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Supplementary Figure 1 | Overview of scMINER Portal. As a component of scMINER

framework, sScMINER Portal is a web-based data platform designed for visualizing, exploring and

sharing the scRNA-seq data analysis conducted by scMINER. On the back end, scMINER Portal

takes the standard outputs of scMINER analysis, including normalized gene expression matrix,

activity matrix and TF and SIG networks, as the inputs and coverts them into a graph using the

Neo4j database system. On the front end, sScMINER Portal integrates multiple charting library to

provide comprehensive, dynamic and interactive data visualizations for each single cell study. In

addition to data visualization, sScMINER Portal also provides an accessible way for researchers to

share their studies privately or publicly, and explore other single cell datasets that already publicly

available.
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Supplementary Figure 2 | Benchmarking of scMINER for cell clustering accuracy using
alternative clustering metrics. a-h, Bar plots indicating the accuracy of clustering measured by
AMI (Adjusted Mutual Information, a,b), NMI (Normalized Mutual Information, c,d), ASW
(Average Silhouette Width, e,f) and AvgBIO (Average BIO score, g,h) of scMINER and other
five benchmarked algorithms across 10 ground truth datasets. Each bar in b,d,f,h represents the
average AMI, NMI, ASW, AvgBIO of each method across all datasets, and error bars represent
the standard deviation. P value was estimated using paired samples Wilcoxon test, two-tailed. AMI:

Adjusted Mutual Information; NMI: Normalized Mutual Information; ASW: Average Silhouette



Width; AvgBIO: Average Biological conservation score. Source data are provided as a Source

Data file.
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Supplementary Figure 3 | Benchmarking of scMINER for cell clustering robustness across
varying dimensionalities and bin sizes. a, Line plots showing the impact of the number of
dimensions on clustering accuracy for mutual information and other three cell-cell distance metrics
(left panels), as well as MDS and other dimensionality reduction methods (right panels) across
four ground-truth datasets of gold-standard, Yan, Pollen, Kolod, and Buettner. The dots on each
line indicate the ARI (Adjusted Rand Index) values. MDS: multidimensional scaling. b, Heatmaps
indicating the impact of the number of dimensions and bin size on clustering accuracy of MICA-
MDS mode across the four ground-truth datasets of gold-standard. ¢,d, Heatmaps showing the
impact of bin size (¢) and number of dimensions (d) on clustering accuracy of MICA-GE mode at
varying Louvain resolutions across Zeisel and PBMC14K datasets. Source data are provided as a

Source Data file.
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Supplementary Figure 4 | Benchmarking of scMINER for cell clustering efficiency. a,b,
Comparisons of running time (a) and peak memory usage (b) by scMINER and other five
benchmarked algorithms for the analysis of 10 ground-truth datasets. ¢, Running time and peak
memory usage of scMINER against other five methods across three large datasets. All the

benchmarks were performed with 40 cores. Source data are provided as a Source Data file.
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Supplementary Figure 5 | The clustering results of three large datasets. a, UMAPs of three
large datasets generated by scMINER and other five benchmarked algorithms. b. Sankey diagrams
comparing the clusters assigned by scMINER (left) with those reported by data sources. The width
of the edges corresponds to the number of cells common to the linked nodes. Source data are

provided as a Source Data file.
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Supplementary Figure 6 | Benchmarking of scMINER against SC3s, Scanpy, scVI and
scDeepCluster for distinguishing ambiguous subpopulations in PBMCs. a, Sankey plots
showing the overlap between ground-truth labels (middle) and the labels predicted by scMINER



(left) and other four algorithms (right). b, Heatmaps comparing the accuracy of clusters predicted
by SC3s, Scanpy, scVI and scDeepCluster. ¢, Donut plots indicating the cell composition of major
clusters predicted as CD4 Treg (left) and CD5 TCM cells (right) by four algorithms. d, Venn
diagrams summarizing the overlap between ground-truth labels and predicted labels by scMINER
and other four algorithms for CD4 Treg (left) and CD4 TCM cells (right). CD4 Treg: CD4+
regulatory T cells; CD4 TCM: CD4+ central memory T cells; CD4 TN: CD4+ naive T cells; CD8

TN: CD8+ naive T cells; NK: natural killer cells. Source data are provided as a Source Data file.
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Supplementary Figure 7 | Impact evaluation of number of highly variable genes and number
of clusters on cell clustering accuracy in PBMC14K dataset. a,b, UMAPs of the cell clusters
predicted by each algorithm using 1,000 HVGs (top) and 3,000 HVGs (bottom). The projections
of CD4 Treg and CD4 TCM cells were highlighted based on ground-truth labels. HVGs: highly
variable genes. ¢, UMAPs of the cell clustered predicted by scMINER (top) and Seurat (bottom)
with different number of clusters ranging from 4 to 10. d,e, Clustering tree plots of scMINER (d)
and Seurat (e) showing the flow of cells among clusters as the clustering resolution increases. The
size of the nodes denotes the number of cells in each cluster, and the color of the nodes indicates

the clustering resolution. Source data are provided as a Source Data file.
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Supplementary Figure 8 | Comparison of scMINER and other three benchmarked
algorithms in retrieving the ground-truth TF targets defined by ATAC-seq data and known
markers of T cell exhaustion. a, Comparison shows number of true positive predictions as a
function of top-ranked edges (first column), early precision ratio (second column), ROC curves
(third column), AUPRC ratio for individual TFs (fourth column). Evaluation was performed for
progenitor exhausted T cells (Tpex), terminally exhausted T cells (Tex), tissue-specific regulatory
T cells (Tregs) from spleen and visceral adipose tissue (VAT). b, Evaluation of activity of known
markers of T-cells exhaustion based on networks inferred by each evaluated method. The colormap
represents activity value, and the annotation on the right corresponds to true-positive rate of
predicted markers by each method. Markers were assigned to cell type based on t-test (see
methods). Markers without unique assignment to cell type are represented with grey in the

annotation. Source data are provided as a Source Data file.
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Supplementary Figure 9 | Evaluation of scMINER and three other methods for TF network

inference using additional metrics in five ATAC-seq datasets. In global TF network evaluation,

scMINER showed increased performance based on precision-recall (first row) and receiver

operating characteristics for all edges reported by each method (second row). In the evaluation of

individual TF regulons, the performance of sScMINER was better or roughly the same compared to

alternative methods. Metrics used for TF regulons evaluation: AUPRC ratio for all reported targets,



AUROC values for top predicted and all targets reported by each method. Source data are provided

as a Source Data file.
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Supplementary Figure 10 | Comparison of expression and activity of selected TF markers in
exhausted T cell (a,b) and tissue-specific Treg (c,d) datasets. Feature plots showing expression
and activity computed with SCENIC (when available) and scMINER of selected TF marker genes
in exhausted T cells dataset (a — Bhlhr40, Irfl, Foxol, b — Cx3crl, Tcf7, Havcr2) and tissue-
specific regulatory T cells dataset (¢ — KIf2, Nr3c1, Rara, Rxra, d — Atf6, Satbl, Notch2, HIf).
Activity computed with scMINER helps to compensate for sparsity of single-cell expression
values and exhibits more specific signal than activity computed with SCENIC. Source data are

provided as a Source Data file.
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Supplementary Figure 11 | Benchmarking of scMINER against SCENIC for driver

identification and activity-based clustering in the tissue-specific Treg dataset. a, Heatmaps

showing the expression (left), activity by SCENIC (middle) and scMINER (right) of known

markers of tissue-specific Treg cells. b, UMAPs of tissue-specific Treg cells highlighting the true

labels of cell type (top-left), Pparg expression (top-right), Pparg activity by SCENIC (bottom-left)
and scMINER (bottom-right). ¢, UMAPs of activity-based clustering by SCENIC and scMINER.

d, ARI values of activity-based clustering using SCENIC and scMINER activities. e, The regulon

rewiring diagram of Pparg among Spleen- (blue), Lung- (red), Skin- (green) and VAT-

(purple)specific Treg cells. Source data are provided as a Source Data file.
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Supplementary Figure 12 | Benchmarking of scMINER for signaling network inference
using an alternative CITE-Seq dataset. a, Bubble plot showing the expression, activity and
protein quantification by CITE-seq of cell type-specific markers in PBMCs. The cell type-specific
markers were defined by differential analysis of protein quantification data, with cutoffs of P <=
0.01 and fold change >= 2. The top 10 markers sorted by fold change were shown if over 10
markers were defined. The size of bubbles is proportional to the percentage of cells with
quantification measurements, and the color of bubble is proportional to the scaled quantification
measurements. b,¢, Violin plots (b) and scatter plots (¢) showing the distribution of expression,
activity by scMINER and protein quantification by CITE-seq of some known cell type-specific

markers. Source data are provided as a Source Data file.
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Supplementary Figure 13 | Comparison of the identification of signaling markers from

expression data and scMINER-derived activity data in PBMC14K (a,b), exhausted T cells

(c,d) and tissue-specific Tregs (e,f) datasets. a,c,d, Heatmaps showing expression (left) and
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activity (right) of analyzed markers. b,d.f, Feature plots showing the expression (left) and activity

(right) of selected markers in each dataset. Source data are provided as a Source Data file.
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Supplementary Tables

Supplementary Table 1 | Summary of datasets used for cell clustering benchmark.

Dataset Protocol Size Classes Species Tissue Accession ID
Yan! Tang 124 8 Human  Embryonic stem GSE36552
Goolam? Smart-Seq2 124 5 Mouse  Development E-MTAB-3321
embryos
Buettner’ Cl 182 3 Mouse Embryonic stem E-MTAB-2805
Pollen* SMARTer 249 11 Human  Cerebral cortex SRP041736
Chung® SMARTer 317 5 Human  Breast cancer GSE75688
Usoskin® STRT-seq 622 4 Mouse Sensory neurons GSE59739
Kolod’ SMARTer 704 3 Mouse  Embryonic stem E-MTAB-2600
Klein® inDrop 2,717 4 Mouse  Embryonic Stem GSE65525
Zeisel’ STRT-seq 2,903 7 Mouse  Cortex, hippocampus  GSE60361
PBMC14K!'  10x Genomics 13,605 7 Human  Peripheral blood SRP073767
HMC76K! 10x Genomics 76,533 20 Human  Motor cortex Azimuth
Covid97K!? 10x Genomics 97,499 28 Human  Peripheral blood E-MTAB-10026
Covid650K!*  10x Genomics 647,366 51 Human  Peripheral blood EGADO00001007982
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Supplementary Table 2 | Summary of datasets used for network inference and activity

estimation benchmarks.

Accession ID  Data type Cell types Protocol
GSE122712  scRNA-seq CD8* T cells from chronic infection'* 10x Genomics
GSE130879  scRNA-seq Tissue (spleen, lung, skin, and VAT) Treg cells' 10x Genomics
GSE123236  ATAC-seq Tpex and Tex in LCMV infection' Bulk

GSE112731  ATAC-seq Tissue-specific (spleen and VAT) Treg cells!® Bulk

GSE221321  Perturb-seq THP-1 cells!’ 10x Genomics
GSE218988  CROP-seq CD8* T cells from CRISPRi/a screens!® 10x Genomics
GSE213282 CITE-seq PBMCs (B, CD4T, CD8T, Monocyte, NK)"’ 10x Genomics (57)
GSE164378 CITE-seq PBMCs (B, CD4T, CDS8T, DC, Monocyte, NK)?° 10x Genomics (3°)

25



Supplementary Table 3 | The known markers of PBMCs, CD8* exhausted T cells and

tissue-specific Tregs.

Dataset Cell Type Marker Type Marker List
Monocyte TF CEBPA?!, CEBPB?!, SP11%?
SIG CD14%, S100A8%, SI00A9%, SI00A 122
B TF IRF8?%
SIG CD19%, CD22%, CD79A2, CD79B%, MS4A1%
TF TBX213°, PRDM13!
NK SIG NCAMI%2, KLRD1%, KLRB1*, IL2RB*, PRF1%, GZMB?*,
PEMCI4K CD69%7, NFATC3%39
CDSTN TF EOMES*# LEF1%?, TCF7%
SIG CDSA, CD8B, S100B*, NFATC3%39
TF SATB1%
CDA4TN SIG CD4, SELL*, CCR7%
CDA4Treg TF FOXP3%, GATA3%
SIG CD4, TIGIT>’, CTLA4’!, CXCR3*2
TF KLF2%3-3 NFATC338%
CDATCM SIG CD74%, IL7R>’
Tpex TF Tcf738, 1d3%8, Rel®®, Foxo1%?, Nfkb1%°, Lef1%
Exhausted T SIG 11715, Cer7%, Nrp1%3, 1110rb%
cells Teff-like TF KIf2%, K1f3%, Runx1%, Tbx213°, Rora®’
SIG Cx3cr1%, S1pr5®, 1118r17°, Atp6v1b2’!, Atp6v0dl’!
Tex TF E2f272, Bhlhe407, Irf174, Batf”, Tox’®, Nfatc13®
SIG Adgrgl”’, Gzma’®, Cd38”°, I112rb13%, Map4k1®, Prdm18!
Spleen TF Tcf7%2, 1d3%3, Bach23
SIG Capn3?®>3¢ Gpr83%4%7 Rassf2%, Mgmt®, Inpp5*°
Tesue. Lung TF KIR2°", KIf3%', Satb1°2, Notch2%
. SIG Cxcr4®*, Hells, Cer7%%, Rasgrp2®’, Txk*®
specific . TF KIf9%, Rxra”, Atf6”, HIf
Tregs Skin SIG Chka'®, Haver2®, Axin2%%, Gprs5%
TF Pparg”, Atf3%, Atf4%°, Fosl2%°, Fli1'¢, Rora®, Nr3c1%’, Rara',
VAT Runx2%, Nfil3%,
SIG Ctsh”, Cer1®”, Adam8®, Irs2*°, Mmp9*’
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