Multimodal atlas of paired diagnosis and relapse AML reveals surface antigens for multi-specific immunotherapy
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» Targeted immunotherapy of Acute Myeloid Leukemia (AML) has been limited due to lack of tumor-specific antigens resulting in “on-target, off-
tumor” effects that can lead to severe cytopenia Figure 3. Identification of blast population Figure 4. Machine learning and modality integration estimates number of antigen molecules on blasts
» To unlock the full potential of targeted treatments, we engineer hematopoietic stem cells (HSCs) by genetically ablating target antigens from
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@x ® » Leveraging the power of surface quantification to understand therapeutic targetability analysis reveals distinct compartments of the bone marrow that can be utilized for AML BMMC cell state phenotypes. correlation between mean estimated count (x-axis) and the true mean count (y-axis) across blasts for each patient sample.
RESULTS: MODEL VALIDATION AND IN VITRO CYTOTOXICITY
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Figure 5. Ranking of antigens at diagnosis and relapse from predicted average antigen number per cell || Figure 6. Antigen prioritization and machine learning model validation Figure 7. Cytotoxicity of prioritized antigens Figure 8. Representative multi-specific antigen targeting
Immune Stromal Epithelial Endothelial ) platform [J] ciTEseq estimation | QuantiBRITE
A DiaQHOSiS B Relapse # estimated : | :. : u ! :: :_ e gvg,i%', c Patient_31_Diagnosis Patient_42_Relapse Patient_44_Diagnosis | | Patient_49_Diagnosis | | Patient_50_Diagnosis A B A B
t- bl t = ' . - ey 100004 _
EECEmEE —m Mo EEEED SR B e i“!ffo'lf/ - 509 OCD33 0] Eaee g - o b GO and 2° Antibody Drug Conjugate  Multi-specific dual targeting CAR-T
4(7; —H|‘ LAIR1 Wﬂ‘ CD-I 17 4000 E 100 ;,\ - 80-‘ \\\ 100 A 80-_
5 H TGAd H N cp3 o ;] = s 3 3 - 100— 100-
c (il M N W [l IIMII ITGA4 {I\Il\ »III WM CD33 0 g _ _ _ , X © 60~ \ S o0 S 6o- ] ]
g_ { } CD1 1C ‘ \ ‘ H CLL_" '(% Patient_50_Relapse Patient_51_Relapse Patient_56_Relapse Patient_58_Relapse Patient_64_Relapse -~ 40— 5 40-' K\ 5 60 5 - .
: e i Ml reme T 5 i 25 +
) M} S CLL—1 A0 11 HTGA4 B Patient 26 2 o @ - 20 o cos oL 0] o R oA =5 -
= WW\‘I CD34 |CD56 B Patient 27 « 1 OLAR1 1 -&- cos3ko \ 20 CLLA1 KO 1 -+ tariko 3 60+ AR
1] | | Ul ]ljcD133 I MV “ | JETTA M M “W CD44 W Patient_28 Q - 0 — o S N s o - To -
IIIH\ S |licD44 A JARATRYAA (1 ‘ M AR L RAP M Patient_29 1 30 00001 0001 001 04 1 oot omor ob1 o1 1 oo odor ob o1 | Z 40 O & Lo
|l il CD99 | LT CD133 B Patient_30 e ———— FReGise R 7 S v o”:b & o‘; & n,“& o"’nl’ & Ovi* < w"‘;’ o’é“’ & cﬁé‘ < m"l o“’:b & &u & m“l 0%;3 & o‘;v < m’i' 2 7 Concentration of GO (nM) Concentration of 1° Antibody (nM) Concentration of 1° Antibody (nM) R - g)g -
Il HI | (lLy7s M 1] H‘ ‘ CD99 M Patient_31 LD v iy Aty oy bl N GV GVErg GVE T GV Erg GV e TR S
(1 R H M M“ {0 (R [ flcpse I I\H ot II\‘I |LY75 Patient_4 B S Ag o 20 = 20-
(i) HMH | IIHIIIH“\III’ )H J i H cbse | A S A CD45 M Patient_40 100 | & 100000 ‘ " R=0.91, p=8.3e-16 o R _ _ _ - - Ny
HI\{I HHHHH 111 ’ I’HIH\IW CD244 [ CD38 M Patient_41 o | ¢ ﬁg r% m D £ 200 . . o & 20- 100 100 100 0- , , , 0 ; ; :
| A0 A Il HHII ’ |l|cD4s 1] ”I il cose Patient_42 3 s o o 2 h . s 5 - - . . & o o o 2O © o
| T [IRAIE il (cp123 | WNH (I HLA-DR [l Patient 43 7 s | © 2 000 PO [0 8 0000 + coous 1 o o 80 o 80 o 807 RS N N % N D
| 1| H A A cp4a7 ” | | w (e m\HHH CD47 M Patient_44 2 S s [8o o 3 #® ] § ) $ ) 5 ] <& & & & § &
T ’III\’IHI i CD38 | N‘ il Y0 CD244 Patient_49 m 5 o 3 . , sample 1D o . 2 607 2 507 g 07 $ o &
LI 0 L] 0 1 oo | A AN CD9 -Egﬂgg:—g;’ £ %7 o b © g 19001 f ® Pation 51 Disgrosis S 10- 3 0] 3 - 3 40 - , \
I e i T o A o 1 Patient 52 3 ‘ g 2 oo, T . e S o 4 OmeAM T e I " 0] o coome B 8 6 6 S s 4 &
Al i b | )1 e ] 01 "“' P | ] | - {0 o oo i .':\,'94::,17,: o e e e | ‘_M || Patient_54 ? 40 = < ? A ® Patient 49_Diagnosis < " 20-_ “A- ITGA4 KO 20-_ LY75 KO J -a- cp244ko0 -—1@.\: —l’\ o ’1@: * \@. a*‘,,@f: —ﬁ,@f: g@f‘- *1.\@)’
KA S o R I A it (| K| S IETRAR it | o F ] vt g e 5 e [ e =Pat|ent_56 S < 100 5 -+A,/A + Patient_50_ Diagrosis - OLJSSM ol : : : : o1 : : : : 01— : : : : e ™ £\ TN ™ I\
o [ 1 oo | MRS RS |l s, oo 1 A O | A | | | = ] ‘ VT ] ey Patient 58 2 o ¥ 5000 1 ®  Patient_50_Relapse - 0.0001 0.001  0.01 0.1 1 ols
AR SRR 1 | e | | it i £ 20+ * o S Patent 51 Relapse ] 0.0001 0001 001 01 1 0.0001 0001 001 01 1 2 2 2 Spared . 2 2 L spared
w01 o 1 ‘ ; i N | K | . e ::“"““:I":‘m‘l = E:::gm:g(‘l) fi - ‘% < o ﬂ'. ® Patient 56_Relapse 0 Concentration of 1° Antibody (nM) Concentration of 1° Antibody (nM) Concentration of 1° Antibody (nM) ,jE\ - a v ke o5 & &
g | AR Y | e = A ‘ A1 | O A S | 0 s 1 Patient_64 } o & 5 : ; ; ; ; i ® Patent.58.Relapse . . : : e : o
| | I | | | | ‘e\”""”‘”‘,“l‘ L] ane”:—gg ’ CD33 LAIR1 ITGA4 LY75 CD244 g " CD33 LAIR1 ITGA4 LY75 CD244 i 5OOA?/g ;é)t?g?ateﬁfoigsz%?roceﬁsooo T Pl e A Exor ion of antizens. CD33. CLL-1. LAIRL. ITGA4. LY75 and CD244 on MOLM-13 or encineered A. CYtOtOXICIty assay using GO in combination with 2° ADC to
o atent_ . . . . . . . . . CX | | - - | :
i | o o =Patient_67 A. Healthy tissue analysis from single-cell data base Tabula Sapiens showing expression of antigens on heme and non-heme tissue CLL 1p €55 _ MgLM '13 AI\/’IL ' ’I' |’3 vt ; _ 't’ - Gemt b O & "=H1| simultaneously target CD33 and CLL-1. Error bars represent range of
T T - o T - - Patient_70 . : : . : : . . -1 expressin - cell lines. B. otoxicity assay using Gemtuzumab Ozogamicin : : ”~ : : s :
e rioritizing antigens that have high antigen intensity, large coverage of blasts, and low expression on non-heme tissue!? B. Flow Pr & i = _ ytotoxicity y using _ gam technical duplicates. B. Cytotoxicity assay using multi-specific targeting
: : : : : : : : X 5 5 5 5 v, a6 5 P (GO) or 2° ADC bound to 1° specific antibody showing targetability of varying average antigen - -
A-B. Systematic ranking of 81 antigens in 26 patient BMMC samples at diagnosis (left) and relapse (right) from CITE-seq. Top 20||cytometry validation of four antigens, LAIR1, ITGA4, LY75, CD244 in patient samples that were previously run with CITE-seq and P Y g larg Y ying g g CAR-T cells to simultaneously target CD33 and CLL-1 in HL-60 AML cell
: - : - - : Y Y 5 P P P Y a t ll, CD33, CLL-1, LAIR], ITGAA4, LY75 d CD244 with IC50 <1 nM f Il si ti : : :
most highly expressed antigens are labeled and all display >2000 antigens per blast on average based on machine learning||machine learning. C-D. Average antigen count per cell by flow cytometry compared to predicted antigen count by CITE-seq. Both Eoun Zper Ccell, tS’EM -f't ) X o I" : ,an with an =1 NVITOr all SIX-antigens.|| |ines. Error bars represent range of experimental duplicates. This CAR
prediction. modalities show high correlation with an R = 0.91 and p = 8.3E-16 rrorbars represen ot technicaftriplicates. has demonstrated efficacy in vivo'*

CONCLUSIONS

» Multimodal AML atlas of paired patient BMMC samples collected at diagnosis and relapse from a large patient cohort, reveal inter- and intra-patient blast antigen heterogeneity P In vitro studies demonstrate the potential of the identified antigens as promising immunotherapy targets, either alone or in combination with ADC or CAR-T

» Candidate therapeutic target antigens were systematically ranked by AML expression (% blasts and number of target molecules per blast) and filtered for hematopoietic-specific therapies, to overcome antigen escape and address AML heterogeneity
expression to limit the risk of multi-organ targeting on non-heme tissue » By combining multi-specific targeting therapies (such as a multi-specific CAR-T) with Multiplex-edited HSPCs, we aim to develop a transformative therapeutic
» Well-characterized AML antigens CD33 and CLL-1; as well as four less-characterized targets LAIR1, ITGA4, LY75, and CD244; are among the highest expressing antigens in AML approach to address the challenges of AML treatment, including antigen escape and relapse

blasts at diagnosis and relapse timepoints
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