal observations such as imaging features or 
biomarker levels. Mechanistic models restrict in-
ference results to biologically valid ranges.
A fifth principle is interpretability. Mechanistic AI 
produces explanations grounded in biology. If a 
model predicts resistance to a therapy, it can iden-
tify whether the cause is increased efflux pump ac-
tivity, hypoxia induced quiescence, reduced drug 
penetration, clonal evolution, or immune evasion. 
This interpretability supports clinician trust, en-
ables hypothesis generation, and aligns with regu-
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latory expectations.

Mechanistic Modeling Of Tumor 
Growth And Proliferation

Tumor growth is driven by cellular proliferation, 
nutrient availability, metabolic reprogramming, 
and interactions with the microenvironment. 
Mechanistic models often represent tumor growth 
using systems of ordinary or partial differential 
equations describing cell division, death, nutri-
ent diffusion, oxygen concentration, and mechan-
ical pressure. Common frameworks include logis-
tic growth models, Gompertzian models, reaction 
diffusion models, and agent based models.
Machine learning enhances these models by in-
tegrating patient specific data from imaging, bi-
opsy, circulating biomarkers, and genomics. Im-
aging modalities such as MRI, CT, PET, and 
ultrasound provide information about tumor size, 
shape, density, metabolic activity, and perfusion. 
Machine learning processes these data to estimate 
proliferation rates, necrotic fractions, hypoxic re-
gions, and clonal architecture. Mechanistic models 
then simulate trajectories of growth under differ-
ent physiological or therapeutic conditions.
Mechanistic AI can distinguish between indolent 
tumors and aggressive ones by identifying differ-
ences in proliferation dynamics. For example, 
prostate cancer often includes slowly growing tu-
mors that may not require aggressive treatment. 

NEDA GORJIZADEH

104

Mechanistic AI can simulate long term growth tra-
jectories to support clinical decision making. In 
contrast, aggressive tumors such as glioblastoma 
exhibit rapid growth, infiltration, and treatment 
resistance. Mechanistic AI can simulate invasion 
patterns, identify high risk regions, and predict re-
sponse to surgery, radiation, and chemotherapy.
Mechanistic AI also provides insights into metas-
tasis. Mechanistic models represent intravasation, 
circulation, extravasation, and colonization pro-
cesses. Machine learning analyzes imaging and 
sequencing data to identify metastatic potential. 
Hybrid models simulate metastatic patterns and 
assess the effects of interventions that target dis-
semination pathways.

Mechanistic Modeling Of Tumor 
Metabolism And Hypoxia

Tumor metabolism is characterized by phenom-
ena such as the Warburg effect, increased glycoly-
sis, altered oxidative phosphorylation, and meta-
bolic flexibility under stress. Mechanistic models 
describe these processes using equations repre-
senting glucose uptake, oxygen consumption, ATP 
production, lactate secretion, and enzyme kinet-
ics.
Machine learning integrates metabolomic data, 
imaging biomarkers such as FDG PET uptake, and 
transcriptomic signatures to estimate metabolic 
parameters. Mechanistic AI can simulate how tu-
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mors adapt to nutrient deprivation, hypoxia, or 
interventions that target metabolism.
Hypoxia is a key driver of treatment resist-
ance, angiogenesis, and metastasis. Mechanistic 
models represent oxygen diffusion, consumption, 
and spatial gradients. Machine learning extracts 
hypoxia indicators from MRI, PET, or CT im-
aging. Personalized models estimate hypoxic bur-
den and identify regions that may resist radiation 
or chemotherapy. These models support strategies 
such as hypoxia targeted therapy, dose painting in 
radiation therapy, or scheduling modifications to 
enhance treatment efficacy.

Mechanistic Modeling Of Angi-
ogenesis And Vascular Dynamics

Tumors induce angiogenesis to secure nutrient 
and oxygen supply. Mechanistic models describe 
vascular network formation using equations 
representing endothelial cell migration, vessel 
sprouting, branching, regression, and perfusion. 
Models often incorporate VEGF signaling dynam-
ics and oxygen dependent feedback loops.
Machine learning supports these models by ana-
lyzing imaging data such as contrast enhanced 
MRI, CT perfusion imaging, PET, and ultrasound. 
These data capture vessel density, perfusion, per-
meability, and flow patterns. Mechanistic AI inte-
grates these features to estimate angiogenic activ-
ity, perfusion efficiency, and regional heterogen-
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eity.
This is valuable in predicting response to anti 
angiogenic therapies. Personalized mechanistic 
models can simulate how treatments such as 
VEGF inhibitors alter vascular structure, perfu-
sion, oxygenation, and drug delivery. These pre-
dictions help clinicians determine optimal dosing 
and combination strategies.
Mechanistic AI also models vascular normaliza-
tion, a transient state where anti angiogenic ther-
apy improves vessel structure and enhances drug 
delivery. Predicting the timing and magnitude of 
this window can optimize combination therapy 
with chemotherapy or immunotherapy.

Mechanistic AI In Tumor Immun-
ology And Immunotherapy

Tumor immunology involves complex inter-
actions between cancer cells, dendritic cells, T 
cells, macrophages, cytokines, and suppressive 
cells such as regulatory T cells and myeloid 
derived suppressor cells. Mechanistic models de-
scribe these interactions using systems of differ-
ential equations representing immune cell acti-
vation, proliferation, trafficking, exhaustion, and 
killing functions.
Machine learning integrates immunogenomic 
data, tumor infiltrating lymphocyte profiles, cy-
tokine levels, and imaging features to calibrate 
these models. Mechanistic AI can simulate im-
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mune responses to immunotherapies such as 
checkpoint inhibitors, CAR T cell therapy, cancer 
vaccines, and cytokine based treatments.
In checkpoint inhibitor therapy, mechanistic AI 
models PD 1 and CTLA 4 pathways, T cell ex-
haustion dynamics, and tumor antigen presenta-
tion. Machine learning identifies biomarkers of re-
sponse such as mutation burden, neoantigen load, 
and immune infiltration patterns. Personalized 
models predict response likelihood, optimal dos-
ing intervals, and potential toxicities.
In CAR T cell therapy, mechanistic AI can simulate 
CAR T cell expansion, trafficking, cytokine release, 
and tumor killing. It can forecast risk of cytokine 
release syndrome or neurotoxicity. It can also op-
timize CAR design by integrating mechanistic in-
sights with machine learning predictions.
Mechanistic AI supports combination therapy 
planning by simulating how immunotherapy 
interacts with radiation, chemotherapy, or tar-
geted therapy. These interactions often involve 
emergent behaviors, making mechanistic model-
ing essential.

Mechanistic Modeling Of Treatment 
Response And Resistance

Resistance to therapy is one of the most challen-
ging aspects of oncology. Tumors adapt through 
genetic mutations, epigenetic changes, signal-
ing pathway reprogramming, drug efflux, altered 
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metabolism, and microenvironmental changes. 
Mechanistic AI provides a framework for model-
ing these adaptation processes.
Mechanistic models describe pharmacokinet-
ics, pharmacodynamics, cell cycle specific drug 
effects, DNA damage repair, and clonal evolution. 
Machine learning analyzes sequencing data, single 
cell profiles, imaging features, and biomarker tra-
jectories to infer resistance mechanisms.
In targeted therapy, mechanistic AI can identify 
pathway reactivation, compensatory signaling, or 
mutations that confer resistance. In chemother-
apy, mechanistic AI can model cell cycle phase 
specific killing and predict optimal scheduling. 
In radiation therapy, mechanistic AI can simulate 
DNA repair, hypoxic modulation, and fractiona-
tion strategies.
Mechanistic AI can evaluate adaptive therapy ap-
proaches that seek to control rather than eliminate 
tumors by exploiting evolutionary trade offs. Hy-
brid models simulate competition between sensi-
tive and resistant clones, suggesting dosing strat-
egies that maintain long term control.

Mechanistic AI In Radiology 
And Radiomics

Radiology plays a central role in cancer diag-
nosis and monitoring. Mechanistic AI integrates 
radiomics, which extracts features from im-
ages, with mechanistic models describing tumor 

MECHANISTIC AI IN MEDICINE: DISCOVERY OF MECHAN...

109



biology. Machine learning identifies patterns as-
sociated with proliferation, necrosis, hypoxia, and 
vascularity. Mechanistic models then contextual-
ize these patterns within biological frameworks.
In MRI, mechanistic AI can interpret diffusion 
weighted imaging to infer cellular density, per-
fusion imaging to assess vascular function, and 
spectroscopy to evaluate metabolic status. In 
CT, mechanistic AI integrates information about 
density, heterogeneity, and structural features. In 
PET, mechanistic AI models tracer kinetics to esti-
mate metabolic rates.
This integration enhances diagnostic accuracy, 
supports earlier detection of treatment response, 
and provides biologically grounded interpret-
ations of imaging changes.

Mechanistic AI In Pathology 
And Histology

Histopathology offers detailed insights into tumor 
architecture, cell morphology, mitotic activity, 
stromal composition, and immune infiltration. 
Machine learning excels at analyzing whole slide 
images, identifying cancerous regions, grading tu-
mors, and detecting subtle patterns. Mechanistic 
AI extends these capabilities by linking micro-
scopic patterns with mechanistic processes.
Mechanistic models simulate cell population 
dynamics, cell cycle distributions, and inter-
actions with the microenvironment. Machine 
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learning extracts features such as nuclear shape, 
spatial cell arrangements, and stromal patterns. 
Mechanistic AI connects these features with bio-
logical processes such as proliferation rate, treat-
ment sensitivity, and invasion potential.
In breast cancer, mechanistic AI can link his-
topathology patterns to mechanistic models of 
hormone receptor signaling. In colorectal can-
cer, mechanistic AI can interpret invasive margin 
patterns using models of epithelial mesenchymal 
transition. In lymphoma, mechanistic AI inte-
grates histology with immune cell dynamics.

Mechanistic AI In Cancer 
Genomics And Evolution

Cancer evolves through accumulation of mu-
tations, chromosomal alterations, epigenetic 
changes, and clonal competition. Mechanistic 
models describe evolutionary dynamics using evo-
lutionary game theory, branching processes, or 
stochastic models. Machine learning analyzes se-
quencing data to infer clonal architecture and evo-
lutionary trajectories.
Mechanistic AI can simulate how treatment 
shapes clonal selection, predict emergence of re-
sistant clones, and identify optimal strategies to 
delay resistance. It can model bottlenecks created 
by surgery, radiation, or targeted therapy. It can 
also evaluate combination therapy strategies that 
restrict evolutionary escape routes.
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In precision oncology, mechanistic AI supports se-
lection of targeted therapies based on mechanis-
tic simulations informed by genomic alterations. 
It can evaluate synthetic lethality interactions and 
predict vulnerabilities unique to specific genetic 
backgrounds.

Mechanistic AI In Pharmacology 
And Drug Development

Mechanistic models of pharmacokinetics and 
pharmacodynamics describe absorption, distribu-
tion, metabolism, excretion, target binding, and 
downstream effects. Machine learning assists by 
analyzing drug response data, predicting toxicity, 
and identifying molecular features associated 
with efficacy.
Mechanistic AI can simulate dose response curves, 
optimize schedules, design combination therap-
ies, and predict off target effects. It supports early 
stage drug development by identifying promising 
compounds and predicting their behavior in bio-
logical systems.
Mechanistic AI also supports design of personal-
ized dosing strategies based on patient specific 
physiology, genetics, and tumor characteristics.

Digital Twins Of Cancer Patients

A digital twin in oncology is a computational rep-
lica of a patient’s tumor and physiology. Mechan-
istic AI enables creation of such twins by integrat-
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ing imaging, genomics, histology, biomarkers, and 
clinical data with mechanistic models of tumor 
growth, metabolism, and treatment response.
Digital twins can simulate disease progression, 
evaluate treatment options, predict resistance, 
and optimize therapy. They evolve over time as 
new data become available, improving accuracy. 
Digital twins support personalized medicine, clin-
ical decision making, trial design, and patient edu-
cation.

Interpretability And Clinical 
Trust In Mechanistic AI

Mechanistic AI enhances trust by grounding pre-
dictions in biology. It explains outcomes in terms 
of mechanistic pathways rather than opaque stat-
istical patterns. Clinicians can view how variables 
such as proliferation rate, immune infiltration, 
drug penetration, or metabolic changes influence 
predictions. This interpretability supports adop-
tion in clinical settings and aligns with regulatory 
expectations for transparency.

Challenges And Future Directions

Mechanistic AI in cancers faces challenges in-
cluding high dimensional parameter spaces, data 
heterogeneity, model validation, and computa-
tional demands. Tumors are heterogeneous, re-
quiring detailed multimodal datasets for accurate 
modeling. Parameter identifiability is often diffi-
cult because many biological processes interact. 
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Computational complexity increases for three di-
mensional simulations, agent based models, and 
stochastic evolutionary models.
Future directions include integration of single cell 
data, multiomics, wearable sensors, and remote 
monitoring systems. Advances in neural differen-
tial equations, physics informed neural networks, 
and high performance computing will enhance 
model scalability. As mechanistic AI continues to 
mature, it will support more precise, interpretable, 
and effective oncology care.
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7. MECHANISTIC AI IN 
ORAL DISEASES 

Background
Almost 50% of people worldwide are affected 
by oral disorders, indicating substantial socio-
economic and healthcare burdens. Current treat-
ments for oral diseases such as dental caries, oral 
cancer, and periodontal disease often focus on 
managing symptoms rather than addressing the 
underlying causes.

There is an urgent need for advanced models to 
clarify the underlying mechanisms of these dis-
eases and to develop more effective treatments, 
given their high prevalence and significant impact 
on overall health. Oral disorders present unique 
challenges because of the diversity of cell types 
involved. Conditions such as dental caries, oral 
cancer, and periodontitis involve complex patho-
logical processes that are difficult to study using 
conventional two-dimensional cell cultures or ani-
mal models.

The availability of disease-related datasets has in-
creased in recent years, creating opportunities to 
apply data-driven approaches to improve under-
standing of disease etiology. Oral organoids, which 
replicate the structure and function of oral tis-
sues such as dental pulp, gingiva, and periodontal 
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ligament, have emerged as particularly valuable 
models. These systems enable the development of 
personalized medicine strategies and innovative 
therapeutic approaches.

However, the development and application of oral 
organoids face several challenges, including sub-
optimal construction strategies, labor-intensive 
image analysis, and the complex integration of 
multi-omics data. The incorporation of artificial 
intelligence has become a significant advance-
ment in oral organoid research, enhancing our 
ability to interpret complex biological structures 
and design improved treatment strategies. AI tech-
nologies have been applied to analyze the high-
dimensional data generated by organoid systems. 
These approaches facilitate a deeper understand-
ing of the molecular mechanisms underlying oral 
diseases. AI-enabled organoids also improve the 
accuracy and efficiency of evaluating complex bio-
logical systems, strengthening diagnostic capabil-
ities and expanding insight into disease mechan-
isms.

The human microbiota represents a dynamic 
and complex ecosystem composed of viruses, 
fungi, and bacteria that inhabit various anatom-
ical niches of the body. This diverse microbial 
community interacts with the host through in-
tricate cellular signaling pathways and influences 
numerous physiological processes, including im-
mune system development, nutrient metabolism, 
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and regulation of inflammatory responses. These 
interactions have profound effects on human 
health and disease susceptibility. The oral micro-
biome is now recognized as playing a crucial role 
in maintaining oral health and in the development 
of several oral conditions, including oral cancer 
and periodontal diseases.

Identifying complex interactions between the oral 
microbiome and disease remains challenging and 
is sometimes overlooked. Machine learning, a 
major subfield of artificial intelligence, encom-
passes a broad range of computational methods. 
Machine learning algorithms can process complex 
microbial signatures, making them valuable tools 
in microbiome research, particularly in studies of 
host–microbe interactions. The capacity of artifi-
cial intelligence to manage high-dimensional and 
multidimensional datasets makes it well suited for 
extracting meaningful insights from microbiome 
data. Computational algorithms designed to ana-
lyze complex datasets can help researchers more 
accurately identify microbial patterns associated 
with disease.

Given the rapid advancement of artificial intelli-
gence technologies, it is reasonable to expect that 
related publications in the field of dentistry will 
continue to increase.

Artificial intelligence has progressed from a the-
oretical concept in computer science to a prac-
tical set of tools integrated into contemporary 
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healthcare, including dentistry. Artificial intel-
ligence systems already assist clinicians across 
many fields with image interpretation, decision 
support, and risk prediction. Recent narrative 
and systematic reviews in dentistry show simi-
lar growth, describing rapid expansion of deep 
learning and machine learning applications across 
radiology, restorative dentistry, endodontics, peri-
odontology, and orthodontics.

The most advanced applications are in image‑
based diagnosis. Convolutional neural networks 
have been trained on periapical radiographs, pano-
ramic images, and cone beam computed tomog-
raphy (CBCT) to identify periodontal bone loss, 
apical pathology, and anatomical variations, often 
demonstrating performance comparable to that of 
specialists. Models for detecting caries now oper-
ate using bitewing radiographs, intraoral photo-
graphs, and even smartphone images, identifying 
both proximal and early enamel lesions. At the 
same time, plaque and gingivitis detection net-
works delineate biofilm in children or orthodontic 
patients, providing a more objective evaluation of 
local disease‑related factors.

AI is increasingly used not only for diagno-
sis but also for predicting outcomes and risks. 
Researchers have developed machine learning 
models to predict outcomes of endodontic micro-
surgery, the likelihood of developing root caries, 
and the risk of new lesions in older adults. Other 
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studies generate risk scores for early childhood 
or adolescent caries based on behavioral, envir-
onmental, and genetic variables. Systematic re-
views show that these algorithms often exceed the 
performance of traditional statistical models, al-
though their real‑world impact is limited by small, 
single‑center datasets and inconsistent outcome 
definitions.

Most current dental AI systems function by iden-
tifying patterns within data. They move from 
pixels or feature vectors to labels such as “car-
ies present” or “severe bone loss” without ac-
counting for the biological mechanisms behind 
these conditions. This gap reduces interpretability, 
limits clinical usefulness, and complicates causal 
understanding. For example, caries risk models 
may detect correlations between microbiome pro-
files and lesions without considering the specific 
microbial communities, host responses, and diet-
ary factors that contribute to demineralization. 
Similar concerns apply to periodontal models that 
classify radiographic bone loss without integrat-
ing inflammatory pathways, tissue remodeling, or 
mechanical loading.

Mechanistic artificial intelligence offers a poten-
tial path forward. This approach incorporates 
structured representations of disease processes, 
such as biofilm development, salivary buffering, 
enamel geometry, or immune signaling, into ma-
chine learning models. By combining biological 
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knowledge with data‑driven inference, artificial 
intelligence systems can model how changes in 
microbiota, host immunity, or behavior influence 
the onset and progression of lesions. In caries 
research, this involves integrating microbiome 
meta‑analyses with clinical and behavioral data to 
generate individualized disease trajectories rather 
than static risk scores. In periodontology, mechan-
istic frameworks may combine imaging‑based as-
sessments of bone morphology with models of im-
mune dysregulation and occlusal forces to guide 
more personalized treatment planning.

Artificial intelligence the field advances, future 
work in dental artificial intelligence will require 
larger and more diverse datasets, standardized 
outcome measures, rigorous external validation, 
and careful consideration of privacy, bias, and 
interpretability. Artificial intelligence in dentistry 
has the potential not only to detect disease earl-
ier but also to clarify why conditions develop and 
how they can be prevented or treated for each in-
dividual. This is becoming increasingly feasible as 
the field shifts from purely correlational systems 
to mechanistic, biologically informed models.

Foundations Of Mechanistic 
AI In Oral Biology

Mechanistic AI in oral diseases relies on combin-
ing biological models with machine learning al-
gorithms. Mechanistic models represent biological 
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processes using mathematical equations derived 
from principles of physiology, microbiology, bio-
chemistry, and tissue mechanics. In oral biology, 
such models may describe bacterial growth 
dynamics in dental plaque, mineral dissolution 
and remineralization of tooth enamel, inflamma-
tory signaling in periodontal tissues, epithelial cell 
proliferation, or diffusion of nutrients and drugs 
through saliva and tissues.

Machine learning complements these models by 
analyzing large datasets to identify patterns and 
estimate parameters that are difficult to meas-
ure directly. For example, microbial interactions 
within dental plaque involve hundreds of bacterial 
species whose metabolic activities influence each 
other. Machine learning can analyze metagenomic 
sequencing data to estimate microbial interaction 
networks, while mechanistic models represent 
how these interactions affect acid production and 
biofilm structure.

One key concept in mechanistic AI is physiological 
constraint. Predictions generated by the model 
must remain consistent with known biological 
principles. For instance, enamel demineralization 
cannot occur without acid production and a drop 
in pH below critical thresholds. A mechanistic AI 
model therefore incorporates equations that de-
scribe these chemical processes, ensuring that pre-
dictions remain biologically plausible even when 
learning from data.
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Another important concept is multiscale integra-
tion. Oral diseases arise from interactions occur-
ring at molecular, cellular, tissue, and ecological 
levels. Genetic mutations influence cellular behav-
ior. Cells interact with extracellular matrices and 
immune cells. Bacteria form complex biofilms that 
influence tissue health. Mechanistic AI integrates 
these layers by combining models that operate at 
different scales.

A further principle involves the inference of hid-
den variables. Many important biological states 
cannot be measured directly in clinical prac-
tice. Examples include local pH levels inside den-
tal plaque, oxygen concentration in periodontal 
pockets, or molecular signaling activity within 
oral epithelial cells. Machine learning methods can 
infer these hidden variables from observable data 
such as imaging features, microbial composition, 
or clinical measurements. Mechanistic models 
then constrain these inferences according to bio-
logical laws.

Mechanistic AI models can also incorporate feed-
back loops that reflect real biological systems. For 
example, bacterial acid production reduces local 
pH, which in turn affects bacterial growth and en-
amel mineralization. Similarly, immune responses 
in periodontal tissues alter microbial communi-
ties, which further influence inflammation. Mod-
eling these feedback mechanisms allows mechan-
istic AI systems to simulate disease dynamics over 
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time.

Mechanistic AI In Dental Caries
Dental caries is a biofilm mediated disease char-
acterized by progressive demineralization of tooth 
structures due to acids produced by bacteria 
metabolizing dietary carbohydrates. Traditional 
caries risk assessment models rely on clinical ob-
servations, patient history, and simple scoring sys-
tems. While useful, these approaches do not fully 
capture the complex biological processes under-
lying caries development.

Mechanistic models of dental caries describe the 
chemical equilibrium between demineralization 
and remineralization processes in tooth enamel 
and dentin. These models include equations rep-
resenting diffusion of acids and minerals, buffer-
ing capacity of saliva, and bacterial metabolism 
within dental plaque. Factors such as saliva flow 
rate, fluoride concentration, and dietary sugar in-
take influence these processes.

Machine learning algorithms can analyze data 
from radiographs, optical imaging devices, micro-
bial sequencing, and patient records to estimate 
parameters within these mechanistic models. For 
example, deep learning models can detect early 
enamel lesions from bitewing radiographs. These 
imaging features can then be integrated into 
mechanistic models that estimate lesion progres-
sion rates based on mineral diffusion dynamics 
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and plaque acidity.

Mechanistic AI can also simulate the impact of 
preventive interventions. Fluoride treatments en-
hance remineralization by promoting formation 
of fluorapatite, which is more resistant to acid dis-
solution. Mechanistic models incorporate chem-
ical reactions describing this process, while ma-
chine learning estimates patient specific variables 
such as saliva composition and plaque microbiota. 
This allows prediction of how fluoride therapies 
will influence lesion progression in individual pa-
tients.

Another important application involves dietary 
behavior modeling. Frequent sugar intake in-
creases acid production by oral bacteria. Machine 
learning can analyze dietary logs, wearable sen-
sor data, or behavioral patterns to estimate sugar 
exposure frequency. Mechanistic models then 
simulate how these exposures influence plaque 
pH dynamics and mineral loss over time. This 
approach supports personalized preventive strat-
egies that account for both biological and behav-
ioral factors.

Mechanistic AI In Peri-
odontal Diseases

Periodontal diseases involve inflammatory de-
struction of the tissues that support teeth, includ-
ing gingiva, periodontal ligament, cementum, and 
alveolar bone. These conditions arise from com-

MECHANISTIC AI IN MEDICINE: DISCOVERY OF MECHAN...

125



plex interactions between microbial biofilms and 
host immune responses. While bacterial plaque 
initiates disease, tissue destruction results largely 
from dysregulated inflammation.

Mechanistic models of periodontal disease de-
scribe bacterial growth within periodontal 
pockets, immune cell recruitment, cytokine sig-
naling, and bone remodeling processes. These 
models often incorporate equations representing 
osteoclast activation, collagen degradation, and 
inflammatory mediator diffusion.

Machine learning can analyze clinical periodon-
tal measurements such as probing depth, bleed-
ing on probing, and attachment loss, as well as 
radiographic bone levels. In addition, microbiome 
sequencing provides detailed profiles of bacterial 
communities associated with periodontal health 
or disease. Mechanistic AI integrates these data-
sets to estimate inflammatory activity and predict 
disease progression.

One important aspect of periodontal disease is its 
episodic nature. Tissue destruction does not occur 
at a constant rate but rather in bursts of activ-
ity followed by periods of stability. Mechanistic 
AI models can capture this dynamic behavior by 
incorporating feedback loops between microbial 
populations and host immune responses. Machine 
learning algorithms identify patterns in longitu-
dinal patient data that signal transitions between 
stable and active disease states.
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These models can also support personalized treat-
ment planning. For example, scaling and root 
planing reduces bacterial load, while adjunctive 
therapies such as antibiotics or host modulation 
agents influence inflammatory pathways. Mech-
anistic AI can simulate how different interven-
tions alter microbial ecology and immune re-
sponses in individual patients, helping clinicians 
choose optimal treatment strategies.

Mechanistic AI In Oral Cancer
Oral squamous cell carcinoma is the most com-
mon form of oral cancer and represents a major 
global health concern. Early detection signifi-
cantly improves survival rates, yet many cases 
are diagnosed at advanced stages. Artificial intelli-
gence has been applied to detect oral lesions from 
clinical photographs, histopathology slides, and 
imaging studies. Mechanistic AI expands these 
capabilities by modeling the biological processes 
underlying tumor development and progression.

Mechanistic models of oral cancer describe cel-
lular proliferation, apoptosis, angiogenesis, me-
tabolic changes, and genetic mutations. These 
models may incorporate signaling pathways such 
as epidermal growth factor receptor signaling, 
p53 regulation, and pathways controlling epithe-
lial differentiation.

Machine learning analyzes multimodal datasets 
including genomic sequencing, transcriptomic 
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profiles, histopathology images, and radiographic 
scans. These data provide information about 
tumor heterogeneity, mutation patterns, and 
microenvironment characteristics. Mechanistic AI 
integrates this information to simulate tumor 
growth and predict response to treatments such 
as surgery, radiation therapy, chemotherapy, and 
immunotherapy.

Another key feature of oral cancer is field cancer-
ization, where large areas of mucosa undergo gen-
etic alterations that predispose them to malignant 
transformation. Mechanistic AI models can simu-
late how genetic mutations accumulate within 
epithelial cell populations and spread across tissue 
fields. Machine learning helps identify molecular 
signatures associated with high risk lesions, im-
proving early detection strategies.

Mechanistic AI may also assist in predicting 
treatment toxicity and functional outcomes. For 
example, radiation therapy can damage salivary 
glands and oral tissues. Mechanistic models de-
scribing radiation effects on tissues combined 
with machine learning predictions based on im-
aging and clinical data can help optimize treat-
ment planning to minimize complications.

Mechanistic AI In Oral 
Microbiome Research

The oral cavity hosts one of the most diverse mi-
crobial communities in the human body, contain-
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ing hundreds of bacterial species as well as fungi 
and viruses. These microorganisms form complex 
biofilms on tooth surfaces, mucosa, and prosthetic 
materials. The composition and metabolic activity 
of the oral microbiome influence the development 
of many oral diseases.

Mechanistic models of microbial ecosystems de-
scribe interactions among species, nutrient util-
ization, metabolic byproducts, and environmental 
conditions such as pH and oxygen availability. 
These models often use systems of differential 
equations or ecological frameworks that represent 
competition and cooperation among microorgan-
isms.

Machine learning analyzes high throughput se-
quencing data to identify microbial community 
structures associated with health or disease. How-
ever, purely statistical analysis may not reveal 
causal relationships. Mechanistic AI integrates se-
quencing data with ecological models to under-
stand how microbial communities evolve over 
time and how they respond to environmental 
changes.

For example, in dental caries the balance shifts 
toward acid producing bacteria that thrive in 
low pH environments. Mechanistic AI models can 
simulate how dietary sugars, saliva flow, and fluor-
ide exposure influence microbial composition. 
Similarly, in periodontal disease anaerobic bac-
teria dominate within deep periodontal pockets. 
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Mechanistic models describe oxygen diffusion and 
nutrient gradients that shape these microbial 
communities.

This integration supports development of targeted 
microbiome therapies such as probiotics, anti-
microbial peptides, and ecological interventions 
that restore healthy microbial balance.

Mechanistic AI In Oral Tissue 
Engineering And Regeneration

Regenerative dentistry aims to restore damaged 
oral tissues including bone, periodontal ligament, 
dentin, and pulp. Advances in biomaterials, stem 
cell therapy, and tissue engineering have created 
new opportunities for regenerative treatments. 
Mechanistic AI can assist in designing and opti-
mizing these therapies.

Mechanistic models describe cell differentiation, 
extracellular matrix formation, growth factor sig-
naling, and scaffold degradation. These models 
simulate how stem cells interact with biomater-
ials and biological signals to regenerate tissues.

Machine learning analyzes experimental data 
from cell cultures, animal models, and clinical 
studies to estimate parameters and identify pat-
terns associated with successful regeneration. 
Mechanistic AI can predict how variations in 
scaffold composition, growth factor concentra-
tion, or cell type influence tissue formation.
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In periodontal regeneration, for instance, models 
may simulate interactions among osteoblasts, 
fibroblasts, and immune cells within regenerative 
scaffolds. Machine learning can analyze imaging 
and histological data to evaluate tissue forma-
tion. The integration of these approaches helps re-
searchers design therapies that promote stable re-
generation of periodontal structures.

Digital Twins In Oral Health
A digital twin in oral healthcare is a computational 
representation of an individual patient’s oral en-
vironment. Mechanistic AI enables the creation of 
digital twins by integrating imaging data, micro-
biome profiles, clinical measurements, and life-
style information into mechanistic models of oral 
biology.

Such digital twins can simulate disease progres-
sion and evaluate potential interventions before 
they are implemented clinically. For example, a 
digital twin could model how changes in oral 
hygiene practices, dietary habits, or fluoride use 
would affect caries risk over time. In periodontal 
disease, a digital twin could simulate responses 
to different treatment strategies and maintenance 
schedules.

Digital twins also support continuous monitoring 
of oral health. Data from smart toothbrushes, 
wearable sensors, and mobile health applications 
can update the digital model in real time. Mech-
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anistic AI interprets these data within biological 
frameworks, providing personalized recommen-
dations for prevention and treatment.

Challenges And Future Directions
Despite its promise, mechanistic AI in oral dis-
eases faces several challenges. One challenge in-
volves data integration. Oral health data are often 
fragmented across dental records, imaging sys-
tems, laboratory databases, and research datasets. 
Integrating these sources requires standardized 
data formats and interoperable systems.

Another challenge involves parameter estimation 
for mechanistic models. Biological systems often 
involve many interacting variables, and obtaining 
accurate measurements for all parameters is diffi-
cult. Machine learning methods help address this 
issue but require high quality datasets.

Computational complexity is also a concern, par-
ticularly when models incorporate spatial dynam-
ics, large microbial ecosystems, or multiscale 
biological processes. Advances in computational 
methods and high performance computing will be 
necessary to make these models practical for clin-
ical use.

Ethical considerations also arise when implement-
ing AI in healthcare. Patient privacy, algorithm 
transparency, and equitable access to technology 
must be addressed to ensure responsible adoption.
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Future developments will likely involve inte-
gration of multiomics data, advanced imaging 
technologies, and real time health monitoring sys-
tems. As mechanistic AI models become more so-
phisticated, they may transform dentistry by en-
abling predictive diagnostics, personalized preven-
tion strategies, and optimized treatment planning.

Mechanistic AI represents a convergence of com-
putational science, oral biology, and clinical den-
tistry. By combining mechanistic understanding 
with data driven learning, it offers a powerful 
framework for advancing knowledge and improv-
ing patient care in oral diseases.
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Background 
Orthopedic diseases encompass a wide range of 
disorders affecting bones, joints, muscles, ten-
dons, ligaments, cartilage, and connective tissues. 
These conditions include osteoarthritis, osteopor-
osis, fractures, spinal deformities, sports injuries, 
inflammatory disorders, and degenerative muscu-
loskeletal diseases. They represent some of the 
most common causes of disability, pain, and re-
duced mobility worldwide. The global burden 
of orthopedic diseases continues to grow due 
to aging populations, sedentary lifestyles, rising 
obesity rates, and increased physical demands 
from occupational and sports activities. Clinicians 
rely on imaging, physical examination, biomech-
anical assessments, laboratory testing, and patient 
history to diagnose and manage these conditions. 
However, musculoskeletal diseases often involve 
complex interactions among biological, mechan-
ical, metabolic, and behavioral factors. Traditional 
diagnostic and predictive models struggle to fully 
capture the dynamic and multiscale nature of 
musculoskeletal pathophysiology. 
Artificial intelligence has contributed signifi-
cantly to orthopedic medicine by improving image 
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interpretation, risk prediction, and clinical de-
cision making. Machine learning models have 
been developed for automated fracture detec-
tion from radiographs, prediction of osteoarthritis 
progression from magnetic resonance imaging, 
identification of osteoporosis from bone density 
scans, interpretation of gait data, and forecasting 
surgical outcomes. Although these systems have 
demonstrated high accuracy, they often operate 
as black box models that rely on statistical cor-
relations rather than biological or biomechanical 
mechanisms. This limits their generalizability, in-
terpretability, and usefulness in personalized care. 
Mechanistic artificial intelligence integrates 
mechanistic models grounded in physics, bio-
mechanics, and biology with data driven machine 
learning. This approach is particularly suited 
to orthopedic diseases because many aspects of 
musculoskeletal physiology are well described by 
physical laws. Bone remodeling follows mechano-
biological principles that can be represented math-
ematically. Joint biomechanics depend on tissue 
geometry, mechanical loading, cartilage compos-
ition, and synovial fluid dynamics. Tendon and 
ligament function follows nonlinear viscoelastic 
properties. Fracture healing is governed by bio-
logical and mechanical processes that progress 
through inflammation, repair, and remodeling 
phases. Mechanistic models capture these pro-
cesses through equations that represent tissue 
mechanics, cellular behavior, material properties, 
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fluid dynamics, metabolic activity, and structural 
adaptation. 
Machine learning enhances mechanistic models 
by estimating unknown parameters, inferring pa-
tient specific states, integrating multimodal data, 
and identifying patterns that improve model ac-
curacy. Combining these approaches results in 
predictive systems that align with biological and 
biomechanical principles while benefiting from 
the adaptability and pattern recognition capabil-
ities of machine learning. Mechanistic AI in ortho-
pedics holds promise for improving diagnosis, 
predicting disease progression, guiding rehabili-
tation, optimizing surgical planning, developing 
personalized implants, and advancing regenera-
tive medicine. 
The multiscale nature of orthopedic diseases 
makes them an ideal domain for mechanistic AI. 
At the molecular level, bone and cartilage tissues 
respond to biochemical signals and hormonal in-
fluences. At the cellular level, osteoblasts, osteo-
clasts, chondrocytes, fibroblasts, and immune 
cells contribute to tissue homeostasis and repair. 
At the tissue level, mechanical loading influences 
remodeling and degeneration. At the organ level, 
joints, bones, and muscles function as integrated 
biomechanical systems. At the whole body level, 
movement patterns, neuromuscular control, and 
behavioral factors affect musculoskeletal health. 
Mechanistic AI unifies these scales within frame-
works that facilitate personalized predictions. 
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As digital health technologies evolve, orthopedic 
care is increasingly supported by wearable sen-
sors, smart implants, three dimensional imaging, 
motion capture systems, and electronic health rec-
ords. These data sources provide rich inputs for 
mechanistic AI frameworks. By integrating mech-
anistic modeling with machine learning, clin-
icians can move beyond descriptive assessments 
toward predictive and explanatory systems that 
optimize patient care. 

Foundations Of Mechanistic AI 
In Musculoskeletal Biology 

Mechanistic AI relies on mathematical representa-
tions of biological and biomechanical processes. In 
orthopedics, these processes include bone remod-
eling, cartilage degradation, synovial fluid flow, 
joint articulation, muscle mechanics, tendon load-
ing, and fracture healing. Many of these processes 
have well established mechanistic bases that can 
be described using differential equations, finite 
element models, constitutive equations, or multi-
scale simulation frameworks. 
Bone follows Wolff’s law, which states that bone 
adapts its structure according to mechanical 
loads. Mechanistic models represent bone remod-
eling as a function of strain energy density, osteob-
last and osteoclast activity, hormonal influences, 
and nutrient supply. These models capture how 
changes in loading during physical activity, injury, 
or disease affect bone density and strength. 
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Cartilage exhibits complex biomechanical behav-
ior including viscoelasticity, fluid flow within the 
extracellular matrix, and depth dependent mech-
anical properties. Mechanistic models describe 
cartilage deformation under loading, nutrient 
diffusion within cartilage, and biochemical pro-
cesses driving degradation in osteoarthritis. 
Muscle function is governed by activation dynam-
ics, force length relationships, force velocity re-
lationships, and energy metabolism. Mechanistic 
models simulate these processes to understand 
muscle performance during movement and re-
habilitation. 
Tendons and ligaments display nonlinear stress 
strain behavior influenced by collagen organiza-
tion and crosslinking. Mechanistic models simu-
late these properties to predict tissue strain and 
the risk of injury. 
Machine learning contributes by analyzing large 
datasets to estimate parameters, identify un-
measured states, and refine model structure. For 
example, machine learning can infer patient spe-
cific loading patterns from gait data, wearable 
sensors, or imaging. These inferred states feed 
into mechanistic models that simulate tissue re-
sponses. Machine learning also integrates diverse 
data including genomics, metabolomics, clinical 
measurements, and patient reported outcomes. 
Mechanistic AI systems can capture nonlinear 
feedback loops. For instance, altered gait due to 
pain affects joint loading, which accelerates car-
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tilage wear, leading to further pain. Mechanistic 
models simulate these loops, and machine learn-
ing identifies patterns that signal transitions in 
disease state. This combination supports early 
intervention and personalized management. 

Mechanistic AI In Osteoarthritis 
Osteoarthritis is a degenerative joint disease 
characterized by progressive cartilage breakdown, 
subchondral bone remodeling, synovial inflam-
mation, and changes in joint biomechanics. It is 
influenced by aging, genetics, mechanical factors, 
metabolic conditions, and injury history. Osteo-
arthritis develops over years or decades, making 
predictive modeling challenging. 
Mechanistic models of osteoarthritis describe 
interactions between cartilage mechanics, bio-
chemical degradation, and cellular responses. 
These models represent collagen fiber damage, 
proteoglycan loss, chondrocyte activity, and fluid 
flow within cartilage. They also incorporate mech-
anical loading from daily activities and joint align-
ment. 
Machine learning can extract imaging features 
from radiographs, MRI, and three dimensional CT 
scans to estimate cartilage thickness, bone shape, 
and joint space width. Deep learning can detect 
early signs of degeneration such as subtle changes 
in cartilage texture or bone morphology. These 
imaging features inform mechanistic models that 
simulate cartilage stress, wear, and degradation 
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under different loading patterns. 
Wearable sensors and gait analysis provide data 
on joint loading during movement. Machine learn-
ing can convert these data into biomechanical 
parameters such as joint reaction forces and 
shear stresses. Mechanistic models then use these 
parameters to simulate how altered loading accel-
erates or slows osteoarthritis progression. 
Mechanistic AI can also evaluate the impact of 
interventions. For example, weight loss reduces 
joint loading. Physical therapy improves muscle 
strength and neuromuscular control. Orthotics 
and braces modify alignment and redistribute 
forces. Mechanistic models simulate how these 
interventions influence cartilage stress and bio-
chemical responses. Machine learning identifies 
patient characteristics associated with positive 
outcomes. This combination enables personalized 
treatment planning. 
Pharmacological treatments such as anti inflam-
matory drugs or disease modifying osteoarth-
ritis drugs can be incorporated into mechanistic 
models that represent biochemical effects on in-
flammatory mediators and cartilage metabolism. 
Machine learning predicts which patients are most 
likely to benefit based on molecular and clinical 
data. 

Mechanistic AI In Bone 
Diseases And Fractures 

Bone diseases such as osteoporosis involve de-
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creased bone mass and deterioration of bone 
microarchitecture. This increases the risk of frac-
tures, which represent major causes of morbidity 
in older adults. Mechanistic AI can improve risk 
prediction, treatment planning, and fracture heal-
ing. 
Mechanistic models of bone remodeling repre-
sent osteoblast and osteoclast activity, mineraliza-
tion, and responses to mechanical loading. These 
models describe how hormonal changes, vitamin 
D levels, diet, and mechanical forces interact to in-
fluence bone density. Finite element models simu-
late bone mechanics under loading to estimate 
fracture risk. 
Machine learning analyzes dual energy X ray ab-
sorptiometry scans, quantitative CT images, and 
clinical data to identify patterns associated with 
low bone density or microstructural deterioration. 
These patterns provide parameters for mechanis-
tic models that simulate bone strength. 
Mechanistic AI can generate patient specific frac-
ture risk predictions. For example, bone density 
data combined with loading patterns derived from 
gait analysis can produce simulations of bone fail-
ure under various scenarios. This goes beyond 
traditional bone density metrics by incorporating 
biomechanics and tissue level properties. 
Fracture healing also benefits from mechanistic 
AI. Healing involves inflammation, soft callus for-
mation, hard callus formation, and remodeling. 
Mechanistic models represent biological processes 
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such as angiogenesis, cellular proliferation, and 
matrix deposition as well as mechanical processes 
such as callus stiffness and stability. 
Machine learning integrates clinical data, imaging, 
and sensor data from smart implants to monitor 
healing progress. These data calibrate mechanistic 
models that predict healing trajectories. Mechan-
istic AI can detect delayed healing or nonunion 
earlier than traditional clinical assessments. It can 
also simulate the effects of weight bearing, fix-
ation techniques, and biological therapies on heal-
ing. 

Mechanistic AI In Spinal Disorders 
Spinal disorders include degenerative disc disease, 
scoliosis, spinal stenosis, vertebral fractures, and 
inflammatory conditions. These disorders affect 
vertebral alignment, disc mechanics, nerve func-
tion, and musculoskeletal stability. 
Mechanistic models of the spine represent disc 
biomechanics, vertebral loading, ligament ten-
sion, muscle forces, and neural structures. These 
models simulate how degeneration alters disc 
height, hydration, and mechanical properties. 
They also describe how changes in spinal curva-
ture affect biomechanics. 
Machine learning can analyze MRI, CT, 
radiographs, and motion data to estimate disc 
health, spinal alignment, and muscle function. 
These parameters feed mechanistic models that 
simulate disease progression. For example, in 
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scoliosis mechanistic models can simulate how 
asymmetric loading influences curvature progres-
sion. Machine learning identifies risk factors for 
rapid progression based on imaging and clinical 
data. 
Mechanistic AI also supports surgical planning. Fi-
nite element models simulate how corrective sur-
geries alter spinal biomechanics. Machine learning 
predicts postoperative outcomes based on patient 
characteristics, implant design, and surgical tech-
nique. Mechanistic AI integrates these predictions 
to optimize surgical strategies and reduce compli-
cations. 
Intervertebral disc regeneration and biologic ther-
apies can be evaluated using mechanistic models 
describing cell behavior, matrix deposition, and 
mechanical stimulation. Machine learning ana-
lyzes laboratory and clinical data to identify 
patients who may respond to regenerative ap-
proaches. 

Mechanistic AI In Tendon 
And Ligament Disorders 

Tendon and ligament injuries are common in 
sports and occupational settings. These tis-
sues exhibit nonlinear viscoelastic properties and 
have limited healing capacity. Mechanistic models 
simulate tendon strain, collagen fiber alignment, 
viscoelastic behavior, and response to loading. 
Machine learning extracts features from ultra-
sound, MRI, and motion capture data to estimate 
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tissue properties such as stiffness and elasticity. 
These estimates calibrate mechanistic models that 
predict injury risk or healing outcomes. 
Mechanistic AI can guide rehabilitation by simu-
lating how different loading regimens influence 
tendon adaptation. Machine learning integrates 
wearable sensor data to track patient adher-
ence and movement patterns. Mechanistic models 
simulate tissue response to rehabilitation exer-
cises, providing personalized recommendations. 
In ligament injuries such as anterior cruciate liga-
ment tears, mechanistic AI can simulate joint sta-
bility under various conditions. Machine learning 
analyzes gait and sports movement data to iden-
tify risk factors for reinjury. These insights guide 
rehabilitation and return to sport decisions. 

Mechanistic AI In Orthopedic 
Surgery And Implant Design 

Orthopedic surgery relies heavily on biomechan-
ics, imaging, and clinical expertise. Mechanistic AI 
can improve preoperative planning, intraoperative 
guidance, and postoperative monitoring. 
Mechanistic models simulate joint mechanics, im-
plant loading, bone remodeling around implants, 
and the stability of fixation devices. These models 
predict how implants will interact with patient 
specific anatomy and loading patterns. 
Machine learning integrates imaging data, surgi-
cal records, and postoperative outcomes to iden-
tify variables that influence surgical success. 
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Mechanistic AI uses these insights to personalize 
implant selection and optimize implant position-
ing. 
In total joint arthroplasty, mechanistic AI can 
simulate wear, implant loosening, and bone re-
modeling around the implant. Machine learning 
predicts failure risk based on patient characteris-
tics and biomechanics. This integrated approach 
improves implant longevity and reduces compli-
cations. 
Robotic assisted surgery can also benefit from 
mechanistic AI. Machine learning provides real 
time feedback from sensors and imaging, while 
mechanistic models ensure that robotic move-
ments remain biomechanically optimal. 

Mechanistic AI In Rehabilitation 
And Movement Analysis 

Rehabilitation is essential for restoring function 
after orthopedic injuries and surgeries. Mechanis-
tic AI can optimize rehabilitation by integrating 
biomechanics with data driven insights. 
Mechanistic models describe musculoskeletal 
dynamics during movement. These models simu-
late muscle activation, joint forces, and tissue 
loading. Machine learning analyzes data from 
wearable sensors, motion capture, and electro-
myography to infer patient specific movement 
patterns. 
The combined framework enables personalized re-
habilitation plans. Mechanistic AI identifies harm-
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ful loading patterns that may impede recovery. It 
simulates how corrective exercises influence bio-
mechanics and tissue healing. Machine learning 
tracks progress and adapts recommendations in 
real time. 
Mechanistic AI can also support fall risk prediction 
and balance training by analyzing gait stability 
and postural control. 

Digital Twins In Ortho-
pedic Medicine 

A digital twin in orthopedics is a computational 
replica of a patient’s musculoskeletal system. 
Mechanistic AI enables the construction of digital 
twins that integrate imaging, biomechanics, sen-
sor data, and clinical records. 
Digital twins can simulate disease progression, 
surgical outcomes, and rehabilitation response. 
For example, a digital twin of a knee joint can 
simulate cartilage wear under different gait pat-
terns. A spinal digital twin can evaluate curvature 
progression in scoliosis. A bone digital twin can 
simulate fracture risk and healing. 
Digital twins evolve as new data such as imaging 
or wearable sensor data are incorporated. Mechan-
istic AI interprets these data within the context 
of biomechanical and biological models. This con-
tinuous updating allows personalized monitoring 
and intervention. 
Digital twins can also improve clinical trials by al-
lowing virtual testing of therapies. 
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Challenges And Future Directions 
Mechanistic AI in orthopedic diseases faces sev-
eral challenges. One challenge is data integration 
across imaging, biomechanics, genomics, and clin-
ical records. Standardized data formats and inter-
operable systems are needed. 
Another challenge is parameter estimation in 
complex mechanistic models. Many biomechan-
ical and biological parameters vary among in-
dividuals. Machine learning helps estimate these 
parameters but requires large high quality data-
sets. 
Computational complexity is also a concern. Finite 
element models and multiscale simulations can be 
computationally intensive, limiting real time ap-
plications. Advances in computing and model re-
duction techniques are needed. 
Ethical considerations include data privacy, trans-
parency of algorithms, and ensuring equitable ac-
cess to technology. 
Future directions include integration of multiom-
ics data, smart implants with real time sensing, 
advanced imaging modalities, and personalized 
regenerative therapies. Mechanistic AI will likely 
expand into sports science, occupational health, 
and preventive orthopedics. 
As mechanistic AI evolves, it has the poten-
tial to transform orthopedic care by providing 
biologically grounded, personalized, and predict-
ive models that support diagnosis, treatment, re-
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habilitation, and long term management.
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9. MECHANISTIC AI IN 
OPHTHALMIC DISEASES 

Background
Artificial intelligence has rapidly transformed 
ophthalmology, particularly through deep learn-
ing applications in imaging‑based diagnosis and 
screening. Although conventional AI systems 
achieve high predictive accuracy, they are pre-
dominantly correlational and often function as 
black boxes. Mechanistic artificial intelligence rep-
resents an important evolution in the field, aiming 
to integrate data‑driven learning with established 
biological, physiological, and physical models. For 
ophthalmology, a specialty deeply rooted in struc-
ture–function relationships, mechanistic AI offers 
a framework that helps explain not only what 
disease is present, but also why it occurs and 
how it progresses. Ophthalmic diseases encom-
pass a wide spectrum of conditions affecting the 
eye and visual system, including disorders of the 
cornea, lens, retina, optic nerve, ocular surface, 
extraocular muscles, vasculature, and the neural 
pathways responsible for vision. These diseases in-
clude refractive errors, cataracts, glaucoma, age re-
lated macular degeneration, diabetic retinopathy, 
uveitis, inherited retinal disorders, retinal vascu-
lar diseases, ocular trauma, and neuro ophthal-
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mic conditions. Visual impairment and blindness 
represent major global health burdens and are 
among the leading causes of disability worldwide. 
As populations age and chronic diseases become 
more prevalent, the incidence of ophthalmic dis-
orders continues to rise. Early detection and per-
sonalized management are crucial for preserving 
visual function, preventing irreversible damage, 
and improving quality of life.

Traditional clinical decision making in ophthal-
mology relies on examinations using slit lamp 
imaging, fundus photography, optical coherence 
tomography, perimetry, ultrasound, angiography, 
visual acuity tests, and detailed patient histor-
ies. While these tools allow clinicians to detect 
abnormalities, ophthalmic diseases often progress 
through complex interactions between cellular 
biology, microvascular dynamics, biomechanics, 
neural degeneration, and metabolic processes. The 
eye is one of the most biologically and mechan-
ically intricate organs in the human body. Small 
deviations in pressure, fluid dynamics, retinal me-
tabolism, or neural pathways can lead to struc-
tural changes and functional deficits. Traditional 
statistical models and conventional AI techniques, 
although helpful in classification and image rec-
ognition, often lack the ability to capture causal 
processes and multiscale interactions underlying 
ophthalmic pathology.

Mechanistic artificial intelligence integrates 
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mechanistic models rooted in physiology, phys-
ics, biomechanics, and disease biology with ma-
chine learning models that extract patterns from 
data. This hybrid paradigm is well suited for 
ophthalmology because the eye’s anatomy, optical 
properties, fluid dynamics, tissue biomechanics, 
neural responses, and molecular processes are 
well described through mathematical formula-
tions. Mechanistic models can represent aqueous 
humor flow, retinal oxygenation, optical aber-
rations, phototransduction, neurovascular coup-
ling, inflammatory cascades, extracellular matrix 
turnover, and biomechanical behavior of ocular 
tissues. Machine learning enhances these models 
by learning parameters from imaging, genomics, 
electrophysiology, and clinical measurements, en-
abling patient specific simulation and prediction.

The advantages of mechanistic AI in ophthal-
mology include improved transparency, explain-
ability, better generalization beyond the training 
dataset, and the ability to make predictions based 
on biological principles rather than correlations. 
It enables personalized modeling of disease trajec-
tories and treatment responses, which is critical in 
conditions such as glaucoma where optimal target 
pressure varies among patients, or macular degen-
eration where anti vascular endothelial growth 
factor treatment response differs substantially be-
tween individuals. Mechanistic AI contributes to 
early detection, risk prediction, optimized therapy 
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schedules, drug development, surgical planning, 
and digital twins of the eye and visual system.

The rest of this chapter expands on the prin-
ciples, foundations, and applications of mechan-
istic AI across major ophthalmic disease categor-
ies, including glaucoma, retinal diseases, corneal 
and ocular surface disorders, cataracts, ocular bio-
mechanics, neuro ophthalmology, and pediatric 
ophthalmic conditions. It also explores challenges, 
opportunities, and future directions in integrating 
mechanistic modeling with machine learning for 
superior ophthalmic care and research.

Foundations Of Mechanistic 
AI In Ocular Physiology 

And Vision Science
Mechanistic AI combines machine learning with 
explicit representations of underlying mechan-
isms. These mechanisms may include biochemical 
pathways, cellular interactions, tissue biomechan-
ics, fluid dynamics, or neural signal processing. In-
stead of replacing mechanistic models, AI is used 
to estimate unknown parameters, learn residual 
behaviors, or adapt mechanistic formulations to 
patient‑specific data. Unlike purely data‑driven 
approaches, mechanistic AI is grounded in caus-
ality. For example, rather than directly predicting 
glaucoma progression from optic disc images, a 
mechanistic AI model may incorporate intraocu-
lar pressure dynamics, lamina cribrosa biomech-
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anics, axonal transport disruption, and retinal 
ganglion cell loss. This hybrid structure allows 
predictions to be interpreted in terms of known 
disease processes.

Mechanistic models in ophthalmology rely on 
mathematical representations of the biological, 
optical, biomechanical, and neurophysiological 
processes that govern eye structure and function. 
These models describe how light interacts with 
ocular tissues, how fluids circulate within the eye, 
how mechanical forces act on tissues, and how 
neural circuits process visual information. Inte-
grating these mechanistic models with machine 
learning enables development of predictive tools 
that combine biological insight with data driven 
adaptability.

The eye is governed by several key physiological 
systems. The optical system includes the cornea, 
lens, aqueous humor, and vitreous body. Mech-
anistic models describe how refractive surfaces 
bend light, how the corneal curvature and lens 
shape determine aberrations, and how age related 
changes such as lens stiffening affect accommoda-
tion. Ray tracing models simulate optical perform-
ance, while biomechanical models of the cornea 
and lens capture tissue deformation under intra-
ocular pressure or external stimuli.

The aqueous humor circulation system regulates 
intraocular pressure and nutrient supply to avas-
cular tissues. Mechanistic models represent aque-
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ous humor production, trabecular outflow, uveo-
scleral outflow, and episcleral venous pressure. 
These models simulate how changes in outflow re-
sistance lead to intraocular pressure elevation and 
optic nerve damage in glaucoma.

The retina and choroid involve neurovascular 
interactions, phototransduction, synaptic trans-
mission, and metabolic activity. Mechanistic 
models describe photoreceptor dynamics, oxygen 
diffusion, vascular autoregulation, and retinal pig-
ment epithelium functions. Retinal diseases often 
stem from dysregulation of these processes, mak-
ing mechanistic modeling essential.

Machine learning complements mechanistic mod-
eling by learning unknown parameters and in-
tegrating multimodal data. For example, deep 
learning can extract quantitative biomarkers from 
optical coherence tomography and angiography, 
providing estimates of retinal layer thickness, vas-
cular density, or optic nerve head deformation. 
These data calibrate mechanistic models that 
simulate disease progression. Machine learning 
also uncovers hidden patterns in genomics, pro-
teomics, and metabolomics that can refine mech-
anistic equations related to inflammation, oxida-
tive stress, or angiogenesis.

Mechanistic AI systems can capture feedback 
loops. For instance, elevated intraocular pressure 
leads to optic nerve head deformation, which im-
pairs axonal transport and causes retinal ganglion 

NEDA GORJIZADEH

156

cell death. This neural loss alters neurovascular 
interactions and influences retinal metabolism. 
Mechanistic models describe these interactions, 
while machine learning identifies patient specific 
risk patterns.

Mechanistic AI supports real time decision making 
by linking dynamic processes such as fluid flow, 
tissue mechanics, and neural activity with longi-
tudinal patient data. As new imaging or sensor 
data become available, machine learning updates 
state estimates and parameters, enabling adaptive 
prediction. This integration lays the foundation 
for digital twins of the eye, which continuously 
evolve and provide personalized insights.

Multiscale Origins Of 
Ophthalmic Disease

Ophthalmic diseases typically arise from inter-
actions occurring across multiple biological scales. 
Mechanistic AI is particularly well suited for mod-
eling these multiscale processes.

Molecular And Genetic Mechanisms
At the molecular level, many eye diseases stem 
from genetic mutations, altered protein expres-
sion, and dysregulated signaling pathways. Ex-
amples include mutations in MYOC and OPTN 
in glaucoma, ABCA4 in inherited retinal dystro-
phies, and complement pathway dysregulation in 
age‑related macular degeneration. These molecu-
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lar abnormalities can initiate cascades of oxidative 
stress, inflammation, and metabolic dysfunction.

Mechanistic AI can incorporate gene regulatory 
networks and biochemical kinetics to model 
how molecular perturbations translate into cellu-
lar damage over time. Such models are valuable 
for understanding disease susceptibility and early 
pathogenesis, often before clinical signs become 
detectable.

Cellular And Tissue Level 
Pathophysiology

Cellular mechanisms such as apoptosis of retinal 
ganglion cells, dysfunction of the retinal pigment 
epithelium, pericyte loss in diabetic retinopathy, 
and endothelial cell activation are central to dis-
ease progression. At the tissue level, changes 
in extracellular matrix composition, basement 
membrane thickening, and altered biomechanical 
properties contribute to structural remodeling.

By integrating imaging data such as optical co-
herence tomography or OCT angiography with 
biophysical models, mechanistic AI can link ob-
served structural changes to underlying tissue 
stress, deformation, or ischemia. This approach 
improves understanding of structure–function re-
lationships and explains variability in disease pro-
gression among patients.

System Level And Neural 
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Mechanisms
Visual dysfunction often reflects system‑level pro-
cesses that extend beyond localized tissue damage. 
Retinal signal processing, optic nerve conduction, 
and cortical adaptation all influence functional 
outcomes. In conditions such as advanced glau-
coma or optic neuropathies, functional loss may 
exceed what structural damage alone would pre-
dict.

Mechanistic AI can integrate computational 
models of retinal circuits and neural pathways 
with clinical data, enabling differentiation be-
tween primary ocular pathology and secondary 
neural plasticity. This is particularly relevant for 
understanding visual field loss and the potential 
for recovery.

Disease Specific Examples
In glaucoma, mechanistic AI models integrate 
pressure‑related stress, optic nerve head bio-
mechanics, vascular factors, and neurodegenera-
tive pathways. These models help distinguish 
pressure‑dependent from pressure‑independent 
mechanisms and support personalized thera-
peutic strategies. In diabetic retinopathy, mechan-
istic AI links systemic metabolic dysregulation to 
retinal microvascular damage by modeling blood 
flow, oxygen diffusion, inflammation, and vascu-
lar endothelial growth factor signaling. This pro-
vides a more mechanistic interpretation of disease 

MECHANISTIC AI IN MEDICINE: DISCOVERY OF MECHAN...

159



severity and treatment response. In age‑related 
macular degeneration, long‑term interactions 
among lipid metabolism, oxidative stress, comple-
ment activation, and retinal pigment epithelium 
dysfunction can be simulated with mechanistic 
AI, offering insight into disease initiation and pro-
gression over many years.

Advantages And Limitations
The principal advantage of mechanistic AI is its 
interpretability and causal grounding. By embed-
ding biological knowledge, these models improve 
generalizability, reduce reliance on large labeled 
datasets, and align more closely with clinical 
reasoning. However, limitations include incom-
plete mechanistic understanding, challenges in 
parameter estimation, and increased computa-
tional demands.

Conclusion
Mechanistic AI represents a significant shift in 
ophthalmology, moving the field from descriptive 
pattern recognition toward causal understanding 
of disease mechanisms and origins. By integrating 
biological principles with advanced AI methods, 
mechanistic AI provides a powerful tool for elu-
cidating ophthalmic disease pathophysiology and 
advancing precision medicine in clinical practice.
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Mechanistic AI In Emergency 
Medicine: Discovering Mechanisms 

And Origins Of Disease In The 
Emergency Department 

Mechanistic artificial intelligence integrates data‑
driven learning with explicit representations of 
physiology, pathophysiology, or population‑based 
dynamics. Unlike black box models, mechanistic 
AI encodes established scientific knowledge dir-
ectly into the structural components of learning 
systems. These hybrid models are more data effi-
cient, physiologically consistent, and particularly 
suitable for emergency medicine because they 
can generate interpretable and causal hypotheses 
about the mechanisms underlying acute disease 
presentations. 
Emergency departments represent a unique and 
challenging environment for mechanistic AI. Pa-
tients arrive with diverse medical histories, vari-
able triage data, rapidly evolving physiology, and 
an urgent need for potentially life‑saving interven-
tions. Traditional predictive models may estimate 
the risk of deterioration but often fail to explain 
why a patient is worsening or which underlying 
mechanisms are driving instability. Mechanistic 

10. MECHANISTIC AI IN 
OTHER DISEASES 

162

AI helps bridge this gap by linking predictions to 
physiological processes. 
Sepsis is a well‑studied target for artificial intelli-
gence because it is time sensitive and pathophysio-
logically complex. Conventional AI models in 
emergency triage can estimate sepsis risk. Mech-
anistic AI extends this capability by modeling key 
pathophysiologic processes, such as hypovolemia 
or endothelial dysfunction, to inform differential 
resuscitation strategies. For example, it may sup-
port decisions between a fluid‑first approach, early 
vasopressor initiation, or prompt source control, 
depending on the dominant mechanism of shock. 
We propose several potential applications of 
mechanistic AI tailored to the emergency depart-
ment setting. 
1. Real Time Mechanistic Triage Digital Twin. 
A rapid, patient‑specific digital twin could inte-
grate triage data, initial diagnostic tests, and clin-
ician notes. A physics informed neural network 
or neural ordinary differential equation lumped 
parameter model could infer latent physiological 
variables such as preload, systemic vascular resist-
ance, cardiac output, and intrapulmonary shunt 
fraction. The emergency clinician would view not 
only a risk score but also a mechanistically clas-
sified profile, for example identifying a patient 
with predominantly low systemic vascular resist-
ance who would benefit from early vasopressor 
initiation, with estimated volume responsiveness 
of 10 percent. The system could also present 
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counterfactual scenarios, such as projected clin-
ical trajectories after administration of 1000 mL 
of crystalloid compared with initiation of norepin-
ephrine at 10 micrograms per minute. This ap-
proach would support more targeted and mechan-
ism‑guided resuscitation.
2. Mechanism Aware Over Triage Management. 
Many emergency departments experience alert 
fatigue and inefficient resource utilization. Mech-
anistic AI could classify incoming cases according 
to the underlying emergency mechanism, such as 
rapidly progressive septic shock versus compen-
sated heart failure. Emergency department proto-
cols could then prioritize physician evaluation, dy-
namically allocate beds, and suggest tailored order 
sets based on mechanistic risk rather than solely 
on symptom severity.

Mechanistic AI in Auto-
immune Diseases

Background

Autoimmune diseases comprise a diverse group 
of disorders in which the immune system mis-
takenly recognizes components of the body’s 
own tissues as foreign and mounts an im-
mune response against them. These diseases 
affect millions of individuals worldwide and in-
clude conditions such as rheumatoid arthritis, 
systemic lupus erythematosus, multiple sclerosis, 
type 1 diabetes, psoriasis, inflammatory bowel 
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disease, autoimmune thyroid disorders, and sys-
temic sclerosis. Although each disease manifests 
in different organs and tissues, they share fun-
damental immunological mechanisms including 
loss of immune tolerance, chronic inflammation, 
autoantibody production, dysregulated cytokine 
signaling, and tissue destruction. The complexity 
of autoimmune diseases arises from interactions 
between genetic predisposition, environmental 
exposures, microbial influences, epigenetic regu-
lation, metabolic states, and immune network 
dynamics.
Traditional clinical approaches to autoimmune 
diseases rely on clinical examination, laboratory 
biomarkers, imaging, and histopathological find-
ings to diagnose and monitor disease progression. 
Therapeutic strategies often include immunosup-
pressive medications, biologic therapies targeting 
specific cytokines or immune cells, and supportive 
treatments aimed at controlling symptoms and 
preventing organ damage. However, autoimmune 
diseases frequently follow unpredictable courses 
characterized by flare ups and remission phases. 
Patients with the same diagnosis can exhibit 
dramatically different disease trajectories, organ 
involvement patterns, and treatment responses. 
This heterogeneity makes accurate prediction and 
personalized therapy difficult.
Artificial intelligence has increasingly been ap-
plied to autoimmune disease research and clin-
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ical care. Machine learning models analyze elec-
tronic health records, genetic data, imaging stud-
ies, and laboratory results to identify diagnostic 
patterns, predict treatment responses, and stratify 
patient populations. Deep learning models have 
demonstrated strong performance in recognizing 
radiologic features of inflammatory arthritis, de-
tecting inflammatory bowel disease from endos-
copy images, and predicting disease flares from 
clinical data streams. Despite these successes, con-
ventional artificial intelligence systems typically 
rely on correlations within datasets rather than 
explicit representations of biological mechanisms. 
Many models function as black boxes that provide 
predictions without explaining how underlying 
biological processes drive the results. This limita-
tion reduces trust in clinical settings and restricts 
the ability to generate mechanistic insights that 
could guide therapeutic innovation.
Mechanistic artificial intelligence offers a prom-
ising framework for addressing these limitations 
by integrating mechanistic models of biological 
processes with machine learning algorithms. 
Mechanistic models describe the causal relation-
ships that govern immune responses, including 
cellular signaling pathways, cytokine networks, 
antigen presentation, immune cell migration, and 
tissue specific immune interactions. These models 
often rely on mathematical formulations such as 
differential equations, agent based simulations, or 
network models that represent the dynamics of 
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immune systems across molecular, cellular, and 
tissue scales. Machine learning methods com-
plement these models by estimating unknown 
parameters, learning patterns from complex data-
sets, and refining predictions based on real world 
observations.
The integration of mechanistic modeling and 
artificial intelligence is particularly suitable for 
autoimmune diseases because immune systems 
operate through complex feedback loops and 
multiscale interactions. For example, autoreactive 
T cells may trigger cytokine cascades that recruit 
additional immune cells and amplify inflamma-
tion. Tissue damage releases additional autoanti-
gens that further stimulate immune responses. 
Regulatory pathways attempt to suppress these 
responses but may fail due to genetic or environ-
mental influences. Mechanistic models can repre-
sent these causal pathways explicitly, while ma-
chine learning algorithms analyze large biological 
datasets to identify patient specific variations in 
immune regulation.
Mechanistic AI can help explain why certain pa-
tients respond to targeted therapies while others 
do not, identify early biomarkers of disease onset, 
simulate immune responses under different thera-
peutic scenarios, and support development of pre-
cision medicine strategies. By linking mechan-
istic knowledge with data driven learning, this 
approach provides both predictive accuracy and 

MECHANISTIC AI IN MEDICINE: DISCOVERY OF MECHAN...

167



biological interpretability, which are essential for 
complex immunological disorders.

Foundations Of Mechanistic AI 
In Immune System Modeling

The immune system is composed of numerous 
interacting components including innate immune 
cells, adaptive immune cells, signaling molecules, 
regulatory pathways, and tissue specific micro-
environments. Mechanistic modeling of immune 
processes has a long history in systems biology 
and immunology. Mathematical frameworks have 
been developed to represent antigen recognition, 
lymphocyte activation, cytokine signaling net-
works, immune cell proliferation, apoptosis, and 
migration between tissues. These models provide 
insights into how immune responses emerge from 
interactions between diverse biological compo-
nents.
Mechanistic AI builds upon these frameworks 
by combining them with machine learning 
techniques that extract information from high 
dimensional biological datasets. Modern biomed-
ical research generates massive amounts of data 
including genomic sequences, transcriptomic pro-
files, proteomic measurements, metabolomic sig-
natures, and single cell sequencing results. In 
autoimmune diseases these datasets reveal com-
plex patterns of immune dysregulation that vary 
among individuals. Machine learning algorithms 
analyze these datasets to identify relationships 
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that may not be evident through traditional statis-
tical approaches.
In mechanistic AI systems, machine learning 
methods often serve several important roles. 
One role is parameter estimation. Mechanistic 
models frequently contain numerous parameters 
such as reaction rates, binding affinities, cellu-
lar activation thresholds, and migration speeds. 
Many of these parameters vary between individ-
uals and are difficult to measure directly. Machine 
learning algorithms can infer these values from 
experimental and clinical data, allowing mechan-
istic models to represent patient specific immune 
dynamics.
Another role involves state estimation. Some bio-
logical variables such as concentrations of signal-
ing molecules within tissues or activation states of 
immune cells cannot be directly observed in clin-
ical settings. Machine learning models can infer 
these hidden states from observable data such 
as blood biomarkers or imaging findings. These 
estimates are then integrated into mechanistic 
models to produce more accurate simulations.
Machine learning can also improve mechanistic 
models by identifying missing interactions or 
nonlinear relationships within immune networks. 
For instance, if mechanistic equations fail to cap-
ture observed clinical patterns, machine learning 
can detect additional features that may represent 
previously unrecognized regulatory mechanisms. 
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These discoveries can guide refinement of bio-
logical hypotheses and experimental research.
Mechanistic AI models are often organized across 
multiple biological scales. At the molecular level 
they describe gene regulation and intracellular 
signaling pathways. At the cellular level they rep-
resent interactions between immune cells such as 
T lymphocytes, B cells, dendritic cells, and macro-
phages. At the tissue level they capture inflamma-
tion within organs such as joints, skin, intestines, 
or the central nervous system. At the systemic 
level they simulate immune cell circulation and 
interactions between organs. Integrating these 
scales allows mechanistic AI systems to capture 
the full complexity of autoimmune diseases.

Mechanistic AI In 
Rheumatoid Arthritis

Rheumatoid arthritis is a chronic autoimmune 
disease characterized by persistent inflammation 
of synovial joints, leading to cartilage destruction, 
bone erosion, pain, and functional disability. The 
disease involves complex interactions between im-
mune cells, synovial fibroblasts, cytokines, and 
structural tissues within joints. Key mediators in-
clude tumor necrosis factor, interleukin six, inter-
leukin one, and various chemokines that recruit 
inflammatory cells.
Mechanistic models of rheumatoid arthritis often 
focus on cytokine signaling networks and im-

NEDA GORJIZADEH

170

mune cell interactions within the synovial envir-
onment. Differential equation models represent 
how immune cells proliferate, secrete inflamma-
tory mediators, and recruit additional cells to in-
flamed tissues. These models simulate feedback 
loops that sustain chronic inflammation.
Machine learning contributes by analyzing pa-
tient level data such as gene expression profiles, 
synovial biopsy results, imaging studies, and clin-
ical outcomes. These analyses reveal molecular 
subtypes of rheumatoid arthritis that correspond 
to different immune pathways. Mechanistic AI 
combines these insights with mechanistic models 
to simulate disease progression for individual pa-
tients.
For example, machine learning may identify pa-
tients with high activity in the tumor necrosis 
factor signaling pathway. Mechanistic models can 
simulate how blocking this pathway with biologic 
drugs affects inflammatory dynamics and tissue 
damage. The integrated model can predict treat-
ment response, optimal dosing schedules, and po-
tential relapse risk.
Mechanistic AI also supports early diagnosis by 
identifying patterns that precede clinical dis-
ease onset. Autoantibodies and inflammatory bio-
markers often appear years before symptoms de-
velop. Mechanistic models simulate how immune 
tolerance breaks down over time, while machine 
learning detects early biomarker combinations as-
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sociated with progression to clinical arthritis.

Mechanistic AI In Systemic 
Lupus Erythematosus

Systemic lupus erythematosus is a complex 
autoimmune disease characterized by produc-
tion of autoantibodies against nuclear compo-
nents, immune complex deposition, complement 
activation, and inflammation affecting multiple 
organs including kidneys, skin, joints, and the 
nervous system. The disease exhibits remarkable 
heterogeneity, with symptoms ranging from mild 
skin rashes to severe organ damage.
Mechanistic models of lupus often focus on B 
cell activation, autoantibody production, immune 
complex formation, and complement system 
dynamics. These models describe how self anti-
gens stimulate B cells and T helper cells, leading 
to generation of autoantibodies that bind nuclear 
material released from dying cells. Immune com-
plexes formed by these interactions trigger in-
flammatory cascades and tissue injury.
Machine learning analyzes large datasets includ-
ing genomic risk variants, transcriptomic signa-
tures, and proteomic profiles from patients with 
lupus. These analyses identify molecular signa-
tures such as interferon pathway activation that 
play central roles in disease pathogenesis. Mechan-
istic AI integrates these molecular signatures into 
models that simulate immune responses in differ-
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ent organs.
In lupus nephritis, mechanistic models describe 
immune complex deposition within kidney glom-
eruli and resulting inflammatory responses. Ma-
chine learning analyzes kidney biopsy images and 
laboratory data to estimate disease severity and 
predict progression. Combining these elements al-
lows simulation of kidney inflammation under 
different therapeutic strategies.
Mechanistic AI may also help explain why cer-
tain therapies such as interferon inhibitors benefit 
only subsets of patients. By simulating immune 
network dynamics in individuals with different 
molecular profiles, these models can identify pa-
tient groups most likely to respond to specific 
interventions.

Mechanistic AI In Multiple Sclerosis

Multiple sclerosis is an autoimmune disease of the 
central nervous system characterized by immune 
mediated destruction of myelin sheaths surround-
ing nerve fibers. The disease leads to neurological 
symptoms including visual disturbances, motor 
weakness, sensory deficits, and cognitive impair-
ment. Immune cells infiltrate the brain and spinal 
cord, causing inflammation, demyelination, and 
neurodegeneration.
Mechanistic models of multiple sclerosis describe 
interactions between T cells, B cells, microglia, 
and oligodendrocytes within the central nervous 
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system. These models simulate how autoreactive 
lymphocytes cross the blood brain barrier, trigger 
inflammatory responses, and damage myelin pro-
ducing cells. They also represent processes of re-
myelination and neurodegeneration.
Machine learning contributes by analyzing brain 
imaging data such as magnetic resonance im-
aging, which reveals lesions associated with de-
myelination. Deep learning models detect subtle 
imaging patterns that indicate early disease activ-
ity. Mechanistic AI integrates these imaging fea-
tures with immune system models to simulate dis-
ease progression.
These integrated models can predict relapse prob-
ability, progression to secondary progressive dis-
ease, and response to disease modifying therapies. 
Mechanistic simulations also help evaluate poten-
tial therapies aimed at promoting remyelination 
or reducing neuroinflammation.

Mechanistic AI In Inflammatory 
Bowel Disease

Inflammatory bowel disease includes Crohn dis-
ease and ulcerative colitis, which involve chronic 
inflammation of the gastrointestinal tract. These 
diseases arise from interactions between genetic 
susceptibility, immune dysregulation, gut micro-
biota composition, and environmental factors.
Mechanistic models of inflammatory bowel dis-
ease represent immune responses within intes-

NEDA GORJIZADEH

174

tinal tissues, including interactions between epi-
thelial cells, dendritic cells, macrophages, and T 
lymphocytes. These models also capture effects of 
microbial metabolites and microbial community 
structure on immune activation.
Machine learning analyzes microbiome sequen-
cing data, dietary patterns, metabolomic profiles, 
and clinical outcomes. These analyses identify mi-
crobial signatures associated with disease activ-
ity. Mechanistic AI integrates microbial dynamics 
with immune response models to simulate intes-
tinal inflammation.
This approach can predict disease flares, evaluate 
the effects of dietary interventions, and optimize 
treatment strategies including biologic therapies 
targeting tumor necrosis factor or integrin path-
ways.

Digital Twins And Person-
alized Immunology

One of the most promising applications of mech-
anistic AI in autoimmune diseases is the develop-
ment of digital twins of the immune system. A 
digital twin is a computational representation of 
an individual patient that integrates clinical data, 
molecular profiles, and mechanistic models to 
simulate disease behavior over time.
In autoimmune diseases, a digital twin may in-
clude models of immune cell dynamics, cytokine 
signaling pathways, genetic risk factors, and tis-
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sue specific inflammation. Machine learning con-
tinuously updates model parameters using new 
data such as laboratory tests, imaging studies, and 
wearable sensor data.
Clinicians can use digital twins to simulate treat-
ment scenarios and predict outcomes before im-
plementing therapies in real patients. For example, 
a digital twin could simulate how a patient with 
rheumatoid arthritis might respond to different 
biologic therapies or how changes in medication 
dosage could influence disease activity.
Digital twins could also assist in drug devel-
opment by enabling virtual clinical trials. Re-
searchers can simulate treatment responses in 
large populations of digital patients, reducing 
costs and accelerating development of new ther-
apies.

Challenges And Future Directions

Despite its promise, mechanistic AI in auto-
immune diseases faces several challenges. High 
quality longitudinal datasets are needed to ac-
curately train and validate models. Integrating 
diverse data types such as genomics, imaging, 
and clinical records remains technically complex. 
Mechanistic models of immune systems are inher-
ently complicated and require careful calibration 
to ensure biological realism.
Computational demands may also be substantial, 
particularly when modeling immune dynamics 
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across multiple organs and molecular pathways. 
Advances in computational methods and high per-
formance computing will help address these chal-
lenges.
Ethical considerations include protecting patient 
privacy, ensuring transparency of algorithms, and 
avoiding biases that may arise from incomplete 
datasets.
Future research will likely focus on integrating 
single cell sequencing, spatial transcriptomics, 
microbiome data, and wearable health monitoring 
with mechanistic immune models. Such integra-
tion will enable deeper understanding of immune 
dysregulation and more accurate prediction of dis-
ease trajectories.
Mechanistic AI represents a powerful approach for 
studying autoimmune diseases because it bridges 
data driven analytics with biologically grounded 
modeling. By capturing causal mechanisms 
underlying immune dysfunction, this approach 
has the potential to transform diagnosis, treat-
ment selection, and long term disease manage-
ment, ultimately advancing the goal of precision 
immunology.
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