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Supplementary Fig. 1. Summary of cell number in batches and cell types of scRNA and scATAC multimodal
datasets used in the SCMMIB study. The y axis of boxplot shows the name of batch or cell type, and the x
axis represented the number of cells.
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Supplementary Fig. 2. Summary of cell number in batches and cell types of scRNA and ADT datasets as well
as spatial scRNA and ADT datasets used in the SCMMIB study. The y axis of boxplot shows the name of batch
or cell type, and the x axis represented the number of cells.
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Supplementary Fig. 3. Summary of cell number in cell types of mosaic integration simulation datasets used
in the SCMMIB study. The y axis of boxplot shows the name of cell type, and the x axis represented the
number of cells.
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Supplementary Fig. 4. Boxplot of accuracy metrics for paired scRNA and scATAC integration algorithms in
BMMC Multiome p10 dataset, corresponding to Fig. 2b and Extended Data Fig. 4b, Box plots show the
median (centre line), the 25th and 75th percentiles (bounds of the box), and whiskers extend to 1.5 X IQR

(interquartile range).
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Supplementary Fig. 5. Boxplot of accuracy metrics for paired scRNA and scATAC integration algorithms in
other datasets except for BMMC Multiome p10, corresponding to Fig. 2b and Extended Data Fig. 4b. The
dataset names are labelled at the top of each boxplot. Box plots show the median (centre line), the 25th
and 75th percentiles (bounds of the box), and whiskers extend to 1.5 X IQR (interquartile range).
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Supplementary Fig. 6. Boxplot of the biological conservation and batch removal metric values for all paired
scRNA and scATAC integration methods at all downsampling levels. This figure shows the metric scores
distribution for simulations of (a) scRNA modality downsampling, (b) scATAC modality downsampling and
(c) both modalities downsampling. Box plots show the median (centre line), the 25th and 75th percentiles
(bounds of the box), and whiskers extend to 1.5 X IQR (interquartile range).
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Supplementary Fig. 7. Details of the paired scRNA and scATAC integration robustness metrics in Fig. 2¢c and
Extended Data Fig. 4d. (a-b). Correlations between metric values and downsample gradients. The color and
number in heatmaps shows Pearson’s r correlation between (a) metric values or (b) average metric values with
the downsampling gradients. (¢) Detail metric values for all paired scRNA and scATAC integration algorithms
for BMMC p10 dataset at the 10% sequencing depth. (d) Detail downsample AUC values for all paired scRNA
and scATAC integration algorithms.
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Supplementary Fig. 8. Boxplot of accuracy metrics for paired scRNA and ADT integration algorithms in BMMC
CITE-seq p10 and s2d1 datasets, corresponding to Fig. 3b and Extended Data Fig. 5b. The dataset names are
labelled at the top of each boxplot. Box plots show the median (centre line), the 25th and 75th percentiles (bounds
of the box), and whiskers extend to 1.5 X IQR (interquartile range).
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Supplementary Fig. 9 Boxplot of accuracy metrics for paired scRNA and ADT integration algorithms in other
datasets except for BMMC CITE-seq datasets, corresponding to Fig. 3b and Extended Data Fig. 5b. The
dataset names are labelled at the top of each boxplot. Box plots show the median (centre line), the 25th
and 75th percentiles (bounds of the box), and whiskers extend to 1.5 X |IQR (interquartile range).
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Supplementary Fig. 10. Boxplot of the biological conservation and batch removal metric values for all paired
scRNA and ADT integration methods at all downsampling levels. This figure shows the metric scores
distribution for simulations of (a) scRNA modality downsampling, (b) ADT modality downsampling and (c)
both modalities downsampling. Box plots show the median (centre line), the 25th and 75th percentiles

(bounds of the box), and whiskers extend to 1.5 X IQR (interquartile range).
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Supplementary Fig. 11. Details of the paired scRNA and ADT integration robustness metrics in Fig. 3d and
Extended Data Fig. 5c. (a-b). Correlations between metric values and downsample gradients. The color and
number in heatmaps shows Pearson’s r correlation between (a) metric values or (b) average metric values with
the downsampling gradients. (¢) Detail metric values for all paired scRNA and ADT integration algorithms for
BMMC p10 dataset at the 10% sequencing depth. (d) Detail downsample AUC values for all paired scRNA and
ADT integration algorithms.
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Supplementary Fig.12. Boxplot of accuracy metrics for unpaired scRNA and scATAC diagonal integration algorithms
in BMMC Multiome p10 dataset, corresponding to Fig. 4c and Extended Data Fig. 6b. Box plots show the median
(centre line), the 25th and 75th percentiles (bounds of the box), and whiskers extend to 1.5 X IQR (interquartile

range).
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Supplementary Fig. 13. Boxplot of accuracy metrics for unpaired scRNA and scATAC diagonal integration
algorithms in other datasets except for BMMC Multiome p10 dataset, corresponding to Fig. 4c and
Extended Data Fig. 6b. The dataset names are labelled at the top of each boxplot. Box plots show the
median (centre line), the 25th and 75th percentiles (bounds of the box), and whiskers extend to 1.5 X IQR
(interquartile range).
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Supplementary Fig. 14. Boxplot of the embedding accuracy and cell alignment accuracy metric
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values for all

unpaired scRNA and scATAC diagonal integration methods at all downsampling levels. This figure shows
the metric scores distribution for simulations of (a) scRNA modality downsampling, (b) scATAC modality
downsampling and (c¢) both modalities downsampling. Box plots show the median (centre line), the 25th
and 75th percentiles (bounds of the box), and whiskers extend to 1.5 X IQR (interquartile range).



040 [ 022 032 [ 057 | 036

om

o4s | 081 | oeo |G| 071

038 | 0 | 052 | 059 | 057

oa [oms | oo [a o7

o5t [BBIIBR] o | os

(N0 OvaY) N Y
(uhop OVIY) VN IY

(W0 DVaY) VN | 101
(unop oY) N onen iy | § | 2
(W09 OVIY) VNSV S porsios | £

(uhop OvLY) VNI

(wnop o) v 1 vt s s pawost| £ 5 | &

(whop ova) Vi

w0
%0
"o
™

(avop ov1v) v v | §
(w0 vt v
(NP YNE) YN TAY

(6nop 1Y) L1050 saﬂ

(umop OVLY) OVLY' | 931 1Y |
(unop oviv) vy Y | 5
(UN0p OvIY) OVt %ot Iy | 5
(umop OvLY) oW
[ p—
(umop DvLY) yorew | 191f adAI
(amop ) v 1 et
(awop y st mroriny | § || 2

(whop VNG VN

(UNOD OVLY) OVLY MSY SIoGe! Pateos)
(U0 YN YN MSY S12081 pteios|

(unop Owiy) Ovay
(0mop OvAY) OVLY'L 1999 SV 510081 PaYIOS

(onep v oy £ |

(uop Ovav) OVIY 1Y

(wnop Ovay) e ey
(0P VN VN Y
(090D YNK) YN TR

(wnop VNG VN L o

(omop VNH) VN

(whop OvY) DY
(wnop vy e
(wnop VNK) VN MSY

(whop Ov1Y) DAYt 1003 SV

(WP VINK) YN} o891 WS SioGe! poreis)

(0P ) VN | o001 MSY'

[
(h0p ¥ OV L o 1
(NP YNE) OV Y

(409 VNN OV MY Sl porsos | §

(wnop k) Oviy

(wnop VNG Ov L one

(umop VNK) OVIY'

(u0p ¥NK) vy L o

(mvNu)wmsoaQE <3 FEBE

(UMD V) Uotew 90 19
(whop 10g) N 15V
(wop wio8) NNV

(amop yNH) o 1 1243 3 190
{unop uiog) NS fenal 1Y,
(Whop 1og) VNt R0l 1Y

(0P VNK) OVLY | o801 IS Sioge poteros)

(40P o) VNI Y|

B 11§3¢
R H
2 g g
: H
H

Supplementary Fig. 15. Details of the unpaired scRNA and scATAC diagonal robustness metrics in Fig. 4f and
Extended Data Fig. 6¢. (a) Detail metric values for all unpaired scRNA and scATAC diagonal integration
algorithms for BMMC p10 dataset at the 10% sequencing depth. (b) Detail downsample AUC values for all
unpaired scRNA and scATAC diagonal integration algorithms.
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Supplementary Fig.16. Boxplot of the embedding accuracy and cell alignment accuracy metrics for unpaired scRNA
and scATAC mosaic integration algorithms in BMMC Multiome s1d1_s3d10 dataset, corresponding to Fig. 5b and
Extended Data Fig. 7b. Box plots show the median (centre line), the 25th and 75th percentiles (bounds of the box),
and whiskers extend to 1.5 X IQR (interquartile range).
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Supplementary Fig.17. Boxplot of the embedding accuracy and cell alignment accuracy metrics for unpaired scRNA
and scATAC mosaic integration algorithms in SHARE-seq skin c5k_c5k dataset, corresponding to Fig. 5b and

Extended Data Fig. 7b. Box plots show the median (centre line), the 25th and 75th percentiles (bounds of the box),
and whiskers extend to 1.5 X IQR (interquartile range).
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Supplementary Fig. 18. Boxplot of the embedding accuracy and cell alignment accuracy metric values for all
unpaired scRNA and scATAC mosaic integration methods at (a-b) paired dataset downsampling levels, (c-d)
unpaired dataset downsampling levels and (e-f) paired dataset sizes. The embedding accuracy and cell
alignment accuracy metrics of different paired dataset sizes in (e) and (f) were calculated with unpaired
cells only. Box plots show the median (centre line), the 25th and 75th percentiles (bounds of the box), and
whiskers extend to 1.5 X IQR (interquartile range).
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Supplementary Fig. 19. Details of the unpaired scRNA and scATAC mosaic integration robustness metrics in

Fig. 5e. (a-b). Detail robustness scores of (a) embedding accuracy metrics and (b) cell alignment accuracy
metrics for unpaired scRNA and scATAC mosaic integration algorithms in downsampling paired and unpaired

multi-omic cells of BMMC Multiome s1d1 _s3d10 dataset.

(c-d). Detail robustness scores of embedding

accuracy metrics and cell alignment accuracy metrics for all unpaired scRNA and scATAC mosaic integration
algorithms in downsampling paired and unpaired multi-omic cells for SHARE-seq skin c5k_c5k dataset. (e)

Detail AUCs of unpaired dataset cell alignment metrics in gradient paired dataset sizes for both BMMC and

SHARE-seq datasets.
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Supplementary Fig. 20. Boxplot of the embedding accuracy and cell alignment accuracy metrics for unpaired scRNA
and ADT mosaic integration algorithms in BMMC CITE-seq s2d1_s3d6 dataset, corresponding to Fig. 6b and
Extended Data Fig. 8b. Box plots show the median (centre line), the 25th and 75th percentiles (bounds of the box),
and whiskers extend to 1.5 X IQR (interquartile range).
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Supplementary Fig. 21. Boxplot of the embedding accuracy and cell alignment accuracy metric values for all
unpaired scRNA and ADT mosaic integration methods at (a-b) paired dataset downsampling levels, (c-d)
unpaired dataset downsampling levels and (e-f) paired dataset sizes. The embedding accuracy and cell
alignment accuracy metrics of different paired dataset size in (e) and (f) were calculated with unpaired cells
only, Box plots show the median (centre line), the 25th and 75th percentiles (bounds of the box), and whiskers
extend to 1.5 X IQR (interquartile range).
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Supplementary Fig. 22. Details of the unpaired scRNA and ADT mosaic integration robustness metrics in Fig.

6¢. (a-b). Detail robustness scores of embedding accuracy metrics of (a) full data and (b) CITE

seq and

scRNA-seq cells in downsampling paired and unpaired multi-omic cells of BMMC CITE-seq dataset. (c¢) Detall

robustness scores of cell alignment accuracy metrics cells in downsampling paired and unpaired multi-omic

cells of BMMC s2d1 s3d6 dataset.

(d) Detail AUCs of unpaired dataset cell alignment metrics in gradient

paired dataset sizes of BMMC CITE-seq dataset.



Supplementary Notes:

Supplementary Note 1: Details of all benchmark methods

Here we outlined all details specific data preprocessing and parameter used in
each Benchmarking single-cell multi-modal data integrations benchmark (SCMM
IB) method. Other details of all benchmark methods are listed in Supplementa
ry Table 1. The scripts of all benchmark integration methods are deposited in
SCMMIB pipeline GitHub folder (https://github.com/bm2-lab/SCMMIB_pipeline/t
ree/main/benchmark methods).

1. bindSC!

We evaluated bindSC for paired scRNA and ADT integration and unpaired scR
NA and scATAC diagonal intergration tasks. For paired scRNA and ADT inte
gration, we used default parameters in bindSC tutorial (https://htmlpreview.githu
b.io/?https://github.com/KChen-lab/bindSC/blob/master/vignettes/CITE-seq/CITE se
q.html), and set the parameter K in BiCCA function as the smaller one in 15
and dimension of ADT data, as some datasets with too few ADT detected wo
uld run into error in dimension reduction step. We concatenated the output em
bedding of scRNA and ADT as joint embedding for bindSC. For unpaired scR
NA and scATAC diagonal intergration, we took pre-computed gene activity ma
trix (Methods) and scRNA data as input, and used the recommended parameter
s from bindSC tutorial (https://htmlpreview.github.io/?https://github.com/KChen-la
b/bindSC/blob/master/vignettes/A549/A549.html).

2. CiteFuse?

CiteFuse was evaluated for paired scRNA and ADT integration task. We used
the default parameter in its’ official tutorial (https://sydneybiox.github.io/CiteFus
e/articles/CiteFuse.html) and generated the similarity network fusion (SNF) matrix
as method graph output.

3. cobolt?

Cobolt was evaluated for both paired scRNA and scATAC integration task and
unpaired scRNA and scATAC mosaic integration task. For both tasks, we use
d same parameters in the official tutorial (https://github.com/epurdom/cobolt/blob
/master/docs/tutorial.ipynb).

4. DCCA*
DCCA was evaluated for paired scRNA and scATAC integration task. We foll
owed all parameters and code used in the official tutorial (https:/github.com/c




mzuol1/DCCA/wiki/Analysis-of-PBMC_3K-dataset-from-10X-Genomics-by-DCCA
-model) and debugged the core functions “MVAE cycleVAE.py” and “Cycle m
odel missing.py”, which forced to use two GPU device of certain names and r
aise error for device without exactly matched GPU hardware. We revised the s
cript of GPU device as variable option in the revised version of source code a
nd then reinstall the DCCA package.

5. DeepMAPS?

As reported in Methods section, we contacted with the author of DeepMAPS f
or GPU incompatibility in the GitHub issue (https:/github.com/OSU-BMBL/dee
pmaps/issues/S). Due to its’ incompatibility with our benchmark platform (NVI
DIA 3090 and 1080Ti only), we did not test this method in our benchmark.

6. GCN-SCS

This method only provided some python files without any tutorial or introducti
on in GitHub (https://github.com/YuBinLab-QUST/GCN-SC). For this reason, w
e were not able to evaluate this method in accuracy and robustness sections.

7. GLUE’

GLUE was evaluated in unpaired scRNA and scATAC diagonal integration tas
k. We ran this method following the official tutorial for version 0.2.0 (https:/s
cglue.readthedocs.io/en/v0.2.1/), and took original scRNA and scATAC profiles
as input.

8. Liger iNMF8, Liger UINMF’, Liger online iNMF!0

We evaluated three Liger functions in Liger package for unpaired scRNA and
scATAC diagonal integration tasks. We followed the official tutorials of Liger
iNMF (https://welch-lab.github.io/liger/articles/Integrating scRNA and scATAC d
ata.html), Liger UINMF (https://welch-lab.github.io/liger/articles/SNAREseq walkt
hrough.html) and Liger online iNMF (https://welch-lab.github.io/liger/articles/onli
ne iNMF _tutorial.html), and used same parameters in our benchmark.

9. MaxFuse!!

MaxFuse was evaluated for both paired scRNA and ADT integration task and
unpaired scCRNA and scATAC diagonal integration task. We used the source co
de of MaxFuse in manuscript (https://github.com/shuxiaoc/maxfuse/tree/main/Arc
hive) for both tasks. We followed parameters in the reproducibility code (http
s://github.com/shuxiaoc/maxfuse/blob/main/Archive/strong-link/10xpbmec/prep _pbm
c.Rmd) for unpaired scRNA and scATAC diagonal integration task, and followi




ng the official tutorial (https://maxfuse.readthedocs.io/en/latest/citeseq pbmc evalu
ate.html) for paired scRNA and ADT integration task.

10. MOFA+!2, MEFISTO"?

We evaluated two tools, MOFA+ and MEFISTO, in the MOFA package. MOF
A+ was evaluated for paired scRNA and scATAC integration task and paired s
cRNA and ADT integration task. MEFISTO was evaluated for spatial CITE-seq
integration task. We followed tutorials in muon package!* (https://muon-tutorial
s.readthedocs.io/en/latest/) for both methods.

11. MIDAS"

MIDAS was evaluated for unpaired scRNA and scATAC mosaic integration tas
k and unpaired scRNA and ADT mosaic integration task. As MIDAS uploaded
the user executable code and official tutorial after AIP of our stage 1 manusc
ript (July 4th, 2024), we appended this algorithm after our stage 1 proposal wi
th the permission from the editor. We followed the MIDAS official tutorial (ht
tps://scmidas.readthedocs.io/en/latest/) for both tasks.

12. Multigrate!®

Multigrate was tested for paired scRNA and scATAC integration task, paired s
cRNA and ADT integration task, unpaired scRNA and scATAC mosaic integrat
ion task and unpaired scRNA and ADT mosaic integration task. We followed t
he official tutorials (https://multigrate.readthedocs.io/en/latest/tutorials.html) for al
1 these tasks. We also evaluated the batch parameter by setting “categorical co
variate_keys=['batch']” in setup anndata function.

13. MultiMAP!”

MultiMAP was tested for unpaired scRNA and scATAC diagonal integration ta
sk and spatial CITE-seq integration task. For unpaired scRNA and scATAC dia
gonal integration task, we followed the official tutorial (https:/nbviewer.org/gith
ub/Teichlab/MultiMAP/blob/master/examples/tutorial.ipynb). For spatial CITE-seq
integration task, we followed the GitHub documentations for manifold alignmen
t (https://github.com/Teichlab/MultiMAP) and aligned the spatial coordinates to
CITE-seq manifold to generate joint reduction.

14. MultiVI'8, totalVI'?

MultiVI and totalVI were two integration functions in scvi-tools?*. We evaluate
d MultiVI for paired scRNA and scATAC integration task and unpaired scRN
A and scATAC mosaic integration task. And we tested totalVI for paired scR



NA and ADT integration task and unpaired scRNA and ADT mosaic integratio
n task. We ran the two methods following the tutorials of scvi-tools (https://do
cs.scvi-tools.org/en/stable/index.html).

15. Pamona?!

Pamona was evaluated for unpaired scRNA and scATAC diagonal integration t
ask. We ran this method following the official tutorial (https://github.com/caokai
1073/Pamona/blob/master/example/Simulationl.ipynb) with default parameters.

16. SAILERX?*?

SAILERX was evaluated for paired scRNA and scATAC integration task. How
ever, the input data format or demo was not available, and the author did not
response to the unavailability of input data (https://github.com/uci-cbcl/SAILER
X/issues/l). For this reason, we did not evaluate this method for accuracy and
robustness metrics.

17. scAI®

scAl was evaluated for paired scRNA and scATAC integration task. We follow
ed the parameter in official tutorial (https:/htmlpreview.github.io/?https://github.c
om/sqjin/scAl/blob/master/examples/walkthrough AS549dataset.html) for this metho
d.

18. SCALEX?*

SCALEX was evaluated for paired scRNA and ADT integration task and unpai
red scRNA and scATAC diagonal integration task. We followed the official tut
orial (https://scalex.readthedocs.io/en/latest/index.html) for both tasks.

19. scDEC?

scDEC was evaluated for paired scRNA and scATAC integration task. We foll
owed the parameters in official tutorial for 10X PBMC dataset (https://github.c
om/kimmo1019/scDEC/wiki/PBMC10k) for this method.

20. sciPENN?¢

sciPENN was evaluated for paired scRNA and ADT integration task and unpai
red scRNA and ADT mosaic integration task. We followed the official tutorial
in google drive (https://drive.google.com/drive/folders/1iY4s76UYNMFvF6v3XN4
JxD9gM77NIxoH) for both tasks.

21. scMCs?’



scMCs was selected for paired scRNA and scATAC integration task. However,
this method only provided the source code, and was not available for any tuto
rial or demo for user (https://www.sdu-idea.cn/codes.php?name=ScMCs).

22. scMDC*

scMDC was evaluated for paired scRNA and scATAC integration task and eva
luated for paired scRNA and ADT integration task. We ran scMDC for both t
asks with the default parameter introduced in the official GitHub folder (https:/
/github.com/xianglin226/scMDC).

23. scMM%

scMM was evaluated for paired scRNA and scATAC integration task and eval
uated for paired scRNA and ADT integration task. However, we encountered a
n error for exploding gradient in both tasks, which was also reported by other
users (https://github.com/kodaim1115/scMM/issues/2), however, not responded by
the author. For this reason, we did not evaluate this method for accuracy and
robustness of both tasks.

24. scMoMaT?"

scMoMaT was evaluated for unpaired scRNA and scATAC mosaic integration t
ask and unpaired scRNA and ADT mosaic integration task. For both tasks, we
followed the recommended parameter in demo of official GitHub (https://github.
com/PeterZZQ/scMoMaT).

25. scMVAE?!

scMVAE was evaluated for paired scRNA and scATAC integration task. The s
cMVAE should be appended with “ init .py” for proper import in python sc
ript. Following a test code as demo (https:/github.com/cmzuol1/scMVAE/blob/
master/MVAE test Adbrain.py), we used same parameters and took GAM and
scRNA as input of this method.

26. scMVP*

scMVP was evaluated for paired scRNA and scATAC integration task. We foll
owed the parameters used in official tutorial (https://github.com/bm2-lab/scMVP/
blob/master/demos/scMVP_tutorial.ipynb) for this method.

27. scVAEIT??

scVAEIT was evaluated for unpaired scRNA and scATAC mosaic integration t
ask and unpaired scRNA and ADT mosaic integration task. For both tasks, we
followed the tutorial provided by the author on Feb 22, 2024 in GitHub issue
(https://github.com/jaydul/scVAEIT/issues/6) for both tasks.

28. Seurat v3 CCA3*, Seurat v4 RPCA3, Seurat v4 WNN?*°, Seurat v5 bridge*¢



We evaluated four Seurat functions in Seurat package for our benchmark. Seur
at v3 CCA and Seurat v4 RPCA were first released in version 3, and were ev
aluated for unpaired scRNA and scATAC diagonal integration task. However,

we could only find RPCA integration function in Seurat version 4, and marked
this method as Seurat v4 RPCA in our manuscript. Seurat v4 WNN was eval
uated for paired scRNA and scATAC integration task and paired scRNA and

ADT integration task. Seurat v5 bridge was evaluated for unpaired scRNA and
scATAC mosaic integration task and unpaired scRNA and ADT mosaic integrat
ion task. We used same parameters as official tutorials for Seurat v3 CCA (htt
ps://satijalab.org/seurat/articles/integration_introduction.html), Seurat v4 RPCA (ht
tps://satijalab.org/seurat/articles/integration_rpca.html) and Seurat v4 WNN (https:
//satijalab.org/seurat/articles/weighted nearest neighbor_analysis). For Seurat v5 b
ridge, we used “FindBridgelntegrationAnchors” function to replace “FindBridge
TransferAnchors” in official function document (https://satijalab.org/seurat/referen
ce/findbridgeintegrationanchors), as we evaluated the integration accuracy rather

than query accuracy in two mosaic integration benchmark tasks.

29. SIMBA?’

SIMBA was evaluated for unpaired scRNA and scATAC diagonal integration t
ask. We ran SIMBA for this task following the official tutorial (https://simba-b
io.readthedocs.io/en/latest/multiome_10xpmbc10k _integration.html).

30. SpatialGlue?®

SpatialGlue was evaluated of spatial CITE-seq integration task. As we used the datasets
in SpatialGlue paper as our benchmark datasets, we ran this method with same scripts
for same dataset in official tutorial (https://spatialglue-
tutorials.readthedocs.io/en/latest/).

31. StabMap®

StabMap was evaluated for unpaired scRNA and scATAC mosaic integration ta
sk and unpaired scRNA and ADT mosaic integration task. We ran this method
in unpaired scRNA and ADT mosaic integration task with recommended para
meter in official tutorial (https://marionilab.github.io/StabMap/articles/stabMap PB
MC_Multiome.html). For unpaired scRNA and scATAC mosaic integration task,
the filtering threshold in tutorial would lead to O features left for downsampli
ng dataset, and the maximum features in StabMap is 1000 for all modalities,
we set a fixed feature number of 600 for both scRNA and scATAC modalities.

32. unionCom*

unionCom was evaluated for unpaired scRNA and scATAC diagonal integration
task. We followed parameters used in official tutorial (https:/github.com/caokai
1073/UnionCom/blob/master/Examples/Simulationl.ipynb) for this method.

33. uniPort*!



uniPort was evaluated for paired scRNA and scATAC integration task and unp
aired scRNA and scATAC diagonal integration task. We revised the parameter
“chunk size” in “batch_scale” function from default value of 20000 to 20001,
as this method would raise a bug when the cell number in our scalability data
set was divisible by the default “chunk size” parameter. We also used lower le
arning rate than the official tutorial (https://uniport.readthedocs.io/en/latest/), as t
his method would encounter gradient explosion for datasets larger than 50,000
cells with default learning rate.

Supplementary Note 2: Summary of benchmark algorithms

For a comprehensive benchmarking analysis of multi-modal integration tools using
different infrastructures, we collected a total of 40 multi-modal integration software
packages encompassing 65 integration tasks. This collection included 17 paired scRNA
and scATAC integration methods, 13 paired scRNA and ADT integration methods, 3
spatial multi-modal integration methods, 14 unpaired scRNA and scATAC diagonal
integration methods, 8 CITE-seq mosaic integration methods and 8 multiome mosaic
integration methods, whereas some of these tools were applicable for multiple multi-
modal integrations. We executed using their default parameters as specified in public
tutorials and methods detailed in their respective publications (details in Supplementary
Note).

Among these benchmark algorithms, several algorithms were not executed for
performance evaluations. Firstly, some tools were not available for our benchmark
analysis due to the limited usability and a lack of source code maintenance. We were
unable to execute scMCs?” and GCN-SC® as we were unable to find any script or tutorial
to guide us in using the algorithm or assist us with the source code. And SAILERX??
did not provide the format of input data in the tutorial, and the hyperlink of example
input data was not accessible. Additionally, We encountered an error when using
scMM?’, an issue that had also been reported by us as well as other users on their
GitHub page. However, ultimately, we received no response from the author. Secondly,
some tools were restricted or not supported by our benchmark GPU platforms.
DeepMAPS® was developed and tested on the NVIDIA A100 GPU, which, out of the
box, does not support GeForce Ampere cards, like NVIDIA 3090 GPU or NVIDIA
1080Ti GPU used in our benchmark.

Supplementary Note 3: Details of all benchmark datasets

The characteristics of these datasets in the proposed benchmark study as follows:



BMMC datasets

The BMMC Multiome and CITE-seq datasets*? contain nested batches of donors and
experimental sites. The cell annotations were first generated for each modality and
batch separately, and then manually annotated the cell subclusters inconsistent between
the two modalities by evaluating which modality marker features more clearly
described the specific cellular subpopulation*?. The cell type annotations of BMMC
datasets do not rely on joint embedding clustering or scRNA modality clustering, which
largely ensures the independence of clustering results of all benchmark algorithms. For
both Multiome and CITE-seq datasets, we grouped similar cell types and refine the
annotations as broader cell types (Supplementary Table 3).

HSPC datasets

The HSPC Multiome and CITE-seq datasets** contain nested batches of HSPC cells
collected from 4 samples and then cultured with 5 time points, which would be suitable
for batch effect removal evaluation. The HSPC datasets annotated cells by scRNA cell
clusters and their marker genes' gene expression using information from a previous
study*, which were not apply for evaluation with biological conservation metrics.

SHARE-seq dataset

The SHARE-seq mouse skin dataset* was annotated for scRNA and scATAC
modalities separately, and then marked cell labels inconsistent between the two
modalities as “mixed”. We used cells with consistent cell labels in two modalities as
the ground truth for cell clustering, as these annotated cell labels would not favor the
clustering results from joint embedding or scRNA embedding.

COVID-19 dataset

The COVID-19 PBMC CITE-seq dataset*® is a large-scale dataset with 781,123 cells
from 143 donors, which was available for batch removal and scalability evaluation. The
COVID-19 dataset annotates cells by manually matching marker genes and surface
protein expression to Leiden clustering results from the scRNA modality. For potential
bias towards scRNA clustering-based results, we did not use the COVID-19 dataset for
evaluation requiring ground truth cell labels.

10X PBMC dataset

The 10X PBMC dataset is merged from 10k PBMC Multiome RNA + ATAC dataset
(https://www.10xgenomics.com/datasets/pbmec-from-a-healthy-donor-no-cell-sorting-
10-k-1-standard-2-0-0) and 3k PBMC Multiome RNA + ATAC dataset
(https://www.10xgenomics.com/datasets/pbmec-from-a-healthy-donor-no-cell-sorting-
3-k-1-standard-2-0-0), including 15,021 cells in total. This dataset is available for
evaluating batch removal between two datasets, as well as cell alignment accuracy
evaluation.

10X mouse brain dataset

10X mouse brain dataset is a single cell Multiome RNA + ATAC dataset for brain
coronal sections from one hemisphere of Alzheimer's disease mouse and wild type



mouse from 10X genomics website
(https://www.10xgenomics.com/datasets/multiomic-integration-neuroscience-
application-note-single-cell-multiome-rna-atac-alzheimers-disease-mouse-model-
brain-coronal-sections-from-one-hemisphere-over-a-time-course-1-standard). We
used two replicates for both wild type mouse and Alzheimer’s disease mouse at time
point of 2.5 months as our benchmark dataset. This dataset is available for batch
removal evaluation and cell alignment accuracy evaluation.

Human WBC dataset

Human WBC dataset* is a human white blood cell (WBC) CITE-seq dataset with 24
samples from 8 donors and 3 time points, which was available for batch effect removal
evaluation. This dataset was annotated by Seurat v4 package®, which was not apply for
evaluation with biological conservation metrics.

10X NSCLC dataset
10X NSCLC dataset is a CITE-seq dataset of non-small cell lung cancer (NSCLC)
dissociated tumor cells from 10X Genomics website

(https://www.10xgenomics.com/datasets/20k-mixture-of-nsclc-dtcs-from-7-donors-3-
v3-1-with-intronic-reads-3-1-standard). This dataset includes 7 donors, and was
available for batch removal evaluation.

10X kidney cancer dataset

10X kidney cancer dataset is a subset of dissociate tumor cells mixture dataset from
10X Genomics website (https:/www.10xgenomics.com/datasets/40k-mixture-of-
dissociated-tumor-cells-from-3-donors-stained-with-totalseqc-antibodies). We used
two replicates of kidney cancer samples for batch removal evaluation.

Spatial multiomics datasets

We used three spatial CITE-seq datasets*’ for spatial multi-modal integration methods
evaluation. Among the three spatial multi-omics datasets, we used the human lymph
node dataset for biological conservation evaluation, as this dataset contains cell
annotations by manually annotated tissue structures from histological images, which
are irrelevant to joint embedding or sScRNA embedding.

Scalability datasets

For scalability evaluation, we generated new simulation datasets (Supplementary Table
2) with a specific number of cells by either downsampling or upsampling from the
BMMC Multiome and COVID-19 CITE-seq benchmark dataset. Since this is a
scalability evaluation, the study would not be influenced by the proportion of cell type
labels or cell batch information. Specifically, for simulation datasets smaller than the
size of the original dataset, we randomly selected a specific number of cells from the
original benchmark data as downsampling simulation data. For simulation datasets
larger than the size of original data, we randomly sampled from the original datasets



for several times and merge these datasets as upsampling simulation datasets. To assess
the robustness of the algorithms confronting data sparsity, we downsampled the total
counts for each modality of each cell to 75%, 50%, 25% and 10% of the original counts,
using the downsampleMatrix function in the scuttle package*. Further details regarding
the benchmark datasets and associated tasks were listed in Supplementary Table 2.
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