Creating Personalised
Neuromedicine Using Artificial
Intelligence and Brain Modelling

Dalton A R Sakthivadivel

Biomedical Engineering
Renaissance School of Medicine
Stony Brook University



Disclosures

* | have no relevant financial relationships with commercial interests
to disclose.



What is personalised medicine?

* Quantitative, modelling driven insights for a patient’s unique
condition
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Figure 1. Schematic of a personalised medicine pipeline. 9 — {81’ . Hn}



What is personalised medicine?

* Quantitative, modelling driven insights for a patient’s unique
condition

* Explanation — inferred relationships
* Prediction — model output

e Uses simulations, informatics, and other data analysis



Why personalised medicine?

* Psychiatry and neurology are primarily phenomenological



Current state of the art in neurological and psychiatric medicine:

* Causes of symptoms and pathologies are poorly understood

* Inference (observable - disorder)

* Therapeutics of insufficient quality



Why personalised medicine?

* Psychiatry and neurology are primarily phenomenological

* Computational modelling provides mechanistic insights



The brain is poorly understood, but modelling helps

* Theory building in neuroscience

* Circuit models (anomaly detection)

* Multiscale models (whole-brain simulation)
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Figure 2. Circuit models of cortical dynamics. Reproduced
from Mujica-Parodi and Strey, 2020.



The brain is poorly understood, but modelling helps us understand

* Theory building in neuroscience

* Circuit models (anomaly detection)

* Multiscale models (whole-brain simulation)
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Figures 3. Circuit models of cortical dynamics.
Reproduced from An et al, 2019.

Target nodes

left-cerebellum-cortex (35)
ctx-rh-fusiform (55)
ctx-Ih-lingual (12)

Target nodes

ctx-rh-fusiform (55)
ctx-lh-inferiortemporal (8)
ctx-lh-fusiform (6)

Target edges

left-cerebellum-cortex (35) — ctx-lh-fusiform (6)
ctx-rh-fusiform (55) - ctx-rh-inferiortemporal (57)
left-cerebellum-cortex (35) - ctx-lh-inferiortemporal (8)
left-cerebellum-cortex (35) — ctx-lh-lateraloccipital (10)
ctx-rh-fusiform (55) — right-hippocampus (47)
left-cerebellum-cortex (35) - ctx-lh-parahippocampal (15)
ctx-rh-fusiform (55) - ctx-rh-lateraloccipital (59)
ctx-lh-lingual (12) - ctx-lh-fusiform (6)

Target edges

ctx-rh-fusiform (55) - ctx-rh-inferiortemporal (57)
ctx-lh-inferiortemporal (8) - ctx-lh-middletemporal (14)
ctx-rh-fusiform (55) - right-hippocampus (47)
ctx-rh-fusiform (55) - ctx-rh-lateraloccipital (59)
ctx-lh-fusiform (6) - left-hippocampus (40)
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Application of ML

* Models have parameters

* In general:

% = f(x,6)

with 6 = {04, ...0,} a set of parameters.
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Application of ML

* Models have parameters
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Application of ML

e Parameter inference
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What can we find?

* Diagnosis, treatment, and prognosis options
 Specific, physical signatures of a disorder
* Mechanistic understanding of how they relate

* Molecular or genetic correlates of behavioural disorder (multiscale
models)
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A big guestion

* Brain ageing is notoriously difficult to diagnose, and to stop
* The success of ML in informing models of diseases shows promise

* Looking forward, a model of age-related cognitive decline can shed
much needed light on dementia and the ageing process
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Get in touch!

* dalton.sakthivadivel@stonybrook.edu

e @DaltonSakthi
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