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Pristatytas stendinis 803A. EMERGING TOOLS, TECHNIQUES, AND ARTIFICIAL INTELLIGENCE IN HEMATOLOGY | NOVEMBER 3, 2025
pranesimas tarptautineje
konferencijoje , American
Society of Hematology Annual
Meeting 2025"

Machine learning framework for molecular classification of hematologic
malignancies using transcriptome data
Karolis Sablauskas, Egija Berga-Svitina, Tatjana Kiselova, Livija Bardina, Audrone Jakaitiene, Dmitrijs Rots
Crossmark: Check for Updates
Blood (2025) 146 (Supplement 1): 2580.

https://dol.org/101182/blood-2025-2580

Pranesimo tema: , Machine [F] spit-screen oS share + €\ Tools + T5) POF
learning framework for

molecular classification of

hematologic malignancies Abstract

USing transcriptOme data“ BACKGROUND Accurate characterization of hematologic malignancy is a first step in correct and tailored treatment. Tumor

whole transcriptome sequencing (WTS) has recently emerged as a universal technigue allowing for the accurate
identification of not only all possible fusion transcripts, but also point mutations, copy number alterations, and gene
overexpression, being especially useful for diagnosing cases of B-cell acute lymphoblastic leukemias (ALL). Since WTS
provides gene expression landscape of the tumor sample, we decided to investigate whether the expression signatures could
be used to also accurately classify a full spectrum of pediatric hematologic malignancies.
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SClence Current |ssue First release papers Archive About » l Submit manuscri I
HOME »> SCIENCE > VOL. 391, NO. 6790 » HIGH-THROUGHPUT SINGLE-CELL OMICS USING SEMIPERMEABLE CAPSULES
>, . T
Zurnale ,Science” (IF 49,7)
pu bllkuota ”ngh—throughput @ | RESEARCH ARTICLE | RESEARCH METHODS f X Min & % 0 =

Z’gg?l%gﬁ;ggggilgzﬂnfaiin:& High-throughput single-cell omics using semiperme-

autoriais i$ VU Gyvybés able capsules
mokslo centro.

5 MORVAIELS , JUSTIMA ZVIRBLYTE GRETA LEONAVICIENE , VINCEMTA MIKULEMAITE , KAROLIE GODA

+1 authors Authors Info & Affiliations

SCIENCE - 18 Dec 2025 -« Vol 391, |ssue 6790 - pp. 1138-1145 - DOL 10.1126/science.ady7227
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Paruostas rankrastis ,,FRANK: a pan-cancer RNA-
seq classifier for childhood tumors with data-efficient
learning” kartu su autoriais iS Latvijos.

2026-03-02 Pateikta Nature Communications — atmeteé
2026-03-17. Redaktorius nurode, jog galima perkelti |
Communications Medicine (Nature grupes zurnalas, IF
6.3) ir straipsnis bus siunCiamas recenzijai.

2026-03-18 rankrastis pateiktas Science Translational
Medicine (IF 14.6), laukiama atsakymo. Jeigu bus
gautas neigiamas atsakymas, bus sprendziama dél
perkélimo Communications Medicine.
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Paruosto rankrasCio duomenimis pateikta santrauka
,2European Society of Human Genetics 2026
konferencijai.

Konferencijos poteme: “Bioinformatics, statistical
methods and Al”

Control/Tracking Number: 2026-A-2583-ES5HG

Activity: ESHG Abstract
Current Date/Time: 3/20/2026 3:54:45 AM

FRANK: a pan-cancer RNA-seq classifier for childhood tumors with data-efficient learning




Visy
doktoranturos
moksliniy tyrimy
ir disertacijos
rengimo etapai

Atskiry daktaro disertacijos daliy

(tyrimo metodikos, rezultaty,

ginamy teiginiy, iSvaduy, ir kt.)

parengimas: 2025 gruodzio mén. —
1. Tyrimy apzvalga ir analizé. 2026 rugsejo men.
2. Tyrimo metodikos sudarymas.

3. Teorinis tyrimas.

4. Empirinis tyrimas.

5. Gauty duomeny analize,

apibendrinimas.

6. ISvados, jvadas, literattiros

sgrasas.

Atliekama modelio
hiperparametry paeiSka
taikant optuna, atliekama
modelio validacija naudojant
iSsamius iSorinius duomenis
(viso 16 398 testavimo
méginiai), atliekama modelio
“tvirtumo” (angl. robustness)
analizé, testavimas naudojant
klinikinius duomenis.
ParuoSiamas ir publikacijai
pateikiamas rankrastis.
Remiantis rankrascio
duomenimis pateikiama
santrauka konferencijai.
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1.1 Thesis aim (Tyrimo tikslas)
To contribute to the advancement of deep learning techniques for the analysis of next
generation sequencing data, with a focus on RNA sequencing data.

1.2 Thesis objectives (Tyrimo uzdaviniai)

» Data preprocessing and feature engineering: create efficient data preprocessing
pipeline suited for RNA sequencing data, including normalization and batch effect
correction to prepare the data for further analysis.

* Deep differential expression analysis: develop and implement deep learning-based
approach for identifying differentially expressed genes and pathways.

e Evaluation and benchmarking: conduct extensive benchmarking and cross-
validation experiments to assess the performance and generalizability of deep
learning models, comparing them to traditional methods.

* Biological case study: apply said techniques in the interpretation of biological data
gathered during a biomedical study.
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Moksliniy rezultaty pristatymas:
tyrimo problematika

Tyrimai (mikroskopija
[patologinis istyrimas],
pavieniai genetiniai
tyrimai)

Jtariamas navikas Atliekama biopsija

Tikslas: konkrediai
jvardinti naviko tipg

Trukmé: 1-4 sav.
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Tyrimo problematika

Pavieniy diagnostiniy tyrimy trukumai:

- Sudetinga is infrastrukturos puses
(kiekvienam navikui reikia atskiro lab.
metodo)

- Laiko trukme gauti rezultata.

Galimas sprendimas:

- “omikos” metodai — didelio kiekio geny

iIStyrimas
Vilnius
University
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Viso transkriptomo sekoskaita
(angl. Whole transcriptome sequencing - WTS)

) Aptiktas 10 karty

— Apkias 89 kartus
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Gene expression

[ o.

Pilocytic astrocytoma expression pattern
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Geny raiskos palyginimas

AML, NOS expression pattern

0_.

Genes

Using WTS gene expression to predict a specific

malignancy subtype

No direct detection of fusion, mutations, etc.
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Training WTS sample
collection

—

s -

QC,
St. Jude’s Research Hospital Data curation
Princess Maxima Hospital
GTEX

AALLO434 (TARGET)

Gene expression vector (TPMs)

4

Test-time augmentations

A total of 181 tumor and Validation
normal tissue classes

across 11,467 samples
' AML NPM1 ‘ '
AML PICALM:MLLT10
T-ALL TLX3

Pilocytic Astrocytoma Model training l 9 testing datasets
; (3 held-out, 6 external)

Wilms Tumor : Fully connected neural network 16,398 samples
FRANK
Class definition based on ‘
WHO, ICC and emerging o

ﬁ - Final prediction:
bR _ Prediction aggregration Majority vote

prediction

‘ Prediction n
Medium-level
prediction -

Robustness testing

Fine-level
B ‘

Inference
Long-read data

Double-class tumors
Synthetic noise
Unknown/novel-class tumors
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Hierarchine naviky klasifikacija

Hematologic Solid Brain

AML Sarcomas

MDS Neuroblastomas Circumscribed Astrocytic
B-ALL Thyroid Gliomas
T-ALL Pheochromacytoma High-grade Gliomas

NHL Kidney Low-grade Gliomas

HL Melanoma Pineoblastoma
Non-malignant BM/WB Germ cell turmos
Non-malignant LN

Fine class

_ _ o Vilnius
AML with NPM1 Viso 181 klaseé (naV|ka| Ir Universitg
sveikas audinys)
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Vilnius

Mokymo duomeny apzvalga Jrversi
Cohort N N samples N classes |Tissue Enrichment Method | GENCODE
individuals (fine Preservative Version
level)
St. Jude 3,911 4,319 (Tumor n=4319) 144 (Pan- FFPE (n=805) Not Available (n=5) PolyA v31
(Normal n=0) tumor) Fresh/Stabilized (n=889) Total RNA (n=3,425)
(n=2,973)
Not Available (n=541)
Princess Maxima 1,136 1,149 (Tumor n=1110) 80 (Pan-tumor) | Fresh/Stabilized Total RNA (n=1,149) v29
(Normal n=39) (n=1149)
GTEx v10 release 283 5,714 (Tumor n=0) 31 (All normal | Fresh/Stabilized Total RNA (n=5,714) v39
(Normal n=5,714) tissue) (n=5714)
AALLO434 285 285 (Tumor n=285) 7 (T-ALL) Fresh/Stabilized Total RNA (n=285) N.A.
(Normal n=0) (n=285)
Total 5,615 11,467 (Tumor n=5,714) | 181

(Normal n=5,753)
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Broad class
(Hematologic, solid, brain)

Medium class
(Acute Meyloid Leukemia)

Fine class
(Acute Meyloid Leukemia with
NPM1 mutation)
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Original
Image

Rotation

Blur

Grayscale

Augmented images
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TriukSmas viso méginio lygiu

120 455 13
119 457 15
Gene A | Gene B Gene X

120 455 13
120 0 13
Gene A | Gene B Gene X
CutMix

Duomeny papildymas

Trukstami genai

TriukSmas vieno geno lygiu

120 455 13
120 677 13
Gene A | Gene B Gene X
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Mokymo pasirinkimas

Daugiaklasés klasifikacijos uzdavinys - 181 klasé
Klasiy disbalansas (3 — 303 mokymy pavyzdziy klasei)

Mokymas naudojant visus duomenis — CutMix padeda iSvengti persimokymo.

a Training without CutMix

b Training with CutMix

1.0 4 <
Best Epoch: 333 1.0
F1: 0.9983
Best Epoch: 134
0.8 4 0.8 - o F1: 0.8070
0.6 - 0.6
0.4 1
0.4
0.2 1
Raw F1 Score Raw F1 Score
0.2 1 Moving Avg. F1 Score Moving Avg. F1 Score
T T T T T T T T D.ﬂ T T T T T T T
0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350
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Vilnius

Rezultatai testavimo kohortose ™"
Dataset External N N N tumor/normal Accuracy F1 Precision Recall
dataset samples | errors | mismatches (%) score
RCCUH Yes 178 13 1 92.7 0.87 |0.88 0.88
Princess Maxima | No 430 21 4 95.1 0.90 0.92 0.90
TARGETAML | Yes 489 42 7 91.4 0.80 |0.87 0.77
TARGET Other | Yes 468 32 1 93.2 0.90 (0.99 0.84
AALL0434 No 707 37 0 94.8 0.85 10.90 0.82
Saint-Louis T- Yes 72 7 0 90.3 0.87 10.86 0.91
ALL
Beat AML Yes 329 49 5 85.1 0.72 {0.72 0.79

21



Palyginimas su kitais literaturoje
m—— aprasytais modeliais

« M&M ir OTTER
Rygos ligoninés (RCCUH) duomeny rinkinys (nenaudotas publikacijose, patikimi ir

“iSvalyti” duomenys)
M&M 172/189 meéginiai tinkami testavimui, OTTER 157/189 méginiai tinkami

testavimui (visi tinkami OTTER, tinkami ir M&M)

b Comparison to M&M and OTTER

a Comparison to M&M
RCCUH (n=172) RCCUH (n =157)
Tumor and Normal Samples Tumor and Normal Samples

0.90 0.89 0.89

0.94
0.76
0.68 I

©
Q
O
w
w0
R
15
=
m OTTER
e M&M
B FRANK op__o
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= FRANK vs M&M

Metric Score
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ROC analize (n=16,398, tumor and normal)

a ROC Analysis

1.0

0.8

Sensitivity
<
[=)]

o
~

0.2 e

0.0

— ROC (AUC = 0.96)
95% CI (AUC: 0.94-0.97)

0.0 0.2

0.4 0.6 0.8
1 - Specificity

1.0

Sensitivity / Specificity

1.0

©
fe's

o
o

<
~

0.2

0.0

b Sensitivity and Specificity vs Confidence Threshold

—— Sensitivity
—-—— Specificity
Intersection ~ 0.95 /

0.0 0.2 0.4 0.6 0.8 1.0
Threshold
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Aggregated metrics on scorable
samples

N N tumor/normal Accuracy F1

Sample selection Precision Recall

errors mismatch VA) score

Tumor and normal tissue

- no confidence threshold 16398 272 26 98,3 0,86 0,87 0,88
Tumor and normal tissue

- high confidence 14878 22 0 99,9 0,99 0,99 0,99
Tumor only - no

confidence threshold 2673 201 18 92,5 0,82 0,84 0,85
Tumor only - high

confidence 1785 11 0 99,4 0,98 0,98 0,98
Normal tissue only - no

confidence threshold 13725 71 8 99,5 0,98 0,99 0,97

Normal tissue only - high
confidence 13093 11 0 99,9 0,99 1 0,99



Modelio tvirtumo (robustness) analize, RCCUH

=1

kohorta (n

89), navikai ir sveiki audiniai
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a RCCUH (N=15%) b Princess Maxima (N=446)
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Palyginimas su kitais 2,:

& & e&}\ <
H gm [ [ & <& «
0 i B o
086 086
0.0 081
0.8 074
E 06 0.59] 059
5’; 043
L] L] - - w e L] c4 .
. SVM 0w
. Logist -
ogistine regreslja anasiausl R
g2 | == XGB
1] e LR
rezultatai = Fom
o & 5 &
& L e
& Q@& N
e AALLO432 (N=707)
088 0.69
1.0
085 095 0% gaie 092 s 098 050
ap 096 st 0% g 085 (55 087 es - I
o
2
w
| |
-
-_—
-_—
& & & < & & & <
o & < & & <
W < ¥ «
g Saint Louis T ALL (N=72) h Beat AML (N=329)

072071

Score




dataset sample_id ground_truth fine_top1_preds fine_top1_confs

]
220135 T-cell Acute Lymphoblastic T-cell Acute Lymphoblastic
BKUS 45RN Leukemia, NKX2 Activation Leukemia, NKX2 Activation 0,856143594
Initially labeled as “T-ALL, NOS”
dataset sample id ground_truth fine_top1_preds fine_top1__
confs
230137 B-cell Acute Lymphoblastic B-cell Acute Lymphoblastic 0,98133
BKUS 68DN Leukemia, PAX5 Alteration Leukemia, PAX5 Alteration 7
Initially labeled as “B-ALL, NOS”, confirmed to have
PAXS duplication
A B
B |l B PAX5 chr20 | NKX2-4 H TCRB  |H(2) chr7
x.-'exon 5,202 AA Reciprocal
ex0n5,159AA,»’("’ chr7 | TCRB H NKX2-4 | chr20
' | PAX5 'TCRB

" chr7:142786218

42 bp upstream

..... : NKX2-4

PAX Paired Box domain ' Vi I n i u s
DNA binding DNA binding site [nucleotide binding] DNA bmdlng DNA binding site [nuclectide binding] ° °
PaXZ_C Paired-box protein 2 C terminal HomeoboX Homeobox domain U n Ive rs I t g



N a uj umas Vilnius

University
« Aptinkamuy naviky skaicius (181 vs 96 pries tai aprasyti
literatuiroje).

 Duomeny augmentavimo strategija, CutMix panaudojimas,
hierachinés klaidos nuostolio funkcija.

+ Issamus testavimas (M&M - pagrindine testavimo kohorta is
tos pacios institucijos kaip ir mokymo duomenys).



Kito semestro planas Vilnius

University

« Publikuotas pirmas rankrastis (Science Translational Medicine
arba Communications Medicine zurnalai)

 Pradétas antras rankrastis

* PranesSimo skaitymas tarptautinéje konferencijoje (European
Society of Human Genetics)
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