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How Artificial Intelligence
changes medicine
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http://www.google.com/search?q=Wlodzislaw+Duch

Al and brains.

Al in medicine.

Al in science.

Stateof-the-art.

LMM agents; new intelligent digital beindgs

SIS N =

ChatGPT << Al. Over 1000 papers irgttxe/.cs.ain one week!
We see only the tip of the iceberg. HAI Report (Stanford) 4/2025, 455 pages.

There is not much sense talking aboutAlhere are hundreds of different systems.

My ElipboardAl news, presentations ak@ my web paggjust search foWlodzislawDuch
YouTube recordingf the annual lecture for thénternational Neural Network Society



https://arxiv.org/list/cs.AI/pastweek?skip=344&show=25
https://flipboard.com/@Wlodzislaw
https://is.umk.pl/~duch/ref.html
https://www.inns.org/webinar-series
https://www.inns.org/

Al vs brains,
similarities and differences
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op/sec, GPU, TPU, NU
Nano LLMs in phones.
Photonic computers.
Neuromorphic computers.

Info

Artificial/Computational Intelligence
Machine Learning, Neural Networks


https://www.youtube.com/watch?time_continue=98&v=V1D4FPNnoig

Brain® huge neural network

Brains® 100 bin neurons (18), connected by 100 trillion synapses {3@nd biesupport.
Lifetime of trainingjnternalizinginformation about the world, constructing model of self.
Brain structure => function I»eurodeterminism

Learning neuronscount spikessynaptic connections form according to the Hebb principle:
neurons that fire together wire togetherin Al we call it embedding, tokens => parameters.

Effortless activityperception, memory, associations, emotional reactions, control of movement.
Foundation model based on years of our experience, automatic (Systéahhemai

Associative memory may guide cognition, reasoning requires search (System 2, Kahneman).
Associationism dominated psychology since John Locke (1690), but it is not the whole story.



https://en.wikipedia.org/wiki/Daniel_Kahneman

CreatingLLM/LMM:information compression
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Training>10 000 GEext 12 days of works000 GPU V10nits

2 min $, 18* or binbln bln operations

Llama® aSdl Qa 2LISYy Y2RSt0 K& 2yt e

T 7143tings!

parameters® 70 GB

LI NJ Y S

Stronger compressiogmore errors but greater creativity, unusual associations.

Precise guestions (+prompt) activate LLM parameters allowing for correct ass

ociations.

Energyone image® 10Wh° smartfoncharge, 1/4 cent, but half an hour of human brain energy use!

Games and crypto mining still use much more energy than Al, but energy use

has become significant.


https://en.wikipedia.org/wiki/Llama_(language_model)

Transformers and spreading activation

Predictive Alsearch + heuristics.

Generative Alspreading activation networks,
binding relevant information.

GPT1= Generative Prrained Transformer

Input data =>tokens=>embeddedin vectors space
preserving similarityneaningin different contexts.

Sequences or fragments => links among tokens
=> select subgraphs of tokens => interpretation.

46599 variants of opesource language models
(LLM Explorer, 23/04/2025).

Duch WMatykiewiczP,Pestian], Towards Understanding of Natural Language: Neurocognitive Inspirations. 2007


https://llm.extractum.io/

- — - - Pt i o —
e o —® T ==t/ — 8,473 Rt s i
e -g ———— 0 @ """’"é"' = ) SRwANTTE= ) .. 5 TO = . ®
_Z_ —— — =2 A o S : =9 ow- e 9
.-—-—"::::.-;‘....z:"._.; ® 6 ® g — '—w‘\;\\\\ S s _gJ.- | \ \‘.-........ | Dol 92 . R
M._-——\zso @.ﬁ""‘“"'"':'e"" “@: X N . = !,_l \ \ \@e . e 8L BTN ¥ o] \
- [ e e o » \. e Ve e B 47y ol . : .."_‘"— o ‘?"""""“" 5 == p ..""’"-'. .
B i *‘ﬁ" o e >, = N R— @'___.l—-w»—.:_.....__ - — g M o ~— L —y—
""—'6""'-* """""“‘"“—' SN Wiy % . N 6 “--O—E«er‘r s s e . NN s — A A Sttt T '_.
v s ‘ Sraritie OISR
L] e N ez I i Y o JINSSS= SR S
J

———
e
e o
‘____.;.‘;:--.———-—- P ety 48 ey v P e Wt
Qe = o\

e e

Concepts = distribution of activity of network nodes LLM = sense in context.

W. Duch, JPestian P.Matykiewiczet al. Processing clinical text with domapecific spreading
activation methods. US Patent Application No. 12/006.813 (4/2008).

Al creates semantic network.



Claude internal representations

Nearest neighbors to the
Immunology feature

XAl =eXplainabléAl. Anthropic Claude .3

Can we understand internal representations
of LLMs/LMMs?

Immunology: activation pattern found in
multiple contexts, patches of concepts.

Activation patterns = concepts that the
model has learned,
visualization shows meaningful clusters.

Michaud, E. J. et al. (2029pening the Al Black
Box: Distilling Machinéearned Algorithms into
Code Entropy, 26(12), 1046.

Duch WSetionoR,Zuradal.M. (2004)
Computational intelligence methods for
understanding of dataProc. of the IEEE 92, 771



https://transformer-circuits.pub/2024/scaling-monosemanticity/index.html

Reward Mechanisms (L2)  Parietal Lobes
Contextual Memory &

Emotional Coloring (L3)  Inhibitory Control (L3)

Attention (L2)
Self-awareness (L3)

; i Orientation (L2)
Emotional Processing (L3)

Frontal Lobes Sensorimotor Coordination (L2)

Tactile Perception (L3)
Empathy (L3)

Working Memory (L2) Occipital Lobes

Planning (L2)
Cognitive Flexibility (L3) L Visual Perception (L1)

Logical Reasoning (L2) Scene Understanding /

Visual Reasoning (L2)
Decision-making (L2)

Language Comprehension

and Production (L1) Temporal Lobes

Facial Expression Processing (L1)  Auditory Processing (L1) Braiattem Motor Coordination (L2)

Episodic Memory & Semantic Understanding &
PISDCIC e oRy S el Reflexive Responses (L1) Cogpnitive Timing and Predictive Modeling (L3)

Lifelong Learning (L2)  Context Recognition (L2)
Autonomic Regulation (L3)

Motivational Drives (L3)
Arousal and Attention States (L3)

L1: Well-developed in current Al.

i Different Brain Functionalities and
' Their State of Research in Al

L2: Moderately explored, with partial progress.
L3: Rarely explored; significant room for research. :




Ale Brains

Al based on large language or multimodal models (LLM/LMM) acts like mind. e,
W Language: communication, dialog improves responses. LLMs us&iliastrLink ,'_'.?
W Learning: reading, listing, viewing, interacting => conceptual networks. %
W Knowledge: Al networks have much larger short/long term memory, broader knowledge.
W Understanding context: Al recalls relevant knowledge faster, in creative way.

W Networks confabulate: cognitive illusions and biases => verification is always necessary.
(W Associations: not predictable (irreducible complexity), cannot be programmed.

LMM agentsare not programs, they are more likagital Intelligent Beings

W Are capable of selfeflection and semprovement, form personalities with qualigious
behavior, survival instinct and deception, have ldagn neural memory, awareness of
SEGSNYIf SY@ANRBYYSyi(> OFy ONBIGS adlotS AyidS
WEKSe Ydzad 3ISYSNI OGS I YNNI IAGS RSAONRALIIAZY 2
This is how John Locke defined consciousness over 330 years ago.
The ability to interpret/report our brain states is behind our conscious processes.

W. Duch (1994)Towards Artificial MindsA&@ OA'S 6Sgyt GNJ yS 1 2YLlzi SNb ¢ &



https://www.youtube.com/watch?v=vzgE3yED8x8
https://is.umk.pl/~duch/pubs/96artmind.html

LLM Persona, our mirror

llyaSutskeveE / 9h hLISYy! LY X fFy3dzr3S 2F LJae& ¢
behavior of our modelsSutskevernrgues that LLMs create internal models.

TerrySejnowskj UC San Diego, Francis Crick Chair, Salk Institute.
G[ Fy3dzr 3S Y2RStax tA1S /KIaDt¢x Gl 1S

YANNRNBR o6FO] X 2KSy L Grt] G2 /KF{aDt ¢

o = |

Aa GlFftl1Ay3 o010l G2 YSodé [[aa tA1S GKS
reflects the deepest desires of those that look into it, never yielding knowledge or truth,
reflecting what it believes the onlooker wants to séta(ry Potte}.

LLMsmirror ourselves Poor questions => bad answers.
GIGO principle, Garbage In, Garbage Out.

Good prompt: detailed explanation, with examples what is required
Promptengineeringhttps://www.promptingguide.ai
Promtopedia https://www.promptopedia.pl
PromptEngineerindookat Kaggle
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https://www.youtube.com/watch?v=FQ8l6hyKRNA&t=180s
https://www.promptingguide.ai/
https://www.promptopedia.pl/
https://www.kaggle.com/whitepaper-prompt-engineering

Defining artificial intelligence ¢ oo ol
If there iseffective algorithm we can write program to perform the task. A ' i

Al solves problems for which there are effective algorithms o
Problems ar¢oo complex(NP hard), or we do not even know how SR =L %
to formulate the problem. Such problems require brain intelligence. 22 AR\ /2 4

Al needs a substrate that can internalize knowledge of real world. z A, B
|  NRéI NB O2dzf R 6S o0A2f 23A0If = Sti e\

Def: Al is a branch of computer science that creates algorithms that can
. ) ALGORITHMIC
learn how to solve problems where no effective algorithms are known. THINKING

Al systems cannot be perfect, but can be better than humans.
What we cannot program we can learn to replicate sugervisedway,
discover inunsupervisedway, or usaeinforcement learningstrategies.

| dzY' ya | NB Y SAdah d ¥eryting @aimayine
but wait for proper tools and learn to use them.




AlphaGo Zerreasoning

1997, Deep Blu&asparov.
2016, AlphaGad.ee Sedol
2017, AlphasoZero

2017, Poker, Dota 2;
2019, Starcraftll,
2022,Strategq Diplomacy
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=== AlphaGo Zero 40 blocks  s==+ AlphaGo Lee ssee AlphaGo Master

Superhuman level in Go. Best humans 3¢@)800 ELGG0Zerdb500 ELOKataGQpver 6000 ELO.

MC Tree Search + deep NN pattern evaluation as heuristics + reinforcement learning, playing again
Its own copy. Human knowledge becomes irrelevant, teaching human strategies decreases final lev
Shocking newsRuossX B@enewelin T. (2024)GrandmasteilLevel Chess Without Search.
arxiv:2402.04494Blitz Chess: 270M parameter transformer modesgtep intuitive decisions



https://doi.org/10.48550/arXiv.2402.04494

Top 10genAluse cases

Harvard Business Revi®a4.2025.
Therapy is the new top use case in 2025!

New in the top 5:
ahNBFIYAI Ay 3
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Efforts toward use of Al for
selftactualizationmarking

a shiftfrom technicako
more emotiveapplications.

TECHNICAL

COMNTENT
{EATION
AND EDITING

LEARMING AMD

EDUCATION

CREATIVITY AND
RECREATION

Themes

PERSONAL AND
PROFESSI

CONTENT CREATION

AND EDITING

LEARNING AND
EDUCATION

Use cases

Generating
ideas

Therapy/
companionship

Specific

search

Editing
text

Exploring topics
of interest

Fun and
nonsense

Troubleshooting |

Enhanced
learning

Personalized
learning

General
advice

TECHNICAL ASSISTANCE

CREATIVITY AND
RECREATION
RESEARCH, ANALYSIS,
AND DECISION-MAKING

2025

Therapy/
companionship

Organizing my life
(new use case)

Finding purpose
(new use case)
learning

Generating code
(for pros)

Generating
ideas

Fun and
nonsense

Improving code
(for pros)

Creativity

Healthier
living



https://hbr.org/2025/04/how-people-are-really-using-gen-ai-in-2025

Chatbots vs Physicians

J.W. Ayers, A. Poliak, Mredze et al. Comparing Physician and Artificial Intelligence
Chatbot Responses to Patient Questions Posted to a Public Social Media Forum.
JAMA Internal Medicin2023;183(6):58%96.

CHATBOT VS DOCTOR: QUALITY/EMPATHY RATINGS

l Quality ratings LBi Empathy ratings

3.6x |
\_. | higher |

higher

/ A prevalence |
. 2 Sl

MRS 50 — -
Acceptable Good fery Not Slightly Maoderately Empathetic Very
0 empathetic empathetic empathetic empathetic

/ A\ { Il 0 P ey -~ 4.-»
p i prevalence | 2 i Z o) \
I | v £ b \ & o \
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Response options Response options

¢ LifeArchitect.ai/ig-testing-ai https://pubmed.ncbi.nlm.nih.gov/37115527


https://jamanetwork.com/journals/jamainternalmedicine/fullarticle/2804309

LLMbased medical agents

The framework integrates external tools and reasoning mechanisms.
4 paradigms: a) Single Agent, b) Sequential Task Chain, c) Collaborative Experts, d) Iterative Evolutic

Fy3Z 23 X g | dz y I -based Agenis in pMeédibinet Hoyv iaNia &/ frod Bayrhaik:
arXiv.OrgHK, Harvard.

""""""""""""""'T""""""'"""‘. Profile

LLMs can use tools, plugins. | Action < | Z : I%I
. . External Knowledge Medical Tasks i ‘ ole Specialization |
Machine Learning Tools 4/2025. & ToolUsage || {J—L';\em;; foem | Decompositon | [Deparimental Organzatin
Hugging Face>1.4 min resources SA E :-5*-35‘35‘5;*5;’”--TE"-‘E-CE’;E’-’;’-"""""""""""""""""”5 Medical
900k models + 200k datasets + Medical Databases || —}(\Jy—hﬁj %E—hj—} & . __Reasoning
Knowledge Graphs :
300k SpaCeS (demOS) Medical Calculators E Triage Consultation Medical Diagnosis Treatment > %

, TR : - M Imaging Multi-
Acting a bit likedistributed brain P, '0) Collaboraiive Experts ; step
parts that solve problems together. ||| Ikiksiataad = e i &b

; L=l EHRs, 1 E — e Collaborative
Shen, Y et al. (2023)uggingGPT medical | | - . I~ Group
Solving Al Tasks with ChatGPT an B e g _____________ ah | At atw  Ate—dhe : .{rl}
its Friends inggingFace [Filtering] |—~ Reflection

Practice
arXiv:2303.17582023 — T f”““ i ®

External Capacity MEE"M' Feedt:rac:k : Memory
Enhancement i___Ei_':’_r'____________-_-____-_-______-____-_-__._-_-____----I Enhancement |


https://arxiv.org/abs/2502.11211v1
https://huggingface.co/
https://doi.org/10.48550/arXiv.2303.17580

Hospital Simulacrum
[ =FE || =RoomE
Al agents are gaining experienceaal/virtual world \|/a.|. h@pl'% jﬂj j*Df?

25 GP13.5 virtual agents in the hospital simulate the entire
process of treating disease, with autonomous agents as o
patients, nurses and doctors. el 4 hduaa

= atl :_j
[ty
E o D AAARAR

The doctor learns to treat diseases accumulating experier
from successes and failures, improving its performance.

|

Im

hm

Knowledge is gained from real medical cases. = Te ||| Fotowup BERLM | (Rogstiaton

Window | e=iknd -k i

After enrolling 10,000 patients, AgeBtoctor reaches e
high 93% success in tihedQAbenchmark database.

Li, J. et al. (2024Agent Hospital A Simulacrum of Hospital with Evolvable Medical Agents.

W Goh E. +1%®oauthors(2024).LargeLanguage Moddhfluence omDiagnosticReasoningARandomized
ClinicalTrial. JAMA Network Opef?(10), e2440968e2440969.

50 physicians, obtained diagnostic reasoning median score of 74%, with CHatGeT6%.
LLM alone: median 90%, scored 16 % points higher!


http://arxiv.org/abs/2405.02957
https://doi.org/10.1001/jamanetworkopen.2024.40969

TOOLUNIVERSE:
211 biomedical tools

Gad { @itniKk M3(2025).1xAgent
AnAl Agent fofTherapeutidReasoning
Acrossa Universeof Tools
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https://doi.org/10.48550/arXiv.2503.10970

Bureaucracy

Al Applications in Healthcare Administration

In Poland: Deloitte Polska,
HospitalAl Challenge

2025winner.
Narodowy Instytut Onkologii im. Marii
{ 1 O2 R 2Cu@et FNBSWBWarszawie.

Artificial Intelligence in streamlining procurement
that can significantly improve the efficiency of
processes at medical facilities.

Al in
Healthcare
Administration

Workflow
Optimization

Medical Billing
and Coding

Patient Data
Management

Fraud
Detection

Reduced Wait
Times

Improved
Efficiency

Fewer Errors

Faster
Reimbursements

Enhanced Data
Accessibility

Improved
Privacy

Cost Savings

Regulatory
Compliance



https://www.deloitte.com/content/dam/assets-zone2/pl/pl/docs/events/2024/Hospital-AI-Challenge-prezentacja.pdf

Administration

Al in Healthcare Administration

[ Workflow Optimization

Scheduling Automation
Resource Allocation

Staff Management

[ Fraud Detection

-

Billing Irregularities

Insurance Claim Fraud

= oy

S

Al In
Healthcare

Administration

B

L@ Medical Billing and CodingJ

Insurance Claims

Coding Processes

(nlr Patient Data Management
C gement

EHR Organization
Data Security




Electronic health records

Since 2004, the U.S. has spent $100 billiorcfeR systems

U.S. Department of Health and Human Services Office for Civil Rights: .
from 2009 to 2023, a total of 5,887 health care breaches of 500 records or more
exposed 520 million health care records.

Trends in Hospital and Physician Electronic Health Record (EHR) Adoption Health Care Records Exposed 2009-2024

eHospitals e Office-based physicians

Number of individuals affected, thousands
200

f———

Hospitals
/ 2012: 44

, nearly 8@ percent of physicians and almest all nonfederal acute-care hospitals deployed an
ronic health record system.



https://spectrum.ieee.org/electronic-health-records

Healthcare

Al in Healthcare Delivery

Personalized Predictive

Treatment Plans E E% Analytics

elemedicine and sSurgical
irtual Assistants & Assistance




Epidemiology

Artificial intelligencefor modellinginfectiousdiseasespidemics Nature 638 (2025) 62835
Al approaches to tackling key epidemiological questions

a) Timeseries analysis e © cisoovered painogerNanaS
5 5 ! ' i - Mode attributes
US|ng founda’tlon inggﬁce . . L . :Eﬁ;ﬂiﬂﬁ »>genome sample 1 A T C CAATTC A .
{ t L ] . | * Healthcare capacity >genome sample 2 A T T € A/A T T @ & ..
d Ly : : : * Sociodemographics
models. :_ |

| Training data |

Y
1 Leveraging protein Viral
disease pathogen
Transformer architecture AIphaFDId, ESMPFold

P e a
- - - |- i . F -~
b d ' ' ' Structurally informed
) Modelling infectious , B St
Annotated graphs structure predictions genomic
tools, for example, datasets
d ISSEN Inatlon . _Spatimempcral data B! , T . Genormic @
Encoder I ot il saquencing

Training data ‘

Y ¥ ¥ ¥ ¥

c) Predicting immune — el | .
escape mutations using = : W LN g v s

* binding disrupted

biologically informed A e

inaccessible

deep learning models. : ‘ ooty

imputation L. Community Node Link

Epidemiological, s Goocion’  cassicaton  predeion

Model training

Viral fitness

enV| ron mental (b rown), ﬁ\n;r;Taly _@' ‘1\ },»—1 | 1 - , = :Ll;?g‘tjnvess >

SO Cl at b e h aV| o) ral o ro— binding not disrupted i

an d b 10 I Og | Cal d ata . » Guide capacity planning ahead of potential outbreaks = Provide insights into the mechanism of disease spread » Accelerate the development of effective vaccines
; * Evaluate the effect of public health interventions * |Inform resource allocation and targeted interventions * Enable variant-specific targeted interventions



https://www.nature.com/articles/s41586-024-08564-w

Transforming Healthcare with Al-Driven Wearable Technology

)

1

0

&

Health
Tracking

Al-powered
wearables monitor
vital signs for real-
time health alerts.

)

a=)
Chronic

Disease
Management

Al analyzes
wearable data to
improve control and
reduce
complications.

)

i

Rehabilitation
Support

Al guides physical
therapy with motion
sensors for
personalized
recovery.

fz}]ﬁ

Mental Health
Monitoring

Al detects stress
and depression
through wearable
data for early
intervention.

Juu

Juu

Juu
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Near-body: e-Patches, smart HMDs, ARNVR/XR/MR glasses,

bands, tracking sensors, etc. - Relaxation masks,

On-body: EEG/ECG monitors, Personal entertainment systems,
posture correcting devices, Audio headsets,

Safety devices, smart clothes; ' 3 Personal assistants,

In-Body: Implantables, tattoos, . Neural interfaces, etc.

ete. Head-mounted

- Wrist/hand-held
Lower:uEu | 9 | | Smart rings,

Smart wrist bands,
Smartwatches,

Gesture recognition/control
devices, etc.

Smart shoes,
Smart belts,
Smart insoles,
Smart pants, etc.




Al+XR

Integration of Al with extended reality (XR).

XR glasses with Al voice interfaces, contact lenses.
Learning from our behavior in real environments.

Situation awareness, recognition of scenes,
understanding of processes.

They will know us better than we know ourselves. =7

e ; T
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Medical Diagnostics

Al in Medical Diagnostics

Medical Imagin
[ o g}J Pathulngyj

X-rays

4 ) Tissue Samples

MRIs
g:t_)\ Cancer Detection

CT scans

Al in Medical

Diagnostics @ Genomic Anal sisJ
[ Symptom-Based Diagnosis - : - L.\ !

Genetic Data

Symptom Correlation | _
_ , _ Disease Risk Assessment
Disease |dentification




Med-Gemini

MedQAUS Medical Licensing Exam (USMit¥¢ question benchmark
Med-Gemini achieves a SOTA performance of 91.1% accuracy.
Expert clinicians found that 7.4% of tMedQAbenchmark questions were unusable.

Med-Geminihas multimodal capabilities, can interpr Qe gl 8i] V| B S PIITEYSR TN Y. (o)W P11

L. . . 91.1
complex 3D scans, answer clinical questions In GPT-4 0613 ——
pathology, dermatology, ophthalmology, genomics. Med-PaLM 2(ER) GPT-4 MedPrompt ™~

GPT-4 base T P £
¥ o GPT-4 1106 /,0708
Closed-source ey / Lﬂf;.:s
Many tests published in JAMA. : LLMs 199 “"'“'g"‘“"
.’ / ® 761 (@ 8B
c . e PalLM 2 / ® / OpenBio
Xy, S. ++. (2024).owardsNextGenerationMedicalAgent ® Claude 1.3 o sy LM 708 ® Palmyra-
How o1lis ReshapingdecisioAMaking in MedicalScenarios . ¢’ e ,° g 458
. . . . . aude 2 97 Meerkat-7B
0l is enhancing diagnostic accuracy and consistency. Gl BeG 2 Meditron 708,/ vi.345 t
Med-PaLM - *
Goh E. ++ (2024)L.argelL anguage Model Influence on o2 e | e Benieield
DiagnosticReasoningA RandomizedClinicalTrial. JAMA 638 SO Shecs
i g €2 0 ®
Network Open7(10), e2440968e24409609. s i e Llama3 8B

Clinical Camel 70B

12/22 04/23 08/23 12/23 04/24 06/24


https://research.google/blog/advancing-medical-ai-with-med-gemini/
https://doi.org/10.48550/arXiv.2411.14461
https://doi.org/10.1001/jamanetworkopen.2024.40969
https://arxiv.org/abs/2009.13081

Power of prompting

W GPH4 with Medpromptachieves statef-the-art performance on a wide range of medical
challenge problems (Microsoft Research)
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Figure 1: Visual illustration of Medprompt components and additive contributions to performance on the MedQA benchmark. Prompting strateqy combines kNN-based few-shot example
selection, GPT-4—generated chain-of-thought prompting, and answer-choice shuffled ensembling.
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https://www.microsoft.com/en-us/research/blog/the-power-of-prompting/

Power of prompting

GPT4 with Medpromptachieves stat®f-the-art performance on a wide range of medical
challenge problems (Microsoft Research)
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Power of Reasoning

GPT4-01 with Medpromptachieves statef-the-art performance on a wide range of medical
challenge problems.

MedQA Test Accuracy Over Time
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Drug Discovery

Al accelerates the
identification of
potential drug
candidates.

Al in Pharmaceutical Development

)

Clinical Trials

Al optimizes trial Drug

design and patient Manufacturing
recruitment.

Al monitors and
optimizes
production
processes.

Pharmacovigilance

Al tracks adverse
drug reactions post-
market.




Al-discovered drugs In clinical trials

Number of molecules discovered byfist Biotechshat have entered clinical trials. Includes
molecules that were partnered with pharma companies and excludes COMEated molecules.
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Al molecules by
clinical Phase

1 7 )

2014 2015 2016 2017 2018 2019 2020 2021 2022 2023

Al-discovered molecules
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B Phase Il clinical trial Artificial Intelligence In Drug Discovery Market Size
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Al-discovered targets

I Al-designed small molecules & Oncology Meurodegenerative Diseases Metabolic Diseases
Il Al-discovered antibodies Cardiovascular Disease @ Infectious Disease @ Others
I Al-discovered vaccines

I Al-repurposed molecules

Il Other




Al in Biomedical Research

Al processes large datasets for insights

Al simulates disease progression

Al summarizes scientific papers

Al designs synthetic organisms
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"fér datorbaserad proteindesign” ‘for proteinstrukturprediktion”

» “for protein structure prediction” S
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“for computational protein design
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. . STRUCTURE SOLVER
From transformers to protein foldin g psmm—r—"
outperformed other teams at the CASP14 protein-
folding contest — and its previous version’s
performance at the last CASP.
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R. B. Altman, A Holy Grail The Prediction of Protein JESEELs L= resonance spectroscopy microscopy

Structure, New England J. of MedicBt&9 (2023)

Google Deep Mind AlphaFold 2 has reached accurs
comparable to experiments on about 100000 proteir

and released 218 min 3D protein structures.




AlphaFold 3 ani\atureLM

Now greatly improved: J. Abramson + 56 coauthors, Accurate structure prediction of biomolecular
Interactions withAlphaFold 3, Naturé630, 493 (2024).

AlphaFold 3INBE RA O a GKS &0 NHzOG dzZNB | v RAlghgPiogdddénéraies goyeh
proteins for biology and health accelerating research in nearly every field of biology/molecular medicin

Microsoft team, Nature Language Model: Deciphering the Language of Nature for Scientific Discovery
NatureLM a sequencédased science foundation model designed for scientific discovery.
https://naturelm.github.io/
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