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Postdoc training at Yale

Roberto Groszmann, MD William Sessa, PhD

* Physician Scientist * Basic scientist
* Mechanisms of portal hypertension e Vascular & endothelial cell biology
* Pharmacology
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New NIH office to reduce use of animals in research

Agency plans to promote alternative methods and address “bias” toward animal studies in grant
review
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A New Direction in U.S.
Biomedical Research

e Shift toward human-relevant

platforms: organ-chips, ———
. New NIH office to reduce use of animals in research
O rga n O I d S’ | a rge h u m a n d ata S ets, ;\qcln\u plans to promote alternative methods and address “bias” toward animal studies in grant
review

and Al-based modeling. T

* Not everyone agrees: some are
excited about cutting animal
studies, others question
whether the alternatives are
ready



https://www.ingegneriabiomedica.org/news/tessuti/biochip-nuove-frontiere-nella-sperimentazione-farmaceutica/
https://creativecommons.org/licenses/by-nc-nd/3.0/

Section Il

Human-relevant platforms
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: advanced in vitro culture system

Definition
* A 3D structure of cells that self-organize through cell-cell and cell-matrix interaction

Origin
* Primary stem/progenitor cells
* iPSCs

DAY 50 LIVER ORGANOID

Applications
* Drug discovery, toxicity,
mechanistic study

https://www.a-star.edu.sg/News/astarNews/news/press-releases/singapore-scientists-
develop-advanced-human-liver-organoids

LiuS, ... Yang B. Stem Cell Res Ther. 2024. PMID: 39113154



Organoid: advanced in vitro culture system
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Organoid: advanced in vitro culture system

Applications
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Organ-on-a-chip: advanced in vitro culture system

Definition
* Anin vitro microphysiological system used for
mimicking the human body environment, representing
a simplified but realistic model of its organ level.
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DengS, ... Chen P. Theranostics. (review) 2023. PMID: 37649608
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Challenges in Biomedical Research

Y. lwakiri, Yale School of Medicine



Why is moving discoveries from bench to
bedsides hard?




Challenges in Biomedical Research

1. Technical limitations

* Experimental models remain imperfect

2. Data fragmentation and reproducibility

* Omics data set stored in separate
formats/platforms

* Incomplete metadata and protocol
validation

3. Biological complexity

T’anscriptom'\cs

This Photo by Unknown Author is license®eeme


https://www.frontiersin.org/articles/10.3389/fcell.2021.674162/full
https://creativecommons.org/licenses/by/3.0/

3. Biological complexity
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https.//www.labster.com/blog/make-signal-transduction-approachable-students



3. Biological complexity
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3. Biological complexity

Cell heterogeneity Liver ECs

Example: liver endothelial cells

* Cd36 « Wnt2 « Lhx6
* Adam23 * Wnt9 - Kit

Lymphatic

. e Hepatic artery

stellate cell Kupffer cell

McConnell, Kostallari, Ibrahim, Iwakiri.
Hepatology. 2023; 78(2): 649-669

Lymphatic ECs
Su T, Iwakiri Y, et al. CMGH. 2021;11(4):1139-1161.
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Background: Omics & Systems Biology

Y. lwakiri, Yale School of Medicine






How Omics Technologies Have Evolved

Bulk — Single Cell — Spatial

Averaged Separated Separated + positioned
(Individual cell) (Cells in context)



Transcriptomics: from bulk to single cell and spatial level

Single cell RNA-seq

* Live cell only — no dead cells!

Single nucleus RNA-seq

* Cells can be frozen

e Suitable for those
samples difficult to get
in live (e.g., human
samples)

— —

Integration

‘s

COOOOTOUT

 Locational information
from Spatial

* Transcriptome depth
from Single cell

Spatial RNA-seq

Non-fixed frozen sections
Data quality in paraffin
section is not ideal



Proteomics: from bulk to single cell and spatial level

* Key technique: Mass Spectrometry (MS)
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Proteomics: from bulk to spatial and single cell level

* Spatial level: know “where”
Mass spectrometry imaging

ll * Laser capture microdissection
* Antibody recognition
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Metabolomics: from bulk to single cell and spatial level
* Key techniques: Mass Spectrometry (MS) and Nuclear Magnetic Resonance (NMR)
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Metabolomics: from bulk to single cell and spatial level

Single cell level Spatial level
Mass Spectrometry (MS)  Mass Spectrometry Imaging
(MSI)
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Systems biology

Definition:

* An approach in biomedical oram S o
research to understanding the  — #4 /Z&es /;l) N (2
larger picture P romaain Y. . n

e G

* To understand complex Py 2
biological systems by looking Tw ‘ i \& —
at how all their S Q@E
interconnected parts work OOV 2 @&

together, rather than
studying them in isolation

https://isbscience.org/what-is-systems-biology/



Section V
Liver biology

! . https://metrohospitalfaridabad.com/blog/h
ow-to-know-is-your-liver-healthy-or-not/
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Architecture plus cell diversity = liver function

Hepatic sinusoid

Kupffer cell

Central vein S - ::':- . . . .
Liver sinusoidal endothelial cell (LSEC)
Bile canaliculi

Hepatocytes



Architecture plus cell diversity = liver function
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Architecture plus cell diversity = liver function

Hepatic sinusoid

Hepatocytes —
Kupffer cell

Central vein ==t L
| Liver sinusoidal endothelial cell (LSEC)

Bile canaliculi

Hepatocytes




Architecture plus cell diversity = liver function

Hepatic sinusoid

Hepatocytes _t.:‘;* 7%
= Kupffer cell

Central vein
Liver sinusoidal endothelial cell (LSEC)
Bile canaliculi

Hepatocytes

#} Portal tract:
il Bile duct
WA - Portal vein
* Hepatic artery




Liver-on-a-chip
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Liu J, ... Liu H. Front Oncol. 2022. PMID: 35992870



Stages of liver disease progression

Healthy Liver Liver damage

L LN .

* Virus

« Toxin Portal hypertension

* Diet (high fat, high sugar) ¢

* Alcohol

* Bile accumulation Ascites

. Drug overdose Eso_phageal varices
Hepatic encephalopathy

Adapted from: www.HarbalProvider.com
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Unmet Needs in Liver Research
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Research approaches to liver diseases

Imaging

Genomics

Regenerative
Medicine

Liver disease

Animal Models

Drug discovery

Pathology

Biomarker

Organoid




Unmet Needs in Liver Research

28

INCOMPLETE ANIMAL MODELS FALL LIMITED HUMAN- FRAGMENTED DATA WEAK TRANSLATION
MECHANISTIC SHORT. RELEVANT ACROSS SYSTEMS. TO THERAPIES.
UNDERSTANDING. PLATFORMS.



I Unmet Needs in Liver Research

INCOMPLETE MECHANISTIC
UNDERSTANDING.

C Histology of liver parenchyma

®  Hepatocyte oo Bile duct
©  Biliary epithelial cell Lymphat 3 Space of S J 098
—=~ Endothelial cel "esse',‘l ) oOooo 0 °°°°
; ; ; ; O ‘ : //
7 (L::EVIFE LSS”EUCS)o'dal endothelial (/ .g* T o o\ ao °° OQ
O]

.~ lymphatic endothelial cell

» o

CNCR WONCH N

=5 « N Qe
‘% Dendritic cell (DC) e = ooo

O,
00000

oo N 200000

Hepatic stellate cell (HSC) @
Kupffer cell (KC) ®

Yo80000005800-
' @&
<72 52?7 (®

Portal vein Central vein

2

ap Tcell
CD8* Ty cell
vd Tcell
MAIT cell
NK/ILC1
NKT

B cell

)



Unmet Needs in Liver Research

N
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Zhao, Cui et al. BMC Med Genomics. 2024. PMID: 38549107



I Significant differences in gene expression in APAP-
livers between mice and humans
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Exa m p I e — Stu d i es on MAS L D (metabolic dysfunction-associated steatotic liver disease)

Liver injury and progression in mice on a Western-Style diet:
Effects of dietary minerals

LEAN ‘BEESE

Healthy Diet  High-Fat Western-Style Diet

Healthy Liver Fatty Liver NASH Liver Cirrhosis Liver Cancer
Steatosis Steatosis Fibrosis with scarring
Inflammation
Ballooning Degeneration
Fibrosis

Varani et al., Front. Nutr. 2022.
PMID: 35634402



any diets, many combination

High-fat diet

Western diet

J

Sk, ik B G

\

— complex interpretation and wide variations

Steatosis

Fructose-rich diets

J

Steatohepatitis

[ AMLN/GAN diet

High-fat, high-|

gcholesterol dietl

— -

Fibrosis

[ CcDAAdiet |
([ CD-HFD |
[ MCDdiet |

\ 4

Weight Loss

Vendor

Research Diets

Research Diets

Research Diets

Research Diets

Research Diets

Research Diets

Research Diets

Envigo/Teklad

Envigo/Teklad

Envigo/Teklad

Envigo/Teklad

Envigo/Teklad

Envigo/Teklad

Dyets

Dyets

Dyets

Bio-Serv

Bio-Serv

Bio-Serv

Diet Name

Western Diet

Fast-Food NASH Diet

AMLN Diet

GAN Diet

MCD Diet

CDAA Diet

High-Fat Diet

Western Diet

Western + Cholesterol

NASH Variant

High-Fat Diet

MCD Diet

CDAA Diet

MCD Diet

CDAA Diet

Cholesterol Diets

Western Diet

HFHC NASH Diet

MCD Diet

Catalog Number

D12079B

D09100310

D09100301

D17010101

D05010402

D06011801

D12492

TD.88137

TD.160130

TD.180423

TD.06414

TD.90262

TD.140709

518810

518764

104779/104780

F3666

$3282

54203

Key Features

41% fat, sucrose-rich

40% fat, 2% cholesterol, high

fructose

High fat, high cholesterol, high
fructose

AMLN update without trans-fat

Methionine-choline deficient

Choline-deficient AA-defined

60% fat

High fat, high sucrose

+1% cholesterol

Western + cholesterol + fructose

60% fat

Methionine-choline deficient

Choline-deficient AA-defined

AIN-76 base

L-AA defined

1-2% cholesterol

High fat + sucrose

High fat + 1% cholesterol

Methionine-choline deficient

Typical Phenotype e

Steatosis < mild NASH

Strong steatohepatitis

Obesity, IR, NASH, fibrosis

NASH + fibrosis

Rapid steatohepatitis,

weight loss

Chronic fibrosis

Obesity + steatosis
Steatosis, mild NASH
Ballooning + inflammation
Steatohepatitis + fibrosis
Steatosis, obesity

Rapid NASH

Fibrosis model

Rapid NASH

Chronic fibrosis
Inflammation, fibrosis
Steatosis / mild NASH
Robust NASH

Rapid NASH/fibrosis

+.

Duration

Mouse spieces
Chemicals (CCl4, LPS, etc)



A study "An unbiased ranking of murine dietary models based on their proximity to human MASLD
By Vacca et al. Nature Metab. 2024; 6(6): 1178-1196

® Objective: The study aimed to rank
39 murine dietary models based on righ Fat (HFD)
their resemblance to human MASLD. Western (WD)
e Methodology:
e Conducted a retrospective
review of 598 animals (509 mice
and 89 rats).

Metabolic
relevance

»

Western + Streptozotocin

(WD-STZ) Phenotype

American lifestyle (AMLD)

AMLD + low-dose carbon
tetrachloride (WDAMLD-CCIL,)

509 Mice

e Evaluated models based on (WI/GA
metabolic phenotype, liver ‘ . Choline defictent high fat
histopathology, and o o Choline doicent igh
cholesterol (CDHCD
transcrlptome' 4 Choline deficient high fat and
e Developed the MASLD Human 89 Rats denchoestero COF Y
. . (WT/GA) Genetic obesity and MASLD
Proximity Score (MHPS) to rank (GMCHOW)
. High-dose carbon tetrachlorid - .
models based on metabolic (COL,) -ores st corrs - Abilty to nduce
relevance and ability to induce 39 models plus high-dose CCl, transcriptome

336 animals in the ‘treatment’ arms

MAS H —fl b ros | S. 262 in the ‘control’ arms




A study "An unbiased ranking of murine dietary models based on their proximity to human MASLD
By Vacca et al. Nature Metab. 2024; 6(6): 1178-1196

Key Findings:

* Western diets closely align with
human MASH.

* Choline-deficient models rapidly
induce MASH-fibrosis within 12
weeks or less but show poor
translatability to human disease.

Conclusion: The ranking of murine
models based on their proximity to
human MASLD aids in selecting
appropriate in vivo models to
accelerate preclinical research.

‘_

509 Mice

(WT/GA)

89 Rats
(WT/GA)

High Fat (HFD)

Western (WD)

Western + Streptozotocin
(WD-STZ)

American lifestyle (AMLD)

AMLD + low-dose carbon
tetrachloride (WDAMLD-CCIL,)

Choline deficient (CDD)

Choline deficient high fat
(CDHFD)

Choline deficient high
cholesterol (CDHCD)

Choline deficient high fat and
high cholesterol (CDHFHCD)

Genetic obesity and MASLD
(GMCHOW)

High-dose carbon tetrachlorid
(CC'.4) = Fibrosis positive control

39 models plus high-dose CCl,
336 animals in the ‘treatment’ arms
262 in the ‘control’ arms

»

Phenotype

Liver
transcriptome

— MHPS

Metabolic
relevance

Ability to induce

MASH-fibrosis




I Unmet Needs in Liver Research

* Not fully capture in vivo complexity or reproducibility.

- -f i _
.
S

LIMITED HUMAN-
RELEVANT PLATFORMS.



https://www.ingegneriabiomedica.org/news/tessuti/biochip-nuove-frontiere-nella-sperimentazione-farmaceutica/
https://creativecommons.org/licenses/by-nc-nd/3.0/

I Unmet Needs in Liver Research

* Different type of data - omics, imaging, and clinical
records — sit in separate places, so it’s hard to put them
together a coherent picture of how disease evolves.

=2

FRAGMENTED DATA
ACROSS SYSTEMS.




I Unmet Needs in Liver Research

* Mechanistic insights rarely advance to clinical testing, and
reliable biomarkers for progression or treatment response
remain scarce.

WEAK TRANSLATION
TO THERAPIES.
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Foundations of Artificial Intelligence in Hepatology: M)
What a Clinician Needs to Know™ oty

Nana Peng ““, Sherlot J. Song ™", Vicki Wing-Ki Hui ', Jimmy Che-To Lai """, Grace Lai-Hung Wong ™',
Vincent Wai-Sun Wong *"*, Terry Cheuk-Fung Yip ="+

Journal of Clinical and Experimental Hepatology. 2026; 16(1): 103183




Foundations of Al in
Hepatology

* Overview: Al’srole in transforming hepatology
through enhanced diagnosis, risk assessment, and
management of liver diseases using large-scale data

* Highlights: Al improves detection accuracy for liver
conditions and offers personalized risk stratification
and treatment guidance

* Key takeaways: Al can revolutionize hepatology, but
successful integration requires collaboration and
understanding of Al vs. traditional statistics.

* Future Directions: Focus on integrating Al into
clinical workflows, addressing data and privacy
challenges, and establishing best practices for Al use
in hepatology

Al building and reporting standard

A set of standardized frameworks (e.g., TRIPOD-AI,
STARD-Al, SPIRIT-Al, CONSORT-AI, DECIDE-AI, MI-
CLAIM, MINIMAR) designed to ensure transparent
and complete reporting of Al-related research in
healthcare, covering prediction models, diagnostics,
clinical trials, and algorithm development.




Al-driven Innovation in Liver Disease ALADDIN: A Machine Learning Approach to Enfance the
. . rediction of Significant Fibrosis or Higher in Metabolic
DlagnOS|S- The AI—ADDI N MOdeI Dysfunction-Associated Steatotic Liver Disease

Naim Alkhouri, MD*, Terry Cheuk-Fung Yip, MD?, Laurent Castera, MD?, Marina Takawy, MD?, Leon A. Adams, MD®, Nipun Verma, MD®,
Juan Pablo Arab, MD”*#, Syed-Mohammed Jafri, MD?, Bihui Zhong, MD'®, Julie Dubourg, MD"!, Vincent L. Chen, MD'?,

Ashwani K. Singal, MD, MS, FACG'?, Luis Antonio Diaz, MD®!4, Nicholas Dunn'®, Rida Nadeem, MD?, Vincent Wai-Sun Wong, MD?,
Manal F. Abdelmalek, MD, MPH, FACG*, Zhengyi Wang, MD®, Ajay Duseja, MD®, Yousef Almahanna, MD®, Haya A. Omeish, MD?,
Junzhao Ye, MD', Stephen A. Harrison, MD*®, Jessica Cristiu, MD*?, Marco Arrese, MD®, Sage Robert'’, Grace Lai-Hung Wong, MD?,
Amani Bajunayd, MD®, Congxiang Shao, MD'°, Matthew Kubina, MD*? and Winston Dunn, MD'?

Overview: Al-driven clinical research in liver
disease, focusing on predicting significa nt N. Alkhouri, Terry C. Yip, Vincent W. Wong, Grace L. Wong, W.
fibrosis in MASLD Dunn et al. Am J Gastro. 2025

o . i
MethOdOIogy' I ntegrates rOUtI ne la b ALADDIN: A Machine Learning Approach to Enhance the Prediction of

parameters with/without VCTE, offering a Significant Fibrosis in MASLD
noninvasive, accurate and accessible Score construction L Results |

Basic & Transient + F2.VCTE outperformed VCTE,
‘— k' ’ Q laboratory | elastography FAST, and Agile-3 scores by AUC
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15 centers from 5 continents

* Key outcomes: ALADDIN model outperforms Biopey-proven MASLD (N=4307)

» Training set (N=827) :

existing diagnostic methods; enhances m ety G

i 1 H : validation (N=1,299) ALADDIN-F2-VCTE :/&E
patient selection for treatment like ALADDIN.F2 Lo
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Alkhouri et al. Am J Gastroenterol. 2025. doi:10.14309/ajg.0000000000003432
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Lecture 1

Key Takeaways 1:
Where the Unmet Needs Really Are

We still don’t capture biological Most models.miss th_e muIti-Iaygred signaling
and cell—cell interactions that drive real

complexity well enough. disease.

We rely heavily on systems that don’t fully

Human relevance is still limited. reflect human physiology, which slows
translation.

Omics, imaging, and clinical information live in

Our data are scattered. different places and don’t talk to each other,
making it hard to build a complete picture.



Key Takeaways 2:

Lecture 1

Where the Unmet Needs Really Are

Reproducibility lags behind
discovery.

Mechanistic insight is slow to
emerge.

Clinical translation remains the
final hurdle.

Missing metadata, inconsistent protocols,
and siloed datasets weaken otherwise
strong science.

We often identify associations but struggle
to connect them to real causal pathways.

Even with rich datasets, we struggle to
predict who progresses, who responds, and
why.






