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Three questions about genetic information

Where does copying begin? Where do errors occur? Does the altered RNA survive?
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Learning biological properties from sequence

Input

DNA or RNA sequence, with task-relevant context

Learning signal
Measured replication origins, somatic mutations or mRNA abundance

Output
A biological prediction that we can interpret and test

ORIFormer - MutFormer - NMDetective-Al



Where DNA copying begins

ORIFormer predicts replication initiation potential from DNA sequence

ORIFormer | supplied bioRxiv preprints (v1)
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A sequence model locates replication origins

The HBB locus makes the prediction visible along a stretch of DNA
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Origin predictions generalise across assays

Independent assays and mouse origins support a conserved sequence signal
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Learned motifs point to origin-associated proteins

A prominent ORIFormer motif matches binding preferences of ZNF770 protein
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Why the same mutation can recur

High mutation risk

Some DNA sites acquire mutations unusually often

Selection in the tumour

Some mutations help the affected cell expand

Interpreting recurrence requires an estimate of local mutation risk

MutFormer | Fran Supek



MutFormer learns local mutation risk
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The surrounding DNA
Influences mutation risk

Different mutational
processes recognise

different extended DNA
seqguence contexts

ORIFormer | Fran Supek
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Expected recurrence helps identify selected hotspots

Many recurrent sites fit the mutational baseline, while selected candidates stand out
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The fate of an altered RNA message

Nonsense-mediated decay can remove RNA containing a premature stop mutation

Last exon

Regions where PTCs less
frequently trigger NMD

NMDetective-Al | Fran Supek
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NMDetective-Al predicts the degree of RNA decay

A pretrained RNA model adapts to quantitative measurements from human variants (mutations)

Study Dataset Encode _

TCGA . Pretrained RNA
Training DNA Sequence _ Foundation Model
« 9,752 individuals f_‘_ﬁgﬂa -+ a0 A
« 8,786 tumour samples aNVs | indels C
« 31 cancer types WES + G
RNA-Seq Validation u
405 | 458
| VAFuxa || LSVs ] ndes Reading rame
NMDeff = —loga(Gop ") HEEEE BN EEEE
U Splice Site
[ TCGA Germiine | HE EEEE EEEE \/ Ful
GTEX 995 70 Finetuning
SNVs | indels e |
« 15,247 samples GTEx 5 UTR CDS 3"UTR NMDeff

« 838 with matching RNA-Seq [

« 56 tissues 763SNVs | )

NMDetective-Al | Fran Supek



Systematic experiments test the predictions

Mutational scanning measures RNA abundance across engineered variants

m RNAs
( O Hela AAAA
AAAA
Transfect | Extract | /\/\/\/\AAAA

! lllumina
AAAA sequencing
’\/\AAAA
/\/\AAAA y
Input library Depletion of NMD
(Pool of variants) sensitive variants Output library
b Penultimate exon rule Long exon rule Start proximal rule
START A STOP START & Y STOP | START /‘. STOP

55nt “ % exon length > 400nt ' i /

150nt

435 PTCs across 2 genes 981 PTCs across 10 exon lengths (1 gene) 10,666 PTCs across 122 genes

NMDetective-Al | Fran Supek

14



A binary NMD rule resolves into a graded response

BRCA1 mutagenesis supports a quantitative transition in RNA degradation
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Quantitative RNA fate informs variant interpretation

Molecular consequence

Estimate how strongly a premature stop reduces its RNA

Cancer relevance

Consider RNA loss alongside the gene and altered protein

Research use

Prioritise variants and hypotheses for functional testing

NMDetective-Al | Fran Supek
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Sequence models reveal different layers of genome function

Replication potential, mutation risk and RNA fate each contain learnable sequence information

Sequence helps specify Extended sequence context RNA decay follows
replication origins helps explain mutation hotspots quantitative sequence rules
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Evidence: independent assays Evidence: observed versus Evidence: controlled
and protein-binding data expected mutation recurrence mutagenesis experiments
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The people behind the work

ORIFormer and MuSAS

Marcell Veiner, Marina Salvadores, Ivan Galvan-Femenia
https://doi.org/10.64898/2025.12.28.696672

MutFormer

lvan Galvan-Femenia, Marcell Veiner, Daniel Naro
https://doi.org/10.64898/2026.07.07.736824

NMDetective-Al

Marcell Veiner, Ignasi Toledano, Guillermo Palou-Marquez, Ben Lehner
https://doi.org/10.64898/2026.03.24.71400

Genome Data Science laboratory, BRIC / University of Copenhagen, and IRB Barcelona

ORIFormer - MutFormer - NMDetective-Al | Fran Supek
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KAJ SO TOVARNE UI?

Kratek odgovor: Tovarne Ul (Al factories) so infrastruktura za Ul
* V 20. stoletju so drzave gradile ceste in elektricna omrezja

« V 21. stoletju morajo graditi tudi infrastrukturo za Ul (ker zahtevata gradnja in
prilagajanje generativnih modelov visokokozmogljive racunalnike=HPC)

* To je vprasanje tehnoloske suverenosti in globalne konkurencnosti

Slovenska tovarna Ul (SLAIF) nam bo omogogila,

da Slovenija ni zgolj uporabnica umetne inteligence,

temvec aktivna soustvarjalka evropske tehnoloske suverenosti
in globalne konkurencnosti



KAJ SO TOVARNE UI?

Tovarne Ul znizujejo ovire za uvajanje Ul v prakso

* Ponujajo sirok in celovit nabor storitev za industrijo in raziskovalce, ki so potrebne za

razvoj evropskih modelov (generativne) Ul in njihovo uporabo
Tovarne imajo dve glavni komponenti:
» Superracunalnik, optimiziran za Ul
« Storitve in dejavnosti tovarne Ul
Tovarne Ul zdruzujejo:
« Racunsko moc
« Algoritme in delovne tokove
 Podatke in modele
* Vescine, znanje in talente

Al HPC

Al Féctory




EVROPSKI EKOSISTEM TOVARN Ui | =
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ZAKAJ IMA LAHKO SLOVENIJA TOVARNO UI?

Ceprav bo imela Evropa $tevilne tovarne Ul, jih ne bo imela vsaka drZzava EU. Potrebna je vizija. Prav
tako politicna volja in financna podpora. In nenazadnje: znanstvena in tehnicna podkovanost ter
cloveski viri

« Slovenija ima mocno skupnost na podrocju Ul

« Slovenija ima mocno skupnost na podrocju visokozmogljivega racunalnistva:
Vega je prvi delujoci sistem EuroHPC

« Skupnosti odlicno sodelujeta (kar ni samoumevno)

Potreben je sirsi pogled na infrastrukturo

« Infrastruktura ni le strojna oprema (racunalniki)

« Podatki so infrastruktura (Slovenija vodi CLARIN, jezikovni podatki)

« Ul je infrastruktura (vsekakor za znanost, primer infrastrukturnega centra IJS)



SLAIF — SLOVENSKA TOVARNA Ui

Dva projekta, skupna vrednost 135 mio EUR, sofinancerki sta EK in RS (MVZI)

« Superracunalnik, optimiziran za Ul, 123.32 mio EUR
« Sofinanciran iz programa Digital Europe
 Konzorcij projekta sestavljajo

@@ Jozef Stefan %/
IZUM @@ _ nstitute a P I]_ e S
Institute of Information Science, Maribor, Slovenia ... Ljubljana, Slovenia

 Tovarna Ul, storitve in dejavnosti, 11.68 mio EUR
« Sofinanciran iz programa Horizon Europe

 Konzorcij projekta sestavljajo

o -
1ZUM
arnes N

University of Maribor

.z. Jozef Stefan
Institute
[ BN

UNIVERZAYV LJUBL]ANI
P Ljubljana, Slovenia

53
Fakulteta B

University of Ljubljana F g{ S f ormac ' e 1 d' §&
e_‘?

HH| m[::

Gospodarska

zbornica am &

Slovenije mmm
] 14

Chamber of Col mmerce
and Industry of Slovs

"’ ..EII E...=
X I S




SLAIF - SUPERRACUNALNIK

Kombinacija CPU in GPU enot za podporo tako klasicnemu kot Ul-racunanju
« CPU (cca 10 petaFLOPS)
« GPU (cca 30 - 1. faza +70 - 2. faza = 100 petaFLOPS)

Dve fazi nabave za zagotovitev daljSega obdobja delovanja
 Superracunalnik zagnan do konca leta 2027
« Superracunalnik nadgrajen v letu 2029

« V primerjavi s superracunalnikom VEGA: 3% ve¢ moci CPU in 32x vec moci GPU

Trenutno se na superracunalniku LEONARDO v Bologni trenirajo:
« Veliki jezikovni model za slovens¢ino — GaMS (kolegi z UL FRI)
* Prvi vizualno-jezikovni model za slovens§¢ino — SViLa (kolegi z IJS) Generative ModelGaMSI

for Slovene

 Taksne naloge bo podpiral novi superracunalnik optimiziran za Ul



SLAIF — CILINE SKUPINE UPORABNIKOV

Razlicne skupine uporabnikov
« Raziskovalna sfera (univerze, instituti)
 Gospodarstvo/ industrija

 Zagonska podjetja

 Mala in srednja podjetja

* Velika podjetja
« Javni sektor

o Zdravstvo

 Drzavna uprava

« Javna podijetja, javni zavodi in agencije
Razlicne stopnje Ul-pripravljenosti



SLAIF —= STORITVE IN DEJAVNOSTI

Dostop do racunskih in podatkovnih Domensko-prilagojeni delotoki (in
zmogljivosti modeli) za razlicne vertikale

» Zeleni prehod

Splosni delotoki za ucenje in * Zdravje in botehnologija

prilagajanje modelov - Digitalna druzba
« Veliki jezikovni modeli * Ul za znanost
« Veliki govorni modeli e
* Vizualno-jezikovni modeli
 Vecmodalni modeli

Izobrazevanje in pridobivanje vescin Ul



SLAIF - STORITVE

Vec vrst storitev

Podpora uporabnikom
Infrastruktura in podatki
Razvoj in uvajanje Ul
Produkti Ul

User-facing Al services of the
Slovenian Al Factory

SLAIF service catalogue
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SLAIF - STORITVE

Al development and deployment

Services for adapting, fine-tuning, integrating, scaling, and operationalis-
ing Al workflows and models for real use cases.

SLAIF sarvica catalogue

Al development and deployment

Adaptation of a Large Language  e<pn="r nonen
Model for Domain-Specific Ques-

tion Answering

Vertical Cross-domain ~ Availability Q32027 Type Pipeline
Target users: Industry, Large Emerprises, Scientific Institutions, Public inst-

SLAIF sarvica catalogue

tutions
Overview
This pipeline bl | of a large | model to answer domain-specific questions
accurately andeﬂiuenﬂy It is designed to support expert systems, knowledge bases, or FAQ systems in
fields. The I are a sufficient amount of domain-specific data and domain know-how.
The pipeline first helps users in data for g based on the domain data and

provides code and know-how for synthetically expanding the training data based on the provided domain
data. Next, it provides the know-how and code for fine-tuning the model with the created instruction-
tuning dataset. Finally, it provides code for efficient inference using the adapted model. The pipeline
leverages the Slovene LLM GaMS and similar open-source models, tools for generating domain-specific
question-answer pairs using NeMo Curator in combination with the GaMS-Instruct approach, LoRA or
QLoRA-based supervised fine-tuning using Hugging Face and NeMo, and vLLM for fast domain-specific
question answering inference.

Expected outcome

A step-by-step guide for domain-specific guestion-answering training, along with scripts for data gener-
ation, moded training, and inference.

Requirements Specific limitations

Requires several NVIDIA GPUs.

Service output Licensing

Pipeline for guestion answering adaptation, in- MIT
cluding data generation scripts, model training
scripts, and inference code.

Al development and deployment

Adaptation of a Large Language "=t niton
Model for Domain-Specific Sum-
marization

Vertical Cross-domain ~ Availability Q32027 Type Pipeline

Target users: Indusiry, Large Enterprises, Scientific Institutions, Public Insti-
Tuions

Overview

This pipeline enables the adaptation of a large language mode! (LLM) fo generate high-quality, domain-
spedﬁcsummarieshﬂechmcalolsuenﬂicmm reporis, research papers, or industry-specific
content. |t is ds 1to the and rel of summaries within a specific domain. The
pipeline first helps users in ing data for {OCR of PDF documents) and converting
it into a training dataset. Next, it provides the know-how and code for fine-tuning the model with the
created dataset. Finally, it provides code for efficient inference ushg ﬂ1e adapted model. The pipeline
leverages the Slovens LLM GaMS (for Sl and other open VLMs (e.g.,
Gemma), open-source OCR libraries such as Marl(erol =small open-source VILMs such as Manonets,
supervised fine-tuning or preference tuning using GRPO with LoRA or QLoRA-based fine-tuning, and
vLLM for efficient, low-latency inference of domain-specific summarization tasks.

Expected outcome

A step-by-step guide for domain-specific summarization adaptation, along with scripts for data prepara-
tion, model fraining, and inference.

Requirements Specific limitations

Requires several NVIDIA GPUs.

Service output Licensing

Pipeline for summarization adaptation, includ- MIT
ing data preparation scripts, model training
=cripts, and inference code.



SLAIF - IZOBRAZEVANJE IN USPOSABLJANJE

Razlicne vrste izobrazevan;j
* Delavnice
« Webinarji

* |zobrazevanja z mikro-certifikati

Razlicne tematike izobrazevan;j
Ul metode

* Visokozmogljivo racunalnistvo
* Podrocja uporabe Ul

Razlicne ciljne skupine

SLAIF Training
Catalogue

SLAIF

Slovenska
fovarna Ul

Slovenian
Al Faclory

SLAIF Training Catalogue u

Large language models and domain-specific Al for the
Slovenian agricultural sector

Course provider:

Jozef Stefan Institute (JSI)
Instructors:

Marko Debeljak (JSI) and colleagues

Content: The event aims to provide agricultural stakeholders with a clear, realistic, and application-
oriented understanding of large language models (LLMs) and their potential role in Slovenian
will be to the rationale for focusing on high-quality, domain-
specific dm and benchmarks rather than individual model versions, and to the role of the national Al
infrastructure (SLAIF) in supporting domain- and language-specific Al solutions. A key objective is to
foster informed ions, trust, and early of future users by openly addressing both
the capabilities and limitations of current Al technologies in regulated and practice-oriented
agricultural contexts.
The event presents current activities related to the development and application of large language
models within the Slovenian agricultural domain in the context of SLAIF. It introduces the
fundamentals of LLMs in an nocesslhle manner, with a focus on their applicability, risks, and

in will be with a proposed taxonomy of Slovenian
agriculture, Includlng key sectors and subdomalns, along with example benchmark tasks designed to
evaluate model p: in benchmark results will be demonstrated to

illustrate how exlstmg models perform on selected agricultural use cases. The event further provides

a forum for validati about users, use cases, and sectoral coverage, and
a web application for the collection of high-quality question-answer pairs and

other expert inputs to support model adaptation and evaluation.

After the event, partici| will i of domain-specific data, benchmarks, and

expert valid; for the ble devel of Al solutions in agriculture. They will have a

realistic understanding of what current Iarge language models can and eannot do in the Slovenian

agricultural context, and how national Al i supports their F will be

able to critically assess proposed use cases and benchmarks from a practitioner's perspective and
will be equipped to contribute expert knowledge, feedback, aod shuctuved data inputs for the

and ion of Al tools for
No technical p isites are required. The event is intended for practitioners and
experts with domain in agri prior i with Al technologies is not required.

Target audience: Agricultural advisers and extenslon services; Farmers and agricultural practitioners;

Agn -food stakeholders and industry hers and working on Al for
Public-sector and policy makers

Language: Slovenian; English Format: Lectures; Hands-on sessions

Tentative date: Autumn 2026 Duration: 6h

Venue: IS! Ljubljana/Murska Sobota No. of ECTS credits: N/A




SLAIF: VERTIKALNE STORITVE ~
ZA UPORABO Ul NA RAZLICNIH PODROCJIH

Zeleni prehod
* Kmetijstvo, podnebje, okolje, energija, pametna proizvodnja, ...

« Multimodalni temeljni modeli za daljinsko zaznavanje, relevantni za kmetijstvo in okolje
Zdravje in biotehnologija

» Diagnostika, razvoj zdravil, prehrana, personalizirana medicina

« Temeljni modeli za relevantne senzorske podatke (npr. nosljive naprave)
Digitalna druzba

« Jezikovne tehnologije (veliki jezikovni modeli za slovenséino)

» Generativna Ul za medijski sektor, javno upravo, izobrazevanje

Ul za znanost

« Vede o zivem, znanosti o materiaih, okoljske znanosti
 Interdisciplinarne raziskave



ZELENI PREHOD:
Dolocanje rabe tal iz satelitskih posnetkov

Na 1JS razvijamo metode za polnadzorovano razvrscéanje satelitskih slik
« Satelitski posnetki programa Copernicus So obsezni,
vendar je oznacenih podatkov malo in njihovo pridobivanje je drago
* Oznake rabe tal so naravno ve¢oznacne in hierarhicne (npr. Corine Land Cover)

SLAIF + Copernicus Data Space = Ko™ WNLABELED — LABELING
Racunska mo¢ & Delotoki + Velike kolicine satelitskih posnetkov
Omogoca veliko razlicnih storitev za kmetijstvo in okolje

Podnebje in okolje

Podnebne spremembe povzrocajo dvig morske gladine in bolj ekstremne vremenske polave_
* Do leta 2100, +30 cm to +1 m (IPCC) il ..
* Pri+1 m, deli Pirana bi lahko bili poplavljeni dvakrat dnevno

HIDRA (razvita na Univerzi v Ljubljani - FRI in ARSO) uporablja umetno inteligenco za e K
napovedovanje visine morske gladine in tveganja obalnih poplav. )




ZDRAVJE IN BIOTEHNOLOGIJA:
Prilagajanje VJM za resevanje nalog iz nutricionistike

: Naloge:

g FoodyLLM « Semafor zdrave prehrane: zdrava (zeleno), zmerno
(oranZno), omeji uZivanje (rdeca)

« QOcenjevanje vsebnosti hranil (sol, sladkor, mascobe, ...)

Pristop: Uglasevanje modela Llama3 z lastnimi podatki
o B ‘ Izid: Uglaseni modeli delajo veliko bolje (spodaj

#* Data-driven Food and Nutrition

performance pri napovedovanju vsebnosti hranil)

Standardize Food Names Access Nutrient Values Traffic Light Classification Protin
Links different food descriptions Analyzes recipe descriptions Rates foods as healthy (green),
to slandardized semantic and ingredients to calculate moderate (oranga), of lmit
models and onfologies calories, vitamins, minerals, consumption (red) based on
(e.9., "tomato," "red tomato," and ather n!..m'iants nufritional content
“cherry tomate” — unified automatically
inod ontology classifications) 000




DIGITALNA DRUZBA: VJM za slovenséino

GaMS - slovenski generativni jezikovni model
» GaMS = Generative Model for Slovene - generativni model za slovenscino Generativni model _ 6
GaMs:

za slovenscino

Zasnovan za zapolnjevanje vrzel, ki jih puscajo globalni modeli, kjer je slovenscij Generative Model

for Slovene

Odprtokoden in razvit v okviru projekta PoVeJMo (UL CJVT, UL FRI, INZ, ZRC SAZu)
Nacrtovane ali Ze dostopne so razlicne velikosti modelov (od 1B do vec kot 27B parametrov)
Veliki jezikovni model, prilagojen slovenskemu jeziku in kulturi

Specializirani VJM za podrocje telekomunikacij

IJS skupaj s Telekomom Slovenije sodeluje pri razvoju evropskega velikega jezikovnega modela (LLM),
prilagojenega potrebam telekomunikacijske industrije: Vecjezicna podpora, vkljucno s slovenscino,
francoscino, italijanscino, nizozemséino in poljscino.

Kljucni primeri uporabe:

* Prilagoditev domeni (globoko razumevanje telekomunikacijskega znanja)

* Analiza klicev (samodejno povzemanje, analiza sentimenta, dolo¢anje nujnosti klica)
« Zasebnost (napredna anonimizacija in psevdonimizacija uporabnikov)



Ul V OKOLJSKIH ZNANOSTIH

« Spremljanje stanja okolja (env. monitoring) z daljinskim zaznavanjem
« Strojno ucenje iz kombinacije 2D (satelitskih) in 3D (LIDAR) posnetkov
« Ocena viSine in gostote gozdov (tudi bhiomase)

<< | HE 10.00- 1959
2000 2859
; 3000 - 3959
| T Y
=1 5000-5880 | 58e
60.00-6990 | Eiaes
0007059 «:{&»x

B soco-ESS9 |l
I 5000 - 100,00 ;;}»‘g’ .;i-e;_;‘," AL
- IO

» Ocena pozarne ogrozenosti naravnega okolja

* Ocena ucinkov podnebnih sprememb (npr. spremenjenih vzorcev padavin) in
nacrtovanje ustreznih ukrepov



Ul V ZNANOSTI O MATERIALIH

 Materiali so izjemnega pomena za industrijo  * Podatki e Syl P
 So ozko grlo zelenega prehoda « Parametri sinteze materialov

- Dolo¢ajo zmogljivost, stroske in (sestava, temperatura, Cas obdelave)
trajnostnost industrijskih izdelkov  Kvantne lastnosti

« Shranjevanje/pretvorba energije; » Rezultati simulacij
Proizvodnja/mobilnost; Elektronika/

§ « Zgradba materialov (slike)
Senzofrji

 Lastnosti materialov
* Elektricna prevodnost
« Kataliticna aktivnost
« Magnetne lastnosti
 Anti-korozivne lastnosti

 Uporaba Ul lahko bistveno skrajsa cikel
nacrtovanja novih materialov

« Usmerjanje eksperimentov in simulacij
« Samovozeci laboratoriji



Ul V ZNANOSTI O MATERIALIH

Pristop Primer iz |JS: Nacrtovanje penjenih stekel s

- Kombinacija strojnega u¢enja in optimizacije Kembninacijo SU in optimizacije
za nacrtovanje novih materialov * Poceni, trpezen, nestrupeni, ognjevarni in
izolacijski material

* Proizvodnja v velikem obsegu — pogosto

» Uporaba strojnega ucenja za izgradnjo iz recikliranega odpadnega stekla
modela, ki napoveduje lastnosti materialov iz

. . » Lastnosti za optimizacijo:
parametrov nacrtovanja/sinteze.

gostota, poroznost
 Novi materiali, sintetizirani na podlagi

» Uporaba naucenega modela v kombinaciji z predlogov Ul, so v laboratoriju il
optimizacijskim pristopom za iskanje novega selene lastnosti on w8
nacrta materiala, ki dosega zelene lastnosti & &
materialov a8
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Racunalniski vid za znanost

* Neposredno uporabljen v mnogih znanostih

* Procesiranje vizualne informacije

Materiali Astrofizika Medicina Opazovanje Zemlje

idr.




Napovedovanje obalnih poplav

Globalno segrevanje povzroca dvig gladine Lo o - T
oceanov in vecjo vremensko spremenljivost ’ T
Do konca 2100: 30cm — 1m dvig gladine S £

Slovenija @1m: Piran pod vodo 2x na dan
Red: land loss

Obalne poplave bodo vse pogostejse =, @ 1m SSHincrease

.....

------ North Adriatic

Nujnost napovedovanja vec dni v prihodnost
Napovedovanje visine morske gladine

plaza.Zusterna @ T Koper
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r
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; Bele Skale
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' .""‘- ¥ T Strunjan 7 Tunnel Etr am@ https:/écoastal.cli_matecentral.org/sm Piran, December 200'8;;0|=r-oto‘: Janez Polajnar, ARSO



Druzina metod HIDRA

* Globoki model za napovedovanje dinamike morja v sodelovanju z ARSO

e v g ev ARSO METEQO
(dOC. ddr. Matjaz LICer) &' Slovenian Environment Agency

Atmosferske spremenljivke (ECMWEF):

1
8 & 8

Napoved viSin morja za 72h

ANINANINA
j‘> . {ui 0iti=1Nge

72 t
9 >

Temperature [K]

@o

* Prekasa NEMO v natancnosti in pol miljonkrat hitrejsa (16 ms za napoved)

[1] Zust, Fettich, Kristan, Li¢er, HIDRA 1.0: deep-learning-based ensemble sea level forecasting in the northern Adriatic, Geosci. Model Dev., 2021

[2] Rus, Fettich, Kristan, Li¢er, HIDRA2: deep-learning ensemble storm surge forecasting in the presence of seiches — the case of Northern Adriatic, Geosci. Model Dev., 2023
[3] Rus, Mihanovié, Licer, Kristan, HIDRA3: a robust deep-learning model for multi-point ensemble sea level forecasting, Geosci. Model Dev., 2025

[4] Rus, Licer, Kristan, HIDRA-D: deep-learning model for dense sea level forecasting using sparse altimetry and tide gauge data, Geosci. Model Dev., 2026



HIDRA3 [
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[1Rus et al. HIDRA3: a robust deep-learning model for multi-point ensemble sea level forecasting, GMD 2025



HIDRA ze prenesena v prakso

tttttttt

e HIDRAZ2 integrirana v prognosticni paket Q
ECMWEF (Destination Earth digital twin)

%)

%

* HIDRA33ly operativni uporabi:
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[2] Rus, Fettich, Kristan, Licer, HIDRA2, Geosci. Model Dev., 2023

1 .
[ ]ECMWF (European Centre for Medlum-Range Weather ForecaStS) [3] Rus, Mihanovic, Licer, Kristan, HIDRA3, Geosci. Model Dev., 2025



HIDRA-D 1l — gosta napoved

— GT NEMO — HIDRA-D
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HIDRA za recne pretoke in poplave

e Testirana na 216 recnih postajah
e Bistveno prekasa najnaprednejsi ARSOv model

* Modelira tudi nevremenske vplive

Prediction

—>

Proportion of observations where HIDRA outperforms simulation
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Zakljucek

 HIDRA: natancna, robustna in izjemno hitra napoved

* Podatkovni modeli lahko ucinkovito dopolnijo fizikalne modele
* Ucece se resitve temeljecCe na podatkih

* UI/SU/RV — kljuéne omogocitvene tehnologije prihodnosti

* |zjemno Siroka uporabnost, interdisciplinarnost
* Robustnost, nove priloznosti, novi izzivi

* |zreden pospesek znanosti

* Sodelovanje akademije in industrije

* Umetna inteligenca — tehnologija prihodnosti!




umetne inteligenc
anje ucinkovin in njihe

rof. dr. Marko Jukic,
erza v Mariboru, Fakulteta z




Umetna inteligenca pri razvoju zdravil:

od prepoznavanja potencialnih uc¢inkovin do njihovih bioloskih
tarc

evolucija.ai
Marko Jukic
11.9.26
s, @
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i
p E fﬂ ITI “ |t Univerza v Mariboru active compound from a registered medicine (drug) in its active site
=
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> Fakulteta za kemijo
UNWE‘F:L in kemijsko tehnologijo



Razvoj uc¢inkovin je predolg, predrag in prevec tvegan

— Od zamisli do registrirane ucinkovine mine vec kot desetletje.
— Velik del stroSka nastane, preden sploh vemo, ali je tarca prava.
— Eksperimentalno dolocanje vezavnih mest je pocasno, drago in za mnoge tarce neizvedljivo.

— Racunske metode teh vprasanj ne odpravijo — lahko pa dramati€no zozijo prostor, ki ga je treba eksperimentalno preveriti.

Tri ozka grla, ki jih naslavljamo

Terapevtske tarce Vezava ucinkovin? Zadetki

Kako sploh najdemo zadetke —

Katere tarée moduliramo z namenom Kam na tarcah se vezejo ucCinkovine — naj

molekule, ki interagirajo s taréami?

poseganja v patologijo bolezni? si gre za velike ali male molekule. Ali

lahko povzrocajo stranske ucinke — off-

target effects?
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= Hit compounds pool
Kako do strukture tarc ? . .
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Kaj j e taréa Za ZdraVilo (A) ignal peptide Cls/W;S:;-pZepili,avaq Nt-o’ Thioesiter %:: gzl{: propeptide 1744

. . X . X X X X . X . MG1 nG2 MG MG4 NGS LINK Cda MG7 I TE I MG8 €345¢C
— Tarca je bioloska molekula — najpogosteje protein — katere delovanje Zelimo spremeniti. w6 cus

Cdb a’-chain 4 c4/cib y-cha;h

C4 a-chain

— Ucinkovina se nanjo veZe in jo zavre, aktivira... (modulira, ozna¢i za razgradnjo, ....)
— Da bi tako vezavo nacrtovali, moramo poznati tridimenzionalno zgradbo tarce.

— lzbira tarce je torej odlocitev, ki doloci usodo celotnega projekta.

Eksperimentalno dolocanje struktur
je pocasno

— Rentgenska kristalografija zahteva kristal, logisti¢no in ¢asovno zahtevna.

— Krio-elektronska mikroskopija je zmogljiva, a draga in zahtevna. 201 Protein Data Bank
~ m== niProtkB/Swiss—Prot
— NMR je omejen na manjse proteine, asovno zahteven. S s UniProtkB/TrEmbl
i 1_5 4
*
— Rezultat: Protein Data Bank vsebuje nekaj sto tiso€ struktur, §
znanih proteinskih zaporedij pa je na stotine milijonov. S 1.0
—
o
— Za veliko vecino proteinov strukture preprosto ni bilo. _ag
£ 0.5
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=
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Resitve:

Napoved strukture iz zaporedja, klju¢ni napredek s pomocjo Al

— AlphaFold 2 (DeepMind, 2021)

— Vhod je aminokislinsko zaporedje; izhod je tridimenzionalni model s koordinatami.

— AlphaFold DB danes vsebuje ve€ kot 200 milijonov napovedanih struktur — prakti¢no celoten znani proteinski svet.
— AlphaFold 3 (2024) napoveduje tudi komplekse z ligandi, nukleinskimi kislinami in ioni.

— Nobelova nagrada za kemijo 2024 je sla Bakerju, Hassabisu in Jumperju prav za to podrocje.

Napovedana struktura ni eksperiment. Je hipoteza — a hipoteza, ki jo lahko dobimo za skoraj vsak protein, takoj in brezplacno.
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Resitve:

Od strukture do gibljivosti proteinske tarce

Lokalno atomsko okolje kot informacija za strukturno nacrtovanje ucinkovin.

1

3D-struktura

2 @Graf atomskih stikov

3
Vhod: atomske koordinate

Lokalna gibljivost

Izhod: normalizirani RMSF
)

@
\ o

vzorci z 2-4 vozlisci

A [ .
% ) ) [ L ]
y - r K [ ] @ [ J [ J
’? 4 \J

°
"~ Primer: PDB 5G68

15 znacilk / atom - linearni model

|
manj gibljivo bolj gibljivo
Podpora strukturni opredelitvi potencialnih tarc; sama napoved gibljivosti ne identificira ali potrdi nove tarce.
Py
2026 - FastProtFlex J:,;
2
~ z = "
p~0,79 10 s p = famnit
20.000 atomov £ o5
s
UNVERY

POMEN ZA NACRTOVANJE

Upostevamo
gibljivost tarce

01 Presoja gibljivosti

vezavne okolice

02 Izbor struktur
za sidranjein
nadaljnje simulacije

PREDLAGANA UPORABA

Ob napovedi Zepov in validaciji tarce.



Struktura Se ni vezavno mesto

AlphaFold nam je dal koordinate za tako rekoc vsak protein. Ni pa nam
povedal, kje na tej povrsini se lahko veZe uc¢inkovina.




Data \
Process || * * _ o
T Detector X-ray diffraction

Electron density map Protein modeling

Homology modeling Crystallography Known actives
DRUGI DEL |

Vezavna mesta

Hit compounds pool

Kje na proteinu se ucinkovina sploh lahko veze?

Bioassay Synthesis

I J Scaffold Hopping
ADMET
Prediction




PROBLEM

Vsaka tocka na povrsini je enako verjeten kandidat

— Povrsina povprecnega proteina lahko obsega vec tiso¢

kvadratnih angstromov.

— Brez dodatne informacije je vsako mesto na povrsini verjetno

za vezavo ligandov
— Eksperimentalno preverjanje vsakega mesta je nemogoce.

— Potrebujemo metodo, ki oceni kje se lahko vezZejo ucinkovine

A




Resitve:

Sidranje na celotni povrsini razkrije prednostna
vezavna obmocja

Primer: Lizocim + polifenolne probe:
ponovljene poze povezemo s proteinskimi stiki in podatki NMR.

1 Sidranje po povrsSini 2 Profili stikov in gruce 3 Primerjava z NMR v NMR podprta
mesta!

GLAVNA UGOTOVITEV

Vezava se
osredotoCi

Veskalin - prikazan izbor poz Interakcijski prstni odtisi (IFP) Podobmodji glavne glavnega
vezavnega mesta

30 -

Jg el NG i *1 . _ . Usmeritve pri
\ <\ ‘ “\\ 3 10 7 . . é - ‘ . o o
el A — i 4 ’@u P WELENLTER
&0l Y 5 \ * '
\"/\/‘K L v \//,»’ o . ¢ . ° ° °
e S A S R sidranju!
R 48 20 - ] A I
\
- : : : - - DeleZ poz ni afiniteta.
20 -10 0 10 20 30
PaCMAP 1
Celotna povrsina - CmDock PaCMAP _. DBSCAN e distalno ® proksimalno
Aad
PREVERJANJE OBSEGA VZORCENJA EKSPERIMENTALNA OPORA -E
o
100.000 + sid ranj NMR: Trp63 in Trp1 08 Univerza v Mariboru
Identifikacija sekundarnih vezavnih mest ! Druzine mest interpretiramo s perturbacijami kemijskih premikov.

Fakulteta za kemijo

in kemijsko tehnologijo
Barve v projekciji povezujejo poze z obmocji NMR; sidranje predlaga vezavna mesta, NMR podpira njihovo interpretacijo.



Resitve:

Al-podprta identifikacija mest

Sampled docked conformers from the 10k ensemble

Protein surface FRONT

Site famjlies in pooled embedding
30 A

mbiguous

wN>0O>m

204

Missdocked

10 A

PaCMAP 2

=109 *

—20 4

—20 —10 0 10 20 30
PaCMAP 1

Protein surface BACK (y 180)




Resitve:

VEZAVNA MESTA / ANALIZA GRAFOV PROTEINSKE POVRSINE

Vsako povrsinsko toc¢ko opiSemo z lokalnim grafom

KLJUC ZASNOVE
Najprej zgradimo enako predstavitev vseh tock, nato model nauc¢imo prepoznati vezavno okolico. Uspe§na
1 Vzoréimo povrsino 2 Zgradimo lokalni 3 Ocenimo klasifikacija
Protein brez liganda - 10GS 459ajrbﬂzjj:ih aminokislinskih ostankov _ vezavnl h meSt!
Identiteta ostankov
7 A in prostorske razdalje
. . L2 L] .’x . . ’ .
\ ; o/ 8 | Znane ligande
R G AT oy & :\. uporabimo
L g, L S 28 o L eP le za oznake
Vol ORI A ° . Sav—
N S o o s | u¢nih primerov.
. - g \.f_‘.*._) \ ;.: “ a.ﬁ ;‘\0‘. vezavna okolica
.T\.“ ?\ o}‘ ’.\\’ ::/ >, 9 ve
\ '1, 25 \‘a_k;; 7 */N.,o \ l oddaljena povrsina
O . ® dvoumno obmodje
e Ocena vezavnega okolja
Povr3inske tocke: razmik > 3,5 A Povezava: razdalja Ca-Ca< 8 A
POVRSINSKA ZBIRKA .. Institut

Znacilka, ki nosi najvec signala, je natanko tista, ki

1 72 milijona g rafov je iz zaporedja ni mogoce rekonstruirati

6.730 proteinskih struktur

:‘ ® ’Jozef Stefan”
PS Ljubljana, Slovenija

Model ob napovedovanju potrebuje le protein.



Resitve:

Model uvrsti vezavno okolico med prve kandidate

.. . . . ) ) POMEN ZA NADALJNJE DELO
Vsaka povrsSinska tocka dobi oceno; nato vse toCke na posameznem proteinu razvrstimo.

Graf Zepa 7rh3 - barvanje po razdalji do sonde Narava
vezavnih mest
ne nacrtuje
nakljucno!

Zemljevid ocen na povrsSini

3HK1 - primer iz validacijske mnozice

| —— === zNani ligand
nizja viSja ocena

@@ Institut
:‘ ® ?Jozef Stefan”
PS Ljubljana, Slovenija

JASNO RAZLIKOVANJE MEST .
USPESNA IDENTIFIKACIJA IN KLASIFIKACIJA

ROC AUC = 0,888 VEZAVNIH MEST !

GINE-RBF - 158.070 jasno oznacenih testnih tock.

Rezultati poleg aplikativne vrednosti razkrivajo osnovne mehanizme konstrukcije vezavnih mest za male in velike molekule.



SARS-CoV-2: SPr

— Protein bodice je trimer — tri enake podenote, obarvane

razlicno.
— Prikazana je zaprta konformacija

— Na vrhu vsake podenote je receptorsko vezavna domena
(RBD).

— To je glavna tarc¢a nevtralizirajocih protiteles in cepiv.

— Za majhno molekulo tu skoraj ni primernega Zepa.

RBD (siva povrsina) se veze na Cloveski receptor ACE2 (vijoli¢no).

Univerza v Mariboru

Fakulteta za kemijo
in kemijsko tehnologijo

&y
%
.

UNWE"J’F

S

famnit

Py
“ PRIMO

Vezava dveh protiteles na RBD ! — klju¢na so vezavna mesta !



TRETJI DEL

Ucinkovine ?

Kaj se sploh lahko veze na protein?

Homology modeling

SBDD

Data \
Process || * * _ o
T Detector X-ray diffraction

Electron density map Protein modeling

Crystallography

Hit compounds pool

Bioassay Synthesis

Known actives

Scaffold Hopping

ADMET
Prediction
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RAZVOJ UCINKOVIN / IZZIV KEMIJSKEGA PROSTORA

Kemijski prostor je prevelik za izCrpno presejanje

Kombinacije atomov, vezi, obrocev in stereokemije ustvarjajo ogromno moznih majhnih molekul.

UCINKOVINAM PODOBNE MOLEKULE

10°-10"

Ocene so mocno odvisne od definicije
in omejitev kemijskega prostora. [1]

KONKRETNA PRIMERA OBSEGA

166,4 milijarde

GDB-17: racunalnisko nasStete strukture
z najvec 17 atomi, ki niso vodik. [2]

OPTIMISTICNI
MISELNI POSKUS

1 milijarda

molekul / sekundo

PRESEJANJE - RECEPTOR D, - 2019 3]

Za presejanje 1033 molekul:

P 720 VAR e P
J\N,U " (\% N \n/\/\i;\

138 milijonov sidranih 16
. ~3x 10

HN Yy

549 sintetiziranih IEt

in preizkusenih
Razli¢ni skeleti, substituenti in stereocizomeri Ena ocena za vsako molekulo;
brez vseh drugih korakov.

Izbor obetavnih obmocij - sidranje kandidatov -. sinteza in preizkus

Konformacije, vezavne lege, sinteza in ponovitve testov dodatno povecajo obseg dela.

[1] Polishchuk et al. (2013) - 10.1007/s10822-013-9672-4

[2] Ruddigkeit et al. (2012) - 10.1021/ci300415d

[3] Lyu et al. (2019) - 10.1038/s41586-019-0917-9



https://doi.org/10.1007/s10822-013-9672-4
https://doi.org/10.1007/s10822-013-9672-4
https://doi.org/10.1007/s10822-013-9672-4
https://doi.org/10.1007/s10822-013-9672-4
https://doi.org/10.1007/s10822-013-9672-4
https://doi.org/10.1007/s10822-013-9672-4
https://doi.org/10.1007/s10822-013-9672-4
https://doi.org/10.1021/ci300415d
https://doi.org/10.1038/s41586-019-0917-9
https://doi.org/10.1038/s41586-019-0917-9
https://doi.org/10.1038/s41586-019-0917-9
https://doi.org/10.1038/s41586-019-0917-9
https://doi.org/10.1038/s41586-019-0917-9
https://doi.org/10.1038/s41586-019-0917-9
https://doi.org/10.1038/s41586-019-0917-9

RAZVOJ UCINKOVIN / USMERJENO RAZISKOVANJE KEMIJSKEGA PROSTORA

Kje v kemijskem prostoru iskati u¢inkovine?

Podobno ko redke zvezde v prostranem kemijskem vesolju.

PROSTOR MOZNIH MOLEKUL

mozne molekule

@ obetavna obmocja

OBETAVNO OBMOCJE

iskanje bioloSkega
ucinka

povecava
7 _—
—

. \”/O“

— /

N\

OO

N

® molekule z bioloskim uc¢inkom

Znanje o bioloski tarci pomaga usmeriti izbor molekul za preizkus.

Vir: Kirkpatrick, P. in Ellis, C. (2004). Chemical space. Nature 432, 823. DOI: 10.1038/432823a

KLJUCNO VPRASANJE

Kje je najvec

moznosti za
uporaben

bioloski ucinek?

Usmerjeno iskanje
obetavnih obmocij

Izbrane molekule
preverimo s poskusi.



https://www.nature.com/articles/432823a

Resitve:

Generativno sidranje

", @
p ; famnit Univerza v Mariboru
o g . o S,
Ogromen kemijski prostor raziskujemo s sprotnim generiranjem molekul.
(1) Generiraj (2) Sidraj (3)
Novi molekulski predlogi Poza v vezavnem mestu Ocena'!

Cenilna funkcija

9

Sintezna dostopnost

®
Podobnost ligandom*
®
primeri iz generiranega nabora arhivirana poza - shematsko vezavno mesto shematski prikaz meril izbora
FASMIFRA - Jensen GB-GA - NEAT CmDock - 3D-poza + ocena Npr. 250 starsev + 50 elit
1 POVRATNA INFORMACIJA = NOVA GENERACIJA
Enoten krmilnik - zamenljivi generatorji

Ocena sidranja vodi iskanje v obetavne regije kemijskega prostora.



Resitve ARCHIVED PPARy GENERATIVE-DOCKING CAMPAIGN

Hitra konvergenca. Velik kemijski prostor.

. . : . v : .. I
Zgodnje izboljSanje cenilne funkcije in sprotno Sirjenje raziskane kemije. e

random ChEMBL sample - standardize/protonate (pH 7.4)
ETKDGv3 embedding + MMFF optimization

v

1 DOCK + DESCRIBE

PRIMER KONVERGENCA CENILNE FUNKCLJE, PPARY Crobeck: 10 searches

retain one best pose and SCORE.INTER
SA, QED, MW; Morgan similarity if steered

TARGET + DOCKING RUN SETTINGS

PPARY receptor/cavity zsospoa?e‘::gs?ossgleslites
CmbDock 0.2.1 100 updates

v

A Docking score B Landmark similarity C Within-generation diversity & BEEANAL SONTROLEER
v (o] ;= SCORE. INTER; wsa [ d: in(T;, 0.60)/0.60]
3 2 0.35 - " £ 100 T g e o g
. _16 . /o) ” ~ . - m ni rents; -weit i
E= £
c e o r / . £
5 T 0304 It 4N < '
:; _18 7 ﬂ ,’ \ J - |_ 0. 85 . 3 GENERATOR ADAPTERS (TARGET =500)
LO_ E ' - - o~ ~ 7 — - g FASMIFRA JENSEN GB-GA NEAT
o —20 - g 0251, “7 2 0.80 A fogmant oot Bl o moh comruer | St B
g ; ’ 6 FASMIFRA and NEAT: 5% random ChEMBL immigration g
T =22 - © I o 0.75 o Docking-surrogate reiraining was disabled 5
[ c Yo & 3
_8 S 8 % 4 QUALITY GATE + 3D PREPARATION g
c —24 A % £ 0.70 - % e e g
© E ' . < normalize - pH 7.4 -» ETKDGv3/MMFF 4
(7] g
'_| =
E 1 1 1 I 1 1 I I 1 1 1 I I 1 1 1 ‘ %
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100 SEDOCK NEW CANDIDATES
. . . same CmDock service; calculate selection descriptors
Generation Generation Generation
me FASMIFRA == Jensen GB-GA === NEAT unsteered == landmark-steered --:-:- DUD-E active mean v
6 UPDATE + ARCHIVE
append 50 elites; write CSV + retained-pose SDF —

form Py 4 1; repeat generations 1--100

| Hitro izboljSanje ocene + raziskovanje obseZnega kemijskega prostora. Molekule nastajajo po potrebi.

<. N . MED SAMIM RESETANJEM!
Sirok kemijski prostor - doseg razlicnih molekul

63.567 razlicnih molekulskih ogrodij



CMDOCK

Lastno odprtokodno orodje za sidranje

— CmDock
— Odprtokodno (LGPL-3.0) sidranje na proteine in nukleinske kisline; razlicica 0.2.2.
— Iskanje zdruzuje genetski algoritem, nizkotemperaturni Monte Carlo in simpleksno minimizacijo.

— prstni odtisi interakcij, kontrolne tocke, ponovljiv generator nakljucnih stevil in slepo sidranje ¢ez celotno povrsino.

@ CmDock



ZAKUUCEK Zadetke lahko ustvarjamo

Kaj Si je Vredn() ZapOmniti Generativna zanka Siri kemijski prostor,

namesto da bi ga le pregledovala.

—
A) Heavy atom count B) Cyclic atom fraction
Tarce so postale dostopne Vezavna mesta lahko pois¢emo
A bodimo kriti¢ni in uprabljamo ensambel Uspesno lahko pois¢emo vezavna mesta, jih
metod. klasificiramo in upravimo za nove Studije.

C) H-bond acceptor atom fraction

NAChR ligands

alkanes
& -

bomo znali ucinkovito uporabiti !



Hvala za pozornost

Vprasanja so dobrodosla.

Marko Jukic

Pisite mi na:
marko.jukic@um.si / marko.jukic@famnit.upr.si




J predstavitev:
a inteligenca za ucin

iha Stajdohar,
stanovitelj in tehnicni direktc
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Genialis™ Supermodel:
The Al platform for therapeutic intelligence
to benefit every cancer drug and cancer patient

Dr. Miha Stajdohar, Co-founder & CTO
11 September 2026



PROBLEM

Most cancer drugs don’t work for most patients

Despite spending $ billions...

<45% of patients benefit
from expensive medicines

>90% of new drugs fail
in clinical trials

10-15 years

$2-5 billion

> $90 billion

< 45% patients

Sunk development TIM
E

COST not counting cost of capital

SPENT ontop 10 cancer drugs

Demonstrate CLINICAL RESPONSE



PROBLEM

A single mutation cannot explain how a patient will respond to treatment

Cancer-associated
fibroblasts

Inflammatory cells

1
1 Shh, TGF-B,
v  other signals o7

/

¥
| \ _ Tand B

/

} } ¢

PIP2 PIP3 %
/ } }

= < P
e

\. l / ~—_T e

GM-CSF, other signals

/ - cells
< COC&F IS »
|
[ <>

Secreted molecules

Myeloid
cells

Liu et al. Acta Pharm Sin B Vol 9, 2019

Trafficking of
T cells to tumours

Priming and
activation
of T cells

s
yyy 3
~Antigen )

Q,
O,
>
%,
= 2 S
munogenicity, % Infiltration of T cells
é@ into tumours

Traditional
Chinese
medicine

oy
Exercise- 2 '¥
induced IL-6 FevRIll
l:’\flammasome patﬁ&ra
1,25(0H),D3

Immune-desert
tumour

GCR
\\'\\'\"b“or o‘\“"m T\
Cancer-antigen \’“0:\_,6 N
presentation
Recognition of
Neoantigens

cancer cells by
T cells

Exercise-
induced
IL-10

antigens

Cancer-
associated
antigens FDHLL

RANKL

IDO-1
Hypoxia

Release of

cancer-cell antigens Killing of cancer cells

Chen & Mellman. Nature Vol 541, 2017



SOLUTION

Supermodel turns RNA into an interpretable map of cancer biology

Proprietary
harmonized dataset

Built on >1Bn data points from
100s of thousands of globally
diverse RNA-seq records

Groundbreaking
Al technology

Genialis Supermodel is a large
molecular model (LMM)that has
learned ground truth cancer biology

Confident outcomes across
geographic borders

Designed to be consistent across
sequencing platforms, genome
builds, and ethnogeography



SOLUTION

Biological signatures reveal what is driving each patient’s tumor

Hallmark biologies can be represented
as multi-gene signatures, measured by

gene expression.

Genialis has a library of over 150
validated signatures, and 1000s more in
progress, for modeling cancer-related

biologies
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'RNA-Seq Assay (Gene Expression Profile)
. _'_'-;_ ~60.000 genes
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- §uperfmodehs a foun@%tlon model of cancer biology

Supermodel

Large Molecular Model (LMM)

Cancer Biology
100s of validated signatures



CASE STUDY

KRAS mutations identify eligible patients, not responders

Two drugs currently on market

FDA approved KRAS G12C Inhibitors 1

JIN
[ )

! !

ORR: 37% ORR: 43%

Durability of therapeutic response:
median progression-free survival is ~6.5 - 10
months

Competition to get to market

>50 companies competing across ~7 different solid tumor indications 2

B Unspecified Solid Tumor I Breast Cancer [ Colorectal Cancer
[ Liver Cancer NSCLC Pancreatic Cancer [ Bladder Cancer

Number of assets

50

40

30

20

10

Preclinical Phase | Phase I/Il Phase Il Phase Il

1Tian H, Yang Z, He J. Adagrasib: A landmark in the KRASG12C-mutated NSCLC. MedComm (2020). 2022 Nov 25;3(4):e190. doi: 10.1002/mco02.190. PMID: 36448054; PMCID: PMC9697582.

2Bjocentury Inc. “KRAS Pipeline” (2024)



CASE STUDY

krasID combines multiple biological signals to predict response

RNA-seq — cancer biology signatures = response probability

oA . % 1

.,a

“
n" “‘\
r!}lﬂ A" \
‘,l

Ay uvmwl"

INPUT DATA — — S RESPONSE PROBABILITY

f)
RNA sequencing of tumor or preclinical model 'V"‘,,,',v"? krasID BIOLOGY SIGNATURES f L ]
Dependency Suppression
Alignment of RNA-Seq reads Genialis krasiD-LOW krasID-HIGH
o , Large Molecular Model Activation Immune
Variant identification Gene expression
& Annatation quantification Survival Additional biologies

ML ALGORITHM
Response to KRAS inhibitor



RESULTS

krasID identifies patients with more durable response

Patients stratified by time-on-therapy

Dramatically different time on treatment observed
between krasID-LOW and -HIGH cohorts and between
krasID-selected and mutation-selected (baseline) cohorts

krasID-HIGH captures majority of responders

Patients stratified by time-on-therapy reveals that krasID-
HIGH stay on treatment 2x longer with 92% and 47%
remaining responsive at 6 months and 12 months

On treatment probability

1.0

0.921

0.81

0.7 1

0.61

0.5

0.4 1

0.31

0.2

0.1

0.0

‘ 1 — G12C selected patients N: 66/66, median = 221 days
‘H krasID-Low N: 40/66, median = 173 days
‘ — krasID-High N: 26/66, median = 337 days
H IL Hazard Ratio (95%, Cl) = 0.417 (0.210-0.826)
P-Value (2-Sided) = 0.012
| .
n " e
= = €
5 o g
£ £ &
™ 0 i Time on sotorasib (days)
T T T T
0 200 400 600 800
66 29 10 7 1
40 9 3 3 1
26 20 7 4 0




IMPACT

Better patient selection makes trials smaller, faster, and cheaper

Patients required Enrollment duration Development cost
Retrospective power analysis U.S. oncology benchmark U.S. oncology phases 1-3

333 ~29 mo $60M

~17 mo
<$20M
82 0

KRAS krasIlD Oncology krasiD Oncology krasiD
mutation median median
4x fewer patients ~1y faster time to market >$40M estimated savings

Sources: Genialis kraslD retrospective power analysis; IQVIA Global R&D Trends 2025; HHS/ASPE Drug Development (2024). Not prospectively validated.



VALIDATION

Our models are already used by leading pharmaceutical companies

Biomarker model Collaborators and commercial partners Select papers and posters:
o Ziberna et al, ASCO (2026)
. . =,
Tumor Micro Environment EXACT REGENERON ’n‘ ‘ « Pavlic et al, AACR (2026)
Xerna™ TME SCIENCES 85228 - FRE Ik S )
l * HOTSPOT BeiGene Kindstar Global o Spendl et al, Artificial Intelligence in Medicine
.......................................................................................................................................................................................................... (september 2025)
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