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Goals:

« Understand and learn about newer and emerging
technologies iIn hematopathology and hematology

 Learn about the role of Applied Artificial Intelligence
(AAD) and Generative Al (GenAl) in enhancing
diagnostic precision and streamlining workflows
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A brief history of hematopathology classification

« 1860s: Virchow and (
» Lymphosarcoma

1920s: Oberling, Brill
» "Reticulum cell sa

1950s and 1960s: Ra
» Architecture and ¢

1974-1978: Lukes an
formulation

» Architecture, cell g

1994: Revised Europe
» Architecture, cell

2001-2017: WHO cla{
» Architecture, cell g

2022: WHO classificg
» Architecture, cell g

1950s:
1960s:

1970s:

ZU TUS:
‘single

DNA discovered; Humans have 46 chromosomes
1 color flow cytometry; simple IHC !J\”

Technology Drives
MedlCIne Roche 454

Imaging mass cytometry; 3U+ color flow cytometry, Nanopore, Pacbio
molecular real-time" sequencer; Metagenomics Ve
/v 6. ’\\;

S
W, o # /““
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https://www.ncbi.nlm.nih.gov/pubmed/9138610
https://dx.doi.org/10.1016%2Fs0950-3536(96)80046-1
https://scholar.google.com/scholar_lookup?journal=Ballieres+Clin+Haematol&title=Classification+of+non-Hodgkin’s+lymphomas&author=AJ+Norton&volume=9&publication_year=1996&pages=641-52&doi=10.1016/s0950-3536(96)80046-1&
https://www.ncbi.nlm.nih.gov/pubmed/17325883
https://dx.doi.org/10.1080%2F10428190601059746
https://scholar.google.com/scholar_lookup?journal=Leuk+Lymphoma&title=Follicular+lymphoma:+A+historical+review&author=K+van+Besien&author=H+Schouten&volume=48&publication_year=2007&pages=232-43&pmid=17325883&doi=10.1080/10428190601059746&
https://dx.doi.org/10.1007%2F978-3-642-80829-6_4
https://scholar.google.com/scholar_lookup?journal=Recent+Results+Cancer+Res&title=A+functional+approach+to+the+classification+of+malignant+lymphoma&author=RJ+Lukes&author=RD+Collins&volume=46&publication_year=1974&pages=18-30&doi=10.1007/978-3-642-80829-6_4&

Ristory of Artificial Intelligence

« 1970's

« 1974-1980
« 1980-1988
« 1986

« 1988-1993
* 1990's

« 1997
« 2000-2015

« 2015
« 2018
« 2020's

o 2021+

Knowledge based approaches

Al winter #1

Expert systems and decision trees become popular
Neural Networks become popular

Al winter #2

Support vector machines and random forest
methods

IBM's deep blue defeats Kasparov

Advancements in NLP (translators) and computer
vision (image classifiers)

AlphaGo defeats a human Go player
BERT model revolutionizes NLP

Transformers - Generative Pretrained Transformers
(GPTs) dominate, GPT3 from OpenAl

Diffusion models for high quality images

Technology

Increasing
« Compute Power
+ Data

10 EFlop/s

1 EFlop/s

100 PFlop/s

10 PFlop/s

1 PFlop/s

100 TFlop/s

10 TFlop/s

1 TFlop/s

100 GFlop/s

10 GFlop/s

1 GFlop/s

100 MFlop/s
1990 1995 2000 2005 2010 2015 2020 2025

Performance Development

Lists

® Sum “o# = #500

Global Data Generation Over Time (in Zettabytes)
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Safe bet... follow technology
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Flow cytometry




"Classic” Fluorescence Flow Cytometry

L] L Illl' L] LEL SR LELL!
101 102 108 104
CD57—
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0. 3% 0.1%

“Classic” Flow Cytometry ;-

10!
i
=11

0.3%

« Once there was one... e
CO¥E FITC-A
e [hen two... T 0.1%
- q':] 0"}
 Then four... S
7 L I
- @ 0 9
— £ 8 Im==—
¢ qen ten... 1:|=] *
'.}I}"-‘?- : 1.0%
2 2 1 4 B
I W cp¥apch ™
Compensation 500 nm 600 nm 700 nm 800 nm ]
, . Fluorescence (wavelength) . |5.8% 0%
o Correcting for fluorescence spillover 0
o Removing signal .
NG <19 b e
o Requires solving a system of e— Lo ;
equations Green | | Orange Red Deep red §
g Detector Detector Detector Detector o
o Creating a spillover matrix, apply it to Green | | Orange Red Deep red w_‘i]
the data Color | Color Color Color 0" 0. 1% 0.1%
e.g. CD3-FITC | | e.g. CD4-PE e.g. CD8-PerCP | fe.g. CD16-PEC5.5 P
., -10710 ' o il
CD34 APC-

Robinson JP. Flow cytometry: past and future. Biotechniques. 2022 Apr;72(4):159-
169. doi: 10.2144/btn-2022-0005. Epub 2022 Apr 4. PMID: 35369735.

https.//www.labome.com/methody/Flow-Cytometry-A-Survey-and-the-Basics.htm/




What about newer flow cytometry technologies?




Spectral Flow Cytometry

Figure 3.1 Flow Cell

©

. Sheath stream

. Sample stream

. Laser beam

. Waste out

. Purge port (Waste)

v a W N -

40 colors in one tube

LABORATORIES

Units

Spectra Viewer

Spectrum becomes
a parameter

400 500 600 700

800
Fluorescence emission (nm)

Spectral
“Fingerprint”

Spectral
signature

https.//www.novusbio.comyantibody-news/conventional-flow-cytometry-vs-spectral-flow-
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K
Mast Cells
Eos?

Erythroids

Spectral Flow Cytometry -

Stage 1 HG
Stage 2 HG
TREC1+/8+
TRBC1/8-

[Viab (fs/ss)] TRBCT=/4+

TREC1-/4+

Monos

1064 Lymph g/d T cells

Grans

NK cell 2

NK cells 7

Plasma Cells

10°

CD34+ Blasts

Lambda 20/22

Kappa 20/22

Lambda 19
Kappa 19

i / SS) Lambda

— —— —— ———— Kappa

10% 10* 10° 100

SSEA cos:

CD4+
Grans

40 colors in one tube Promonocytes

Monos
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VISNE Phenographs T-SNE

A Almarkers No CD33 No CD3, CD33, CD19, CD20 Manual Gates

® CD11b+ Monocyte
® CD11b- Monocyte cD103 HLA-DR CD20
® HSPC

Pre-B
® Pre-Bll
® Immature B
Mature B
NK
Naive CD8+ T
Mature CD8+ T
Naive CD4+ T
Mature CD4+ T
Megakaryocyte CD4 cD3 CD45RA
Erythroblast ¢
Plasmacytoid DC

Not manually gated @ CD4Tcells @ CD8Tcells
® CD20+Bcells CD20- B cells CD11b- Monocytes
@ CD11b+Monocytes @  NKcells

D

- [}
i)
Marrow 5 =
Marrow 2 Marrow 6 w
*  Marrow3 ALLA -
Marrow 4 Not manually gated Progenitors @ T cells * ALLB
® C020+Bcels CD20-Bcels ® Monocytes L . L L L L L ! t-SNE1
© NKcells @ Enythrocytes

Amir el-AD, et al., Nat Biotechnol. 2013 Jun;31(6):545-52. doi: 10.1038/nbt.2594. Epub 2013 May 19. PMID: 23685480; PMCID: PMC4076922
https://marissafahlberg.com/a-basic-overview-of-using-t-sne-to-analyze-flow-cytometry-data/.
https://dpeerlab.github.io/dpeerlab-website/phenograph.html
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Why Spectral flow?

« Lower overall sample volume
* Deeply multi-parametric data

* Higher accuracy in diagnoses
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Genetics and Genomics




What’'s new in Genetics and Genomics?




Where is technology heading”




Genetics and Genomics

» High throughput sequencing

 Long read sequencing

« ddPCR




RHigh throughput sequencing

$100,000,0001 é9.5-2531072
b

. . $10,000,000 """'0--...59,927,342
« Improved chemistries = accuracy o
* Increased automation = efficiency

.
.01429,092
*e

$10,000 .,
*eees oot 4,211

N Ove | C h e m I St rI e S = n eW a p p | | C at | O n S $1,000 . Se "'-"-""'.3942 httos.//www.elementbiosciences.com/

$299 https.//www.illumina.com/
2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 https.//www.thermofisher.com/

New sequencing mechanisms = cost savings _ Pips /. limagenomics com/
Lower Cost Sequencing




igh Throughput sequencing

Primary Data Secondary Data Tertiary Data
Analysis Analysis Analysis

i Somatic mutations N@M
DNA Genomics Indel analysis_ s
patient R Structural variants
w(ESSS Copy number variants
° Targeted -Seq UVH()&BB unrsknn1u!TmWHOUh of :

Sample Processing Methods

Haematopoietic and Lymphoid Tissues Molecular Phenotyping

International Consensus Classification Variant Filtering

tissue

Differential Expression

Yy

' Transcrlptomlcs / l
« RNA-Se Fusion/Translocation ‘ . .
5 Alternative Splicing Pathway Analysis F[))lagnos!s,
De-multiplexing rognosis,
DNA, RNA Treatment
Translational
/ Analysis
N ~
| /5 N
- Epigenetics Alignment Methylation Data visualization
II l library -~y =
[}




Long read seguencing

« T00KDb to 1,000s of Kb
« Structural Variants




Bioinformartic Technologies

e Easler to use tools

« Targeted and WGS pipelines commonly call:
» Single nucleotide variants "

Sequence Generation: X
* Signal analysis Short Sequences e

» INDELS R st
‘g' & i
» Translocations , o
Sequence Alignment: eference Sequence
3CTC TCA A\l
" GO 6T ,‘ “1 G
>> Copy number Varlants . :::Ari'alignmentmap \lL(GI:cg‘{EEIEG‘C"“ pAIaLy

* Sequence alignment map

(BAM) Aligned Sequences . Mutation
& Chrom Pos ID  Ref Alt Quality/filter
£ natine nf Tim - ST 1 899282 rs28548431 T G [CLIPPED]
ation of Tumo Seque‘nce Processing: GT:AD:DP:GQ:PL 0/1:1,3:4:26:103,0,26
atic and Lymphoid T es * Variant call format (VCF) Format Samples
International Consensus Classification “
) NRG4 p.V37I

Sequence Interpretation: DSP p.R2160Q
* Reports RYR2 pT1733M

Molecular Phenotyping
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1 n Partition PCR Detection
I I O r O e an pl ification All dropplets were counted
The mixture of PCR reaction Fluorescence upper the
is distributed randomi; as in standard PCR reshold is considered as a
in ~20000 dropplets. iti &
i i it's negative
microreactor

« High sensitivity
« High specificity

» Robust technology

Target 1-6 different molecular variants

« Useful for targeting genes at low allele frequency
» KIT D816V
» JAK2 Vo1 7F

e Useful for MRD
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Digital Pathology




Digital Pathology




Review of Digital slides remotely
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Why Digital Hematopathology?

« Remote medical directors (access more talent across world)
 Easy sharing of slides between consultants

« Work flexibility (work from home)

 Quicker to review cases

« Cases are easily pulled for tumor board

» Facilitates development of Al models v e

B0




Advancing field

https://scopiolabs.com/
https://www.cellavision.com/




Digital Pathology and Immunohistochemistry

« Ease of viewing iImmunohistochemical stains and biomarkers
« Hematopathologist order many stains
* List of hematopathology protein biomarkers is growing

- W - - T — T

Table 3. Uses of New Immunohistochemical Stains Table 2. Suggested Additional Panels in the Workup
Identified for B-Cell Lymphomas of Difiicult B-Cell Lymphoma Diagnoses
MNew Marker Positive Neoplasms New Markers of
CyclinD3  Splenic diffuse red pulp small B-cell lympk Difierential Potential Benefit
Cortactin CLL, HCL, some cases of MZL, some cases Diifiuse small B-cell lymphaomas LEF1, MDA, IRTA1,
of DLECL SOX11, LMO2
|-chain MLPHL Modular small B-cell lymphomas  StathmindSTHMMNT, MNDA,
MEF2B MLPHL, PMBL, THRLBCL IRTAT, 50X11, LMO2
GATAS CHL, PMBL, GZL Splenic B-cell lymphomas Cyclin D3
P&3 PMEBEL Hodgkin lymphomas |-chain, MEF2B, GATAY
IRFa MLPHL, CHL Mediastinal lymphaonas CATAS, phl
Table 5. Uses of New Immunohistochemical Stains Table 6. Uses of New Immunohistochemical Stains
Identified for T-Cell Lymphomas Identified for Myeloid pl
New Marker  Positive Neoplasma/Rotentlal for Lifiltzxtion New Marker  Positive Neoplasms/Potential for Utilization
CDra ATLL [overexpression may comrelate with worse RES Monablasts, plasmacytoid dendritic cells
) prognasish o o GLUTY Proerythroblasts
CCRA-C ATLL (negative staining may predict CCRY D30 Systemic mastocytasis
mutational status) )
CHE2 ENETCL positive staining may correlate with NPt AML } . .
wirse prognosis) [:E3] AML, CCUS [negative comelation with p53
BCL11E ETR-ALL EXp
LMO2 TLBL IDH1T p.R132H IDH1 p.R132H-mutated myeloid neoplasms

https.//www.leicabiosystems.com/digital-pathology,/
Kavus H, et al,, Arch Pathol Lab Med. 2024 Mar 7,748(3):292-298.
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Al enabled bone marrow counting

Active Learning

f: m Eosinophil = Neutrophil
Megakaryocyte = Monocyte
Patient aspirate tiles mPlatelet clump ® Platelet
‘ ¢ 1 Myelocyte ® Promyelocyte
Lymphocyte Plasma cell
Megakaryocyte nucleus
! 1
0.9 .
0.8 0.8
Model Experts
0.7 0.7
2 w 0.6 o 0.
A = s
e A % 0.5 @ 0.5
'" <04 <04
! 0.3 0.3
512 pixels
0.2 0.2
0.1 0.1
0 0
Hematopathologist 1

Tayebi, R.M., et al. Commun Med 2, 45 (2022).
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Single Cell Analysis Comparison Video

Manual Karyotyping

(]

File Edit View Metaphase Filter Objects Help File Edit View Metaphase Filter

BB AT IR




Where are we in this talk?
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Artificial Infelligence




Background on current types of Al

« Artificial Intelligence (Al
» Algorithms that learn and solve problems like humans

Applied Al (AAI)
» Practical Al

« Narrow/weak Al | .
. . Machine Learning
« Machine learning (ML) Deep
» Algorithms that learn from data Learning
* Deep Learning
* Generative Al (GenAl) Applied Al

« Augmented Intelligence




Artificial Infelligence




Background on Generative Al

Transformers
» sequence-to-sequence modeling

GANs and Diffusion models

Output
GAN: Adversarial . Generator o o o Discriminator @ Probabilities
training G(z) D(x)

Input Output

It

Diffusion models: =
Gradually add Gaussian Xo| X1, ___|X2f_ ___ j‘: Z
noise and then reverse Fgfs;:ird
« Hallucinations —— |
» Thompson, H. R., & Gupta, S. K. (2024). "Harnessing Black Hole Phenomena: Pioneering e l e .
Innovations for Endless Energy in Clinical Laboratories.” ARHUPY and JYAMA, 12(3), 202-218. DOI: I’_’%
10.5678/aclajyama.2024.03.12 N | e e
Multi- Hpad thlz?;zzd
» Black box =
ncsang QO & Encoang

Transparency and safety 1 E,s;iz;:ng
Security T

Vaswani et al. “Attention is all you need” 2017
Gainetdinov et al., https://towardsai.net/p/machine-learning/diffusion-models-vs-gans-vs-vaes-comparison-of-deep-generative-models
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enerative Al

 Algorithm generation

NGS reads Encode base features Feature embedding Flatten
(Mar reads 150) (150x100x10) (150%150x12) (150 1800)

' | . :_IE: ‘—b Z = e
G el IOl I ' I C a I I a yS | S 20 positional encoding  Transformer encoders  Transformer decoders  Next token prediction

(150 x 1800) (150 x o) (150 x 258)
] u — [nce ACTG [ 6645 |
SES B
] o] [Acto [coms]

Histology Specimen Workflow Example

Ressiie Specimen Material
Specimen in Aceessioning = Specimen = Supplies.
Surg Path for Stations. Tissue Material = Bio Waste
accessioning = Slid

es
. p = | . - T E—
orage. Specimens tissue from
ofunused | g are Grossed embedders e e ovor=ge-|  Side g | Pathology
portion of and Blocks 10 Gutting/ Loy 5"";;:‘:{:;"" Assembly Offices

» Workflow optimization =758 == ‘

Blocks are [ )
Blocks moved from
are placed processors
ontotissue | 1o the il
Processors Embedking

https.//www.medlabmag.com/article/1436
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Report generation by Al

oW Cytometry

K Modeouar shuden and Caryolyne —
——
r B
Ascivate O e
@ e
Q ' ¢ K vra Aape a0 repeort

b NOX

w . Final i=0egrated
i - - wew o  eay s babeg
frye ~ TG NS ANt (e SRONOSLK fepoit
ytoboony| *“
Bone ‘5 ‘ \)ﬁ ‘é i & / \
marra L=L SNt | TR
oxa Movphvioge s L Petiem ' e e (P Wesge ol
o] cof) W ® -0 R | Oy pa e e d rosciogeal Ricgenen:
Sl r e N O 'M".'“. | nclotnd o N0 bl i, Tl Cyioemetey
- 1\ - 8 L e g
OO NDX S0t A O LSS
’ " Tea ™20 tasue sechiteciane
Cere bicpay — L oo A Al
oyt v ¢ "
g i . 3
. L I p .
Morzodo - s ’* v
1. Yy : \ " "_ ‘4
. -
.- -
FA MR W [eihole Trowgm
PALIOM I OGEISON
S B
v "
Peorrnotloc ey L Lol rweage 4 - .
y aldan > 2
Information
N N s W . l.b-'r. 14722
information extraction . « - negraton
Dehkharghanian T, Mu Y, Tizhoosh HR, Campbell CJV. Applied machine learning in hematopathology. Int J Lab Hematol. 2023;45 Suppl 2:87-94. doi:10.1111/ijlh.14110
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Best Artificial Intelligence Practices

e [ransparency

« Safety

« Consumer rights
 Data security

* Robustness

« Accountability

« Explainability




* Improved patient care
 Better diagnoses and testing

« More efficient enjoyable work




The Dark Side of Arfificial Infelligence

« Uncertainty In Al generated diagnoses
* More busy work
 Pathologists being replaced




We will have To decide Al's role

« We will be able to do more work for our patients
« We will have to take responsibility for the future of pathology

Transparency and Safety = Human-in-the-loop

Input
S D

Security




Conclusions and The Future

« Technology will continue to drive Hematopathology
« Multidimensional, dense data will drive the future

« Artificial Intelligence will grow In importance

« Broader more capable Artificial Intelligence

« Technologies with higher sensitivity, cost-effective
and easy to use will increase in adoption and replace
older technologies

55 ? HEALTH
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Thank you

« All/Audience

e ARUP Team:

»

»

»

»

»

»

»

»

»

»

Madhu Menon
Jay Patel

Peng Ll

David Ng

Ben Bradley
Tracy George
Bryce Parkinson
Brendan O'Fallon
Erica Anderson
Cherie Petersen
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