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Summary of integration methods in each category and task
The following criteria are used for selecting integration methods for benchmarking:

- Reasonable speed and memory requirements. Methods characterised by excessively
slow speeds or high memory consumption are excluded.

- High reproducibility. Only methods demonstrating consistent results when applied to
varied datasets, ensuring robustness and reliability, are included in the benchmarking
process.

- Comprehensive documentation and tutorials. We exclude methods lacking detailed
descriptions of input data and/or running instructions.

- Active maintenance. Preference is given to methods that are maintained and updated.

- Joint latent space or graph generation. We exclude methods that do not generate a
joint latent space or graph except those for spatial registration, as this is an
overwhelmingly common capability among most methods.

- Broad applicability. Methods that are designed exclusively for specific types of data,
such as CyTOF, and are not broadly applicable, are not included.

- Platform accessibility. We focus on methods compatible with Python or R.

- Ease of installation. Methods requiring special computing resources or complicated
installation processes are disregarded.

The above selection criteria lead to triage of 40 integration methods.

Experimental datasets
The following are details of the raw datasets used for benchmarking.

Datasets for vertical integration

D1: consists of samples generated by the “Cambridge Medical Centre” from data source 1. It
contains paired RNA and ADT data modalities of 30,313 cells from 17 cell types with 24,737
genes and 192 proteins.

D2: consists of samples generated by the “NCL Medical Centre” from data source 1. It
contains paired RNA and ADT data modalities of 64,262 cells from 18 cell types, with
24,737 genes and 192 proteins.

D3: consists of “HD1_Adult” samples from data source 2. It contains paired RNA and ADT
data modalities of 8,650 cells from 30 cell types with 33,538 genes and 189 proteins.

D4: consists of “HD2 Adult” samples from data source 2. It contains paired RNA and ADT
data modalities of 9,538 cells from 29 cell types with 33,538 genes and 189 proteins.

D5: consists of “HD3 Adult” samples from data source 2. It contains paired RNA and ADT
data modalities of 10,423 cells from 30 cell types with 33,538 genes and 189 proteins.



D6: consists of “Batch1” samples from data source 3. It contains paired RNA and ADT data
modalities of 67,090 cells from 31 cell types with 33,538 genes and 228 proteins.

D7: consists of “Batch2” samples from data source 3. It contains paired RNA and ADT data
modalities of 94,674 cells from 31 cell types with 33,538 genes and 228 proteins.

D8: consists of “batch1” samples from data source 5. It contains paired RNA and ADT data
modalities of 14,468 cells from 27 cell types with 17,009 genes and 25 proteins.

DO: consists of “batch2” samples from data source 5. It contains paired RNA and ADT data
modalities of 16,204 cells from 27 cell types with 17,009 genes and 25 proteins.

D10: consists of “PBMC” samples from data source 6. It contains paired RNA and ADT data
modalities of 7,108 cells from 11 cell types with 33,514 genes and 52 proteins.

D11: consists of “Lung” samples from data source 6. It contains paired RNA and ADT data
modalities of 3,362 cells from 14 cell types with 33,514 genes and 52 proteins.

D12: consists of all samples from data source 7. It contains paired RNA and ATAC data
modalities of 34,774 cells from 23 cell types with 23,296 genes and 344,592 ATAC peaks.

D13: consists of “AdBrainCortex” samples from data source 8. It contains paired RNA and
ATAC data modalities of 10,309 cells from 23 cell types with 33,160 genes and 244,544
ATAC peaks.

D14: consists of “P0_BrainCortex” samples from data source 8. It contains paired RNA and
ATAC data modalities of 5,081 cells from 19 cell types with 19,322 genes and 229,429
ATAC peaks.

D15: consists of all samples from data source 11. It contains paired RNA and ATAC data
modalities of 11,787 cells from 13 cell types with 36,601 genes and 108,344 ATAC peaks.

D16: consists of “Adol1” samples from data source 12. It contains paired RNA, ATAC data
modalities of 3,188 cells from 14 cell types with 30,201 genes, 304,034 ATAC peaks.

D17: consists of “Adult]” samples from data source 12. It contains paired RNA, ATAC data
modalities of 1,541 cells from 11 cell types with 30,201 genes, 304,034 ATAC peaks.

D18: consists of “Child1” samples from data source 12. It contains paired RNA, ATAC data
modalities of 5,418 cells from 13 cell types with 30,201 genes, 304,034 ATAC peaks.

D19: consists of “EaFet]” samples from data source 12. It contains paired RNA, ATAC data
modalities of 2,801 cells from 12 cell types with 30,201 genes, 304,034 ATAC peaks.

D20: consists of “Inf1” samples from data source 12. It contains paired RNA, ATAC data
modalities of 2,723 cells from 14 cell types with 30,201 genes, 304,034 ATAC peaks.

D21: consists of “LaFet]” samples from data source 12. It contains paired RNA, ATAC data
modalities of 3,102 cells from 12 cell types with 30,201 genes, 304,034 ATAC peaks.



D22: consists of “Control” samples from data source 14. It contains paired RNA, ADT, and
ATAC data modalities of 7,624 cells from 26 cell types with 36,495 genes, 210 proteins, and
68,963 ATAC peaks.

D23: consists of “Stim” samples from data source 14. It contains paired RNA, ADT, and
ATAC data modalities of 6,139 cells from 27 cell types with 36,495 genes, 210 proteins, and
68,963 ATAC peaks.

Datasets for diagonal integration

D24: consists of unpaired RNA and ATAC data modalities from data source 7. Both
modalities contain 34,774 cells from 23 cell types. The RNA data modality contains 23,296
genes and the ATAC data modality contains 344,592 peaks.

D25: consists of unpaired RNA and ATAC data modalities of ‘AdBrainCortex’ samples from
data source 8. Both modalities contain 10,309 cells from 23 cell types. The RNA data
modality contains 33,160 genes and the ATAC data modality contains 244,544 peaks.

D26: consists of unpaired RNA and ATAC data modalities of ‘PO_BrainCortex’ samples
from data source 8. Both modalities contain 5,081 cells from 19 cell types. The RNA data
modality contains 19,322 genes and the ATAC data modality contains 229,429 peaks.

D27: consists of unpaired RNA and ATAC data modalities from data source 11. Both
modalities contain 11,787 cells from 13 cell types. The RNA data modality contains 36,601
genes and the ATAC data modality contains 108,344 peaks.

D28: consists of unpaired RNA and ATAC data modalities from data source 14. The RNA
data modality of “Control” samples contains 7,624 cells from 26 cell types with 36,495 genes
and the ATAC data modality contains 6,139 cells from 27 cell types with 68,963 peaks.

D29: consists of unpaired RNA and ATAC data modalities from data source 15. The RNA
data modality contains 6,314 cells from 13 cell types with 36,601 genes and the ATAC data
modality contains 6,548 cells from 12 cell types with 94,986 peaks.

D30: consists of unpaired RNA and ATAC data modalities from data source 11 and 14. The
RNA data modality extracted from data source 11 contains 11,787 cells from 13 cell types
with 36,601 genes. The ATAC data modality extracted from the ‘Control” samples of data
source 14 contains 6,139 cells from 26 cell types with 68,963 peaks.

D31: consists of unpaired RNA and ATAC data modalities from two different sources
including “Control” samples of source 14 and “batch1” samples of source 15. The RNA data
modality contains 7,624 cells from 26 cell types with 36,495 genes and ATAC data modality
contains 6,314 cells from 13 cell types with 99,658 peaks.

D32: consists of unpaired RNA and ATAC data modalities of “E13” samples from data
source 21. The RNA data modality contains 2,187 cells from 14 cell types with 17,058 genes
and the ATAC data modality contains 2,187 cells from 14 cell types with 32,437 peaks.

D33: consists of unpaired RNA and ATAC data modalities of “P22” brain from data source
21. The RNA data modality contains 9,215 cells from 11 cell types with 22,914 genes and the
ATAC data modality contains 9,215 cells from 11 cell types with 121,068 peaks.



D34: consists of 13 paired RNA and ATAC data modalities from data source 9, which are
split into 26 unpaired batches for analysis. Both data modalities contain identical numbers of
cells (i.e. 6,224, 6,740, 4,279, 4,220, 6,111, 4,895, 6,781, 4,325, 1,679, 1,771, 8,023, 9,876,
and 4,325) and numbers of cell types (i.e. 21, 21, 19, 20, 17, 16, 21, 20, 18, 18, 19, 19, and
18) across the 13 original batches. The RNA data modality contains 13,431 genes and the
ATAC data modality contains 116,490 peaks.

D35: consists of 9 paired RNA and ATAC data modalities from data source 10, which are
split into 18 unpaired batches. Both data modalities contain identical numbers of cells (i.e.
8,343, 10,968, 3,977, 6,301, 5,467, 9,584, 7,360, 3,822, and 5,204) and numbers of cell types
(i.e. 32, 34,24, 31, 31, 31, 34, 26, and 32) across the 9 original batches. The RNA data
modality contains 32,285 genes and the ATAC data modalities contain 162,669, 156,487,
172,779, 169,478, 159,345, 185,545, 186494, 157,105, 170,504 peaks, respectively, and
263,550 consolidated peaks.

D36: consists of 2 paired RNA and ATAC data modalities from data source 14, which are
split into 4 unpaired batches. Batch 1 and 3 from “Control” samples both contain 7,624 cells
from 26 cell types, and batch 2 and 4 from “Stim” samples both contain 6,139 cells from 27
cell types. The RNA data modality contains 36,495 genes and the ATAC data modality
contains 68,963 peaks.

D37: consists of 3 batches of unpaired RNA and ATAC data modalities from data source 15,
which are split into 6 unpaired batches. Both data modalities contain identical numbers of
cells (i.e. 6,314, 6,548, and 6,547) and numbers of cell types of 13, 12, 13 across the 3
original batches. The RNA data modalities contain 36,601, 36,601, 36,601 genes and the
ATAC data modalities contain 99,658, 94,986, 83,234 peaks, respectively, and 109,087
consolidated peaks.

Datasets for mosaic integration

D38: sourced from data source 1, consists of 3 data batches: one with only RNA modality
(24,737 genes), a second with both RNA (24,737 genes) and ADT (192 proteins) modalities,
and a third with only ADT modality (192 proteins). It contains 30,313, 64,262, and 30,313
cells from 17, 18, and 17 cell types, respectively.

D39: sourced from data source 2, consists of 3 data batches: one with only RNA modality
(33,538 genes), a second with both RNA (33,538 genes) and ADT (189 proteins) modalities,
and a third with only ADT modality (189 proteins). It contains 8,650, 9,538, and 10,423 cells
from 30, 29, and 30 cell types, respectively.

D40: sourced from data source 3, consists of 3 data batches: one with only RNA modality
(33,538 genes), a second with both RNA (33,538 genes) and ADT (228 proteins) modalities,
and a third with only ADT modality (228 proteins). It contains 67,090, 94,674, and 67,090
cells from 31, 31, and 31 cell types, respectively.

D41: sourced from data source 5, consists of 3 data batches: one with only RNA modality
(17,009 genes), a second with both RNA (17,009 genes) and ADT (25 proteins) modalities,
and a third with only ADT modality (25 proteins). It contains 14,468, 16,204, and 14,468
cells from 27, 27, and 27 cell types, respectively.



D42: sourced from data source 7, consists of 3 data batches: one with only RNA modality
(23,296 genes), a second with both RNA (23,296 genes) and ATAC (344,592 peaks)
modalities, and a third with only ATAC modality (344,592 peaks). It contains 34,774 cells
from 23 cell types for all 3 batches.

D43: sourced from data source 8, consists of 3 data batches: one with only RNA modality
(33,160 genes), a second with both RNA (33,160 genes) and ATAC (244,544 peaks)
modalities, and a third with only ATAC modality (244,544 peaks). It contains 10,309 cells
from 23 cell types for all 3 batches.

D44: sourced from data source 8, consists of 3 data batches: one with only RNA modality
(19,322 genes), a second with both RNA (19,322 genes) and ATAC (229,429 peaks)
modalities, and a third with only ATAC modality (229,429 peaks). It contains 5,081 cells
from 19 cell types for all 3 batches.

DA45: sourced from data source 11, consists of 3 data batches: one with only RNA modality
(36,601 genes), a second with both RNA (36,601 genes) and ATAC (108,344 peaks)
modalities, and a third with only ATAC modality (108,344 peaks). It contains 11,787 cells
from 13 cell types for all 3 batches.

D46: sourced from data sources 4 and 9, consists of 3 data batches: one with paired RNA
(13,953 genes) and ADT (134 proteins) modalities, a second with paired RNA (13,431 genes)
and ATAC (116,490 peaks) modalities, and a third with only RNA modality (13,953 genes).
It contains 10,465, 9,876, and 5,227 cells from 38, 19, and 37 cell types, respectively.

D47: sourced from data sources 4 and 9, consists of 3 data batches: one with paired RNA
(13,953 genes) and ADT (134 proteins) modalities, a second with paired RNA (13,431 genes)
and ATAC (116,490 peaks) modalities, and a third with only RNA modality (13,953 genes).
It contains 11,473, 8,023, and 11,035 cells from 34, 19, and 36 cell types, respectively.

DA48: sourced from data sources 4 and 9, consists of 3 data batches: one with paired RNA
(13,953 genes) and ADT (134 proteins) modalities, a second with paired RNA (13,431 genes)
and ATAC (116,490 peaks) modalities, and a third with only ATAC modality (116,490
peaks). It contains 9,521, 4,895, and 9,876 cells from 37, 16, and 19 cell types, respectively.

D49: sourced from data sources 4 and 9, consists of 3 data batches: one with paired RNA
(13,953 genes) and ADT (134 proteins) modalities, a second with paired RNA (13,431 genes)
and ATAC (116,490 peaks) modalities, and a third with only ADT modality (134 proteins). It
contains 4,978, 4,325, and 5,227 cells from 41, 20, and 37 cell types, respectively.

D50: sourced from data sources 4 and 9, consists of 5 data batches: one with paired RNA
(13,953 genes) and ADT (134 proteins) modality, a second with paired RNA (13,431 genes)
and ATAC (116,490 peaks) modality, a third with only RNA modality (13,953 genes), a
fourth with only ADT modality (134 proteins), and a fifth with only ATAC modality
(116,490 peaks). It contains 10,465, 9,876, 11,473, 11,035, and 8,023 cells from 38, 19, 34,
36, and 19 cell types, respectively.



Datasets for cross integration

D51: consists of 2 batches of CITE-seq data generated from data source 1. Batch 1 consists of
samples from the “Cambridge Medical Centre” and contains 30,313 cells from 17 cell types
and batch 2 consists of samples from the “NCL Medical Centre” and contains 64,262 cells
from 18 cell types. Both batches consist of 24,737 genes and 192 proteins.

D52: consists of 3 batches of CITE-seq data generated from data source 2. Batch 1 consists of
samples from “HD1_Adult” and contains 8,650 cells from 30 cell types; batch 2 consists of
samples from “HD2_Adult” and contains 9,538 cells from 29 cell types; and batch 3 consists
of samples from “HD3 Adult” and contains 10,423 cells from 30 cell types. All batches
consist of 33,538 genes and 189 proteins.

D53: consists of 2 batches of CITE-seq data generated from data source 3. Batch 1 consists of
samples from “batch1” and contains 67,090 cells from 31 cell types and batch 2 consists of
samples from “batch2” and contains 94,674 cells from 31 cell types. Both batches consist of
33,538 genes and 228 proteins.

D54: consists of 12 batches of CITE-seq data generated from data source 4. The 12 batches
contain 5,227, 4,978, 6,106, 10,465, 5,584, 9,122, 9,521, 11,035, 11,473, 5,456, 3,929, and
7,365 cells, which correspond to 37, 41, 36, 38, 30, 34, 37, 36, 34, 39, 33, and 36 cell types,
respectively. All batches share the same set of features including 13,953 genes and 134
proteins.

D55: consists of 2 batches of CITE-seq data generated from data source 5. Batch 1 consists of
samples from “batch1” and contains 14,468 cells from 27 cell types, and batch 2 consists of
samples from “batch2” and contains 16,204 cells from 27 cell types. Both batches share the
same set of features including 17,009 genes and 25 proteins.

D56: consists of 13 batches of 10x multiome data generated from data source 9. The 13
batches contain 6,224, 6,740, 4,279, 4,220, 6,111, 4,895, 6,781, 4,325, 1,679, 1,771, 8,023,
9,876, and 4,325 cells, which correspond to 21, 21, 19, 20, 17, 16, 21, 20, 18, 18, 19, 19, and
18 cell types, respectively. All batches share the same set of features including 13,431 genes
and 11,6490 ATAC peaks.

D57: consists of 9 batches of 10x multiome data generated from data source 10. The 9
batches contain 8,343, 10,968, 3,977, 6,301, 5,467, 9,584, 7,360, 3,822, and 5,204 cells,
which correspond to 32, 34, 24, 31, 31, 31, 34, 26, and 32 cell types, respectively. All batches
share the same set of RNA features with 32,285 genes while the ATAC data modalities
contain 162,669, 156,487, 172,779, 169,478, 159,345, 185,545, 186,494, 157,105, 170,504
peaks (263,550 consolidated peaks), respectively.

D58: consists of 2 batches of ASAP-seq data generated from data source 13. Batch 1 contains
3,517 cells from 4 cell types, and batch 2 contains 4,849 cells from 4 cell types. ATAC data
modalities contain 21,994, 26,808 peaks (21,344 common peaks), while ADT data modalities
contain 227, 227 proteins.

D59: consists of 2 batches of DOGMA-seq data generated from data source 14. Batch 1
contains 7,624 cells from 26 cell types, and batch 2 contains 6,139 cells from 27 cell types.
Both batches share the same set of features including 36,495 genes, 210 proteins, and 68,963
ATAC peaks.



Datasets for spatial integration

D60: consists of 12 batches of spatial transcriptomics data extracted from mouse squamous
cell carcinoma from data source 16. Each batch of data contains RNA expression and spatial
coordinates, generated using the Visium platform. The numbers of genes in each batch are
12,453, 12,675, 12,830, 8946, 9759, 8287, 10,319, 10,176, 8,399, 7,659, 9,949, and 8,359,
and the corresponding numbers of cells are 666, 645, 638, 584, 517, 517, 1,125, 1,035, 828,
545, 619, and 460. The number of spot labels in each batch are 12, 12, 12, 8, §, 8§, 12, 12, 12,
8,8, 7.

D61: includes 12 batches of spatial transcriptomics data extracted from the human
dorsolateral prefrontal cortex from data source 17. Each batch of data contains RNA
expression and spatial coordinates, generated using the Visium platform. The number of
genes in each batch are 9,948, 9,256, 10,486, 10,104, 10,461, 9,972, 10,996, 10,609, 11,381,
12,381, 10,629, and 10,778, and the corresponding numbers of cells are 4,220, 4,379, 4,786,
4,593, 3,635, 3,483, 4,092, 3,888, 3,611, 3,635, 3,566, and 3,431. The number of spot labels
in each batch are 7,7, 7,7,5,5,5,5,7,7,7, 7.

D62: includes 2 batches of spatial transcriptomics data of human breast cancer extracted from
data source 18. Each batch of data contains RNA expression and spatial coordinates,
generated using Xenium platform. The number of cells in each batch are 167,780, 118,752,
and the 2 batches both have 541 genes and 20 spot labels.

D63: includes 4 batches of spatial transcriptomics data of drosophila embryos extracted from
data source 19. Each batch of data contains RNA expression and spatial coordinates,
generated using Stereo-seq. The number of cells in each batch are 925, 1,272, 1,263, 1,248,
and the corresponding numbers of genes and cell types are consistently 13,668 and 10,
respectively.

D64: includes 8 batches of spatial transcriptomics data of mouse brain extracted from data
source 20. Each batch of data contains RNA expression and spatial coordinates, generated
using MERFISH. The number of cells in each batch are 9,571, 11,047, 10,890, 9,665, 9,617,
8,823, 15,694, 24,790 and the corresponding numbers of genes and cell types are consistently
374 and 13, respectively.

Simulation datasets

Datasets for vertical integration

SD1: contains paired RNA and ADT data modalities of 3,000 cells from 3 cell types with
5,000 genes and 200 proteins.

SD2: contains paired RNA and ADT data modalities of 5,000 cells from 5 cell types with
3,000 genes and 200 proteins.

SD3: contains paired RNA and ATAC data modalities of 3,000 cells from 3 cell types with
2,000 genes and 3,000 peaks.

SD4: contains paired RNA and ATAC data modalities of 5,000 cells from 5 cell types with
1,000 genes and 2,000 peaks.



SDS5: contains paired RNA, ADT, and ATAC data modalities of 3,000 cells from 3 cell types
with 2,000 genes, 200 proteins, and 3,000 ATAC peaks.

SD6: contains paired RNA, ADT, and ATAC data modalities of 5,000 cells from 5 cell types
with 1,000 genes, 200 proteins, and 2,000 ATAC peaks.

Datasets for diagonal integration

SD7: consists of unpaired RNA and ATAC data modalities. Both modalities contain 3,000
cells from 3 cell types. The RNA data modality contains 2,000 genes and the ATAC data
modality contains 3,000 peaks that correspond to 2,000 gene activity scores.

SD8: consists of unpaired RNA and ATAC data modalities. Both modalities contain 5,000
cells from 5 cell types. The RNA data modality contains 1,000 genes and the ATAC data
modality contains 2,000 peaks that correspond to 1,000 gene activity scores.

SD9: consists of 2 batches of paired RNA and ATAC data, which are split into 4 unpaired
batches. The first original batch contains 2,003 cells from 3 cell types and the second original
batch contains 1,997 cells from 3 cell types. For both batches, the RNA data modalities
contain 2,000 genes and the ATAC data modalities contain 3,000 peaks that correspond to
2,000 gene activity scores.

SD10: consists of 2 batches of paired RNA and ATAC data, which are split into 4 unpaired
batches. The first original batch contains 2,514 cells from 5 cell types and the second original
batch contains 2,486 cells from 5 cell types. For both batches, the RNA data modalities
contain 2,000 genes and the ATAC data modalities contain 5,000 peaks that correspond to
2,000 gene activity scores.

Datasets for mosaic integration

SD11: consists of 3 data batches where the first with only RNA modality (5,000 genes), the
second with both RNA (5,000 genes) and ADT (200 proteins) modalities, and the third with
only ADT modality (200 proteins). It contains 3,000 cells from 3 cell types for all 3 batches.

SD12: consists of 3 data batches where the first with only RNA modality (3,000 genes), the
second with both RNA (3,000 genes) and ADT (200 proteins) modalities, and the third with
only ADT modality (200 proteins). It contains 5,000 cells from 5 cell types for all 3 batches.

SD13: consists of 3 data batches where the first with only RNA modality (2,000 genes), the
second with both RNA (2,000 genes) and ATAC (3,000 peaks) modalities, and the third with
only ATAC modality (3,000 peaks). It contains 3,000 cells from 3 cell types for all 3 batches.

SD14: consists of 3 data batches where the first with only RNA modality (1,000 genes), the
second with both RNA (1,000 genes) and ATAC (2,000 peaks) modalities, and the third with
only ATAC modality (2,000 peaks). It contains 5,000 cells from 5 cell types for all 3 batches.

Datasets for cross integration

SD15: consists of 2 batches of CITE-seq data. The 2 batches contain 2,003 and 1,997 cells
from 3 cell types, respectively. Both batches share the same set of features including 2,000
genes and 200 proteins.



SD16: consists of 2 batches of CITE-seq data. The 2 batches contain 2,514 and 2,486 cells
from 5 cell types, respectively. Both batches share the same set of features including 2,000
genes and 200 proteins.

SD17: consists of 2 batches of paired RNA and ATAC data. The 2 batches contain 2,003 and
1,997 cells from 3 cell types, respectively. Both batches share the same set of features
including 2,000 genes and 3,000 ATAC peaks.

SD18: consists of 2 batches of paired RNA and ATAC data. The 2 batches contain 2,514 and
2,486 cells from 5 cell types, respectively. Both batches share the same set of features
including 2,000 genes and 5,000 ATAC peaks.

SD19: consists of 2 batches of paired ADT and ATAC data. The 2 batches contain 2,003 and
1,997 cells from 3 cell types, respectively. Both batches share the same set of features
including 200 proteins and 3,000 ATAC peaks.

SD20: consists of 2 batches of paired ADT and ATAC data. The 2 batches contain 2,514 and
2,486 cells from 5 cell types, respectively. Both batches share the same set of features
including 200 proteins and 5,000 ATAC peaks.

SD21: consists of 2 batches of paired RNA, ADT, and ATAC data. The 2 batches contain
2,003 and 1,997 cells from 3 cell types, respectively. Both batches share the same set of
features including 2,000 genes, 200 proteins and 3,000 ATAC peaks.

SD22: consists of 2 batches of paired RNA, ADT, and ATAC data. The 2 batches contain
2,514 and 2,486 cells from 5 cell types, respectively. Both batches share the same set of
features including 2,000 genes, 200 proteins and 5,000 ATAC peaks.

Single-cell multimodal omics data integration methods

MI: totalVI' (v1.1.2). We create the ‘anndata’ objects and employed the

‘scvi.model. TOTALVLsetup anndata’, ‘scvi.model. TOTALVT’, and ‘train’ functions to train
the total VI model as described in the tutorial (https://docs.scvi-
tools.org/en/stable/tutorials/notebooks/multimodal/total VI.html). Finally, we employ the

‘get latent representation’ function to obtain the integrated embeddings. Besides, for the
imputation purpose, we set ‘include protein_background=True’ in the

‘get normalized expression’ function to obtain the imputed ADT.

M2: sciPENN? (v1.0.0). We use ‘sciPENN_API’ and ‘train’ functions to build and train the
model following the tutorial (https://github.com/jlakkis/sciPENN). Then, we use the ‘embed’
function to obtain the embeddings and use the ‘predict’ function to obtain the imputed
modality.

M3: Concerto® (github version ablfc7f). We construct the model using the
‘multi_embedding_attention_transfer’ function. The ‘concerto_train_multimodal’ function is
then used to train the model with default settings (https://github.com/melobio/Concerto -
reproducibility). Finally, we obtain the embeddings through the ‘concerto_test multimodal’
function.




M4: scMST* (github version dffcbb2). As described in the tutorial
(https://github.com/ChengmingZhang-CAS/scMSI-master/tree/main), we construct the model
using the ‘SCMSIRNAProtein’ function. Then, we train the model using the ‘train’ function .
To obtain the integrated embeddings, we concatenate the embeddings from the RNA and
ADT data.

M35: Matilda® (github version 7d71480). The count matrices along with the cell type labels,
are used as input. As described in the authors’ protocol
(https://github.com/PYanglab/Matilda), we use ‘main_matilda train.py’ to train the model
with default parameters. Then, we use ‘main_matilda_task.py’ with ‘dim_reduce=True’ to
obtain embeddings and set ‘fs=True’ to obtain the importance score for feature selection.

M6: MOFA+5 (v1.6.0). As described in the vignette
(https://raw.githack.com/bioFAM/MOFA?2 _tutorials/master/R_tutorials/getting_started R.ht
ml), we use the ‘create_mofa’ function, with a list of batches to establish the MOFA object.
Then, we train the model using the ‘run_mofa’ function, following the standard pipeline and
parameters. Finally, we extract ‘expectations$Z’ and ‘intercepts$groupl’ from the resulting
object to obtain the embeddings and importance score for feature selection, respectively.

M7: Multigrate’ (v0.0.2). Following the authors’ instructions
(https://github.com/theislab/multigrate reproducibility), we employ the
‘data.organize_multiome anndatas’, ‘model.MultiVAE.setup anndata’, ‘model. MultiVAE”’,
and ‘train’ functions to construct and train the model. Finally, we use the

‘get latent representation’ function to obtain the embeddings.

M8: UINMF? (v2.0.1). Following the authors’ vignette (https://github.com/welch-
lab/liger/blob/master/vignettes/articles/UINMF _vignette.Rmd), we apply functions such as
‘createLiger’, ‘normalize’, ‘selectGenes’, ‘scaleNotCenter’, and ‘runUINMEF’ in the ‘rliger’
package to perform data integrations. Finally, we extract ‘H’ from the resulting object to
obtain the embeddings.

M9: scMoMaT’ (v0.2.2). We first compile a list comprising multi-batch multi-modal data
into the ‘preprocess’ function. Then, this data is fed into the ‘scmomat_model” and
‘train_func’ to train the model with default settings
(https://github.com/PeterZZQ/scMoMaT). Finally, we use ‘extract cell factors’ and
‘calc_post graph’ functions to extract the graphs, and the ‘extract marker scores’ function to
obtain feature importance scores respectively.

M10: Seurat (WNN)'° (v5.0.2). As described in the authors’ vignette
(https://satijalab.org/seurat/articles/weighted nearest neighbor_analysis.html), we calculate
the closest neighbours in the dataset using the ‘FindMultiModalNeighbors’ function with
default settings. Finally, we extract ‘weighted.nn’ and ‘wknn’ from the resulting object to
obtain the graphs.

M11: scMM'! (github version c¢5¢8579). We use the ‘main.py’ file to train the model to
obtain the embeddings as described in the authors’ protocol
(https://github.com/kodaim1115/scMM/tree/master). Specifically, we set the ‘model’
parameter based on the input data combination while keeping other parameters as default.
Finally, we employ the ‘get latent’ function to obtain the embeddings and use the ‘predict’
function to impute missing modalities.




M12: seMDC'" (github version 43b0c3a). Following the authors’ protocol
(https://github.com/xianglin226/scMDC), we build the model using the
‘scMultiClusterBatch’ function with ‘n_batch’ as the actual number of batches. Then, the
model is trained using the ‘pretrain_autoencoder’ function with the default parameters.
Finally, we extract the embeddings through the ‘encodeBatch’ function.

M13: moETM" (github number c2eaa97). moETM is capable of being applied to bi-modality
combinations such as RNA+ADT or RNA+ATAC. The count matrices from all modalities
are used as input. Following (https://github.com/manqgizhou/moETM), we first preprocess the
data, and then use ‘build moETM’ and ‘Train_ moETM’ functions to build and train the
model with default settings. Finally, we extract ‘delta’ from the resulting object to obtain the
embeddings. For imputation, we use the ‘Trainer moETM_for cross_prediction” and

‘Train._ moETM for cross prediction’ functions.

M14: VIMCCA'™ (v0.5.6). We use the ‘loglp’ and ‘scale’ function to process the input data,
followed by the ‘vimcca.fit_integration’ function to train the model with default parameters
(https://github.com/jhu99/scbean). The output from ‘vimcca.fit_integration’ is the integrated
embedding.

M15: iPOLNG" (v0.0.2). The count matrices with 5,000 highly variable genes and 20,000
highly variable peaks are used as input (as suggested by the authors). We use the ‘iPoOLNG’
function with the default parameters to train the model
(https://github.com/cuhklinlab/iPoLNG). Finally, we extract ‘Ls_est’ from the resulting
object to obtain the embeddings.

M16: MIRA'® (v2.1.0). We employ ‘utils.make_joint_representation’ to construct the joint

representation space with default parameters (https://github.com/cistrome/MIRA). Finally,

we calculate the integrated graph via the ‘neighbours’ function from the scanpy package on
‘X _joint umap_features’ from the resulting AnnaData object.

M17: UnitedNet'" (github version 3689da8). The count matrices along with the cell type
labels, are used as input. We build the model using the ‘UnitedNet’ function. We adjust the
‘input’ dimension to match the actual dimension for the ‘encoder’, ‘decoder’, and
‘discriminators’, and set the ‘output’ in the ‘clusters’ to reflect the true number of cell types
in the configuration. The model is then trained using the ‘train’ and ‘finetune’ functions with
default settings (https://github.com/LiulLab-Bioelectronics-Harvard/UnitedNet).
Subsequently, we use the ‘infer’ function to obtain the embeddings and ‘predict’ function to
impute the missing modality in the test data.

M18: scMVP'? (github version fc61e4d). The count matrices from paired RNA and ATAC
are used as input, followed by standard preprocessing on both modalities. We build the model
using the ‘Multi_VAE Attention’ function. The model is then trained using the
‘MultiTrainer’ and ‘train’ functions with default settings (https://github.com/bm2-
lab/scMVP). Subsequently, we use the ‘create_posterior’ function to create posterior from the
trained model and ‘get _latent’ function to obtain the embeddings.

M19: scBridge' (github version ff17561). We use the ‘Net’ function and ‘run’ function to
construct and train the network with the default parameters (https://github.com/XLearning-
SCU/scBridge). Subsequently, we extract the ‘Embedding’ from the resulting object.




M20: Portal’® (v1.0.2). We employ the ‘model.Model” function to construct the model.

Subsequently, we use the ‘preprocess’ function for data preparation, the ‘train’ function for
model training, and the ‘eval’ function to obtain the integrated embeddings of the cells. All
these steps are executed using default settings (https://github.com/Yangl abHKUST/Portal).

M21: SCALEX?' (v1.0.2). We use the ‘SCALEX’ function to train the model
(https://github.com/jsxlei/SCALEX). Then, we extract the ‘latent’ from the resulting object to
obtain the integrated embeddings.

M22: VIPCCA* (v0.2.7). We use the ‘preprocessing’ function to process the input data,
followed by the ‘VIPCCA’ function to train the model with default parameters
(https://github.com/jhu99/vipcca). Finally, we use the ‘fit_integrate’ function to obtain the
integrated embedding.

M23: Seurat v3* (v5.0.2). We identify the anchors and co-embeddings using the
‘VariableFeatures’, ‘GetAssayData’, ‘FindTransferAnchors’, ‘merge’, ‘ScaleData’, and
‘RunPCA’ functions for integration

(https://satijalab.org/seurat/articles/seurat5 atacseq integration_vignettel). Specifically, the
reduction parameter in the ‘FindTransferAnchors’ function is set to ‘cca’ by default.
The integrated embeddings are extracted using the ‘cell.embeddings’ function.

M24: MultiMAP* (github version 681¢608). The RNA count matrices and ATAC counts,
which feature both peaks and gene activity scores, are utilised as inputs. Following the
authors’ recommendations

(https://nbviewer.org/github/Teichlab/MultiM A P/blob/master/examples/tutorial.ipynb), we
utilise the ‘Integration’ function to integrate the data with the default parameters. Then, we
obtain the integrated embedding from the ‘X multimap’ attribute.

M25: Seurat v5%° (v5.0.2). Following the authors’ vignette
(https://satijalab.org/seurat/articles/seurat5_integration bridge.html), we utilise the
‘PrepareBridgeReference’, ‘FindBridgeTransferAnchors’, and ‘MapQuery’ functions to
perform the integration. Finally, we extract ‘cell.embeddings’ to obtain the integrated
embeddings.

M26: sciCAN? (github version ad71bba). The count matrices from both RNA and ATAC
(gene activity scores) are used as inputs. Then, normalisation, log-transformation, and
standard scaling are applied to both modalities. Following
(https://github.com/rpmccordlab/sciCAN) and the authors’ recommendations, we deploy the
‘Cycle_train_wolabel’ function with 200 epochs, while keeping other parameters as the
default, to train our model. Then, we use the ‘FeatureExtractor’ function to extract the
integrated embeddings from the model.

M27: Conos*’ (v1.5.2). Following the authors’ instructions
(https://htmlpreview.github.io/?https://raw.githubusercontent.com/kharchenkolab/conos/main
/doc/integrating_rnaseq_atacseq.html), the count data from RNA and ATAC, presented as a
list of matrices, is used as input for the Conos method. We perform preprocessing using the
‘basicP2proc’ function in the pagoda2 package. Then, we utilise functions such as ‘new’,
‘buildGraph’, ‘findCommunities’, and ‘embedGraph’ in the Conos package to perform the
integration. Finally, we extract the ‘graph_connectivities’ to obtain the integrated graph.




M28: iINMF?® (v2.0.1). We apply functions such as ‘createLiger’, ‘normalize’, ‘selectGenes’,
‘scaleNotCenter’, ‘runlntegration’, and ‘quantile norm’ to align the RNA and ATAC data
with the default settings (https://github.com/welch-
lab/liger/blob/master/vignettes/articles/Integrating_ scRNA and scATAC_data.Rmd).
Finally, we extract ‘H.norm’ to obtain the integrated embeddings.

M29: online iNMF? (v2.0.1). Following the authors’ protocol (https://github.com/welch-
lab/liger/blob/master/vignettes/articles/online iNMF _tutorial. Rmd), we apply functions such
as ‘createLiger’, ‘normalize’, ‘selectGenes’, ‘scaleNotCenter’, ‘runIntegration’, and
‘quantile norm’ to integrate the RNA and ATAC data. Finally, we extract the embeddings in
‘H.norm’ to obtain the integrated embeddings.

M30: scJoint®® (github version cbbfa5d). The count matrices along with the cell type labels,
are used as input. We use the ‘TrainingProcessStagel’, ‘KNN’, and ‘TrainingProcessStage3’
functions to train the model as described in the tutorial
(https://github.com/SydneyBioX/scJoint). Then, we use the encoder of the model to obtain
the integrated embeddings.

M31: GLUE®! (v0.3.2). The RNA count matrices and ATAC counts, which feature peaks, are
utilised as inputs. Following the authors’ tutorial (https://github.com/gao-lab/GLUE), we
construct a graph via the ‘get gene annotation’ function and build an RNA-anchored
guidance graph with graph validation using the ‘check graph’ function. Then, we use the
‘configure dataset’ function to create a subgraph, and run the model using ‘fit SCGLUE".
All parameters are set to their default values as in the tutorial. Finally, we obtain the
integrated embeddings using ‘glue.encode data’.

M32: SMILE* (github version a2e2ca6). The count matrices from the mosaic data
combination of RNA and ATAC are used as input. Following
(https://github.com/rpmccordlab/SMILE/blob/main/Tutorial/SMILE data_integration withR
eference.ipynb), we use ‘littleSSMILE’ and ‘ReferenceSMILE trainer’ functions to train the
model. Upon completion of the training, we utilise the network’s encoder to extract latent
embeddings.

M33: StabMap*® (v0.1.8). Following the authors’ vignette
(https://marionilab.github.io/StabMap/articles/stabMap PBMC Multiome.html), a data list
with multi-batch and multi-modal data is fed into the stabMap function using the default
setting to do integration, resulting in the integrated embeddings. For imputation purposes, we
use the ‘imputeEmbedding’ function to obtain the imputed data.

M34: MultiVP* (v1.1.2). We use the ‘data.organize_multiome_anndatas’,

‘model. MULTIVIsetup anndata’, ‘model. MULTIVT’, and ‘train’ functions with the default
settings to train the model (https://docs.scvi-
tools.org/en/stable/tutorials/notebooks/multimodal/MultiVI_tutorial.html). Finally, we use the
‘get latent representation’ function to obtain the integrated embeddings. For imputation
purposes, we use ‘get normalized expression’ and ‘get accessibility estimates’ functions,
respectively, to obtain the imputed RNA and ATAC modalities.




M35: Cobolt® (v1.0.1). We use the ‘MultiomicDataset.from_singledata’ function to create a
MultiomicDataset from the given datasets. Then, we initialise and train the model using the
‘Cobolt’ (learning_rate = 0.0005) and ‘train’ functions with other parameters default
(https://github.com/epurdom/cobolt). Finally, the integrated embeddings are acquired using
the ‘get all latent’ function.

M36: PASTE?® (v1.4.0). The count data with spatial coordinates are used as input. PASTE
has two integration approaches (https://github.com/raphael-group/paste). The first is pairwise
alignment, where we align pairwise slices using the ‘pairwise align function’, followed by
the ‘stack slices pairwise’ function to obtain the aligned coordinates. The second approach is
centre alignment, for which we utilise the ‘center align’ function to train the model and then
obtain the aligned coordinates.

M37: SPIRAL*" (v1.0). The count data with spatial coordinates are used as input. Following
the authors’ instructions

(https://github.com/guott15/SPIRAL/blob/main/Demo/run_spiral DLPFC.ipynb), we use the
‘SPIRAL integration.train’, ‘CoordAlignment.New Coord’ functions to train the model and
then obtain the aligned coordinates.

M38: GPSA® (v0.8). The count data with spatial coordinates are used as input. Following the
authors’ instructions (https://github.com/andrewcharlesjones/spatial-alignment), we use the
‘Variational GPSA’ function to construct the model. We then perform a forward pass using
the forward function and calculate the loss with ‘loss_fn’. The network underwent training
for 100 epochs as default. Finally, we use the ‘forward’ function to obtain the aligned
coordinates.

M39: PASTE2% (github version b71ec88). The count data with spatial coordinates are used
as input. Following the authors’ tutorial (https://github.com/raphael-
group/paste2/blob/main/tutorial.ipynb), we align pairwise slices using

‘partial pairwise align’, followed by ‘partial stack slices pairwise’ to obtain the aligned
coordinates.

M40: uniPort*° (v1.2.2). Following the authors’ tutorial
(https://uniport.readthedocs.io/en/latest/index.html), the count matrices from both RNA and
ATAC are used as inputs. Then, normalisation, log-transformation , and batch scale are
applied to both modalities. Finally, we use the ‘Run’ function to train and extract the
integrated embeddings from the model.

Evaluation metrics

Dimension reduction

Biological conservation metrics

Graph cell-type local inverse Simpson’s index (cLISI) score. The graph cell-type LISI (cLISI)
score implemented in the scib package*! assesses the cell-type separation of integrated data. It
is calculated by extracting neighbourhood lists from integrated kNN graphs and computing
graph distances using shortest path lengths. The graph cLISI scores are rescaled to a range of
0 to 1, quantifying the level of cell-type separation in the integrated data generated by a data
integration method.



Dimension reduction scalability metrics

Since generating embeddings from single-cell multimodal omics data is a computationally
intensive task and is also a critical component common to most integration methods, we
benchmark methods for their scalability in terms of the computational time and memory
usage required to complete this task.

Computational time on dimension reduction (CT). We evaluate running time on a server with
AMD(R) Ryzen processor CPU (16 cores and 128 Gb total memory) and one RTX3090
graphics processing unit. For benchmarking purposes, we choose some datasets as our
foundational datasets to create various benchmarking sets for measuring runtime. To evaluate
the impact of the number of cells, we generate benchmarking datasets containing 500, 1,000,
2,000, 3,000, 5,000, 10,000, 20,000, 30,000, 50,000, 80,000, and 100,000 cells each. In cases
where the base datasets consist of multiple batches, each batch is configured to have an equal
number of cells. To measure the elapsed runtime, we utilise the ‘system.time()’ function in R
and the ‘time()’ function from the time package in Python, corresponding to methods
implemented in R and Python, respectively.

Memory usage on dimension reduction (MU). Using the same benchmarking datasets as those
employed for computing computational time, we adopt specific functions to monitor memory
usage. For tracking CPU memory, we use the ‘/ust/bin/time -v command’ for R and Python.
Meanwhile, GPU memory consumption is monitored using the ‘nvidia-smi’ tool. To calculate
the total memory usage involving both CPU and GPU, we sum the memory readings from
both sources.

Batch correction

Batch correction quality metrics

K-nearest neighbour batch effect test (kBET) score. The KBET score quantifies the similarity
between the label composition of a k-nearest neighbourhood in an integrated dataset and the
expected label composition. It is introduced to measure the rejection rate of tested
neighbourhoods in k-nearest neighbour (kNN) graphs to evaluate batch effects. We apply the
KBET algorithm implemented in the scib package*! to quantify the batch effect.

Graph integration LISI score (iLISI). Similar to graph cLISI score but calculated for batches
in the integrated data, the graph integration LISI (iLISI) score*! assesses the batch mixing of
integrated data. The graph iLISI scores are rescaled to a range of 0 to 1, quantifying the level
of batch integration achieved by the data integration methods.

Adjusted Rand Index by batch (ARI batch). ARI is a metric used to assess the concordance
between two partitions of a set of items by considering both the overlaps and the
disagreements between the two partitions*?. Here ARI_batch is used for quantifying the
concordance between cells grouped by clusters and by their batch labels in a dataset.

Normalised mutual information by batch (NMI batch). Similar to ARI, NMI is a metric used
to assess the agreement between two partitions of a set of items and ranges between 0
(uncorrelated) and 1 (perfect match).



Average Silhouette width by batch (ASW _batch). The silhouette width quantifies the within-
cluster distances of a cell and the between-cluster distances of that cell to the closest cluster®.
Averaging the silhouette width across all cells gives ASW. Luecken et al.*! proposed a
modified ASW for quantifying batch mixing (‘ASW_batch’). We follow this definition and
its implementation in the scib package*! for calculating ASW_batch where a value of 1
represents ideal batch mixing and 0 indicates strong batch separation.

Graph connectivity (GC). The GC metric assesses the connectedness of cells with the same
cell-type label in the integrated kNN graph. It is a metric introduced by Luecken et al.*! for
quantifying batch effect. We use its implementation in the scib package*! for calculating GC.

Principal component regression (PCR) score. The PCR score is used to assess the impact of
data integration on variance, comparing the explained variance before and after integration.
We use the metric implemented in scib package*!, which ranges from 0 to 1, where 0
indicates no change in variance contribution, and 1 indicates a significant difference in
variance contributions before and after integration.

Clustering

Clustering metrics

Adjusted Rand Index by cell type (ARI cellType). ARI cellType is used for quantifying the
concordance between cells grouped by clusters and by cell type annotation in their original
publications. The definition of ARI cellType is the same as ARI batch except that the batch
clusters/labels are replaced by cell type clusters/labels.

Normalised mutual information by cell type (NMI _cellType). NMI_cellType is used for
quantifying the concordance between cells grouped by clusters and by cell type annotation in
their original publications. The definition of NMI cellType is the same as NMI_batch except
that the batch clusters/labels are replaced by cell type clusters/labels.

Average silhouette width by cellType (ASW cellType). As described above, the silhouette
width quantifies the within-cluster distances of a cell and the between-cluster distances of
that cell to the closest cluster and its average across all cells gives ASW.

Isolated label score of FI (iF'1). An isolated label is defined as a label that appears in the
minimum number of batches, which can be extended to labels that appear in fewer than a
specified number of batches. This score introduced by Luecken et al.*! indicates how well the
isolated labels are separated from other cell types and can be calculated from the scib
package*! for quantifying the quality of clustering results. We average the isolated scores for
all clusters and present the final average score.

Isolated label score ASW (iASW). The scib package*! calculates the ASW for the isolated
labels in comparison to the non-isolated labels. This score is then scaled to a range between 0
and 1. We average the isolated scores for all clusters and present the final average score.



Classification

Classification metrics

Overall classification accuracy (OCA). Overall classification accuracy is determined by
dividing the number of correctly predicted cells by the total number of cells in the dataset.
This metric provides an overall measure of a model’s predictive performance in correctly
classifying cells.

Average classification accuracy (ACA). Average classification accuracy is computed by
summing up the accuracies across each cell type and then dividing by the number of cell
types in the dataset. This metric is particularly useful in datasets where the number of cells
between cell types significantly varies, ensuring that the model’s performance is evaluated
across all cell types, rather than being influenced by the performance of more abundant cell

types.

Specificity (Spec) and sensitivity (Sens). Specificity measures the proportion of actual
negatives that are correctly identified. A higher specificity indicates better detection of true
negatives, reducing the chance of false positives. Sensitivity is defined as the proportion of
true positives correctly identified in the test. It quantifies how effective a model is to identify
positive cases among all the truly positive cases. The range for both specificity and sensitivity
are from O to 1, with values closer to 1 indicating better performance. We use one-versus-all
to calculate the specificity and sensitivity for the classification performance of a method for
each cell type.

Fl-score (F1). Fl-score is computed as the harmonic mean of precision and recall. Precision
is the ratio of true positives within the predicted positive cases and recall is equal to
sensitivity. The F1-score ranges from 0 to 1, where 0 denotes the poorest performance and 1
represents the best performance. We use one-versus-all to calculate the F1-score for the
classification performance of a method for each cell type.

Feature selection

Feature selection is frequently used for identifying cell type markers and can be used in
various downstream analyses. We select top markers by their ranking and/or feature
importance scores with respect to each cell type determined by each feature selection method.

Feature specificity and reproducibility metrics

Marker overlap among different cell types (MO). We identify the top 5, 10, and 20 markers
for different cell types and assess the overlaps among these markers via the intersect function
in R. A smaller overlap suggests the markers selected for each cell type are distinct and
specific.

Marker correlation among downsampled data (MC). We randomly subsample cells to
various percentages of the original data (100%) to 80%, 50%, 30%, and 10%. We then run
the feature selection methods from the targeted integration approaches to derive the feature
importance scores for each subsampled dataset and calculate the Pearson’s correlation of
feature importance scores across different sampling results. A higher correlation indicates
higher feature selection reproducibility.



Feature selection downstream analysis metrics

Clustering metrics applied to top features. We take the union of the top 5, 10, and 20 markers
from each cell type, as identified from each feature selection method, to conduct clustering
analysis. The metrics used in this analysis are the same as those employed in the clustering
task, i.e. ARI cellType, NMI cellType, ASW_cellType and iF1, iASW.

Classification metrics applied to top features. We take the union of the top 5, 10, and 20
markers from each cell type, as identified from each feature selection method, to conduct
classification analysis. The metrics used in this analysis are the same as those employed in
the classification task, i.e. OCA, ACA, Spec, Sens and F1.

Imputation

Imputation data structure metrics

Standardized MSE imputation error with ground truth data (sMSE). This metric is calculated
by taking the mean squared error (MSE) of the differences between the imputed data and the
ground truth data held out from the model training, and then dividing it by the variance of the
ground truth. We rescale this metric to the range [0, 1] and take its reciprocal. Thus, a higher
score indicates that the imputed data is closer to the ground truth data, reflecting higher
accuracy in the imputation process.

Preservation of feature correlation structure (pF'CS). As implemented in the Matilda
framework®, we calculate the pairwise correlation of the top 100 highly variable features in
the imputed data and ground truth data heldout from the model training. The preservation of
gene correlation structure can then be quantified by calculating Pearson’s correlation of the
pairwise correlations computed from the imputed data and ground truth data, with a higher
correlation indicating better imputation performance.

Preservation of differential expression statistics (pDES). We apply the Limma R package
(v3.44.3) to calculate differential expression (DE) statistics of features for each cell type and
compute the average Pearson’s correlation of DE statistics calculated from the imputed data
and the ground truth data. A higher correlation indicates better preservation of DE statistics in
the imputed data.

Imputation downstream analysis metrics

Clustering metrics applied to imputed data. As illustrated in Fig. 1d, we conduct clustering
analysis on the imputed data. The metrics used in this analysis are the same as those
employed in the clustering task, i.e. ARI cellType, NMI cellType, ASW_cellType and iF1,
1ASW.

Classification metrics applied to imputed data. As illustrated in Fig. 1d, we conduct
classification analysis on the imputed data. The metrics used in this analysis are the same as
those employed in the classification task, i.e. OCA, ACA, Spec, Sens and F1.

Spatial registration

Spatial registration quality metrics

Label Transfer Adjusted Rand Index (LTARI). As described in Liu et al.*’, LTARI is a metric
used to evaluate the spatial registration performance in preserving cell type and/or spatial
region labels between the aligned spots across slices. First, we compute the clustering result
for each slice. Then, one slice is selected as the reference, and the others are treated as query



slices. For the query data, LTARI assigns new labels to each spot according to the label of the
nearest spot in the reference slice. Finally, we calculate the ARI between the newly assigned
spot labels of the query slice and the ground truth labelling, thus assessing the registration
performance in maintaining label consistency across slices.

Pairwise Alignment Accuracy (PAA). As implemented in PASTE, PAA is calculated by
summing the weighted pairs of spots that share the same cluster labels across all slices. Then,
we average the PAA for all paired slices and present the final average score. A higher PAA
indicates better spatial registration performance.

Spatial Coherence Score (SCS). Following the implementation in PASTE?’, the SCS is
calculated by employing O’Neill’s spatial entropy to quantify the variation in spatial coherence
of cluster labels across different slices. Higher SCS values suggest a patterned label distribution
among adjacent spots, while lower values indicate a distribution that is closer to random. The
average SCS for all slices is calculated to present the final SCS.

Spatial registration scalability metrics

Spatial registration is another computationally expensive task and the benchmark of method
scalability provides useful information about their usability in this task. Given that spatial
registration methods do not aim to generate integrated embeddings or graphs, they are not
included in previous scalability benchmarks. Consequently, they require the following
independent comparison methods to assess their scalability.

Computational time on spatial registration (CT_SR). For benchmarking spatial registration
methods, we sample from the spatial dataset to create various datasets with different cell
numbers (i.e. 500, 1,000, 2,000, 3,000, 5,000, 10,000, 20,000, 30,000, 50,000, 80,000, and
100,000) for measuring runtime. Each batch is configured to have an equal number of cells.
All configurations and functions applied align with those detailed in the dimension reduction
metrics section.

Memory usage on spatial registration (MU SR). Using the same sets of datasets in the above
benchmark of computational time for spatial registration methods, we also evaluate and
benchmark the memory usage using the same functions previously outlined in the dimension
reduction metrics section.

Cross validation for supervised integration methods

For the dimension reduction and clustering tasks in vertical integration, two of the evaluated,
Matilda and UnitedNet, are supervised methods and thus require cell type labels, while the
rest are unsupervised. To ensure a fair comparison, we employ a 5-fold cross-validation
procedure for the supervised methods. Specifically, for vertical integration involving a single
data batch, we split the entire dataset into five folds. In each iteration, four folds are
combined for training, and the remaining fold is used as the test set. Evaluation metrics are
calculated across all five test folds and averaged to produce the final scores, enabling a fair
comparison across methods. In addition, UnitedNet can be applied to cross integration that
involves multiple data batches and for tasks including dimension reduction, clustering, batch
correction, and classification. Similar to the above, each batch is divided into five folds. In
each iteration, we select matching folds from all batches to serve as the test set, while the



remaining folds are combined to form the training set. Evaluation metrics are calculated
across all five test folds and averaged to produce the final scores.

Union markers selection strategy for MOFA+

In vertical integration for the feature selection task, methods such as scMoMaT and Matilda
identify multiple sets of cell type-specific markers for each cell type. In contrast, MOFA+
selects a single set of cell type-invariant markers for all cell types. This limits the fair
assessment of feature selection results from MOFA+. To address this issue and ensure a fair
comparison, we adjust the way MOFA+ selects its union of markers. Specifically, we
determine the total number of MOFA+ markers by multiplying the number of cell types by
the number of top markers chosen per cell type in the other methods. For example, if the
dataset includes five cell types and scMoMaT and Matilda are each instructed to identify the
top five markers per cell type, MOFA+ will select a total of 25 markers (5 cell types % 5
markers per cell type). By doing so, we create a union of MOFA+ markers that corresponds
directly to the total number of top markers identified by the other methods, thereby enabling a
fair, apples-to-apples comparison.

Implementation of GLUE on simulated datasets

GLUE is a diagonal integration method that integrates RNA (gene) and ATAC (peak)
modalities without relying on gene activity scores. Instead, it leverages the gene regulatory
relationships between genes and peaks to create a regulatory graph for data integration.
However, because simulated datasets lack the accessibility ranges and gene names required to
construct such regulatory relationships between genes and peaks, GLUE cannot be applied
directly to these datasets. To overcome this challenge, we artificially construct a regulatory
graph by linking each RNA feature (gene) to its corresponding ATAC feature (gene activity
score). We ensure there are no extraneous links between unrelated features, thus preserving a
one-to-one mapping. This adjustment generates the regulatory graph required for GLUE,
thereby enabling its application to simulated datasets.

Implementation of Seurat v3/v5 on simulated datasets

Seurat v3 and v5 integrate RNA data with either peaks or gene activity scores from ATAC
data. For real datasets, we use peaks for integration. However, for simulated datasets that lack
chromatin accessibility ranges, we use gene activity instead. The details for integrating gene
activity scores with these two methods are as follows:

Seurat v3. For gene activity score-based integration, we follow the same processing steps as
RNA data (NormalizeData, FindVariableFeatures, ScaleData, RunPCA, and RunUMAP),
rather than using the peak-based integration workflow (RunTFIDF, FindTopFeatures,
RunSVD, and RunUMAP). When using TransferData, we use the ‘pca’ parameter instead of
the ‘Isi’ parameter for weight reduction for gene activity score-based integration.

Seurat vS. Peak-based integration utilises ‘SCT’ normalisation for RNA and ‘LSI’
normalisation for ATAC data. In contrast, gene activity score-based integration applies the
same log normalisation and processing steps for both modalities, including NormalizeData,
FindVariableFeatures, ScaleData, RunPCA, and RunUMAP. All functions that rely on SCT
and LSI-reduced data are replaced with those using log-normalised reduced data.

Reference data setup for Seurat v5



For diagonal integration using Seurat v5, a bridge dataset is required for integrating RNA and
ATAC modalities. For datasets with paired modalities (D24-D27, D32, D33, SD7-SDS) but
are treated as unpaired for the diagonal integration task, we use the original pairing as the
bridge. To also include truly unpaired datasets for evaluation, we try to match the species and
tissue types and select D22 as the bridge for D28, D30, and D31, and batch 1 of data source
15 as the bridge for D29.

Classification strategies for methods with original classifiers

For methods that introduced their own classifiers in the original publications, we use those
exact implementations to obtain the classification results besides using the MLP classifier.
Specifically, Multigrate employs a random forest classifier, while sciCAN and SMILE both
rely on a support vector machine (SVM). Several other methods use k-nearest neighbors
(kNN) with different values of k. For instance, GLUE uses k=15; Seurat v5, scJoint, and
SCALEX each use k=30; and MultiMAP, Concerto, and StabMap each use k=5.

Several methods also include specialised functions within their respective software packages
for classification. These include using the TransferData function for Seurat v3, the predict
function for sciPENN, the predict label function for UnitedNet, the infer result function
(from eval_utils) for scBridge, the metrics.label transfer function for uniPort, the
annotate by nn function (applied post-integration) for Portal, the propagateLabels function
for Conos, and the findNeighbors function for VIPCCA.

Setup of datasets for imputation

In mosaic integration for the imputation task, memory usage presents a significant challenge
for large datasets for most methods, where generating imputed data within a reasonable time
becomes computationally challenging. To address this, we downsample the features by
selecting the top 1,000 highly variable features for RNA and ATAC, while retaining all ADT
features. Additionally, for multi-batch datasets, we select two groups comprising one
reference and one query, respectively, for evaluation. Detailed descriptions of the datasets are
provided in Supplementary Table 1.

Ground truth data preprocessing for imputation metric calculation

Because different methods have distinct input requirements, we apply method-specific
preprocessing steps to the ground truth raw data so that each method receives its preferred
data format. This approach ensures a fair comparison when calculating sSMSE and performing
downstream classification. Specifically, UnitedNet, moETM, and totalVI use raw counts.
sciPENN applies the ‘preprocess’ function from its package. StabMap performs log-
normalisation for both raw RNA and ATAC data, applies CLR normalisation for the raw
ADT data, and then scales each modality. scMM normalises the raw data for each modality
through division of each element by the library size, then applies scaling using a specified
factor 10,000. For MultiVI, we normalise RNA modality using library size normalisation
while keeping ATAC as raw counts.

Strategy for large spatial datasets

The spatial dataset D62 consists of two slices each containing 167,780 and 118,752 cells,
respectively. The exceptionally large size of the dataset causes out-of-memory issues for all
methods. To mitigate this issue, we divide slices one and two into 10 paired folds. We run
methods on each paired fold and calculate the evaluation metrics across all 10 folds from the
two slices.



Implementation of mapping scores for PAA

The metric PAA measures the weighted pairs of spots that share the same cluster labels
across paired slices. For PASTE pairwise, the ‘pairwise_align’ function from the PASTE
package is used to calculate the mapping scores for each pair of slices. For PASTE centre,
the ‘center align’ function from the PASTE package is used to calculate the mapping scores
between each slice and the centre slice. For PASTE2, the ‘partial pairwise align’ function
from the PASTE2 package is employed to compute the mapping scores. As SPIRAL and
GPSA do not provide mapping scores between pairs of spots, we use an alternative procedure
from the PASTE method. The mapping for each aligned pair of slices is determined by
minimising the Wasserstein distance between spots of the same type. All spots are assigned
equal weights, and the transportation cost is calculated based on the Euclidean distances
between their aligned coordinates.

Dataset selection and processing for computational and memory usage

Datasets with large feature spaces can impose substantial memory demands on computational
methods and frequently lead to out-of-memory errors. To enable an informative assessment
of computational and memory efficiency, we selectively apply highly variable feature
selection to specific datasets across different integration categories based on their feature
dimensionality. For vertical integration, we use datasets D7, D15, and D22. RNA and ATAC
features are restricted to 5,000 for D15 and D22, while the original number of features is
retained for D7. For diagonal integration, datasets D24 and D37 are used, retaining their
original features without further reduction. For mosaic integration, we use datasets D39, D45,
D46, and D49. ATAC features are limited to 5,000 for D45, D46, and D49, while D39 keeps
its original features. For cross integration, datasets D53, D56, D58, and D59 are employed.
Here, ATAC features are limited to 5,000 for D56, D58, and D59. For spatial registration,
dataset D61 is used with all features retained in their original form. By tailoring feature
dimensions in this manner, we preserve comparability across methods while mitigating the
memory constraints associated with high-dimensional datasets in the benchmark.

Computation for overall rank score

To improve the comparability of diverse metrics, we apply min-max normalisation to the
values generated from each metric, scaling them to the range [0,1], as follows:
x —min(x)

"~ max(x) — min(x)

where y are the min-max scaled metric values and x are the raw metric values in a single
dataset. For the overall rank score of each task, we calculate it as:

z = minmax(mean(rank(y)))
When summarising multiple datasets, we calculate the grand metric and grand overall score
to provide an overview evaluation across datasets. The grand metric values are computed as
follows:
2 rank(X;))

- )

where X; represents the raw metric values for the i-th dataset, and n is the total number of
datasets. Similarly, overall grand rank scores are computed as the min-max scaled mean rank
of the grand ranks across each metric as follows:

p = minmax(mean(rank(k)))
Metrics that are not applicable to a given method are excluded from averaging when
calculating the (grand) overall rank score.

k = minmax(



Evaluation pipelines

Dimension reduction evaluation pipeline

Algorithm 1 provides the pseudocode detailing the steps for evaluating each integration
method in this task. Specifically, for each targeted integration method m, we first prepare the
list of corresponding single-batch or multi-batch dataset files D and generate the integrated
embeddings which is denoted by embedding; for each dataset file d; (Line 5-7). Then, we
calculate the 3 evaluation metrics ej, including cLISI score, CT and MU, for each embedding;
to generate the evaluation result list O and compare across different integration methods
(Line 9-12). The list of generated embeddings B is saved to files for later use (Line 8).

Batch correction evaluation pipeline

Similar to the dimension reduction evaluation, we first derive the batch-corrected integrated
embeddings for each targeted method and on the corresponding datasets. Then, we apply the
7 batch correction metrics to all the embeddings for comparison across different methods.
The evaluation pipeline for each method follows the steps in Algorithm 1, with the only
difference that the evaluation function EvaluateBatchCorrection(D, E, m) is used with the
evaluation metrics E for the 7 batch correction metrics.

Clustering evaluation pipeline

Algorithm 2 details the pseudocode for the steps involved in evaluating each integration
method on the clustering task. We first load the pre-saved embeddings from a method m from
the corresponding file paths F (Line 4-5). For each embedding;, we apply the Leiden
clustering to derive the clusters; (Line 6). Then, we evaluate the clustering results based on
each quality metric (Line 7-10). The evaluation output O is used for our comparative analyses
across different methods and datasets.

Classification evaluation pipeline

Algorithm 3 provides the pseudocode for the steps involved in evaluating each integration
method. Specifically, for each pre-save embedding; of the method m, we construct a data
structure named classification_summary for saving the classification evaluation summary for
each integration method and dataset (Line 5-7). We first iterate over each data batch of the
embeddings as reference (Line 8-9) while using the remaining batches of embeddings as
queries (Line 10). Then, for each query, we apply the classification function that calls each
specific method to derive the classification results for the current reference data (Line 11-12).
The classification results predictions are then evaluated using each of the metrics in E (i.e.
OCA, ACA, Spec, Sens and F1) and stored in the classification_summary structure for the
final evaluation analysis (Line 13-16).

Feature selection evaluation pipeline



Algorithm 4 provides the pseudocode for the steps involved in the feature selection for each
integration method. For each integration method m on each dataset d;, we first run the method
to generate the feature importance scores (Line 6). For evaluating feature specificity and their
utility on classification and clustering, we select the top 5, 10 and 20 features for each cell
type based on the feature importance scores and calculate the evaluation results based on the
corresponding metrics (Line 10-18). Particularly, for classification,
classification_cross_validation(top_features, E ) in Line 14 conducts the 5-fold cross-
validation via a simple MLP classifier using the union of selected top features and then assess
the performance by using the 5 classification evaluation metrics. For clustering,
evaluate_clustering leiden(top_features, E.,) in Line 16 applies the Leiden clustering
pipeline and calculates the 5 clustering evaluation metrics. Finally, for feature reproducibility,
we first randomly subsample 10%, 30%, 50%, 80% of cells and run the integration method to
produce the corresponding feature importance scores for each subsample (Line 20-24). We
then calculate the pairwise Pearson’s correlation for each subsample (Line 25). All the
evaluation results are saved for comparative analysis (Line 31).

Imputation evaluation pipeline

Algorithm 5 provides the corresponding pseudocode detailing the steps for evaluating each
integration method on the imputation task. After loading the prepared dataset (Line 5), we
first randomly select one batch as the reference data (Line 7-8) while selecting other batches
as query data (Line 9). Then, for each batch in the query data, we exclude one modality to
create the query data with missing features (Line 10-11) and keep the excluded data as
ground truth for evaluation (Line 12). We run the integration method to impute the missing
modality in the query data based on the reference data (Line 13). With the derived imputed
data, we then evaluate the quality using the 3 imputation data structure metrics (Line 14-17),
the 5 classification metrics (Line 19-22) and the 5 clustering metrics (Line 24-27).
Specifically, the label transfer() in Line 18 denotes the aforementioned cell classification of
the query data using the reference data, whereas the leiden_clustering() in Line 23 indicates
the Leiden clustering pipeline as introduced in the evaluation procedure of previous tasks. All
the evaluation results are saved for the comparative analysis.

Spatial registration evaluation pipeline

Algorithm 6 provides the corresponding pseudocode detailing the steps for evaluating each
integration method on the spatial registration task. For each loaded spatial dataset data; with
multiple slices, we run the integration method to generate the registered slices
registered_slices in the aligned coordinates (Line 5-7). Then, we apply the Leiden clustering
on each registered slice with regard to both gene expression and spatial coordinates (Line 9-
12). As is described above, we utilise the label transfer from the reference to the query slice
to evaluate the 3 spatial registration quality metrics (Line 14-17). More specifically, the
evaluate_quality() function in Line 15 includes the label transfer procedure for each
reference slice and its corresponding query slices. For the evaluation of scalability (Line 20-
23), the evaluate_scalability() function in Line 21 is applied to each scalability metrics to the
aforementioned sub-datasets to measure both the runtime and memory. All the evaluation
results are saved for our benchmarking analysis.



Data availability

Published data are downloaded and used to compile the 64 datasets described in the section
“Datasets and preprocessing” for benchmarking methods in each integration category and for
different tasks. The source data information is detailed in Supplementary Table 4. Below is
a brief summary of each data source.

Data source 1: CITE-seq data capturing RNA and ADT modalities of human peripheral
blood mononuclear cell (PBMC) samples*. Cell types in the original study are manually
annotated based on RNA and protein expression of known markers from each cell cluster.
This annotation is further verified by matching to the Azimuth PBMC database for quality
validation using the Azimuth tool (http://azimuth.satijalab.org/app/azimuth). We obtain the
data under the accession of E-MTAB-10026 from the Array Express database.

Data source 2: CITE-seq data capturing RNA and ADT modalities of human PBMC
samples®. Cell types in the original study are annotated using cluster specific differential
expression and the reference-based scRNA-seq annotation method implemented in SingleR*®
(v1.4.0). We obtain the data under the accession of GSE166489 from the GEO database.

Data source 3: CITE-seq data capturing RNA and ADT modalities of human PBMC
samples'?. Cell types in the original study are manually annotated based on RNA and protein
expression of both known markers and those discovered through clustering analyses. We
obtain the data under the accession of GSE164378 from the GEO database.

Data source 4: CITE-seq data capturing RNA and ADT modalities of human bone marrow
mononuclear cell (BMMC)*. Cell types in the original study are annotated first by known
markers from each cluster generated by either RNA or ADT modality using the Scanpy
platform, and then, manually validated and cross-modality harmonised. We obtain the data
under the accession of GSE194122 from the GEO database.

Data source 5: CITE-seq data capturing RNA and ADT modalities of human BMMC
samples?. Cell types in the original study are annotated via mapping protein expression from
the CITE-seq data to a Human Cell Atlas reference dataset and transferring the labels via
Seurat v3. We obtain the data under the accession of https://zenodo.org/records/6348128
from the Zenodo database.

Data source 6: CITE-seq data capturing RNA and ADT modalities of human PBMC samples
and lung tissues*®. Cell types in the original study are manually annotated based on cluster-
specific expression of markers within the RNA and/or ADT modality and further aided by
cell-by-cell annotation from the SingleR (v1.4.0) using the ‘Monaco reference’ from the
celldex (v1.0.0) made from bulk RNA-seq data of sorted immune cell populations. We obtain
the data from
https://archive.softwareheritage.org/browse/revision/1c7fcabb18a1971dc4d6e29bc3ed4f6£36
b23611/.

Data source 7: SHARE-seq data capturing RNA and ATAC modalities of mouse skin
samples®. Cell types in the original study are manually assigned to clusters on the basis of

marker genes, TF motifs, and chromatin accessibility peaks. We obtain the data under the
accession of GSE140203 from the GEO database.



Data source 8: SNARE-seq data capturing RNA and ATAC modalities of mouse brain
samples. Cell types in the original study are manually annotated on the basis of known
markers for the cerebral cortex and gene expression patterns from DropViz
(http://dropviz.org/). We obtain the data under the accession of GSE126074 from the GEO
database.

Data source 9: 10x multiome data capturing RNA and ATAC modalities of human BMMC
samples*’. Cell types in the original study are first determined by cluster-related markers
from RNA and ATAC modalities independently using the Scanpy platform. Specifically, the
count matrix of open chromatin data is first converted to a gene activity matrix and is then
used for the marker-based cell type annotation. Next, modality-specific cell types are
manually harmonised. We obtain the data under the accession of GSE194122 from the GEO
database.

Data source 10: 10x multiome data capturing RNA and ATAC modalities of mouse embryo
samples’!. Cell types in the original study are annotated by mapping the RNA expression
profiles to a reference atlas from the same developmental stages. Specifically, the query and
atlas cells are first integrated within a joint PCA space. Then, each query cell is assigned with
a cell type based on majority voting over the cell types from its 25 nearest atlas neighbours.
We obtain the data under the accession of GSE205117 from the GEO database.

Data source 11: 10x multiome data capturing RNA and ATAC modalities of human PBMC
samples. Cell type annotations in the original study are first performed by 10x Genomics and
then further validated manually by inspecting markers from an annotated single-cell RNA
atlas. We obtain the validated data from https://zenodo.org/records/6348128.

Data source 12: 10x multiome data capturing RNA and ATAC modalities of human
neocortex samples>2. Cell types in the original study are manually annotated on the basis of
marker genes for each cluster. We obtain the data under the accession of GSE204684 from
the GEO database.

Data source 13: ASAP-seq data capturing ATAC and ADT modalities of human PBMC
samples™. Cell types in the original study are manually annotated based on the marker gene
expression in each cluster in the RNA and ADT modalities. We obtain the data under the
accession of GSE156478 from the GEO database.

Data source 14: DOGMA-seq data capturing RNA, ATAC, and ADT modalities of human
PBMC samples. Cell types in the original study are annotated by projecting the three-
modality WNN (3WNN) clusters derived from Seurat to Azimuth PBMC reference data. We
obtain the data under the accession of GSE156478 from the GEO database.

Data source 15: TEA-seq data capturing RNA, ATAC, and ADT modalities of human
PBMC samples™. Cell types in the original study are derived via label transfer from a
multimodal reference atlas for PBMCs using Seurat. We obtain the data under the accession
of GSE158013 from the GEO database.

Data source 16: Visium spatial data capturing RNA and spatial coordinates of mouse
squamous cell carcinoma’®. Spot labels in the original study are generated based on
independent component analysis. Data are obtained from https://zenodo.org/records/6334774




Data source 17: Visium spatial data capturing RNA and spatial coordinates of human
dorsolateral prefrontal cortex samples®®. Spot labels in the original study are manually
annotated based on cytoarchitecture visualised by spatial LIBD tool and selected gene
markers. Data are obtained from https://github.com/raphael-
group/paste_reproducibility/tree/main/data/DLPFC.

Data source 18: Xenium spatial data capturing RNA and spatial coordinates of human breast
cancer tumour. Cell types in the original study are manually annotated based on differential
gene expression from each cluster’’. Data are obtained from
https://www.10xgenomics.com/products/xenium-in-situ/preview-dataset-human-breast

Data source 19: Stereo-seq spatial data capturing RNA and spatial coordinates of drosophila
embryos™®. Tissue types at bin level in the original study are manually annotated based on
marker genes for each cluster. The clustering is performed using both transcriptomic
information and spatial information (via Squidpy™). Data are obtained from
https://db.cngb.org/stomics/flysta3d/

Data source 20: MERFISH spatial data capturing RNA and spatial coordinates of mouse
brain®. Cell types of the original study are manually annotated based on the comparison of
marker genes and/or spatial locations of clusters, which are obtained from the multi-level
clustering of integrated MERFISH and snRNA-seq data, with previously annotated datasets.
Data are obtained from https://cellxgene.cziscience.com/collections/31937775-0602-4e52-
a799-bbacdd2bac2e

Data source 21: Spatial ATAC-RNA seq data capturing RNA, ATAC and spatial
coordinates of mouse embryo (E13) and mouse postnatal (P22) brain®!. In the original study,
cell types in spatial-RNA are transferred from scRNA-seq using Seurat while cell types in
spatial-ATAC are transferred from scATAC-seq data using Seurat and Signac. We obtain the
data under the accession of GSE205055 from the GEO database.



Supplementary algorithms

Algorithm 1: Pseudocode for Evaluating Dimension Reduction

Algorithm 2: Pseudocode for Evaluating Clustering

1 Define
inputs : list of dataset paths D; list of evaluation metrics E;
integration method m;
output: list of integrated embeddings B; list of evaluation results
FvaluateDi
B < list();
O « list();

2 Red

3

4

5 for data path d;€ D do
6

7

8

9

(D, E,m)

data; + load multimodal data(d;);
embedding; « generate_ embedding(m, data;);
append(B, embedding;);

for evaluation metrics e;€ E do

10 result;; « evaluate(embedding,, e;);
1 append(O, resulty;);

12 end

13 end

14 return B, 0;

1 Define
inputs : list of evaluation metrics £ list of embeddings files F'

3
4
5
6
7
8
9

generated via integration method m;

output: list of evaluation results O;
2 EvaluateClustering (F, E)

1

O « list();
for embedding path f;€ F do

beddsi: g; + load_integrated

bedding(f,);

clusters; < leiden_clustering(embedding;);
for evaluation metrics e;€ E do

lusters;, embeddi

result;; €5);

append(O, result;;);

end
end

12 return O;

Algorithm 3: Pseudocode for Eval

Classification

Algorithm 4: Pseudocode for Evaluating Feature Selection

1 Define

inputs : list of evaluation metrics E; list of embeddings files F* generated via

integration method m;

output: list of evaluation results O;
2 EvaluateClassification (F, £, m)

3 O « list();

4 for embedding path f.€ F do

5 embedding; + load integrated_embedding(f;);

6 number_of batches + get_number_of_batches(embedding;);

7 classification._. y < initialize_classificati v();

8 foreach batch.id in 1,2,..., number_of batches do

9 reference + select_batch _as_ref beddi batch_id);

10 queries « select_batches_as_queries(embedding;, batch_id);

n foreach query in queries do

12 predictions < classify_cells(m, re ference, query);

13 for evaluation metrics ;€ E do

14 luation_score « lassifi (predictions, e;);
15 update_summary(classi fication_summary, evaluation_score);
16 end

17 end

18 end

19 append(O, classi fication_summary);
20 end
21 return O;

2
3
4
5
6
7
8
9

Define

inputs : list of dataset paths D; integration method m; feature specificity evaluation
metrics e,; feature reproducibility evaluation metrics e,, list of classification

evaluation metrics E;, list of clustering evaluation metrics 3

output: list of feature specificity evaluation results O, feature reproducibility

evaluation results O,, classification evaluation results O, clustering
evaluation results O,,;

EvaluateFeatureSelection (D, e,, e,, Eqs, Eepy, m)

end

0,,0;, 04y, Oy + list();

for data path d;€ D do

data; + load_multimodal data(d;);

importance_score +— apply feature_selection(data;, m);
spect ficity_results « list();

classi fication results « list();

clustering results « list();

for top k € {5, 10, 20} do

top_features « select_top_features(importance_score, top_k);
speci ficity < evaluate_specificity(top_features, e;);

append(speci ficity results, speci ficity);

classi fication < classification cross_validation(top. features, E.s);
append(classi fication_results, classi fication);

clustering < evaluate clustering leiden(top-features, E.,);
append(clustering_results, clustering);

end

importance_score_subs + list();
for portion € {0.1, 0.3, 0.5, 0.8} do

subset data < apply random subset(data;, portion);
importance_score_for_sub < apply feature selection(subset_data , m);
append(importance_score_subs, importance_score.for_sub);

end
reproducibility results < evaluate reproducibility(importance score_subs, e,)

append(Oy, speci ficity_results);
append(O,, reproducibility results);
append(O.s, classi fication results);
append(Oy,, clustering results);

return O;, O;, Oy, Octu;




Al

i 5: Pseudocode for Eval

g Imp

A 6: Pscudocode for ing Spatial R

1 Define

inputs : list of dataset paths D; integration method m; list of imputation data structure
evaluation metrics E;,,,,, list of classification evaluation metrics E,y;, list of clustering
evaluation metrics I,;

output: list of evaluation results O

2 Evaluatelmputation (D, Einp, Ecs, Eciu, )

3
4
s

O « list();
for data path d;c D do
data; < load_multimodal data(d;);

evaluation_for_dataset + list();

batchid + select_random_batch(data;);

reference < get batch as reference(data;, batch_id);

queries < get batches_as_queries(data;, batch id);

foreach query in queries do

query_with_missing_data + create_query(query);
missing_data_groud_truth < create_query_ground truth(query);
imputed_data < impute(re ference, query with missing data, m);
for evaluation metrics e;c E,,,, do

evaluation.result « evaluate imputation(i; d_data,
missing dala_groud truth, e;);
luation_for_dataset, luation result);
end

classi fications < label data, mi: _data_groud_truth);
for evaluation metrics e;.€ Ey, do
evaluation result + evaluate classification(classi fications, ey);

d

luation_for_dataset, luation result);

end

clusters « leiden clustering(imputed_data);

for evaluation metrics e,,€ E, do

evaluation_result « evaluate clustering(clusters, e,,);
luation_for_dataset, luation_result);

end

end

append(O, evaluation_for_dataset);
end

31 return O;

1 Define
inputs: list of spatial dataset paths D; spatial integration method m; list of spatial registration
quality metrics [,; list of spatial registration scalability metrics £,
output: list of evaluation results O
2 EvaluateSpatialRegistration (D, E,, E,,m)

3 O + listQ;

4 evaluation._for_dataset + list();

5 for data path d;c D do

6 data; « load spatial data(d,);

7 registered slices « perform spatial registration(data;, m);

8 cluster labels « list();

9 foreach slice rna, slice coordinates in registered slices do

10 cluster labels_for_slice < clustering(slice.rna, slice_coordinates);
1 append(cluster labels, cluster labels_for slice);

12 end

13 quality_evaluation results «- list();

14 for evaluation metrics e;€ E, do

15 evaluation result < evaluate quality(data;, registered slices, cluster labels, e;);
16 di l luation results, I result);

17 end

18 append(evaluation. for dataset, quality evaluation resulls);

19 scalability evaluatio resulls < list();

20 for evaluation metrics e,€ E, do

21 evaluation_result « evaluate_scalability(data;, registered_slices, cluster labels, e);
n append(scalabili luation results, evaluation result);

) end

2 d(evaluation.for dataset, scalabili l results);

25 append(O, evaluation_for dataset);

2 | end

27 return O;
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Sup Fig. 1: Extended benchmark results of vertical integration methods for dimension reduction and
clustering. a, UMAP visualisation of vertical integration methods applied to a representative RNA+ATAC
dataset (D15), and b, Method performance on D15. ¢, UMAP visualisation of integration methods applied to a
representative RNA+ADT+ATAC dataset (D22), and d, Method performance on D22. Summary of overall rank
scores for vertical integration applied to e, Each of all RNA+ADT datasets; f, Each of all RNA+ATAC datasets;
and g, Each of all RNA+ADT+ATAC datasets. Box plots showing the distribution of method ranks across h, All
RNA+ADT datasets; i, All RNA+ATAC datasets; and j, All RNA+ADT+ATAC datasets. In the box plots, the
centre lines indicate the median, boxes indicate the interquartile range, and whiskers indicate 1.5% interquartile
range. Each dot corresponds to the rank for an individual dataset.



a [+
Data type: RNA+AD Data type: RNA+ATAC Data type: RNA+ADT+ATAC

I Clustering on Fs:educed data i.. Clustering on FS reduced data
i. Clustering on FS reduced data ii. Classification on FS reduced data
Method Overall Rank Score Method Overall Rank Score i ——
seMomaT ADT 5[] (1 [ [ENIN BNERENEN(] soMomaT RNA 20 [l I B Method  (QuerallRankiScors
scMoMaTRNA 5 BEO] [ scMoMaT RNA 10 [l scMoMaT RNA 5 ] schioMagRNAI0)
scMoMaTRNA 10 . D IRIN Matilda RNA scMoMaT RNA 10 . scMoMaT RNA 20
scMoMaT ADT 10 [] [ [] HE AR scMoMaT RNA scMoMaT RNA 20 scMoMaT RNA 5
scMoMaTRNA 20 [l E1[] IRIRIRE B vatica RNA scMoMaT ADT 5 B E MOFA+ RNA 20
vatida ADT 5 [| [l [l ] 1 E0 B I Matilda RNA Matilda RNA 20 scMoMaT ATAC 20 '
Matida ADT 10 [| [] I MOFA+ RNA MOFA+ RNA 20 [l MOFA+ RNA 10
matiida ADT 20 | [ [l H|| B [l MOFA+ RNA MOFA+ RNA 10 110 scMo‘MaT ADT 10 [ ]
scMoMaT ADT 20 HE vora+ RNA 5 [l scMoMaT ADT 10 1] Matilda RNA 20 1
Watcn VA 1 o T e 0t 20 WM | oot a0t 20 g
Matilda RNA 10 scMoMaT ATAC 20 scMoMa >
MOFA+ ADT 10 |]. |.H ].Hl []l ”D scMoMaT ATAC 10 Matiida RNA 5 | @ Matilda RNA 10 I
matica RNA 20 A 0 O] [ [ [ ] MOFA+ ATAC 20 | scMoMaTATAC 5 11 MOFA+ RNA 5
MOFA+ ADT 20 | | N | | MOFA+ ATAC 10 matica ADT 10 N[ | MORALATACIZD
matida RNA s [ @[ ] W [ U0 W W MoFa+ ATAC 5 matica AT 20 [ M{] | scMoMaT ADT 5 ]
mora+ RNA 20 [l [] | | IRINIEN | ] Matilda ATAC 5 || I scMoMaTATAC 10 || [| EAM Matrlda ADT 20 I
mMoFa+ RNA 10l [] | | Orirrm I Matida ATAC 20 || [] ] 0 mora+ RNA 5 [ ] [ [] Matiida RNA 5 1
s wn QP TTET DR B e e T T oo L] AN e e
atilda
ii. Classification on FS reduced data ii. Classification on FS reduced data mora+ AT 20 || |] 1B Matida ADT 10 r
Method Overall Rank Seore Method Overall Rank Score. morA+ aTac 20 [ | [ MOFA+ ATAC 10 ]
scMoMaT RNA 20 scMoMaT RNA mora+ apT 10 [ [] | B Matiida ADT 5 I
scMoMaTRNA 10 1 Matilda RNA mora+ ATACc 10 | | W MOFA+ ADT 10 I
scMoMaTRNA 5 HE  vatica RNA mora+ ADT 5[] [J [ [I MOFA+ ATAC 5
Matilda RNA 10 11 scMoMaT RNA moFa+ ATAC 5 | [ [] [ Matilda ATAC 20 |
Matilda RNA 20 Il MOFA+ RNA Matida ATAC 5 | || [] [] MOFA+ ADT 5 1l
Matilda RNA 5 11 Matilda RNA Matida ATAC 10 || | | [] Matilda ATAC 10 |
scMoMaTADT 10 OB  scMomaT RNA Matida ATAC 20 [ | [ [ Matida ATAC 5 [| | | |
seMoMaTADT 5 BEONOIOU  wmora: RNa SN B P P I PP
ScMoMaTADT 20 JUOODMEB wmora: Rna S <o
MOFA+ RNA 20 IR | scMoMaT ATAC 20 -
Matilda ADT 20 D I I] scMoMaT ATAC 10 iii. FS reproducibility
Matilda ADT 10 HDERNI Matilda  ATAC 20 Method  (Overall Rank Score
Matilda ADT 5 EO0 WOl | scMomar ATAC 5 mora+ ADT Any [l ERERE
MOFA+ ADT 20 I} N R K] MOFA+ ATAC 20 MOFA+ RNA Any l
MOFA+ ADT 5 I O0 ODEBOO  watida ATAC10 T VA =
MOFA+ ADT 10 BOBE  wmatica ATaC 5 MOFA+ ATACAny [
MO S RNND) || ME  wmoFa+ ATAC 10 scMoMaT RNA 10 ' F E I
MOFA+ RNA 5 N Wl worar ATAC 5 scMoMaT ATAC 10 [ [l
iii. FS reproducibility . scMoMaT RNA 20
Method Overall Rank Score . FS 'ep;:d::‘c:""y scMoMaT ATAC 5
o Overell R scMoMaT ATAC 20 3
vorr e IMEMEKBERE AR vorr ~v oy IEEE il 0. f I
MOFA+ ADT Any [ [ 1] 1] MOFA+ ATAC Any 2 (L]
scMomaT RNA 5 BE  ovovar rus 5 2 setovaT ADT 10 [] [ @ Botom Top
smomarNA 0 I I D EE O OO O @ O scMoMaT RNA 10 5 sovtoma ADT 20 || [] I ]
scMoMaT RNA 20 scMoMaT RNA 20 2 MatiidaQATACES 0000 Score
scMoMaT ADT 5 I'!IIII IIHFH semoMaTATAC 5 [J O O] 0 Matisa ATAC10 [| [ [] [ o "o -10 -1
ssmoMaTADT 0 [J J DD D0 O OO UO0ED seMoMaTATAC 10 [] EI[] [ [ [ Matida RNA 5 ||
swavaraor o [ (O QOO QOO QBN vew roa s BEEET | atiga ATAc20 | [ ] ]
Matilda RNA 5 scMoMaTATAC 20 [| [J [| [ [| [ Matiida RNA 10 [ ||
Matilda RNA 10E| H H H H H H E H H H H H Matida RNA 10 [J 1[I Matilda ADT 5
Matilda RNA 20 Matilda ATAC 5 F] H H P P h Matida ADT 10
g AR R R s a2 | |
matida apT 10 | | [ [ LT T 0000 [ Matida ATAC 10 [ [ | ] [ | Matilda ADT 20
waiga aoT 20| | | [ | [ [ [[[[[]  Meweamezl | \10\9 eddapadl A P
SN DT PP P S BB Wt PP otelefeligbatulaiey P
W <
<o
d Data type: RNA+ADT+ATAC (n=4 independent experiments)
i. Clustering on FS reduced data ii. Classification on FS reduced data iil. FS reproducibility
20 204 *“! 20! .‘iIHiEQE
) A - ' g T < el
B 4 . . '
' - ——
. . -
ol
GeRffesesendoaciaianenenete  codencsdcdcdedeRMSetfiRisd  gesqzsnazeseazancaszizcacas
CEEoEEESESSS<E TR gRR R kg EEIELEIEEIE T, < U< 2SR g SRR LIRS RREEEILRREREL i RR5202E 2989
e g g S g g I E IS A TN L ST e S g S d e g S A g T8 LA g Ly s DR o hE g SR TR ¢ Ts 0oy
b s s R R TS EE B L P L RS ki PR T Bififidfzsas9092828, H
BIREERSIIT T e qEEmSTnTIT Y S TEEEERRRLLRL NI T
3 % 3 1 3833

Sup Fig. 2: Extended benchmark results of vertical integration methods for feature selection. Summary of
overall rank scores for vertical integration applied to feature selection from a, Each of all RNA+ADT datasets;
b, Each of all RNA+ATAC datasets; and ¢, Each of all RNA+ADT+ATAC datasets, across the evaluation
categories of 1) clustering, ii) classification, and iii) reproducibility. Box plots showing the distribution of
method ranks across d, All RNA+ADT+ATAC datasets. In the box plots, the centre lines indicate the median,
boxes indicate the interquartile range, and whiskers indicate 1.5x interquartile range. Each dot corresponds to
the rank for an individual dataset.
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Sup Fig. 3: Extended benchmark results of diagonal integration methods. a, UMAP v1sua11sation of
diagonal integration methods applied to a representative dataset of D37 with multiple batches of RNA data and
multiple batches of ATAC data, and b, Method performance on D37. Summary of overall rank scores for
diagonal integration applied to ¢, Each of all datasets with a single batch of RNA data and a single batch of
ATAC data; and d, Each of all datasets with multiple batches of RNA data and multiple batches of ATAC data,
across the evaluation categories of 1) dimension reduction and clustering, ii) batch correction, and iii)
classification. For the classification summary, the method without * represents the MLP classifier implemented
in this study, while the method with * represents the classifier proposed in the original papers. Box plots
showing the distribution of method ranks across e, All datasets with a single batch of RNA data and a single
batch of ATAC data; and f, All datasets with multiple batches of RNA data and multiple batches of ATAC data.
In the box plots, the centre lines indicate the median, boxes indicate the interquartile range, and whiskers
indicate 1.5x interquartile range. Each dot corresponds to the rank for an individual dataset.
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Sup Fig. 4: Extended benchmark results of mosaic integration methods. a, UMAP visualisation of methods
applied to a representative dataset of D40 with data batches of RNA, paired RNA+ADT, and ADT. b, Method
performance on the dataset D40. UMAP visualisation of methods applied to a representative dataset of ¢, D46
with mixed batch combinations and shared modality across batches; and d, D49 with mixed batch combinations
and without shared modality across batches. Method performance on e, D46 and f, D49. g, Method performance
on all datasets with batches of RNA, paired RNA+ADT, and ADT and mixed batch combinations. h, Method
performance on all datasets with batches of RNA, paired RNA+ATAC, and ATAC. Box plots showing the

distribution of method ranks across i, All datasets with

batches of RNA, paired RNA+ADT, and ADT and

mixed batch combinations; and j, All datasets with batches of RNA, paired RNA+ATAC, and ATAC. In the box
plots, the centre lines indicate the median, boxes indicate the interquartile range, and whiskers indicate 1.5%
interquartile range. Each dot corresponds to the rank for an individual dataset.
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Sup Fig. 5: Extended benchmark on imputation for mosaic data analysis. a, UMAP of D53 for ground truth
and imputed RNA. b, Pairwise correlation heatmap of top-100 HVGs in ground truth and imputed RNA of D53.
¢, Method performance on D53 for RNA imputation. d, UMAP of D56 for ground truth and imputed ATAC. e,
Pairwise correlation heatmap of top-100 highly variable peaks in ground truth and imputed ATAC of D56. f,
Method performance on D56 for ATAC imputation. g, UMAP of D56 for ground truth and imputed RNA. h,
Pairwise heatmap of top-100 HVGs in ground truth and imputed RNA of D56. i, Method performance on D56
for RNA imputation. Performance summary of overall rank scores for methods applied to all applicable datasets
for imputing j, RNA in CITE-seq; k, ADT in CITE-seq; I, RNA in multiome; and m, ATAC in multiome. Box
plots of method ranks across all applicable datasets for imputing n, RNA in CITE-seq; o, ADT in CITE-seq; p,
RNA in multiome; and q, ATAC in multiome. In the box plots, the centre lines indicate the median, boxes
indicate the interquartile range, and whiskers indicate 1.5% interquartile range. Each dot corresponds to the rank
for an individual dataset.
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Sup Fig. 6: Extended benchmark results of cross integration methods. a, UMAP visualisation of cross
integration methods applied to a representative data of D56 with paired RNA+ATAC data across multiple
batches. b, Method performance on the dataset D56. ¢, UMAP visualisation of cross integration methods applied
to a representative data of D58 with paired ADT+ATAC across multiple batches. d, Method performance on the
dataset D58. e, UMAP visualisation of cross integration methods applied to a representative data of D59 with
paired RNA+ADT+ATAC data across multiple batches. f, Method performance on the dataset D59.
Performance summary of overall rank scores for cross integration applied to g, All datasets with RNA+ADT

across multiple batches; h, All datasets with RNA+ATAC across multiple batches; i

, All datasets with

ADT+ATAC and RNA+ADT+ATAC across multiple batches, evaluated across the categories of i) dimension
reduction and clustering, ii) batch correction, and iii) classification. Box plots showing the distribution of
method ranks across j, All datasets with RNA+ADT across multiple batches; k, All datasets with RNA+ATAC
across multiple batches; 1, All datasets with ADT+ATAC and RNA+ADT+ATAC across multiple batches. In
the box plots, the centre lines indicate the median, boxes indicate the interquartile range, and whiskers indicate
1.5x interquartile range. Each dot corresponds to the rank for an individual dataset.
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Sup Fig. 7: Extended benchmark results of spatial registration methods. a, Visualisation of cell type spatial
arrangements from dataset D64 (donor 4). Each row corresponds to the spatial transcriptomics profile of a tissue
slice, and each column corresponds to the spatial registration results from a method across slices. b,
Quantification of method performance on the dataset D64 (donor 4). ¢, Performance summary of spatial
registration methods by overall rank scores for each spatial dataset and patient/donor. d, Box plots showing the
distribution of method ranks across all datasets. In the box plots, the centre lines indicate the median, boxes
indicate the interquartile range, and whiskers indicate 1.5% interquartile range. Each dot corresponds to the rank
for an individual dataset.
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Sup Fig. 8: Summary of methods on computational time and peak memory usage. a, Computational time
for vertical integration. b, Memory usage for vertical integration. ¢, Computational time for diagonal integration.
d, Memory usage for diagonal integration. e, Computational time for mosaic integration. f, Memory usage for
mosaic integration. g, Computational time for cross integration. h, Memory usage for cross integration. i,
Computational time for spatial registration. j, Memory usage for spatial registration.
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Sup Fig. 9: Impact of clustering algorithms on method evaluation. Pairwise correlation of method ranks
from using k-means, Leiden, and Louvain clustering algorithms for evaluating clustering results generated from
a, Vertical integration methods, b, Diagonal integration methods, ¢, Mosaic integration methods, and, d, Cross
integration methods; e, Feature selection results from vertical integration methods; and f, Imputation results

from mosaic integration methods. Error b
evaluation.
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Sup Fig. 10: Robustness and consistency evaluation under random removal of ~20% cell types repeated
10 times (n=10 independent experiments). a, Vertical integration for dimension reduction and clustering tasks.
b, Vertical integration for feature selection task. ¢, Diagonal integration for dimension reduction, clustering,
batch correction, and classification tasks. d, Mosaic integration for dimension reduction, clustering, batch
correction, and classification tasks. e, mosaic integration for imputation task. f, cross integration for dimension
reduction, clustering, batch correction, and classification tasks. g, Cross integration for spatial registration. Each
data point (a rank of a method in a dataset) is shown by a dot and the standard errors are shown by the error
bars.
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Sup Fig. 11: Robustness and consistency evaluation under random seeds repeated 10 times (n=10
independent experiments). a, Vertical integration for dimension reduction and clustering tasks. b, Vertical
integration for feature selection task. ¢, Diagonal integration for dimension reduction, clustering, batch
correction, and classification tasks. d, Mosaic integration for dimension reduction, clustering, batch correction,
and classification tasks. e, Mosaic integration for imputation task. f, Cross integration for dimension reduction,
clustering, batch correction, and classification tasks. g, Cross integration for spatial registration. Each data point
(a rank of a method in a dataset) is shown by a dot and the standard errors are shown by the error bars.
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Sup Fig. 12: Summary of the 40 integration methods included in the benchmark evaluation. Methods are
grouped by their integration category including a, Vertical integration, b, Diagonal integration, ¢, Mosaic
integration, and d, Cross integration. Datasets and tasks that are evaluated are indexed. e, Data cleaning and

reannotation procedure for quality control cell type annotation in each dataset.
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Sup Fig. 13: Schematic summary of the evaluation pipelines for the integration methods. a, Dimension
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Imputation task. g, Spatial registration task.
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