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FY2025 Current Trends in Bioinformatics Course (2)

Lecture Schedule | EBEAXAT Y 21—l

8 Online Lectures & Discussion

(% 10/06/2025 - 12/15/2025 (Mondays)
© Zoom @16:10 - 17:40 JST (login details are provided to registered participants)

Date Lecturer (click for details) Lang Title (click for Abstract)
1 10/6/2025 Jordan RAMILOWSKI & Sakura MAEZONO, PhD = The New Era of Digital Biology and Its Impact on Biological and Medical Research
(YCU)
2 10/20/2025 Takahiro SUZUKI, PhD (RIKEN) el Introduction & Advances in the NGS and OMICS DATA Analysis
3 10/27/2025 Takeya KASUKAWA, PhD (RIKEN) ¢l Use of Public Resources for the Omics Studies / A = w7 AIFAZ D fc b DRI )/ — A DiER
4 11/10/2025 Charles PLESSY, PhD (OIST) = Automation, containerisation and pipelinisation for bioinformatics: easier for you to run it, easier for others to
reproduce it
5 11/17/2025 Dave TANG & Jo VILLA, PhD (KOTAI Biotech. Inc.) = Single cell and Spatial Transcriptomics
6 12/1/2025 Shiori ARII, Ms (Al Medical Service) el A computer aided supporting system with Al in endoscopic image
7 12/8/2025 Jun SESE, PhD (HumanomeLab) o AEDT—IHSBREBERID  TIVINT/NARAEFALEYZILT—IL R TOEFEE T— 5 B
8 12/15/2025 Sayuri SHIMIZU, PhD (YCU) el Application of Machine Learning to Healthcare

Please note: Lecture titles and content may be revised
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FY2025 Current Trends in Bioinformatics Course (3)

Graduate School of Medicine Course

e CourseTitle: /\14 A1 > 7 <7« U A% (Current Trends in Bioinformatics)

e Credits: 1 elective credit

Note: This course is offered under the same title for both the Graduate School of Medical Life Science and the Graduate School of Nanobioscience.

Health Data Science Course

e Course Title: /\1 A1 > 7 <7« ¥ X (Bioinformatics)
e Credits: 1 elective credit

Attending in-full at least 6 lectures (60-69%) is required:
* 8lectures (69%)
* 7 lectures (64%)
* 6 lectures (60%)
* 5 ectures or less (FAILED)

Zoom Attendance: YCU student ID must be used as a
part of Zoom Name to verify attendance

https://edu.med.yokohama-cu.ac.jp/courses/omnibus/FY2025/

Lecture Report (0—-10%) is required:
1 page on one selected lecture (any lecture you like)
* report can be written in either Japanese or English
e Deadline:

Active participation (0-20%) is encouraged:

e asking questions and participating in class discussion
* filling out a course questionnaire to provide the course
feedback and suggestions
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Terminology

» Artificial Intelligence (Al) contains Machine Learning (ML) and Deep Learning (DL).
 When we hear Al these days, it is most likely about Deep Learning.

ARTIFICIAL
INTELLIGENCE

MACHINE

LEARNING
DEEP
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Power of Al: Foundational Models

If every time you research a problem you have a lot of relevant data, then you can
solve that problem. But what if you don’t?

* Foundational models are big/smart Self-supervised
models trained on large datasets to . g pretraining Pretrained
learn broad patterns. ‘ . Foundational
* Serve as a base (foundation) for many & ?&? Model
specialized tasks v il
W

e Can be adapted, fine-tuned, or prompted
for new problems

Limited task-specific

data for task 1

C=J “Train once — use everywhere.”

1 Fine-tuning
] Fine-tuning
Model for layer for
fine-tuning task 1  Task 1
task 1 predictions




Al in Biology: A New Frontier

The foundational models are starting to changed how we do research in biology.

DNA/RNA Predictions:

Structural Predictions:

¥ Large Language Models (LLMs):




Geneformer: A foundation Al model for disease modeling

Geneformer is open-source and available for research;

@
Segmen;:tian
¢ Use cases and Zero-shot learning capabilities are shown in

the figure below:

Al
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g Embeddings

VISTA 2D Cell Type In silico Perturbation In silico Treatment
Annotation for Disease Drivers for Therapeutic Targets

Disease Classification
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Images
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Z'Z = i e Embeddings Prediction
— Geneformer GENE REGULATION
e I Sensitiity TFlargets | RSOV Cimamics  perfurmation | IF Cooperativity
| RAPIDS
| - | Unsupervised . .
g Outputs Zero-shot learning allows Geneformer to predict data
SINGLECELL classes it hasn’t seen or been explicitly trained for

Images from NVIDIA DEVELOPER from an article written by Tretina, 2024 Related link: Geneformer



https://developer.nvidia.com/blog/unlock-gene-networks-using-limited-data-with-ai-model-geneformer/
https://www.nature.com/articles/s41586-023-06139-9

Geneformer: Unlock Gene Networks Using Limited Data

Trained on 30+ million single-cell transcriptomes, Geneformer learns the “grammar” of gene expression.

Instead of simple clustering, it builds contextual embeddings where relationships among genes, pathways, and
cell states are encoded.

Enables transfer learning: fine-tune on rare disease or small datasets and still get biologically meaningful insights.

4 )
Embedding Space - Cell Type Clustering

Single-Cell
Geneformer | sawc | [ iy
appIIEd tO Slngle' (cells x genes) .o..
cell data — )

T-cells 0
o ®

B-cells

Process Flow

1. Single-cell gene expression matrix input

Embedding Dimension 2
)
o

2. Transformer processes cell-gene relationships %o,

3. Multi-head attention captures dependencies

Dendritic cells

4. Embedding space reveals cell type clusters

L Embedding Dimension 1 )

Related link: Geneformer



https://www.nature.com/articles/s41586-023-06139-9

AlphaGenome: Deep Learning for Genomics

Uses transformer-based neural
networks to integrate DNA, RNA,

epigenomics, and proteomics data X
Learns regulatory codes and
interactions across different omics AlphaGenome

A unifying DNA sequence model
I aye rS that advances regulatory variant-

effect prediction.

Applications:

Disease Discovery: Pinpoints the precise cause of
diseases (especially rare ones) by predicting the
functional impact of genetic disruptions, helping
identify new drug targets.

Synthetic Biology: Enables the design of synthetic
DNA with targeted regulatory functions for cell-
specific gene activation.

Genome Mapping: Accelerates basic research by

mapping the functional elements of the genome and

defining their cell-type-specific regulatory roles.

Structural Predictions

Long sequence-context at high resolution

Input

1 million base
DNA sequence

Video from Google DeepMind

Related link: AlphaGenome



https://deepmind.google/discover/blog/alphagenome-ai-for-better-understanding-the-genome/

AlphaFold: Highly accurate protein structure prediction

How did it solved the 50-year-old “protein folding problem”:

Structural Predictions

Revealed millions of intricate 3D protein structures; helps scientists understand how life’s molecules interact

Predicts structures with accuracy comparable to crystallography for most proteins

Beyond folding -- informs binding interfaces, mutational effects, and drug targetability

Accelerates research: thousands of groups now rely on AlphaFold predictions instead of waiting years for

Over 2 million
researchers in

over 190

countries are using
the AlphaFold
Protein Structure
Database to inform
their research.

[

21%

Of papers citing AlphaFold are related to the
study of disease

CASE STUDY

Solving one of biology’s greatest

puzzles

Learn more

CASE STUDY

Increasing honeybees’ chances of

survival

Learn more

Ca

Up to 1billion

Researc h years save d by AlphaFold
database structures

Over 600,000

Users in low and middle income coun

tries

CASE STUDY

Breaking down plastic pollution

Learn more

CASE STUDY

Searching for life-changing
medicines

Learn more

CASE STUDY
Creating a protein structure
database

Learn more

CASE STUDY

Designing more effective drugs

Learn more

CASE STUDY

Tracing proteins back to origins of
life

Learn more

Images from Google DeepMind

Related link: AlphaFold



https://alphafoldserver.com/welcome

Prediction Accuracy : AlphaFold vs Experimental

Experimental Structure
X-ray Crystallography

Resolution: 1.8 A

RMSD per Residue (A)

Residue Position

Accuracy

=== Experimental @ ======= AlphaFold

Structural Predictions
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Image created

Overall RMSD: 1.2 A by Claude Al

® High (>9® Med (70-90P Low (<70)
. J \

Structural Comparison Metrics

AlphaFold Confidence vs AccuracySummary Statistics

oo + Overall RMSD: 1.2 A * High confidence regions: 75%
.0 « Core regions RMSD: 0.8 A * Correlation (conf. vs acc.): 0.78
® » Loop regions RMSD: 2.1 A » Secondary structure match: 92%

» Structural similarity: 85% * Overall quality: Excellent

Confidence Score

Structure Comparison Legend

O Small diff. o Large diff. @ Low conf.

Related link: AlphaFold

Med diff. ® High conf.



https://alphafoldserver.com/welcome

Perplexity: Al-powered research assistant

Perplexity Al leverages LLMs:

Synthesizes real-time information from diverse sources to provide
comprehensive, evidence-based answers.

Deep Research Mode: Performs multiple searches, analyzes hundreds of
sources, and delivers structured reports, saving hours of manual research

Applications:

Literature Summarization: Quickly condenses complex biomedical literature
into digestible summaries.

Clinical Decision Support: Assists in diagnosing and predicting treatment
outcomes by analyzing patient data and medical literature.

Drug Discovery & Development: Facilitates the identification of potential
drug candidates by analyzing vast datasets of biomedical information.
Evidence-Based Medicine: Supports clinicians in making informed decisions
by providing up-to-date, evidence-backed information

Large Language Models

= + New » Open in App

Comparison With Other Al Agents

Feature This Other Al Agents
Assistant

Citation for Every Claim Yes Often No or Partial

Real-Time Research Yes Variable

Capability

Tool-Based Iterative Yes Sometimes

Searching Limited

Structured Markdown Output = Yes Rarely Consistent

Medical/Bio Compliance High Inconsistent

Suitability for Researchers

This assistant offers transparent citations, iterative evidence
gathering, and organized answers suitable for publication,
clinical protocol, and decision-support, giving it a competitive

edge for both academic and applied biomedical research.

» D @ &6 » ©



Current Research
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Molecular to Phenotype Connection

* DNA provides the blueprint, but RNA DNA  mRNA Protein Phenotype
and protein expression define cell
——d—
* Understanding molecular phenotype

behavior in health and disease é
explains why cells behave differentl Py |
plains why v % & . £ ’p§

despite identical DNA and how
deviations cause disease

 Apart from protein-coding genes, noncoding RNA
there exists noncoding RNA (e.g. XRg
IncRNA) which functions are yet to — % — c=x() —> Function?
be established IncRNA

Image created with Biorender



Long noncoding RNAs

IncRNAs are defined as RNA transcripts longer than 200 nucleotides

and do not code for functional proteins.
Statistics for 78,691 genes in Statistics for 78,275 genes in
GENCODE-V49 human database GENCODE-M38 mouse database

s

O

|

) |
e

Long non-coding RNAs (IncRNAs) are highly abundant in mammalian genomes.
Understanding the function of mammalian cells requires investigating IncRNAs.
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IncRNA | fHE FRIR B P B RIFE 2 il 1]

| IncRNAs in various diseases

| IncRNAs in various diseases

LncRNAs in
Autophagy

Autopahgy
related miRNAs +
+LncRNAs ﬁ
')

Target mRNA + mRNA
degradation

Kumar et al.

Journal of Biomedical Science (2024)

Bladder cancer

MEG3, UCA1,
ADAMTS9-AST,
SCYRI Gastric cancer
Lung cancer SNHG11, JPX, LINC0O1572,
MSTO2P, LCPAT1, CRNDE, MALAT1, HULC,

LINC00857, PANDAR, HAGLROS, EIF3J-DT, DANCR,
MITA1, UCA1, NBATT, FEZF1-AS1, CCAT1
BLACAT1, GASS, PVT1

Brain cancer
MALAT1, CASC2,
GASS5, AC023115.3,
Linc-RA1, DRAIC, H19,
Lnc-NLC1-C,

Bone cancer
CTA, DICER-AST,
SNHG15, SNHG6

b‘

LINC00470
Breast cancer AUtoph.agy Blood and Bone marrow
DANCR, GASS5, regu | atlng , cancer
H19, OTUD6B- LINC00265, UCAT,
A35] LncRNAs DANCR, BCYRN1

Pancreatic cancer
PVT1, MALATT,
SNHG14, ANRIL,
LINC01207

Prostate cancer
HULC, SNHGT,
PRRT3-AS1

Hepatocellular cancer
SNHG11, HOTAIR, H19,

PVT1, CCAT1, MEG3,
HNF1A-AS1, MCM3AP-AS1,

Colorectal cancer
SLCO4A1-AS1, EGOT,
CASC2, KCNQ10T1, NEATT,
SNHG14, UCA1, MALATT,

P

SNHG6, CPS1-IT1, H19, NBR2, NEAT1, DCST1-AS1,
CASC9, SNHGS. TUGT i HAGLROS, CRNDE, CCAT2,
d E Ovarian cancer HNRNPU-AS1
HOXA11-AS,
TUG1, XIST

Despite selected example, functions are not known for most IncRNA genes.
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Our interest: IncRNAs in Dendritic Cell Function & Differentiation

DCs: are professional Antigen Presenting Cells (APCs) priming regulatory and cytotoxic T-cells
to orchestrate a variety of adaptive immune responses upon infection and in cancers.

DCs differentiate mainly in bone marrow and mature in spleen in an IRF8-dependent manner.

B8 - Bone marrow FEZRE, - Spleen
pre-cDC1

HSC LMPP MDP CDP
/‘ i /) q \ /:J # gre-cDC/Z_\ ‘
N

Early Progenitors cDC Progenitors Mature Cells

cDC1

C5/7BL/6

1. LMPP: Lymphoid-Myeloid Primed Progenitors

3. CDP: Common Dendritic Cell Progenitors
2. MDP: Monocyte Dendritic Cell Progenitors

4. pre-cDC1/pre-cDC2: pre-Dendritic Cells
5. cDC1/cDC2: classical Dendritic Cells



Creating Atlas of IncRNAs in DC1 lineage

To construct an atlas of IncRNAs in dendritic cells (DCs), we performed quality control, alignment, and
quantification of public RNA-Seq data using the nf-core/rnaseq pipeline, a community-curated, standardized, and
reproducible workflow using Nextflow, to construct a comprehensive atlas of IncRNAs in selected myeloid cells.

Pipeline summary

Y= . B B8

cat UMI-tools
extract

Salmon SAMtools

sort, index,
SortMeRNA HISAT2 (

FastQC

stats) UMI-tools
O dedu
FastQC Trim BBSplit P

£alore! salmon picard
@ MarkDuplicates

MultiQC BEDtools

License:@ ® genomecov

nf-core/ ok o wscramrasishis G ()

e’
StringTie

rnaseq

STAGE METHOD MultiQC  dupRadar Preseq

1. Pre-processing mmmm  Aligner: STAR, Quantification: Salmon (default) @

2. Genome alignment & quantification wmmmm Aligner: STAR, Quantification: RSEM DESeq2 Qualimap RSeQC

3. Pseudo-alignment & quantification Aligner: HISAT2, Quantification: None (PCA only) rnaseq (multiple
4. Post-processing = Pseudo-aligner: Salmon, Quantification: Salmon modules)
5. Final QC

https://nf-co.re
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Identification of IncRNAs specific to DC differentiation

De-novo assembly was performed on in vivo RNA-seq data using nf-core and a proprietary pipeline.
Approximatelv 6.000 novel IncRNAs were identified through time-course analysis of cDC differentiation.

120[FASTQIfiles

l

HISAT2mapping:(GENCODE-M32

l

StringTie:moveligene/transcriptiassembly

l

|

|

|

|

|

|

. . . |
Own-scripts:[extractingnoveligenesiocionly I
|

|

|

|

|

|

10,000 known and novel

IncRNAs identified capture
DC1 lineage

PC2: 16.18% variance

40 A

20

<HSC

Q.0 G
N

prg

LyGCN(;Mo

.Dre:—cDCZ—SpI
1
1
1
1

-20

PC1: 36.73% variance

0

20

celltype

O LT-HsC

(O sT-HsC

O wvPP

O ™pp

O cor

O pre-cDC1-BM
. pre—cDC1-Spl
@ coct

@ pre-cDC2-BM
. pre—cDC2-Spl

QO cbe2
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Transcriptional Regulation

Cis-regulatory elements (CREs):

e Promoters: ability to recruit RNA * Enhancers: ability to enhance
Polymerase Il and initiate recruitment and/or transcription
transcription locally. at distal location.

TSS ’ :
| - /)8 Y8
“ !t:»\ ] ) { (\ " N (
{ 5 o M/ ,\ $ V) | )
) { < A / )/ /G aa Enhancer B
er A y ‘

Enhang

A 4

Some of these enhancers transcribe
enhancer-derived long noncoding RNAs (e-IncRNAs).



Enhancer discovery with experimental techniques

a
Random
mbination :
FDR < 1e-20 COf b gto S Candidate Target gene
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3C-based techniques:
*False positives due to low resolution
*Proximity does not guarantee regulation

CRISPR-based approaches:
*Scaling up to genome-wide perturbation
*Vulnerable to intrinsic enhancer redundancy

Both the CRISPR-based and 3C-based methods are laborious and *Off-target effects

expensive.



Enhancer Discovery — Computational Tools

* A range of computational
methods have been developed to
predict enhancer targets by
incorporating a variety of
genomic and epigenomic

features.

 ABC method allows to predict
enhancer with high accuracy, but

* it requires multiple datasets (ATAC-
seq, H3K27ac, RNA-seq & Hi-C)

e data quality is very important
* time-consuming to run

Class Method Year Data Algorithm Availability
ChIP-seq LASSO . .
* » a e uy e o
E JEME! 2018 DNase-seq, CAGE and RE https://github.com/yiplabcuhk/JEME
z
_§ @ FOCS | 2018 | CAGE, GRO-seq, DNase-seq | OLS and Elastic Net
g2
g
LE astic Net ¢
= DGTAC* | 2021 | ATAC-seq, RNA-seq gi;“‘“" Net and
3
= CT-FOCS | 2022 | CAGE, DNase-seq fﬂ‘:g:lrsM““’d Bffect
e
:E EpiTensor | 2016 | ChIP-seq, RNA-seq Tensor Decomposition http://wanglab.ucsd.edw/'star/EpiTensor/
€.
=
E = Transeriptional
2% Decomposition via . L
:; E Rennie at al* | 2018 | CAGE, RNA-seq approximate Bayesian https.a‘fgllS?ub.(.umfanderssonldbftmm(.rlplmnal 4
i modelling ecomposition
] and RF
™
ET b - -0, .
£2:2 PEGASUS | 2020 | Synteny conservation Score based on synteny https://ftp.bio.ens.psl.ew/pub/dyogen/PEGASUS/
A 9 conservation
w B
B
] - . .
] = Enformer | 2021 | DNA sequence CNN and Transformer hutps://github.com/deepmind/deepmind-
22 research/tree/master/enformer
a &
£ =n
s £
g g
R 2 .
£g CREaTor | 2023 | DNA sequence, CNN and Transformer https:/github.com/DLS5-Omics/CREaTor
£~ ChIP-seq, DNase-seq
-
o Distance, eRNAs, TF Weighted sum of . e
GeneHancer | 2017 co-expression, éQTLs, Hi-C transformed data http:/iwww.genecards.org/
T
E Distance, DNase-seq, ATAC- SC‘?“,: based on enhancer https://github.com/broadinstitute/ ABC-Enhancer-
S & ABC | 2019 . activity and contact o
eg seq, ChlP-seq, Hi-C Gene-Prediction
2s frequency
¥
1
,-n=: Score based on enhancer
=] . activity and contact
gABC | 2022 Distance, DNase-geq, frequency, considering https:/github.com/schulzlab/STARE

ATAC-seq, ChIP-seq, Hi-C

multiple promoter and
gene-specific activity




DC1 linage widely transcribed e-IncRNAs

Using ABC (Activity By Contact) method we discover all genomic enhancer and their
target mRNAs in DC1 lineage. Adding expression levels with found e-IncRNAs.

cDC1-specifcic mMRNAs
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Fig: Genome-wide contact map of cDC1 enhancer regions
regulating cDC1-specific mMRNAs & transcribing e-IncRNAs.

e-IncRNAs transcribed from enhancers regulating mRNAs

Now, we are expanding our work to create a broad atlas of IncRNAs in myeloid cells.
We are unlikely to find enough high-quality data to run ABC. Need alternatives!
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Species

Group

Sea urchin
Lancelet

Deuterostomes (2) g—-—

Sea urchin

=

Rainbow trout
Salmon
Seabream
Pufferfish
Seabass
Turbot
Medaka

Carp
Zebrafish

Fishes (9)

Chromix Training Data
83 genomes

Salmon

Axolotl
Clawed frog

Amphibians (2)

* 51 Vertebrates

Tasmanian devil
Opossum

Marsupials (2)

Cat
Dog
Ferret

Carnivores (3)

* 4 Invertebrates
* 28 Plants

Horse

White-beaked dolphin

Common dolphin
Beaked whale
Minke whale
Cow

Buffalo

Goat

Sheep

Pig

Ungulates (10)

31 535 tracks

Cats & Dogs

Rabbit

Rat

Mouse

Naked mole-rat
Guinea pig

Rodents (5)

* ~8000 Histone marks
~3600 TF binding

Marmoset

Siamang

Gorilla

Human

Bonobo
Chimpanzee
QOrangutan
Orangutan

Green monkey
Baboon
Rhesusmacague
Crab-eatingmacaque
Pig-tailed macagque

Primates (13)

* ~6300 Accessibility
* ~4800 Transcription
 ~8500TSS

Great apes & Human

Platypus Monotremes (1)

Python
Rattlesnake
Anole

Reptitles (3)

Chicken

Birds (1)

Sea squirt
Fruit fly

Wax moth
Nematode

Invertebrates (4)

[ 4

Alga

Green algae (1)

Spikemoss

Lycophytes (1)

Tomato
Grape
Saltcress
Thale cress
Papaya
Cotten
Poplar
Melon
Cucumber
Watermelon
Strawberry
Apple

Pear

Peach
Soybean
Bean

Eudicots (16)

Watermelon

Banana

Rice

Barley

Wheat
Brachypodium
Foxtail
Sorghum
Maize
Asparagus

Monocots (9)

Moss

Bryophytes (1)




Chromix predicts enhancer-gene pairs with tiling window

mutagene5|s
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Cellular Specialization and Communication in the Human Body

EH Dges - HE | EeEE0Md | F930J8E DD

‘ﬁ s : % Hippocampal Neuron § Alveolar Macrophage | . Endothelial Cells

Integu- Muscular Skeletal Nervous Endocrine Circulatory
mentary System System System System System
System

1

clslet -

o

Pan

Image source: https://anatomyofthebody.weebly.com/

The human body comprises approximately 30 trillion cells, each specialized for distinct functions—such
as neurons transmitting signals, cardiomyocytes contracting rhythmically, and hepatocytes metabolizing
nutrients—demonstrating a sophisticated division of labor. This cellular specialization is orchestrated
through intricate cell-cell communication networks, including gap junctions, exosomes, and signaling
pathways, ensuring coordinated physiological processes and maintaining homeostasis.
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Principles of Cell—Cell Communication

Cells typically communicate by secreting signaling proteins (ligands), which bind to
specific proteins located on the surface of target cells (receptors).

SEND\NG CELL\ TARGET CE.LLJ \NQN-TA&GET CEL.L}
¢ no receptor 4or ligand

These intercellular (between-cells) signals are then converted into an intracellular (within-cell) signal
causing a response: changes in gene activity, cell division, cell death and many more.

https://www.khanacademy.org/science/biology/cell-sighaling/mechanisms-of-cell-signaling/a/introduction-to-cell-signaling
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Complexity of Cell—Cell Communication Networks

There 20,000 proteins in the human genome
20,000*20,0000 -> 400,000,000 Protein-Protein Interactions (potential)

Fibroblast 1
Endothelial cell

Fibroblast 2

Granulocyte O

Macrophage

Even 12 interacting cells types can make a very complex signaling network



AO% A draft network of ligand—receptor-mediated multicellular signalling in
nature human, JA Ramilowski, et al. Nature communications 6(1), 7866, 2015

COMMUNICATIONS PMID: 26198319; DOI: 10.1038/ncomms8866
Situation of the Ligand-Receptor Databases in 2014 nature communications
* No comprehensive resources with ligand-receptor Explore content v About the journal v Publish with us +

interactions

nature > nature communications > articles > article

* No clear understanding of the following:

Article Open access Published: 22 July 2015

* how many ligands/receptors are present in A draft network of ligand-receptor-mediated
human cells multicellular signalling in human
i hOW ma ny I|ga nd -rece ptor |nte raCtionS are Jordan A. Ramilowski &, Tatyana Goldberg, Jayson Harshbarger, Edda Kloppmann, Marina Lizio,
used betwee ] Ce”S Venkata P. Satagopam, Masayoshi Itoh, Hideya Kawaji, Piero Carninci, Burkhard Rost & Alistair R. R.
Forrest &4

e autocrine signals — cells within the same cell
type signaling to each other

Nature Communications 6, Article number: 7866 (2015) | Cite this article

. . . 55k Accesses | 827 Citations | 74 Altmetric | Metrics
Birth of the ConnectomeDB Project — aims to address
the a bove issues 0 A Corrigendum to this article was published on 10 February 2016

 Discovered:
e« 708 human ligands

© This article has been updated

* 691 human receptors Abstract
¢ 2; 5 5 7 h uman I |8a n d -rece ptor p d | rs ( 1; 894 Wl t h Cell-to-cell communication across multiple cell types and tissues strictly governs proper
eXp e ri menta | su p p 0 rt) functioning of metazoans and extensively relies on interactions between secreted ligands and

cell-surface receptors. Herein, we present the first large-scale map of cell-to-cell

* Showed ligand/receptor interactions and expression
profiles in 144 human primary cell types


https://pubmed.ncbi.nlm.nih.gov/26198319/
https://doi.org/10.1038/ncomms8866

Predicting Ligand-Receptors Interactions
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Searching for Interaction Evidence for ConnectomeDB2015

No consistent method for evidence searching

* Each LR pair was manually checked using PubMed (1)

and Google searches (2)

* Pairs with at least one supporting evidence were

labeled as “supported”

* Process involved multiple annotators and was very

time-consuming

Example: EGFR — EGF interaction
(2) Géogle

© National Institutes of Health (NIH) | (.gov)
https://pmc.ncbi.nim.nih.gov » articles » PMC8259408

EGFR EGF ligand receptor interactions X

=

Binding of single-mutant epidermal growth factor (EGF) ...
by S Pascarelli - 2021 - Cited by 10 — This study shows for the first time that a single mutation in the
EGF is sufficient to alter the activation of the EGFR signaling pathway at the cellular level.

.) National Institutes of Health (NIH) | (.gov)
https://pubmed.ncbi.nim.nih.gov > ...

Imaging Ligand-Receptor Interactions at Single-Protein ...
by M Honsa — Ligand-receptor interactions are critical for cell communication, with membrane
receptors such as the Epidermal Growth Factor Receptor ...

Scholarly articles for EGFR EGF ligand receptor interactions
EGF receptor ligands - Harris - Cited by 1167

EGF receptor ligands: recent advances - Singh - Cited by 388

Ligand-independent EGFR signaling - Guo - Cited by 250

\ 4

(1) Pu blfQed FoFR e6* s |
Advanced Create alert Create RSS User Guide
Save Email Send to Sort by: = Best match % Display options ¥
. »
MY CUSTOM FILTERS [3 15,076 results Page 1 of1508 > >
RESULTS BY YEAR [ ] Review on Epidermal Growth Factor Receptor (EGFR) Structure, Signaling

1 Pathways, Interactions, and Recent Updates of EGFR Inhibitors.
cite Sabbah DA, Hajjo R, Sweidan K.
Curr Top Med Chem. 2020;20(10):815-834. doi: 10.2174/1568026620666200303123102.
PMID: 32124699 Review.
The epidermal growth factor receptor (EGFR) belongs to the ERBB family of tyrosine kinase

AR }
iy,

1980 2025 receptors. EGFR signaling cascade is a key regulator in cell proliferation, differentiation, division,

survival, and cancer development. In this review, the EG ...

PUBLICATION DATE

-

\ [] EGFR Ligands Differentially Stabilize Receptor Dimers to Specify Signaling

() 1year -

— ¥ 2 Kinetics.

~

() 5years Cite Freed DM, Bessman NJ, Kiyatkin A, Salazar-Cavazos E, Byrne PO, Moore JO, Valley CC, Ferguson
‘\\ 10 years KM, Leahy DJ, Lidke DS, Lemmon MA.

— Cell. 2017 Oct 19;171(3):683-695.e18. doi: 10.1016/j.cell.2017.09.017. Epub 2017 Oct 5.
() Custom Range PMID: 28988771 Free PMC article.

Hoime arallanranby and athor ~nergaches, we show how the EGFR ligands epiregulin (EREG) and
Abstract

eric conformations of the EGFR extracellular region. As a
less stable EGFR dimers than EGF ...

The epidermal growth factor receptor (EGFR) is a membrane-anchored tyrosine kinase that
is able to selectively respond to multiple extracellular stimuli. Previous studies have indicated
that the modularity of this system may be caused by ligand-induced differences in the
stability of the receptor dimer. However, this hypothesis has not been explored using single-
mutant ligands thus far. Herein, we developed a new approach to identify residues
responsible for functional divergence by selecting residues in the epidermal growth factor
(EGF) ligand that are conserved among orthologs yet divergent between paralogs. Then, we
mutated these residues and assessed the mutants' effects on the receptor using a combination
of molecular dynamies (MD) and biochemical techniques. Although the EGF mutants had
binding affinities for the EGFR comparable with the WT ligand, the EGF mutants showed
differential patterns of receptor phosphorylation and cell growth in multiple cell lines. The
MD simulations of the EGF mutants indicated that mutations had long-range effects on the
receptor dimer interface. This study shows for the first time that a single mutation in the EGF
is sufficient to alter the activation of the EGFR signaling pathway at the cellular level. These
results also support that biased ligand—receptor signaling in the tyrosine kinase receptor
system can lead to differential downstream outcomes and demonstrate a promising new

method to study ligand-receptor interactions.



(CAGE) Cap GEne Expression Atlas in human and mouse

Cell Ontologies 144 Primary Cells Tissues Cell lines

Mesenchymal: 63

Epithelial : 34 <(D @
Hematopoietic: 29
Nervous system: 4

Other: 5 W u

Endothelial: 9
)

/n 573 162 250

% 128 2171

A promoter-level mammalian expression atlas
Forrest ARR et al., Nature 507, 462-470 (2014)



Ligand & Receptors in FANTOM 5 Collection

464 ligands & 477 receptors expressed in all our primary cells
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Cells communicate more within than to other lineages

Summarized Signaling Within and Between the

Cell Lineages
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Signaling To and Within Blood Lineage is

Enriched in Immune Responses

G0:0006955 immune response G0:0042330 taxis
G0:0006952 defense response G0:0006935 chemotaxis
G0:0006954 inflammatory response G0:0006952 defense response
G0:0051249 regulation of lymphocyte
activation
G0:0050864 regulation of B cell
activation
193 -
125 This illustrates
cells functional
specificity and
their division of
labor.
129
G0:0006952 defense response
G0:0002526 acute inflammatory response
G0:0009611 response to wounding
G0:0002253 activation of immune response




:O% Predicting cell-to-cell communication networks using NATMI,
nature R Hou, et al. Nature communications 11(1), 5011, 2020

COMMUNICATIONS PMID: 33024107; DOI: 10.1038/541467-020-18873-z

Updated ConnectomeDB2020: NATMI (Network Analysis Toolkit for the
Multicellular Interactions) + 1,930 Curated Ligand-Receptor Pairs

a

Cell-type expressing ligand (sending)

Heatmap view of unfiltered edges b Network view of unfiltered edges c Circos view of unfiltered edges
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Summary: Although connectomeDB2015 and connectomeDB2020 have established
a baseline for discovering ligand-receptor interactions in humans, they lack a
consistent method for pre-screening the interaction evidence in published literature.


https://pubmed.ncbi.nlm.nih.gov/33024107/
https://www.nature.com/articles/s41467-020-18873-z
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ConnectomeDB2025: Leveraging Al to Build the Most Robust Ligand—
Receptor Database

.

ConnectomeDB
("ConnectomeDB | [ Removed LR ] No primary evidence * Expanded the integrated dataset via two
2020 pairs Not LR pair methods: manual keyword searches and

>

([ CellPhoneDB )

vh

Al-assisted queries using the Sonar-Pro
modelin PerplexityAl

CellChatDB v2

ConnectomeDB2025 * Formanual keyword searches, limited them
to literature from 2020~

Manual

) 5,799 LR pairs
¥ > PubMed ID

CellTalkDB curation Ligand + Ligand species * This restriction was intended to:
> i New Receptor + Receptor species - capture newly described LR pairs
ICELLNET v2 support Orthology mapping - reduce the yolu me of articles
: : evidence Novel LR pairs (HCOP, ENSEMBL, NCBl) needlng manualreview
LIANA+ with evidence — « Usingthe combined dataset, PerplexityAl
LR pairs of human . e e .
/ ’ identified additional plausible LR partners
l mouse and 12 vertebrate o i
species for existing ligands and receptors
PerplexityAl \

Identification of new ligand—-receptor pairs absent from existing DBs

Initial Prompt QC (Symbol validation etc.) » Secondary Prompt
~6400 potential LR pairs ~4000 potential LR pairs ~1000 potential LR pairs

Liu, Maezono et. al., NAR Database, 2025 (Accepted)
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ConnectomeDB2025: Leveraging Al for knowledge expansion

> What-is-the-biological-relevance-of-the-ligand-and-receptor-pair-
A2M LRP1-based-on-Pubmed-ID-10652313, 12194978, 1702392
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http://connectomedb.org/

ConnectomeDB2025 Summary: Most Comprehensive Ligand-
Receptor Database

ConnectomeDB2025 | 3,579 (100%) 1

* High-Quality Curation: 3,579 ligand—receptor

. . . ConnectomeDB2020 | 1,930 (84%)
pairs from 2,803 primary research articles

CellTalkDB_Hs | 1,874 (55%)

* Evidence-Linked: 5,429 “triplets” connecting . Manually verified
. . . . . ellTalkDB_Mm [ 1,382 (68%) ! primary literature
pairs to supporting publications; 2,359 unique : ]

to ConnectomeDB2025 CelabiE | 1,447 (69%) | Yes No

. CellPhoneDB_v5 | {1,325 (68%)
* Expanded & Updated: Added 827 pairs and
773 publications absent from previous

ICELLNET v2| 1,403 (77%) ‘

databases, including 264 new interactions LIANA_consensus | 2,386 (50%) l
since 2020 0 1,000 2,000 3000 4,000
Ligand-Receptor Pairs
* Cro SS-SPECIeS Cove rage: H uma n' 3,579 LR Pairs 2,803 Primary Articles 5,429 LR-PMID Records

mouse, plus 12 other vertebrates
(~97% homolog coverage)

e Accessible Online: Searchable,
downloadable pair lists and
detailed pair summaries at
connectomedb.org.
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Liu, Maezono et. al., NAR Database, 2025 (Accepted) [] Shared with other Databases
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Basics of Prompt Engineering

Key Recent Advances (2022-2025)

Reasoning Prompts

* Chain-of-Thought (Wei et al., 2022) & Zero-Shot CoT (Kojima et
al., 2022): step-by-step reasoning improves accuracy

» Self-Consistency (Wang et al., 2022): sample multiple reasoning
paths - more reliable answers

Prompt Automation

* Automatic Prompt Engineer (Zhou et al., 2022), PE2 (ACL 2024):
LLMs (meta-prompting) can design/refine prompts better than
humans

* Long Prompt Optimization (ACL 2024): search/mutate long
prompts for complex tasks

Domain & Education

* Domain-Specific Prompts (Chemistry, 2024): embedding
scientific knowledge reduces hallucinations

» Surveys (2024/25) & Curricula (Education 2025): prompt
engineering now taught systematically (Al/education)

% Domain Generalization

Prompt Engineering
@ Art — 4 Science

Al systems don't just "think"—

Crafting clear, structured instructions

Like lab protocols:
Precise input — Reproducible results

Evolution Pathway

Automation Systematization Pedagogy

Open Problems

“ Brittleness M| Evaluation Standards
Small changes = big differences Lack of unified metrics

" Fine-Tuning Trade-offs

Context transfer failures Prompt vs. model optimization

Evolving Critical Scientific Skill

<
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Prompt Engineering in Biology & Medicine

. . - : : Actionable
* Data analysis: guiding Al to extract patterns DEEL gy AIFCRECENT g [l FELLS -

from omics datasets

—
* Hypothesis generation: framing biological A — —
questions for novel insights [Boon o Bxon |
: Genomic Data
Patient Records/ Research
. .. _ Clinical Metadata Papers
* Clinical decision support: structuring prompts ,
for accurate, interpretable outputs
’ Clear, Well- ._/--’/// = Domain,
Structured _— N\ NS Context, &
. : Prompt .E_rr\\ Al _/_//\ ! Parameters
* Knowledge synthesis: turning scattered =7/

literature into focused reviews

Assists in Clinical

Decision
Support

* Collaboration skill: bridges domain expertise Research Insights
with Al reasoning Hypothesis Generation

Image created in Biorender



. Be Clear & Specific

Define the task: “Summarize RNA-seq differential expression

results” vs. “Explain RNA-seq.”

Include format or length requirements: table, bullet points,
short summary

. Provide Context

Give relevant background: organism, tissue, experimental
conditions.

Specify assumptions or constraints: e.g., “only human
genes” or “exclude low-confidence hits.”

. Stepwise Instructions Help

Encourage reasoning: “Explain your answer step by step” or
“Show calculations.”

Useful for complex analyses, medical reasoning, or
interpreting data

QTips for Prompt Engineering— Learning to Talk to Al

4. Use Examples (Few-Shot)
Provide one or two illustrative examples of
input - desired output

* Reduces ambiguity, especially for bioinformatics
or clinical formats

5. Check & Refine
* Verify Al suggestions against trusted sources
* Adjust wording or add clarifications iteratively

6. Safety & Domain Awareness
* Al may hallucinate or misinterpret rare conditions
» Always cross-check clinical/experimental outputs

7. Bonus: Experiment & Document
» Slightly different wording can change results;
record prompts that work well



Small Language Models & Hybrid Architectures:
The Future of Efficient Al

Small Language Models (SLMs): Models under 10
billion parameters that are optimized for specific
tasks, offering faster inference, lower costs, and
reduced environmental impact compared to larger
counterparts

; Use In Off-Line Made
Lower Resource Requirements l ? ?

Local Hosting

Inference Time o_

Hybrid Al Systems: Combining the strengths of
both large and small models to create efficient,
scalable, and specialized Al solutions.

Lower Resource Requirements

Ease of Deployment

Conversation & Context Management

Trend Towards Efficiency: The Al community is
shifting focus from purely scaling up models to
optimizing them for specific applications, leading
to more sustainable and accessible Al
technologies.




Call to Action: TheOpportunity to Learn and Adapt

Al is no longer optional in biologyl Digital Biology is here. The question is: will we

it’s the new microscope lead or follow?

Invitation: Let’s explore and learn Al for biology

Researchers must: together

e Learn Al concepts (transformers,

embeddings, generative models, The future of

prompt engineering) biology is
e Partner across disciplines (Biology computational
<> Computer Science) —and the future
* Experiment withAl tools in daily of computation Tj

research

is biological

Image created by ChatGPT
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RoseTTAFold: Faster and often more flexible for novel folds or
complexes than AlphaFold

» Developed in parallel at UW, with a three-track network (sequence, b ProteinzNucleic Acid
distance, coordinates) 4@‘? Protein-Metal lon

» Pioneered the idea of using protein language models (from sequences o
alone) to bootstrap structure learning

. . . . . RoseTTAFold
« Extends to protein—protein and protein—-DNA/RNA interactions, All-Atom
bridging molecular biology and structural genomics Predictions
( ) Covalent modifications Protein-Ligand
RoseTTAFold Pipeline Architecture
3-Track Network
MSA Generation [ ] Multi-Head Structure
Multiple Sequence 1D: Sequence Features Attention N
e .» .> > Prediction
. t [ 2D: Distance/Contact Maps ] R e NS
3D: Structure Coordinat
A ucture Coordinates B
+ End-to-end differentiable * Protein ‘mplex prediction .
e s ‘: Protein Sequence Chemical SMILES
e g MSPILGYWKIKGLVQPTRLLLEYLEEKYEEHLYERD — = =
B il IIRYIADKHNMLGGCPKERAEISMLEGAVLDIRYGY] INPUT CC1=C(C=C(C=C1)
lterative Refinement TYLNGDHVTHPDFMLYDALDVVLYMDPMCLDAFPKL NC(=0)C2=CC=C
GGGDHPPKSDLEVLFQGPLGSSQIPASEQETLVRPK -
L ) LYDAAQQHIVYCSNDLLGDLFGVPSFSVKEHRKIYT (C=C2)CN3CCN
p 8 \ Umol Prediction l
wwamewics  EXample: Predicted Protein Complex Structure . Y
Multi-subunit enzyme complex with binding sites RElatEd /Ink: Figurefrom
e Fadahunsi, 2024
AN ive Site Confidence Scores Rose TTAFOId
~r ChainA: S 90%
TN NI s ::: v Chain B SHNE 5%
- - "V\'/\ Aesteric Site Chain C: 70% Protein-Ligan
O_\/M Interface MTEG_— 80% Comp[ex



https://link.springer.com/article/10.1007/s00044-024-03253-9
https://www.science.org/doi/10.1126/science.abj8754

BenevolentAl: Leverages on Al to quickly find new therapeutics

BenevolentAl

 Integrates biomedical knowledge graphs
with deep learning to find novel
therapeutic hypotheses

« Famous for COVID-19: rapidly identified
baricitinib as a drug (now FDA-approved)

« Uses Al to navigate the vast biomedical
literature, omics, and clinical trial data

to prioritize interventions Ml Modal Knawiedgs Graph e
eﬁ ._ o L=
« Matches the right therapy to the right ot e
patient at the right time . — Y |
S |
= v

Related link: BenevolentAl ([ e )

Image created by Claude Al


https://www.benevolent.com/news-and-media/blog-and-videos/benevolentais-approach-ai-enabled-drug-discovery/

Atomwise: leveraging the power of Al to revolutionize small
molecule drug discovery

* Applies Al-driven molecular docking and Atomwise Al Driven Ligand Docking Pipeline
virtual screening

-

Docking Simulation
Chemical Library

* Trains on billions of small molecules to oo, s __
predict binding affinities and poses 1 o compouns e -z .
with drug targets

. . r ™
* Accelerates hit discovery from years to Results & Analysis
WeEkS’ Wlth reduced COSt Top Hits ADMET Drug-ikeness ) [ Oyptimization
High Affinity Absarpon | Lipinski's Rule Struchme
Score: 8.5-B2 Taxicity Salubility Refinement
L - | b - -
° Used in neglected diseases (e.g.’ EbOIa’ Pipeline Metrics: = 100+ compounds screened » ~1000 top candidates identifisd
. .. - Al-powered scoring & rankin » Expenimental validation ready
malaria) where traditional pharma has N p T )
little incentive Powered by Al Timeline
Machine Leaming + Deep Leaming » CNNs Hours to Days vs Traditional Months

Related link: Atomwise Image created by Claude Al



https://blog.atomwise.com/behind-the-ai-reconfiguring-key-code-to-supercharge-molecular-docking
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