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Reviewer #1 (Remarks to the Author):

In the manuscript entitled “DOT: A flexible multi-objective optimization framework for transferring 

features across single-cell and spatial omics”, Rahimi et al. developed a multi-objective 

optimization framework, DOT, to transfer cellular features across scRNA-seq and SRT data. Once 

the “transfer matrix” is obtained, DOT can perform various downstream tasks in spatial 

transcriptomic data analysis, such as cell type deconvolution and gene imputation. The authors 

benchmarked DOT and other methods on three SRT datasets and demonstrated the good 

performance as well as scalability of their method. In my opinion, the Method section of this 

manuscript is detailed, and the discussion on the connections between the formulation of DOT and 

standard OT formulations is also quite interesting. However, my main concern is the novelty of the 

manuscript and the comprehensiveness of validation.

My detailed comments are listed below and I hoped they would be helpful for the authors to 

further improve the manuscript.

Major

1.Since a lot of cell type deconvolution or gene imputation methods have been published so far, I 

think the authors are supposed to further highlight the unique advantages or novelty of DOT 

compared with other methods.

2.The authors said, “Recent methods mostly rely on…, do not use the spatial relationships between 

cells in the spatial data”. However, a recently published method CARD (Ma et al., Nature 

Biotechnology, 2022) has utilized the spatial correlation structure in the spatial transcriptomics 

data for cell type deconvolution. The authors should revise this paragraph and compare DOT with 

CARD.

3.Other cell type deconvolution methods are also recommended for comparison:

•CytoSPACE (Vahid et al., Nature Biotechnology, 2023)

•TACCO (Mages et al., Nature Biotechnology, 2023)

4.The authors should benchmark DOT’s computational requirements (including runtime and 

memory requirements) with a range of dataset sizes, rather than simply stating the results based 

on only four sets of data.

5.Most of the datasets used for benchmarking are generated by imaging-based techniques 

(MERFISH, osmFISH, and ISS) and contain only tens to hundreds of genes. I’m curious how DOT 

performs on datasets with more genes. To achieve this, the authors could utilize simulated SRT 

data constructed from scRNA-seq data (as implemented in the Cell2location) or constructed from 

Slide-seq data (as implemented in the CytoSPACE).

6.The authors should benchmark DOT’s robustness on datasets with a range of spot resolutions 

(for example, mean of 5, 10, 20, … cells per spot).

7.I only saw the application of DOT on gene imputation. I suggest the authors provide some cell 

type deconvolution applications of DOT on real low-resolution SRT data (such as ST, 10x Visium, or 

Slide-seq).

Minor

8.The description of “Sub population” is confusing. I suggest the authors revise it to “Cell 

population”.

Reviewer #2 (Remarks to the Author):

he authors proposed a novel tool, DOT, for integrating single-cell and spatial transcriptome in this 

manuscript. DOT attempts to match the gene expressions between single cell and spatial 

transcriptome, cell subpopulation abundance and capture spatial relations by a multi-objective 

optimization model. The idea of DOT is interesting but the manuscript is not well written and the 

evaluation of the performance is also not well designed and the results are not convincing for me.

1.In “DOT locates cell types in high-resolution spatial data” section, DOT is compared with RCTD, 

Seurat, Tangram and SingleR. RCTD is designed for cell type decomposition of spatial 

transcriptomics such as slide-seq and Visium, not for the image-based method such as MERFISH 



which contains only hundreds of genes. RCTD should not be included in this scenario. In addition, 

some popular integration and transferring methods such as harmony, TACCO and Spatial-ID should 

be included.

2.In “DOT determines cell type abundances in low-resolution spatial data” section, the authors 

evaluated the performance of decomposition of spatial transcriptomics. Decomposition is only used 

for low resolution low-resolution SRT such as Visium which includes the whole transcriptome. But 

the datasets used in the evaluation are produced from MERFISH and osmFISH which include only 

254 genes and 33 genes, respectively. So these two datasets are totally NOT suitable for the 

decomposition. The results are meaningless. Some other deconvolution methods such as CARD 

should be included here as well.

3.DOT is a multiple objective optimization model which have several weights parameters for 

objectives. How do these user-defined penalty weights effect the performance?

4.The Methods section is too long. Section 4.1 “related work” should be moved to Introduction and 

some mathematical details should be moved to supplementary.



:O^KSVON \O]ZYX]O ^Y \O`SOa] YX iDOT: A flexible multi-objective

optimization framework for transferring features across single-cell and

spatial omicsj

BKX_]M\SZ^ ?:5 C9DBBG(-.(.1/-/(H

JO aY_VN VSUO ^Y ^RKXU ^RO \O`SOaO\] KXN ^RO K]]YMSK^O ONS^Y\ PY\ ^ROS\ MYX]^\_M^S`O

MYWWOX^]) 8OVYa' aO Z\Y`SNO ^ROS\ MYWWOX^] SX XY\WKV ^cZOPKMO KXN Y_\

\O]ZYX]O] K] RSQRVSQR^ON)

FO`SOaO\ ", $FOWK\U] ^Y ^RO 7_^RY\%5

?X ^RO WKX_]M\SZ^ OX^S^VON i:DH5 7 PVObSLVO W_V^S(YLTOM^S`O YZ^SWSdK^SYX P\KWOaY\U

PY\ ^\KX]PO\\SXQ POK^_\O] KM\Y]] ]SXQVO(MOVV KXN ]ZK^SKV YWSM]j' FKRSWS O^ KV)

NO`OVYZON K W_V^S(YLTOM^S`O YZ^SWSdK^SYX P\KWOaY\U' :DH' ^Y ^\KX]PO\ MOVV_VK\

POK^_\O] KM\Y]] ]MFC7(]O[ KXN GFH NK^K) DXMO ^RO i^\KX]PO\ WK^\Sbj S] YL^KSXON'

:DH MKX ZO\PY\W `K\SY_] NYaX]^\OKW ^K]U] SX ]ZK^SKV ^\KX]M\SZ^YWSM NK^K

KXKVc]S]' ]_MR K] MOVV ^cZO NOMYX`YV_^SYX KXN QOXO SWZ_^K^SYX) HRO K_^RY\]

LOXMRWK\UON :DH KXN Y^RO\ WO^RYN] YX ^R\OO GFH NK^K]O^] KXN NOWYX]^\K^ON

^RO QYYN ZO\PY\WKXMO K] aOVV K] ]MKVKLSVS^c YP ^ROS\ WO^RYN) ?X Wc YZSXSYX' ^RO

BO^RYN ]OM^SYX YP ^RS] WKX_]M\SZ^ S] NO^KSVON' KXN ^RO NS]M_]]SYX YX ^RO

MYXXOM^SYX] LO^aOOX ^RO PY\W_VK^SYX YP :DH KXN ]^KXNK\N DH PY\W_VK^SYX] S] KV]Y

[_S^O SX^O\O]^SXQ) >YaO`O\' Wc WKSX MYXMO\X S] ^RO XY`OV^c YP ^RO WKX_]M\SZ^ KXN

^RO MYWZ\OROX]S`OXO]] YP `KVSNK^SYX)

Bc NO^KSVON MYWWOX^] K\O VS]^ON LOVYa KXN ? RYZON ^ROc aY_VN LO ROVZP_V PY\ ^RO

K_^RY\] ^Y P_\^RO\ SWZ\Y`O ^RO WKX_]M\SZ^)

Comment #1: GSXMO K VY^ YP MOVV ^cZO NOMYX`YV_^SYX Y\ QOXO SWZ_^K^SYX WO^RYN]

RK`O LOOX Z_LVS]RON ]Y PK\' ? ^RSXU ^RO K_^RY\] K\O ]_ZZY]ON ^Y P_\^RO\ RSQRVSQR^

^RO _XS[_O KN`KX^KQO] Y\ XY`OV^c YP :DH MYWZK\ON aS^R Y^RO\ WO^RYN])

HRKXU cY_ PY\ cY_\ ROVZP_V MYWWOX^) JO RK`O XYa \O`S]ON ^RO WKX_]M\SZ^ ^Y

RSQRVSQR^ ^RO _XS[_O POK^_\O] YP :DH MYWZK\ON aS^R Y^RO\ WO^RYN]) ?X ZK\^SM_VK\'

,



aO RK`O WY`ON ZK\^] YP ^RO WO^RYN] ]_L]OM^SYX NS]M_]]SXQ ^RO \OVK^ON aY\U ^Y

^RO ?X^\YN_M^SYX KXN' K] ]^K^ON LOVYa' aO WY\O ObZVSMS^Vc ]^K^ON ^RO VSWS^K^SYX] ^RK^

:DH KNN\O]]O]' aRSMR SX ^_\X ]O^ S^ KZK\^ P\YW Y^RO\ WO^RYN]5

“In addition to being applicable to various types of spatial omics, a distinctive

feature of DOT is that it exploits the spatial context and the genes that are present

in scRNA-seq or SRT but missing in the other. This is in contrast to approaches

that do not use the spatial localization information in the spatial omics and rely on

the genes that are mutually captured by both scRNA-seq and SRT without using

the remaining genes exclusively captured in each modality. One major challenge

that we address with DOT is taking into consideration the spatial context of the

data explicitly. On the one hand, neglecting the spatial context is equivalent to

assuming random placement of spots in the space, which is at odds with the

established structure-function relationship of tissues. On the other hand, assuming

a uniform dependence between cell type composition and spatial location across

different regions of the tissue (as assumed, e.g., in CARD) might not hold for

complex tissues. In contrast, DOT leverages the spatial context in a local manner

without assuming a global correlation. Our local view of spatial features allows us

to utilize them only when it is beneficial to do so, based on a threshold on the

similarity of gene expression of adjacent spots. Another feature of DOT is that it

exploits the genes that are not mutually measured in scRNA-seq and SRT.

Considering only a subset of genes limits the applicability of these methods to

cases where the two data sets share several informative genes, which might not

be the case when different technologies are used for profiling, or when few genes

are measured in the spatial data (e.g., in MERFISH). In DOT, we use the genes

exclusively measured in scRNA-seq to refine the cell populations and capture their

heterogeneity by sub-clustering the cell populations into refined clusters, and use

the distinct genes in SRT to inform the locally relevant spatial structures.

Another distinctive feature of DOT is that it is applicable to both high- and

low-resolution SRT, as our model is capable of inferring membership probabilities

for the former and absolute abundance of cell populations and size of spots in the

latter. Additionally, DOT works for both absolute counts and normalized

expressions. This distinguishes our model from optimal transport-based models

(such as TACCO) and deep learning methods (such as Tangram), which do not

offer absolute abundances in low-resolution, and statistical methods (such as

cell2location and RCTD), which rely on absolute mRNA counts.”

-



Comment #2: HRO K_^RY\] ]KSN' iFOMOX^ WO^RYN] WY]^Vc \OVc YXh' NY XY^ _]O

^RO ]ZK^SKV \OVK^SYX]RSZ] LO^aOOX MOVV] SX ^RO ]ZK^SKV NK^Kj) >YaO`O\' K \OMOX^Vc

Z_LVS]RON WO^RYN 97F: $BK O^ KV)' CK^_\O 8SY^OMRXYVYQc' -+--% RK] _^SVSdON ^RO

]ZK^SKV MY\\OVK^SYX ]^\_M^_\O SX ^RO ]ZK^SKV ^\KX]M\SZ^YWSM] NK^K PY\ MOVV ^cZO

NOMYX`YV_^SYX) HRO K_^RY\] ]RY_VN \O`S]O ^RS] ZK\KQ\KZR KXN MYWZK\O :DH aS^R

97F:)

HRKXU cY_ PY\ L\SXQSXQ ^RS] ^Y Y_\ K^^OX^SYX) JO aO\O XY^ KaK\O YP 97F: K^ ^RO

^SWO YP a\S^SXQ ^RO PS\]^ N\KP^ YP ^RO ZKZO\) JO XYa SXMV_NO 97F: SX Y_\ Y`O\`SOa YP

\OVK^ON aY\U KXN LOXMRWK\U $]_L]OM^SYX] -)- KXN -)/%) JO NS]M_]] SX WY\O NO^KSV

^RO NSPPO\OXMO] SX ^RO _]O YP ^RO ]ZK^SKV MYX^Ob^ $ZVOK]O ]OO KLY`O% KXN [_KX^SPc

^RO NSPPO\OXMO] SX ZO\PY\WKXMO LO^aOOX 97F: KXN :DH $]RYaX SX <SQ_\O] -' .

KXN /%) <Y\ cY_\ \OPO\OXMO' aO RK`O SXMV_NON ^RO]O \O]_V^] SX <SQ_\O] F,' F-' F.

KXN F/ aS^R Z\YZO\ \OPO\OXMO] ^Y ^RO PSQ_\O] SX ^RO WKX_]M\SZ^)

.



Figure R1 (Figure 2 in the manuscript)) EO\PY\WKXMO YP NSPPO\OX^ WO^RYN] SX
^\KX]PO\\SXQ MOVV ^cZO] ^Y ]ZK^SKV VYMK^SYX] SX RSQR(\O]YV_^SYX ]ZK^SKV NK^K K] P_XM^SYX YP
^RO QOXO MY`O\KQO SX ^RO ]ZK^SKV NK^K KXN K] P_XM^SYX YP NSPPO\OX^ KWY_X^] YP XYS]O SX
QOXO ObZ\O]]SYX)

/



Figure R2 (Figure 3b in the manuscript)) EO\PY\WKXMO YP ^RO KVQY\S^RW] SX ^RO
VYa(\O]YV_^SYX ]ZK^SKV NK^K KM\Y]] 20 ]KWZVO] YP BDZ aS^R \O]ZOM^ ^Y 8\SO\ ]MY\O KXN
@OX]OX(GRKXXYX NS`O\QOXMO $VYaO\ LO^^O\ PY\ LY^R%

0



Figure R3 (Figure 3c in the manuscript)) :S]^\SL_^SYX YP ZO\PY\WKXMO YP WYNOV] YX
OKMR SXNS`SN_KV ]ZY^ SX ^RO VYa(\O]YV_^SYX ]ZK^SKV NK^K YP NO`OVYZSXQ R_WKX ROK\^ $^YZ%
KXN WY_]O GGZ $LY^^YW%)

Figure R4 (Figure 4b in the manuscript)) 8YbZVY^] YP KMM_\KMc ]MY\O] YP ^RO PS`O
WO^RYN] KZZVSON ^Y ^RO ,- :AE<9 ]VSMO] KM\Y]] ^R\OO ObZO\SWOX^ ]O^^SXQ])

1



Comment #3: D^RO\ MOVV ^cZO NOMYX`YV_^SYX WO^RYN] K\O KV]Y \OMYWWOXNON PY\

MYWZK\S]YX5

m 9c^YGE79; $IKRSN O^ KV)' CK^_\O 8SY^OMRXYVYQc' -+-.%

m H799D $BKQO] O^ KV)' CK^_\O 8SY^OMRXYVYQc' -+-.%

HRKXU cY_ PY\ cY_\ ]_QQO]^SYX]) JO RK`O XYa \OPO\OXMON LY^R H799D KXN

9c^YGE79; SX \OVK^ON aY\U $XYa SX GOM^SYX ,%) JO RK`O KV]Y SXMV_NON \O]_V^] YP

H799D YX Y_\ LOXMRWK\U SX]^KXMO]) HRO \O`SOaO\ WKc XY^O ^RK^ 9c^YGE79; S]

XY^ SXMV_NON SX KVV ZVY^] K] S^ aK] XY^ ZY]]SLVO ^Y NOZVYc KXN \_X 9c^YGE79; YX

]YWO YP Y_\ LOXMRWK\U SX]^KXMO]) :O]ZS^O ^RO ]SQXSPSMKX^ KWY_X^ YP ^SWO KXN

`K\SY_] MYWZ_^K^SYXKV \O]Y_\MO] ^RK^ aO NONSMK^ON ^Y \_XXSXQ ^RS] WO^RYN' aO

PKMON ]O`O\KV S]]_O] SXMV_NSXQ5 SXMYWZK^SLSVS^c S]]_O] aS^R 9c^YGE79;l] VSXOK\

K]]SQXWOX^ ]YV`O\]' \_XXSXQ Y_^ YP WOWY\c $O`OX aS^R Y`O\ ,++=8 KVVY^^ON

WOWY\c%' S]]_O] aS^R Z\YMO]]SXQ ^RO SXZ_^ PSVO] $O`OX ^RY_QR KVV Y^RO\ WO^RYN]

aO\O KLVO ^Y ]_MMO]]P_VVc \OKN*Z\YMO]] ^RO NK^K%' KXN ^RO MYWW_XSMK^SYX S]]_O]

LO^aOOX 9c^YGE79;l] Ec^RYX WYN_VO] KXN S^] F WYN_VO] $GO_\K^%) <_\^RO\WY\O'

QS`OX ^RK^ LY^R H799D KXN 9c^YGE79; K\O YP ^RO i^\KX]ZY\^K^SYXj XK^_\O' aO

LOVSO`O ^RK^ ^RS] PKWSVc YP WYNOV] S] aOVV \OZ\O]OX^ON SX Y_\ LOXMRWK\U])

EVOK]O ]OO <SQ_\O] F,(F/ KLY`O PY\ ^RO [_KX^S^K^S`O MYWZK\S]YX YP :DH ^Y ^RO]O

XOa MOVV ^cZO NOMYX`YV_^SYX WO^RYN]) EVOK]O KV]Y ]OO <SQ_\O F0 LOVYa PY\ ^RO

ZO\PY\WKXMO YP 9c^YGE79; KXN ^RO X_WLO\ YP SX]^KXMO] ]YV`ON Lc ^RS] WO^RYN

YX Y_\ RSQR(\O]YV_^SYX LOXMRWK\U SX]^KXMO])

Figure R5 (Figure A1 in Appendix C)) <S\]^ \Ya ]RYa] KMM_\KMc `KV_O] \OZ\O]OX^SXQ
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^RO WONSKX YP 1/ `KV_O]) GOMYXN \Ya SVV_]^\K^O] ^RO X_WLO\ YP SX]^KXMO] $Y_^ YP 1/%
]YV`ON Lc OKMR WYNOV) 7VV WO^RYN] ObMOZ^ 9c^YGZKMO KXN 97F: ]YV`ON KVV 1/
SX]^KXMO] KM\Y]] KVV ObZO\SWOX^]

Comment #4: HRO K_^RY\] ]RY_VN LOXMRWK\U :DHl] MYWZ_^K^SYXKV \O[_S\OWOX^]

$SXMV_NSXQ \_X^SWO KXN WOWY\c \O[_S\OWOX^]% aS^R K \KXQO YP NK^K]O^ ]SdO]' \K^RO\

^RKX ]SWZVc ]^K^SXQ ^RO \O]_V^] LK]ON YX YXVc PY_\ ]O^] YP NK^K)

HRKXU cY_ PY\ cY_\ ROVZP_V ]_QQO]^SYX]) JO RK`O XYa ZO\PY\WON Ob^OX]S`O

MYWZ_^K^SYXKV ObZO\SWOX^] ^Y LOXMRWK\U :DHl] MYWZ_^K^SYXKV \O[_S\OWOX^] aS^R

\O]ZOM^ ^Y \_X^SWO KXN WOWY\c \O[_S\OWOX^] PY\ ]O`O\KV LOXMRWK\U SX]^KXMO]

aS^R NSPPO\OX^ X_WLO\ YP ]ZY^] KXN NSPPO\OX^ X_WLO\ YP QOXO]) JO SXMV_NO

]_ZZVOWOX^K\c PSQ_\O] $<SQ_\O 7.' 7/ KXN 70' KV]Y Z\O]OX^ON \O]ZOM^S`OVc SX

<SQ_\O] F1' F2' KXN F3 LOVYa% ^RK^ ]RYa NO^KSVON \_X^SWO SXPY\WK^SYX K] K

P_XM^SYX YP ^RO X_WLO\ YP ]ZY^] KXN QOXO])

Figure R6 (Figure A3 in Appendix C)) HY^KV MYWZ_^K^SYX ^SWO YP :DH PY\ SX]^KXMO]
aS^R NSPPO\OX^ X_WLO\] YP MOVV] $]ZY^]% KXN QOXO] SX GFH)
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Figure R7 (Figure A4 in Appendix C)) 9YWZ_^K^SYX ^SWO YP :DH K] K P_XM^SYX YP
X_WLO\ YP ]ZY^] $n% KXN X_WLO\ YP QOXO] $g%)
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Figure R8 (Figure A5 in Appendix C)) EOKU WOWY\c _]KQO YP :DH PY\ SX]^KXMO] YP
NSPPO\OX^ ]SdO])

Comment #5: BY]^ YP ^RO NK^K]O^] _]ON PY\ LOXMRWK\USXQ K\O QOXO\K^ON Lc

SWKQSXQ(LK]ON ^OMRXS[_O] $B;F<?G>' Y]W<?G>' KXN ?GG% KXN MYX^KSX YXVc ^OX]

^Y R_XN\ON] YP QOXO]) ?lW M_\SY_] RYa :DH ZO\PY\W] YX NK^K]O^] aS^R WY\O

QOXO]) HY KMRSO`O ^RS]' ^RO K_^RY\] MY_VN _^SVSdO ]SW_VK^ON GFH NK^K MYX]^\_M^ON

P\YW ]MFC7(]O[ NK^K $K] SWZVOWOX^ON SX ^RO 9OVV-VYMK^SYX% Y\ MYX]^\_M^ON P\YW

GVSNO(]O[ NK^K $K] SWZVOWOX^ON SX ^RO 9c^YGE79;%)

,+



HRKXU cY_ PY\ cY_\ ROVZP_V MYWWOX^]) JO aY_VN VSUO ^Y MVK\SPc ^RK^ Y_\ ]SW_VK^ON

NK^K]O^] PY\ VYa(\O]YV_^SYX WY_]O BDZ $<SQ_\O .L SX GOM^SYX -)-% K\O KV\OKNc

MYX]^\_M^ON P\YW ]MFC7(]O[ NK^K $K] NO]M\SLON SX GOM^SYX /).). SX ^RO

WKX_]M\SZ^%) JO _]O ^RO B;F<?G> BDZ NK^K ^Y SXPY\W ^RO KX^SMSZK^ON VYMK^SYX YP

NSPPO\OX^ MOVV ^cZO] KXN K]]SQX MOVV] P\YW ^RO ]MFC7(]O[ NK^K ^Y ^RO]O VYMK^SYX]

LK]ON YX ^RO MYWWYX MOVV ^cZO KXXY^K^SYX]) JO ^ROX KQQ\OQK^O ^RO]O MOVV] ^Y

Z\YN_MO IS]S_W(VSUO ]ZY^]) <\YW ^RS] ZO\]ZOM^S`O' Y_\ KZZ\YKMR S] SX ^RO ]ZS\S^ YP

^RO Z\YMON_\O NO]M\SLON SX 9c^YGE79;' KXN' _XVSUO ^RO NK^K ]SW_VK^SYX Z\YMON_\O

SWZVOWOX^ON SX MOVV-VYMK^SYX' aO NYXl^ _]O ]SW_VK^ON NK^K L_^ \K^RO\ SXPY\WK^SYX

MYWSXQ P\YW \OKV ^S]]_O ]KWZVO])

JO P_\^RO\ OVKLY\K^ON YX Y_\ ]SW_VK^SYX Z\YMON_\O ^Y MVK\SPc ^RS] ZYSX^ SX GOM^SYX

/).). K] PYVVYa]5

“We produced low resolution transcriptome-wide SRT samples based on the

MERFISH MOp and scRNA-seq MOp (see Appendix D.1) as follows. Instead of

placing cells from scRNA-seq MOp in random spatial locations, we used the

MERFISH MOp data to guide the anticipated location of different cell types and

assign cells from the scRNA-seq data to spatial locations based on the common

“subclass” annotations between these two datasets. More specifically, for each of

the 64 MERFISH MOp samples, we replaced each cell in the MERFISH MOp data

with a randomly selected cell in the scRNA-seq MOp data of the same subclass.

We then lowered the resolution of spatial data by splitting each sample into

regular grids of length 100"m. Finally, we aggregated the expression profiles of

cells within each tile to produce transcriptome-wide spots.”

Comment #6: HRO K_^RY\] ]RY_VN LOXMRWK\U :DHl] \YL_]^XO]] YX NK^K]O^] aS^R

K \KXQO YP ]ZY^ \O]YV_^SYX] $PY\ ObKWZVO' WOKX YP 0' ,+' -+' h MOVV] ZO\ ]ZY^%)

HRKXU cY_ PY\ cY_\ ROVZP_V MYWWOX^) JO aY_VN VSUO ^Y ]^K\^ Lc MVK\SPcSXQ ^RK^ :DH

_]O] KX i_ZZO\ LY_XNj YX ^RO ]SdO YP ]ZY^] SX S^] YZ^SWSdK^SYX P\KWOaY\U) HRS]

WOKX] ^RK^ ]O^^SXQ ^RO _ZZO\ LY_XN ^Y -+ NYO] XY^ SWZVc ^RK^ ^RO K`O\KQO X_WLO\

YP MOVV] ZO\ ]ZY^ S] -+' \K^RO\ :DH YZ^SWKVVc NO^O\WSXO] ^RO X_WLO\ YP MOVV] SX

OKMR ]ZY^ K] ZK\^ YP S^] YZ^SWSdK^SYX Z\YMO]] aS^RSX ^RS] LY_XN) HY `O\SPc

\YL_]^XO]] YP :DH ^Y NSPPO\OX^ _ZZO\ LY_XN] YX ^RO ]SdO YP ]ZY^]' aO XYa ]RYa

\O]_V^] YP :DH _XNO\ NSPPO\OX^ ]ZK^SKV \O]YV_^SYX] KXN NSPPO\OX^ MRYSMO] PY\ :DH#]

_ZZO\ LY_XN ZK\KWO^O\ YX ^RO X_WLO\ YP MOVV] ZO\ ]ZY^ SX <SQ_\O 7- SX 7ZZOXNSb

9 $KV]Y QS`OX SX <SQ_\O F4 LOVYa%)

,,



<Y\ ^RO]O ObZO\SWOX^]' aO _]O ^RO PS\]^ ]Sb ]VSMO] YP ^RO B;F<?G> BDZ NK^K SX K

WKXXO\ ]SWSVK\ ^Y Y_\ ObZO\SWOX^] SX GOM^SYX -).' aRO\O aO \KXNYWVc K]]SQXON

OKMR MOVV P\YW ^RO B;F<?G> NK^K ^Y K MOVV YP ^RO ]KWO k]_LMVK]]l P\YW ^RO

]MFC7(]O[ NK^K) JO ^ROX KQQ\OQK^ON ^RO K]]SQXON MOVV] K^ PS`O VO`OV] YP Q\SN

VOXQ^R $,++nW' ,-0nW' ,0+nW' ,20nW' KXN -++ nW% ^Y PY\W W_V^SMOVV ]ZY^]) HRO

Q\SN VOXQ^R] MY\\O]ZYXN ^Y KZZ\YbSWK^OVc ,+' ,0' -+' .+' KXN /+ MOVV] ZO\ ]ZY^ YX

K`O\KQO' \O]ZOM^S`OVc $<SQ_\O F4K%) JO ^ROX K]]O]]ON ]OX]S^S`S^c YP ZO\PY\WKXMO

YP :DH YX NOMYWZY]SXQ ^RO W_V^SMOVV ]ZY^] SX^Y MOVV ^cZO] K] K P_XM^SYX YP ]ZK^SKV

\O]YV_^SYX $S)O)' Q\SN VOXQ^R KXN K`O\KQO X_WLO\ YP MOVV] ZO\ ]ZY^% KXN ^RO _ZZO\

LY_XN ZK\KWO^O\ n' aS^R n " e,+' ,0' -+' .+' /+' 1+' ,++f) JO YL]O\`ON ^RK^

ZO\PY\WKXMO QOXO\KVVc SWZ\Y`O] K] \O]YV_^SYX NOM\OK]O] $Q\SN VOXQ^R SXM\OK]O]%'

L_^' PY\ K PSbON ]ZK^SKV \O]YV_^SYX' :DH ObRSLS^] K MYX]S]^OX^Vc RSQR ZO\PY\WKXMO

_XNO\ NSPPO\OX^ MRYSMO] YP ZK\KWO^O\ n $<SQ_\O F4L%) JO KV]Y `O\SPSON ^RK^ ^RO

X_WLO\ YP MOVV] ZO\ ]ZY^ K] O]^SWK^ON Lc :DH ObRSLS^] K ]^\YXQ MY\\OVK^SYX aS^R

^RO Q\Y_XN ^\_^R $S)O)' X_WLO\ YP MOVV] aS^RSX OKMR Q\SN% PY\ NSPPO\OX^ MRYSMO] YP n K^

NSPPO\OX^ \O]YV_^SYX] O`OX aROX n S] ]WKVVO\ ^RKX ^RO ObZOM^ON X_WLO\ YP MOVV] ZO\

]ZY^ $<SQ_\O F4M%)

,-



Figure R9 (Figure A2 in Appendix C)) FYL_]^XO]] YP :DH _XNO\ NSPPO\OX^ ]ZK^SKV
\O]YV_^SYX] KXN NSPPO\OX^ MRYSMO] PY\ :DHl] _ZZO\ LY_XN ZK\KWO^O\ YX ^RO X_WLO\ YP
MOVV] ZO\ ]ZY^ $S)O)' n%)

Comment #7: ? YXVc ]Ka ^RO KZZVSMK^SYX YP :DH YX QOXO SWZ_^K^SYX) ? ]_QQO]^ ^RO

K_^RY\] Z\Y`SNO ]YWO MOVV ^cZO NOMYX`YV_^SYX KZZVSMK^SYX] YP :DH YX \OKV

VYa(\O]YV_^SYX GFH NK^K $]_MR K] GH' ,+b IS]S_W' Y\ GVSNO(]O[%)

HRKXU cY_ PY\ cY_\ ]_QQO]^SYX) JO RK`O XYa KNNON ^R\OO WY\O KZZVSMK^SYX]

LK]ON YX \OKV IS]S_W KXN GH NK^K5 ]ZK^SKV ^\KX]M\SZ^YWSM] WOK]_\OWOX^] P\YW ^RO

,.



R_WKX NY\]YVK^O\KV Z\OP\YX^KV MY\^Ob' KXN R_WKX L\OK]^ MKXMO\ $P\YW ^aY NSPPO\OX^

]^_NSO]%) HRO \O]_V^] YP Y_\ ObZO\SWOX^] YX ^RO]O KZZVSMK^SYX] K\O XYa SXMV_NON SX

GOM^SYX] -)/ KXN -)0' \O]ZOM^S`OVc $<SQ_\O] /' 0' KXN 1 SX ^RO WKX_]M\SZ^' KV]Y

Z\O]OX^ON RO\O SX <SQ_\O F/ KLY`O KXN <SQ_\O] F,+ KXN F,, LOVYa%)

Figure R10 (Figure 5 in the manuscript)) AYMK^SYX KXN KL]YV_^O KL_XNKXMO YP MOVV
^cZO] SX ^R\OO HC89 IS]S_W ]KWZVO]) <Y\ OKMR ]KWZVO' aO `S]_KVSdO ^RO WKX_KV
ZK^RYVYQS]^ KXXY^K^SYX] $^YZ VOP^%' X_WLO\ YP MOVV] ZO\ ]ZY^ K] O]^SWK^ON Lc :DH $LY^^YW
VOP^%' KXN OX\SMRWOX^ YP OSQR^ WKTY\ MOVV ^cZO] K^ ^ROS\ ]ZK^SKV VYMK^SYX] K] O]^SWK^ON Lc
:DH)

,/



Figure R11 (Figure 6 in the manuscript)) AYMK^SYX KXN KL]YV_^O KL_XNKXMO YP MOVV
^cZO] SX ^aY >;F-& L\OK]^ ^_WY\] WOK]_\ON _]SXQ GZK^SKV H\KX]M\SZ^YWSM] ^OMRXYVYQc)
<Y\ OKMR ]KWZVO' aO `S]_KVSdO ^RO WY\ZRYVYQSMKV \OQSYX] WKX_KVVc KXXY^K^ON Lc ^RO
ZK^RYVYQS]^ SX^Y ]Sb MK^OQY\SO]5KNSZY]O ^S]]_O' L\OK]^ QVKXN]' SX ]S^_ MKXMO\' MYXXOM^S`O
^S]]_O' SWW_XO SXPSV^\K^O' KXN SX`K]S`O MKXMO\ $^YZ VOP^%) JO KV]Y SVV_]^\K^O ^RO X_WLO\ YP
MOVV] ZO\ ]ZY^ K] O]^SWK^ON Lc :DH $LY^^YW VOP^%' KXN OX\SMRWOX^ YP OSQR^ WKTY\ MOVV
^cZO] K^ ^ROS\ ]ZK^SKV VYMK^SYX] K] O]^SWK^ON Lc :DH $\SQR^%)

m JO RK`O XYa SXMV_NON Y_\ ObZO\SWOX^] YX ^RO \OKV IS]S_W NK^K P\YW ^RO

R_WKX NY\]YVK^O\KV Z\OP\YX^KV MY\^Ob SX GOM^SYX -)/ KXN RK`O OVKLY\K^ON

Y_\ ObZO\SWOX^KV ]O^_Z KXN \O]_V^] K] PYVVYa]5

“To evaluate performance on real low resolution SRT datasets and to demonstrate

the ability of DOT in transferring spatial features beyond cell types/states, we next

studied transferring layer annotations in the LIBD human dorsolateral prefrontal

cortex (DLPFC) dataset [32]. This dataset contains spatial gene expression

profiles of 12 DLPFC samples measured with 10X Visium, with the spots manually

annotated with the six layers of the human DLPFC (L1 to L6) and white matter

(WM). The samples correspond to two pairs of directly adjacent serial tissue

sections from three independent neurotypical adult donors (i.e., four tissue

sections per donor). In this experiment, we use DOT to transfer the layer

annotations (L1 to L6, and WM) from one or a combination of reference Visium

samples to a target Visium sample. Here, we use the reference Visium samples to

characterize the expression profiles of the layers (i.e., without considering the

spatial information in the reference samples, akin to our experiments in Section

,0



2.2). Given that for each spot we know its true layer annotation (L1 to L6, and

WM), transferring the layer annotations from other Visium samples to a target

Visium sample allows us to truly quantify the accuracy of DOT (and other models)

in determining the layer annotation of the spots in the target sample. Moreover,

based on the reference Visium samples coming from the same or different donors,

we can use this dataset to assess the accuracy of the models when the reference

data is matched or unmatched.

To this end, we designed a total of 36 experiments categorized into three sets,

where for each target Visium sample, we created three types of reference data for

transferring the layer annotations to this sample. In the first set (denoted

"adjacent" in Figure 4), for each of the 12 Visium samples, we determine the layer

composition of a particular sample using its adjacent replicated Visium sample as

the reference. In the second experiment (denoted "same brain" in Figure 4), we

use the three Visium samples that belong to the same donor as the reference.

Finally, in the third experiment (denoted 12 "aggregated" in Figure 4), we use all

the 11 remaining Visium samples combined as the reference.

We compared the performance of DOT against four top performing methods from

previous experiments (i.e., C2L, CARD, RCTD and TACCO) in Figure 4. For each

experiment, we report the overall accuracy of the methods in terms of the

percentage of the spots whose layers are correctly determined by each method.

As illustrated in the boxplots and measured by the paired Wilcoxon signed-rank

tests, DOT outperforms the benchmark methods with a statistically significant

margin across all three experiments. In addition, while divergence from matched

references (i.e., "adjacent" and "same brain") to an unmatched reference (i.e.,

"aggregated") affects the performance of all methods, DOT retains its

performance above the baseline (i.e., 50% accuracy) in all 36 instances, with a

median accuracy above 73% for matched reference and a median accuracy of

64% even for unmatched reference. All the while, the median accuracy for TACCO

drops from 69% to 57%, and it drops to below 50% for C2L, CARD, and RCTD.”

m JO RK`O KV]Y SXMV_NON Y_\ ObZO\SWOX^] YX ^RO \OKV IS]S_W*GH NK^K P\YW ^RO

R_WKX L\OK]^ MKXMO\ SX GOM^SYX -)0 KXN RK`O OVKLY\K^ON Y_\ ObZO\SWOX^KV

]O^_Z KXN \O]_V^] K] PYVVYa]5

“For our second real low resolution SRT datasets, we analyzed a total of five

human breast cancer samples coming from two independent studies. The first

three samples coming from [33] are of the triple negative breast cancer (TNBC)

tumor subtype and contain spatial gene expression profiles measured with 10X

,1



Visium technology. The other two samples coming from [34] are of HER2+ tumor

subtype and contain spatial gene expression profiles measured using Spatial

Transcriptomics (ST) technology. Both datasets contain high level pathologist

annotations (such as invasive cancer, cancer in situ, lymphocytes, immune

infiltrate, and their mixtures) based on the H&E images. For both datasets, we

used the scRNA-seq data coming from [33] as a reference to infer the cell type

composition of the spots in each sample based on the matched tumor subtypes,

and used the pathologist annotations to validate if the cell types are enriched in

the anticipated locations.

We demonstrate localization of eight major cell types in the three TNBC Visium

samples and the two HER2+ ST samples in Figures 5 and 6, respectively. In

addition, we demonstrate the size of each spot (i.e., number of cells per spot) as

estimated by DOT for each sample. Given that Visium offers a higher resolution

(1-10 cells per sample on average) compared to ST platform (up to 200 cells per

sample) [35], we set the upper bound parameter on the number of cells per spot

(i.e., n; see Section 2.1) for the Visium and ST samples to 20 and 200,

respectively, and observe that DOT determines the number of cells per spot

consistently with the expected density of different regions. Moreover, denser

regions are enriched in smaller cells (such as lymphocytes/immune cells), while

larger cells (such as adipose and stromal cells) appear more frequently in regions

with low density. Of note, DOT correctly localized cancerous epithelial cells in

accordance with the respective pathologist annotations (e.g., invasive cancer and

cancer in situ) and normal epithelial cells in accordance with normal cells (see

sample CID44971 in Figure 5). Moreover, DOT localizes T/B cells in accordance

with lymphocytes and immune cells and their combinations with other cells (e.g.,

invasive cancer), which, as expected, are enriched in the vicinity of tumor cells

[36].”

Minor:

HRO NO]M\SZ^SYX YP iG_L ZYZ_VK^SYXj S] MYXP_]SXQ) ? ]_QQO]^ ^RO K_^RY\] \O`S]O S^ ^Y

i9OVV ZYZ_VK^SYXj)

HRKXU cY_ PY\ cY_\ ]_QQO]^SYX) JO KQ\OO KXN RK`O XYa _]ON iMOVV ZYZ_VK^SYXj

SX]^OKN YP i]_L ZYZ_VK^SYXj MYX]S]^OX^Vc KM\Y]] ^RO WKX_]M\SZ^)
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FO`SOaO\ "- $FOWK\U] ^Y ^RO 7_^RY\%5

HRO K_^RY\] Z\YZY]ON K XY`OV ^YYV' :DH' PY\ SX^OQ\K^SXQ ]SXQVO(MOVV KXN ]ZK^SKV

^\KX]M\SZ^YWO SX ^RS] WKX_]M\SZ^) :DH K^^OWZ^] ^Y WK^MR ^RO QOXO ObZ\O]]SYX]

LO^aOOX ]SXQVO MOVV KXN ]ZK^SKV ^\KX]M\SZ^YWO' MOVV ]_LZYZ_VK^SYX KL_XNKXMO KXN

MKZ^_\O ]ZK^SKV \OVK^SYX] Lc K W_V^S(YLTOM^S`O YZ^SWSdK^SYX WYNOV) HRO SNOK YP :DH

S] SX^O\O]^SXQ L_^ ^RO WKX_]M\SZ^ S] XY^ aOVV a\S^^OX KXN ^RO O`KV_K^SYX YP ^RO

ZO\PY\WKXMO S] KV]Y XY^ aOVV NO]SQXON KXN ^RO \O]_V^] K\O XY^ MYX`SXMSXQ PY\ WO)

Comment #1: ?X i:DH VYMK^O] MOVV ^cZO] SX RSQR(\O]YV_^SYX ]ZK^SKV NK^Kj ]OM^SYX'

:DH S] MYWZK\ON aS^R F9H:' GO_\K^' HKXQ\KW KXN GSXQVOF) F9H: S] NO]SQXON

PY\ MOVV ^cZO NOMYWZY]S^SYX YP ]ZK^SKV ^\KX]M\SZ^YWSM] ]_MR K] ]VSNO(]O[ KXN

IS]S_W' XY^ PY\ ^RO SWKQO(LK]ON WO^RYN ]_MR K] B;F<?G> aRSMR MYX^KSX] YXVc

R_XN\ON] YP QOXO]) F9H: ]RY_VN XY^ LO SXMV_NON SX ^RS] ]MOXK\SY) ?X KNNS^SYX'

]YWO ZYZ_VK\ SX^OQ\K^SYX KXN ^\KX]PO\\SXQ WO^RYN] ]_MR K] RK\WYXc' H799D KXN

GZK^SKV(?: ]RY_VN LO SXMV_NON)

HRKXU cY_ PY\ cY_\ ]_QQO]^SYX) JO RKN SXMV_NON F9H: ]SXMO O`OX ^RY_QR S^ S]

NO`OVYZON PY\ VYa(\O]YV_^SYX' S^ ]RYaON QYYN ZO\PY\WKXMO SX RSQR \O]YV_^SYX K]

aOVV) <Y\ MYX]S]^OXMc' aO RK`O XYa \OWY`ON F9H: P\YW ^RO]O ObZO\SWOX^] KXN

KNNON H799D' >K\WYXc' KXN CY`YGZKFM SX]^OKN $ZVOK]O ]OO <SQ_\O - SX GOM^SYX

-)- KXN <SQ_\O 7, SX 7ZZOXNSb 9' KV]Y QS`OX SX <SQ_\O] F, KXN F0 KLY`O%) JO NSN

KV]Y VYYU SX^Y GZK^SKV(?:' L_^ MY_VN XY^ PSXN K \OZ\YN_MSLVO ZKMUKQO Y\ Q_SNOVSXO]

PY\ ]O^^SXQ _Z M_]^YW ObZO\SWOX^] LOcYXN ^ROS\ Z\O^\KSXON WYNOV]' ]Y ^RK^ aO

aO\O _XPY\^_XK^OVc XY^ KLVO ^Y SXMV_NO S^ SX Y_\ LOXMRWK\U)

Comment #2: ?X i:DH NO^O\WSXO] MOVV ^cZO KL_XNKXMO] SX VYa(\O]YV_^SYX ]ZK^SKV

NK^Kj ]OM^SYX' ^RO K_^RY\] O`KV_K^ON ^RO ZO\PY\WKXMO YP NOMYWZY]S^SYX YP ]ZK^SKV

^\KX]M\SZ^YWSM]) :OMYWZY]S^SYX S] YXVc _]ON PY\ VYa \O]YV_^SYX VYa(\O]YV_^SYX GFH

]_MR K] IS]S_W aRSMR SXMV_NO] ^RO aRYVO ^\KX]M\SZ^YWO) 8_^ ^RO NK^K]O^] _]ON SX

^RO O`KV_K^SYX K\O Z\YN_MON P\YW B;F<?G> KXN Y]W<?G> aRSMR SXMV_NO YXVc -0/

QOXO] KXN .. QOXO]' \O]ZOM^S`OVc) GY ^RO]O ^aY NK^K]O^] K\O ^Y^KVVc CDH ]_S^KLVO

PY\ ^RO NOMYWZY]S^SYX) HRO \O]_V^] K\O WOKXSXQVO]]) GYWO Y^RO\ NOMYX`YV_^SYX

WO^RYN] ]_MR K] 97F: ]RY_VN LO SXMV_NON RO\O K] aOVV)

HRKXU cY_ PY\ cY_\ ROVZP_V MYWWOX^]) JO aY_VN VSUO ^Y MVK\SPc ^RK^ Y_\ ]SW_VK^ON

NK^K]O^] PY\ VYa(\O]YV_^SYX WY_]O BDZ $<SQ_\O .L SX GOM^SYX -)-% K\O KV\OKNc

MYX]^\_M^ON P\YW ]MFC7(]O[ NK^K $K] NO]M\SLON SX GOM^SYX /).). SX ^RO YVN

WKX_]M\SZ^%) JO _]O ^RO B;F<?G> BDZ NK^K ^Y SXPY\W ^RO KX^SMSZK^ON VYMK^SYX YP
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NSPPO\OX^ MOVV ^cZO] KXN K]]SQX MOVV] P\YW ^RO ]MFC7(]O[ NK^K ^Y VYMK^SYX] LK]ON

YX ^RO MYWWYX MOVV ^cZO KXXY^K^SYX]) JO ^ROX KQQ\OQK^O ^RO]O MOVV] ^Y Z\YN_MO

IS]S_W(VSUO ]ZY^]) JO RK`O XYa MVK\SPSON ^RS] ZYSX^ SX ^RO \O`S]ON WKX_]M\SZ^)

JO SXMV_NON PS`O XOa WYNOV] SX Y_\ LOXMRWK\U5 H799D' 97F:' CY`YGZKFM'

9c^YGE79; KXN >K\WYXc $ZVOK]O ]OO \O]ZYX]O ^Y 9YWWOX^ . YP \O`SOaO\ ,%)

?X KNNS^SYX' aO RK`O KV]Y SXMV_NON ^R\OO XOa KZZVSMK^SYX] LK]ON YX \OKV IS]S_W

KXN GH NK^K5 ]ZK^SKV ^\KX]M\SZ^YWSM] WOK]_\OWOX^] P\YW ^RO R_WKX NY\]YVK^O\KV

Z\OP\YX^KV MY\^Ob' KXN R_WKX L\OK]^ MKXMO\ $P\YW ^aY NSPPO\OX^ ]^_NSO]%) HRO

\O]_V^] YP Y_\ ObZO\SWOX^] YX ^RO]O KZZVSMK^SYX] K\O XYa SXMV_NON SX GOM^SYX] -)/

KXN -)0' \O]ZOM^S`OVc $<SQ_\O] /' 0' KXN 1 SX ^RO WKX_]M\SZ^' KV]Y Z\O]OX^ON RO\O SX

<SQ_\O] F/' F,+ KXN F,, KLY`O%) EVOK]O ]OO Y_\ \O]ZYX]O ^Y 9YWWOX^ "2 YP

\O`SOaO\ , PY\ WY\O NO^KSV] YX ^RO]O ObZO\SWOX^])

Comment #3: :DH S] K W_V^SZVO YLTOM^S`O YZ^SWSdK^SYX WYNOV aRSMR RK`O ]O`O\KV

aOSQR^] ZK\KWO^O\] PY\ YLTOM^S`O]) >Ya NY ^RO]O _]O\(NOPSXON ZOXKV^c aOSQR^]

OPPOM^ ^RO ZO\PY\WKXMO6

JRSVO :DH YPPO\] ^RO _]O\] aS^R ^RO PVObSLSVS^c ^Y ]O^ ^RO]O ZK\KWO^O\]' Lc NOPK_V^

:DH NO\S`O] ^RO]O aOSQR^] NS\OM^Vc P\YW ^RO NK^K SX ]_MR K aKc ^RK^ KVV WO^\SM]

MYX^\SL_^O \Y_QRVc O[_KVVc ^Y ^RO YLTOM^S`O) HRS] S] ^Y WKUO ^RO WO^RYN KMMO]]SLVO

^Y ^RO _]O\] P\YW KVV NYWKSX]) JO SXMY\ZY\K^ON cY_\ MYWWOX^ Lc ZO\PY\WSXQ

Ob^OX]S`O ZK\KWO^O\ ^_XSXQ KXKVc]S] $aS^R Y`O\ ,++'+++ \_X]% KXN RK`O SXMV_NON

^RO \O]_V^] SX ^RO \O`S]ON WKX_]M\SZ^ SX <SQ_\O 71 SX 7ZZOXNSb 9 $KV]Y Z\O]OX^ON SX

<SQ_\O F,- LOVYa%)

HRKXU] ^Y cY_\ ROVZP_V MYWWOX^' aO RK`O XYa PY_XN ^RK^ ]VSQR^ MRKXQO] SX Y_\

NOPK_V^ ZK\KWO^O\] WKc Z\Y`O _]OP_V SX K WY\O QOXO\KV ]O^^SXQ KXN LOcYXN Y_\

SXS^SKV \O]_V^ \OZY\^ON SX Y_\ PS\]^ ]_LWS]]SYX) JO RK`O XYa \OPVOM^ON ^RO]O

ZK\KWO^O\ MRYSMO] SX Y_\ ZKMUKQO SWZVOWOX^K^SYX K] aOVV)
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Figure R12 (Figure A6 in Appendix C)) HYZ ZO\PY\WSXQ ZK\KWO^O\ ]O^^SXQ] PY\ ^RO
]SW_VK^ON VYa \O]YV_^SYX BDZ KXN RSQR \O]YV_^SYX BDZ aS^R NSPPO\OX^ X_WLO\] YP QOXO])

Comment #4: HRO BO^RYN] ]OM^SYX S] ^YY VYXQ) GOM^SYX /), i\OVK^ON aY\Uj ]RY_VN

LO WY`ON ^Y ?X^\YN_M^SYX KXN ]YWO WK^ROWK^SMKV NO^KSV] ]RY_VN LO WY`ON ^Y

]_ZZVOWOX^K\c)

HRKXU cY_ PY\ cY_\ ]_QQO]^SYX) JO RK`O XYa \OWY`ON i\OVK^ON aY\Uj Lc WY`SXQ

ZK\^] YP aRK^ aK] Z\O`SY_]Vc SX i\OVK^ON aY\Uj ^Y ^RO SX^\YN_M^Y\c ]OM^SYX' KXN

]YWO ZK\^] ^Y 7ZZOXNSb 8' ^Y ]RY\^OX ^RO BO^RYN] ]OM^SYX' KXN MVOK\Vc ]^K^O ^RO

MYX^\SL_^SYX] YP :DH KXN ^RO VSWS^K^SYX] YP ^RO Z\O`SY_] aY\U S^ KNN\O]]O])
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Reviewer #1 (Remarks to the Author):

All my comments are addressed in the revision. I only have one minor suggestion:

1. I suggest the authors provide the benchmarking codes on GitHub for other readers to better 

reproduce the results presented in the manuscript.

Reviewer #1 (Remarks on code availability):

I believe the code is OK and is capable of generating the results presented in the manuscript. The 

README file has included enough instructions for installing and running the application.

Reviewer #2 (Remarks to the Author):

In the revised manuscript, the authors added RCTD and TACCO for comparison and three real low 

resolution datasets for evaluation. Although there has been improvement compared to the 

previous version, I still have some concerns about the validation.

1. In Section 2.2, the authors tried to "transfer cell types from single cell to high resolution SRT". 

This is not deconvolution or decomposition since MERFISH has sub cellular resolution. 

Deconvolution means inferring the cell type information of the spots which are mixed by the 

MULTIPLE CELLS with different cell types. Here the authors replace RCTD with CARD for 

comparison. I am glad that authors take my suggestion to remove RCTD here because RCTD is 

designed for deconvolution NOT for transferring cell type annotations. BUT CARD IS DESIGNED 

FOR DECONVOLUTION AS WELL. CARD should not be included in this section, too.

2. In Section 2.5, the authors analyzed two low resolution real datasets and showed the results 

from DOT. However, I can not see any advantages of DOT from these results. There is no any 

comparison with other methods or any new findings different from previous studies. Considering 

there are only three low resolution real datasets, I think the valuation of DOT is not comprehensive 

enough.

3. The author claims "DOT works for both absolute counts and normalized expressions" as one of 

their distinctive features. But why do we want this feature? Absolute counts can be normalized 

easily. The tool which works for either absolute counts or normalized expressions is enough.

Reviewer #2 (Remarks on code availability):

The code is fine and there are enough instructions for installing and running the application.



We would like to thank the reviewers for their constructive comments. Below, we provide

their comments in italic typeface and our responses in normal typeface.

Reviewer #1 (Remarks to the Author):
All my comments are addressed in the revision. I only have one minor suggestion:

1. I suggest the authors provide the benchmarking codes on GitHub for other readers to better

reproduce the results presented in the manuscript.

Thank you again for your helpful comments and suggestions throughout the revision process.

We now made the code needed to reproduce the results freely available on GitHub

(https://github.com/saezlab/dot_experiments), that we point at now from the manuscript.

Reviewer #2 (Remarks to the Author):
In the revised manuscript, the authors added RCTD and TACCO for comparison and three real

low resolution datasets for evaluation. Although there has been improvement compared to the

previous version, I still have some concerns about the validation.

Thank you again for your helpful comments and careful reading of the paper. Please see below

our point to point responses to your comments.

Comment #1: In Section 2.2, the authors tried to "transfer cell types from single cell to high

resolution SRT". This is not deconvolution or decomposition since MERFISH has sub cellular

resolution. Deconvolution means inferring the cell type information of the spots which are mixed

by the MULTIPLE CELLS with different cell types. Here the authors replace RCTD with CARD

for comparison. I am glad that authors take my suggestion to remove RCTD here because

RCTD is designed for deconvolution NOT for transferring cell type annotations. BUT CARD IS

DESIGNED FOR DECONVOLUTION AS WELL. CARD should not be included in this section,

too.

Thank you for the suggestion. We appreciate this point and we have now removed CARD from

Section 2.2 and Figure 2 and don’t include any other deconvolution approach.

Just for clarification, the reason we had included CARD is because transferring labels or

mapping other single variables whether categorical or continuous, from the perspective of

mathematical optimization and mapping, is a specialization of the same task. In particular,

deconvolution is a many-to-many mapping while label transfer is a many-to-one mapping. Both

domains of the input and output spaces retain their characteristics in both tasks. That being

said, we agree that it can’t be expected that approaches designed specifically to address the

many-to-many task will be applicable to the many-to-one task, and as stated above we have

now removed CARD.
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Comment #2: In Section 2.5, the authors analyzed two low resolution real datasets and showed

the results from DOT. However, I can not see any advantages of DOT from these results. There

is no any comparison with other methods or any new findings different from previous studies.

Considering there are only three low resolution real datasets, I think the valuation of DOT is not

comprehensive enough.

Regarding your comment about the comparison of DOT with other methods in Section 2.5, we

have now updated Figure 5 (see below), where we compare the deconvolution results from

DOT with those from four top performing methods (CARD, Cell2location, RCTD, and TACCO)

and highlight robustness of DOT in reliably locating major cell types according to pathological

annotations.

We would like to also clarify and emphasize the comprehensiveness of our evaluations in all

analyses and benchmarks, that include the three data sets mentioned by the reviewer, as well

as simulation data. Our results include comparison to 10 related methods, and are based on a

total of 100,000 runs of our approach on this data. Let us first point out that there are no ground

truth cell-type distributions available in low-resolution spatial data due to the limitation of

low-resolution technologies. We addressed this limitation by performing objective evaluation and

comparative analysis based on (i) simulated low-resolution spatial data (Section 2.3), (ii)

transferring spatial features beyond cell types (Section 2.4), and (iii) pathological annotation as

a proxy for expected enrichment regions of cell types (Section 2.5). In particular:

- Simulated low-resolution spatial data (Section 2.3). To produce quantifiable objective

ground truth for low-resolution, we used the cell-type information from MERFISH, osmFISH, and

ISS from different organs and datasets. On the MERFISH dataset, we compared the results of

DOT against 10 different deconvolution approaches in 64 experiments. To ensure the relevance

of the findings and the sensitivity of the performance of DOT we also performed over 100,000

runs, varying resolution and cell density (Figure R9a). On the latter two datasets, we showed

the cell-type distributions resulting from DOT and compared them with those from 10 other

approaches on each individual bin.

- Transferring spatial features beyond cell types (Section 2.4). On the human dorsolateral

prefrontal cortex dataset, using a ground truth from manual layer annotations of the samples we

defined a novel task of transferring spatial features beyond cell types. To the best of our

knowledge, this is the first illustration of the transfer of high-level features between slides from

the same condition from transcriptomics data and it has implications for adding confidently

additional layers of annotation to samples measured with spatial omics facilitating downstream

analyses. To ensure quality transfer of annotations with DOT we designed 36 scenarios of

transferring annotations from consecutive slides, from non-consecutive slides coming from the

same donor and from aggregated resources of slides from the same organ. We compared the

performance of DOT on all tasks to the four top-performing approaches from previous tasks.

DOT outperforms all approaches on all tasks with a statistically significant margin.

- Pathological annotation as a proxy for expected enrichment regions of cell types

(Section 2.5). As a third approach, we used pathological annotation of the regions containing
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information about the observed cell type composition per region on the two independent breast

cancer datasets (5 experiments in total) as a proxy for ground truth. On these two datasets, we

showed that DOT correctly estimates the cell-type density and assigns cell types matching the

observations from the ground truth pathological annotation and further provides richer cell-type

distribution, matching regional expectations. To further highlight the robustness of DOT, we now

compare the cell type deconvolution results for DOT with four other top performing methods

(CARD, Cell2location, RCTD, and TACCO). For DOT and Cell2location, we present both

absolute and relative abundances; for the other methods we present relative abundances.

These results highlight the robust performance of DOT in locating major cell types according to

pathological annotations. In particular, DOT correctly locates cancerous and normal epithelial

cells as well as T cells, whereas other methods tend to over- or under-estimate cancer cells

(such as Cell2location and CARD), are not robust in detecting T cells, and predominantly

underestimate normal epithelial cells. The new Figure 5 (also presented below) shows these

results. Note that in light of the new results we changed the order of presenting the results in

Section 2.5. We now start with the results from the HER2+ study and continue with the results

from the TNBC study (now Figure 6).

To clarify this, we also discuss these experiments in the Discussion section of the revised

manuscript.
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Comment #3: The author claims "DOT works for both absolute counts and normalized

expressions" as one of their distinctive features. But why do we want this feature? Absolute

counts can be normalized easily. The tool which works for either absolute counts or normalized

expressions is enough.

Thank you for your comment and we apologize for any confusion; when we wrote “with both

absolute counts and normalized expressions” we meant “with both discrete counts and

continuous expressions”, which is how we have updated our manuscript. We would like to clarify

that our goal here is to draw a contrast between discrete and continuous measurements. This is

relevant since statistical methods, such as RCTD and cell2location, base their statistical

hypotheses on the discrete nature of mRNA counts in both scRNA-seq and spatial data, and

that is why they are not applicable to continuous measurements. You are right in that all discrete

measurements can be normalized; however, the discrete counts might not always be available.

Here, by normalized expressions, we mean continuous expressions (as opposed to discrete

expressions), which can result from standard normalization techniques applied to discrete count

data, technology-specific normalization methods (such as normalization by cell volume in

hybridization-based technologies), or probabilistic methods that yield gene density rather than

segmentation-based count data. We have now clarified this point in the revised manuscript by

changing “with both absolute counts and normalized expressions” to “with both discrete counts

and continuous expressions”.
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Reviewer #2 (Remarks to the Author):

Thank the authors for addressing all my concerns. Only one minor:

1. At the end of section 2.5, "In comparison, other methods tend to over- or under-estimate 

cancer cells, are not robust in detecting

T cells, and predominantly underestimate normal epithelial cells (Figure 5B)." Figure 5B should be 

Figure 5C.

Reviewer #2 (Remarks on code availability):

The code is good.


