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1 Data source

The list of eight single cell datasets we used in our analysis is summarized in Table

We simulated four scRNA-seq datasets with varying degree of cluster separability using the splatter R pack-
age [19].The dataset sim3, consists of 3 subpopulations (1000 cells) with relative abundances 0.35, 0.30, and 0.35.
The dataset sim4 includes 4 subpopulations (3000 cells) with relative abundances 0.15, 0.3, 0.2, and 0.35. The
dataset sim6 includes 6 subpopulations (1000 cells) with relative abundances 0.3, 0.1,0.1, 0.2, 0.2, and 0.1. Finally,
the dataset sim8 consists of 8 subpopulations (2000 cells) with relative abundances 0.05, 0.1,0.1, 0.2, 0.2, 0.1, 0.15,
and 0.1. We also used SPARSim R package [I] to generate a simulation dataset with 8 subpopulations (564 cells)

from the real dataset Tung [15].

Table 1:  Single cell datasets. All the datasets, except Klein, Patel, and Treutlein are considered as “gold
standard”. In the “gold standard” datasets, the cell types are clearly known. Klein, Patel, and Treutlein are referred
as “silver standard’ by [7] since the cell types are determined based on the computational methods and the authors’

knowledge of the underlying biology.

Dataset # cell type Organism #cell Source Reference
Biase 3 Mouse 49 Embryo development 2]

Deng 10 Mouse 268 Embryo development 3]
Goolam 5 Mouse 124 Embryo development 4

Klein 4 Mouse 2717 Embryo Stem Cells 8

Patel 5 Human 430 Tissues [11]
Pollen 11 Human 301 Tissues 2]
Treutlein 5 Mouse 80 Tissues 14

Yan 8 Human 124 Embryo development 18]




2 The run time of the six different methods

The run time for each method using 8 different datasets is shown in Table

Table 2: The run time (secs) of the different methods using 13 single cell datasets, including 5 simulation datasets.

Proposed  RacelD SC3 Seurat  SINCERA  SNN-Cliq
Biase 43.47 8.79 59.79 27.3 3.56 0.62
Deng 188.51 55.37 234.3 23.68 10 16.39
Goolam 86.55 15.69 59.52 41.36 14.16 5.75
Klein 3709.28 16175.58  6127.56  117.1 952.25 4643.8
patel 154.18 100.32 933.05 13.78 10.25 12.22
Pollen 257.14 50.5 245.02 25.86 13.11 17.35
treutlein 53.49 8.34 47.89 23.09 5.82 1.33
Yan 87.74 13.46 60.31 19.5 4.96 2.23
sim3 777.08 1102.2 3888 63 118.8 84.71
sim4 3381.1 38232 8532 85.2 170.4 439.12
sim6 510.48 670.2 4716 31.09 18.3 23.01
sim8 1839.75 10160.64  1733.4 53.33 85.2 157.47
sim_Tung  504.6 171.6 458.4 40.66 37.36 86.13
3 Uniform manifold approximation and projection (UMAP) for the

dimension reduction

We applied the Uniform Manifold Approximation and Projection (UMAP) [I0] to reduce the dimensionality of the
distance matrix in which the rows and columns are the cells. Then, we identified the most stable clustering of cells
using the lower-dimension distance matrix based on the resampled-based k-means clustering. As shown in Figure
we found that the performance is better when t-SNE is used for the dimensionality reduction.

Tables [BH5] show the comparison between the results of six methods: K-means-UMAP, RacelD, SC3, Seurat,
SINCERA, and SNN-Cliq .The K-means-UMAP is an alternative to the proposed method in which UMAP technique

is employed for the dimensionality reduction.
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Figure 1: The comparison between the results of the resampling-based k-means clustering method based on two different
dimensionality reduction techniques: the t-distributed stochastic neighbor embedding (t-SNE) and Uniform Manifold Ap-
proximation and Projection (UMAP) [10]. In this comparison, 13 datasets, including 8 real single cell gene expression datasets are used.
The results are compared based on the three metrics: the adjusted rand index (ARI), adjusted mutual information (AMI), and V-measure. The

results show that the t-SNE dimensionality reduction technique provides better performance in comparison to the UMAP technique.



Dataset #cell types K-means-UMAP RaceID SC3 SINCERA SNN-Cliq Seurat

K (meantsd) ARI (meantsd) K (meantsd) ARI (meantsd) K (meantsd) ARI (meantsd) K ARI K ARI K ARI

Biase 3 3+0 0.95+0 3.1440.6 0.8440.25 3+0 0.9440 6 0.71 6 0.66 4 0.78
Deng 10 540 0.39+0.02 1+0 0+0 940 0.652:0.002 3 0.42 17 04 6 045
Goolam 5 2.88+0.33 0.82+0.11 1£0 0+0 640 0.59+0 13 0.19 17 0.2 3 0.05
Klein 4 3+0 0.55+0 2.98+0.14 0.48+0.001 19+0 0.44+0.01 43 045 265 011 3 0
Patel 5 2.76+0.52 0.31£0.07 7.44+1.88 0.66£0.08 17+0 0.4540.01 10 078 26 014 5 0.63
Pollen 11 7.98+0.14 0.84+0.03 8.36+2.27 0.55+0.11 10+0 0.93+0 10 09 22 071 8 085
Treutlein 5 3.24+0.43 0.51+£0.12 1+0 0+0 3+0 0.66+0 7 035 5 0.62 1 0
Yan 8 8+0 0.75£0.1 5.5+2.34 0.55£0.17 440 0.76+0 8 059 13 079 3 0.56
sim3 3 3£0 0.9940.01 1+0 0£0 3+0 1+0 120 0.12 147 003 3 1
sim4 4 340 0.55+0 1+0 0+0 440 0.9940.0005 464 0.08 437 001 3 0.57
sim6 6 16.7240.45 0.32+£0.02 1+0 0+0 3+0 0.53+0.005 68  0.25 143 006 6 1
sim8 8 18+0 0.38+0.02 1+0 0+0 440 0.5340.04 68 035 290 005 8 1
sim_Tung 8 8+0 0.41+0.01 1+0 0£0 8+0 0£0 17 0.000 77 0.001 8 O

Table 3: A comparison between the results of six methods: K-means-UMAP, RacelD, SC3, Seurat,
SINCERA, and SNN-Cliq. The K-means-UMAP is an alternative to the proposed method in which UMAP
technique is employed for the dimensionality reduction. The adjusted rand index (ARI) [6] is used to evaluate the
performance of each clustering method. The K-means-UMAP method, RacelD, and SC3 are performed 50, 50, and
5 times on each dataset, respectively. SC3 was performed only 5 times because it is very stable (standard deviation
of zero for all datasets). The average ARIs across different runs are computed for the K-means-UMAP, SC3, and
RacelD. Since SNN-Cliq, SINCERA and SEURAT are deterministic, they are performed only once. For each dataset,

the best ARI is highlighted in green. The alternative approaches:



Dataset #cell types K-means-UMAP RacelD SC3 SINCERA  SNN-Cliq Seurat
K (meantsd) AMI (meantsd) K (meantsd) AMI (meantsd) K (meantsd) AMI (meantsd) K AMI K AMI K AMI
Biase 3 3+0 0.92+0 3.14%+0.6 0.85+0.23 3+0 0.92+0 6 0.64 6 062 4 074
Deng 10 50 0.51+0.01 1+0 0+0 910 0.81£0.006 3 048 17 06 6 0.59
Goolam 5 2.88+0.33 0.72+0.1 1+0 0+0 60 0.69+0 13 0.4 17 042 3 011
Klein 4 3+0 0.53+0 2.98+0.14 0.51+£0.05 19+0 0.53+0.006 43 052 265 021 3 0.06
Patel 5 2.76+0.52 0.31£0.07 7.44+1.88 0.66+0.1 17+0 0.93+0 10 073 26 031 5 068
Pollen 11 7.98+0.14 0.85+0.02 8.36+£2.27 0.68+0 10+0 0.53+0.01 10 091 22 074 8 0.87
Treutlein 5 3.24+0.43 0.44+0.06 1+0 0+0 340 0.62+0 7 0.46 5 051 1 0
Yan 8 8+0 0.80+0.04 5.542.34 0.61£0.17 440 0.72+0 8 072 13 076 3 0.58
sim3 3 3+0 0.99+£0.02 1£0 0+0 3+0 1+0 120 0.23 147 021 3 1
sim4 4 440 0.61+0 1£0 0+0 440 0.99+0.001 464 0.21 437 0.2 3 0.66
sim6 6 16.724+0.45 0.484+0.01 1+0 0+0 3+0 0.51+0.004 68 0.42 143 03 6 1
sim8 8 1840 0.53+£0.01 1£0 0+0 4+0 0.56£0.007 68 051 290 031 8 1
sim_Tung 8 8+0 0.50+0.01 1+0 0+0 8+0 0.006+0 17 004 77 013 8 O
Table 4: A comparison between the results of six methods: K-means-UMAP, RacelD, SC3, Seurat,

SINCERA, and SNN-Cliq. The K-means-UMAP is an alternative to the proposed method in which UMAP

technique is employed for the dimensionality reduction. The adjusted mutual information (AMI) [16] 7], is used to

evaluate the performance of each clustering method. The K-means-UMAP, RacelD, and SC3 are performed 50, 50,

and 5 times on each dataset, respectively. The average AMIs across different runs are computed for the K-means-

UMAP, SC3, and RacelD. Since SNN-Cliq, SINCERA and SEURAT are deterministic, they are performed only

once.



Dataset #cell types K-means-UMAP RaceID SC3 SINCERA SNN-Cliq Seurat

K (meantsd) V-measure (meantsd) K (meantsd) V-measure (meantsd) K (meantsd) V-measure (meantsd) K V-measure K V-measure K V-measure

Biase 3 3£0 0.93+£0 3.14+0.6 0.87£0.2 3 0.93+£0 6 0.72 6 0.7 4 073
Deng 10 50 0.75£0.06 1£0 0+0 9 0.7440.001 3 0.93 17 0.64 6 093
Goolam 5 2.8840.33 0.84:£0.04 1£0 0£0 6 0.98:£0 13 071 17 0.65 3 0.66
Klein 4 3+0 0.40£0 2.9840.14 0.440.06 19 0.3140.002 43 0.36 265 0.29 3 046
Patel 5 2.7640.52 0.54:£0.02 7.4441.88 0.54:£0.04 17 0.460.002 10 0.55 26 0.44 5  0.62
Pollen 11 7.9840.14 0.94+0.02 8.36+£2.27 0.76£0.03 10 0.93+0 10 0.94 22 0.72 8 093
Treutlein =~ 5 3.24+0.43 0.94:£0.01 1£0 0+0 3 0.89+£0 7 0.93 5 0.92 1 0
Yan 8 840 0.77+0.07 5.542.34 0.68+0.07 4 0.81+0 8 0.65 13 0.78 3073
sim3 3 3+0 1+0 1+0 0+0 3 1£0 120 0.95 147 0.95 3 1
sim4 4 3+0 0.98+0 1£0 0£0 4 0.99:£0.00003 464 097 437 0.97 3 0.96
sim6 6 16.724+0.45 0.98+0 1+0 0+0 3 0.97:£0.0004 68 097 143 0.97 6 1
sim8 8 18+0 0.99+0 1£0 0£0 4 0.98-0.004 68 0.98 290 0.98 8 1
sim_Tung 8 8+0 0.91+£0.01 1£0 0+0 8 0.66=£0 17 0.82 77 0.80 8 0.66

Table 5: A comparison between the results of six methods: K-means-UMAP, RacelD, SC3, Seurat,
SINCERA, and SNN-Cliq. The K-means-UMAP is an alternative to the proposed method in which UMAP
technique is employed for the dimensionality reduction. The K-means-UMAP, RacelD, and SC3 are performed 50,
50, and 5 times on each dataset, respectively. The average V-measures across different runs are computed for the
K-means-UMAP, SC3, and RacelD. Since SNN-Cliq, SINCERA and SEURAT are deterministic, they are performed

only once. For each dataset, the best V-measure is highlighted in green.

4 Resampling-based k-means clustering

We replaced the 5% of the data points with noise (noise tuning threshold=0.05). In [5], Hennig performed a
comparative analysis using two thresholds 0.05 and 0.2 and showed that the threshold 0.05 provides more stable
clusterings. We assessed the performance of our proposed method using other noise tuning thresholds: 0.1 and 0.2.
Tables show comparison between the proposed method (using 3 thresholds) and five other methods based on the
three metrics: the adjusted rand index (ARI), adjusted mutual information (AMI), and V-measure. Indeed, we have
observed the threshold 0.05 provides better performance.

To assess the stability of a cluster, we used the same threshold (0.75) that is recommended by Hennig [5]. In
this study [B], it has been shown that a stable cluster will yield a Jaccard similarity value of 0.75 or more. Thus, if
the Jaccard similarity between the cluster (from original clustering) and the most similar cluster in the resampled

clustering is equal or greater than 0.75, that the cluster is considered as successfully recovered.



Dataset #cell types Proposed- ARI (mean+sd) RacelD SC3 SINCERA SNN-Cliq Seurat

Threshold=0.05 Threshold=0.1 Threshold=0.2 ARI (meantsd) ARI (meantsd) ARI ARI ARI
Biase 3 0.9440.01 0.95+0.01 0.91£0.15 0.84+0.25 0.9440 0.71 0.66 0.78
Deng 10 0.5840.02 0.43£0.03 0.43£0.01 9£0 0.65+0.002 0.42 0.4 0.45
Goolam 5 0.80=£0.09 0.75£0.12 0.69£0.13 0£0 0.5940 0.19 0.20 0.05
Klein 4 0.69+£0.01 0.70£0.01 0.70+£0.03 0.4840.001 0.4440.01 0.45 0.11 0
Patel 5 0.66£0.09 0.96+0.01 0.95+0.01 0.6610.08 0.45+0.01 0.78 0.14 0.63
Pollen 11 0.86+0.02 0.89£0.04 0.85+0.05 0.55£0.11 0.93%0 0.90 0.71 0.85
Treutlein 5 0.7240.03 0.3240.04 0.31£0.04 0£0 0.66+0 0.35 0.62 0
Yan 8 0.81+£0.02 0.82+0.09 0.90£0.03 0.55+0.17 0.76+0 0.59 0.79 0.56
sim3 3 1+0 1£0 1+0 0+0 1+0 0.12 0.03 1
sim4 4 0.9940.005 0.90£0.08 0.89£0.08 0+0 0.9940.0005 0.08 0.01 0.57
sim6 6 0.56+0.03 0.59£0.03 0.56+0.05 0£0 0.53%0.005 0.25 0.06 1
sim8 8 0.77£0.03 0.78+0.04 0.79£0.045 040 0.53+0.04 0.35 0.05 1
sim_Tung 8 0.4240 040 0+0 0+0 0+0 0.001 0.001 0

Table 6: A comparison between the results of six methods: proposed, RacelD, SC3, Seurat, SINCERA,
and SNN-Cliq. The adjusted rand index (ARI) [6] is used to evaluate the performance of each clustering method.
The proposed method was performed based on three noise tuning thresholds: 0.05, 0.1 and 0.2. The proposed method,
RacelD, and SC3 are performed 50, 50, and 5 times on each dataset, respectively. SC3 was performed only 5 times
because it is very stable (standard deviation of zero for all datasets). The average ARIs across different runs are
computed for the proposed method, SC3, and RacelD. Since SNN-Clig, SINCERA and SEURAT are deterministic,

they are performed only once. For each dataset, the best ARI is highlighted in green.



Dataset #cell types Proposed- AMI (mean+sd) RacelD SC3 SINCERA SNN-Cliq Seurat
Threshold=0.05 Threshold=0.1 Threshold=0.2 AMI (meantsd) AMI (mean+sd) AMI AMI AMI
Biase 3 0.92+0.02 0.88+0.15 0.90+0.07 0.85+0.23 0.92+0 0.64 0.62 0.74
Deng 10 0.734+0.01 0.5840.03 0.58+0.02 0+0 0.8140.006 0.48 0.6 0.59
Goolam 5 0.73+0.04 0.73+0.05 0.71+0.05 0+0 0.69+0 0.4 0.42 0.11
Klein 4 0.67+0.06 0.73+0.01 0.73£0.02 0.51+0.05 0.53+0.006 0.52 0.21 0.06
Patel 5 0.86+0.01 0.9440.03 0.94+0.01 0.66+0.1 0.93£0 0 0.73 0.31 0.68
Pollen 11 0.7240.01 0.89+0.02 0.88+0.02 0.68+0 0.53+0.01 0.91 0.74 0.87
Treutlein 5 0.54+0.03 0.41£0.04 0.42+0.04 0+0 0.62+0 0.46 0.51 0
Yan 8 0.7840.01 0.7840.01 0.8940.04 0.61£0.17 0.72+0 0.72 0.76 0.58
sim3 3 1+0 1+0 140.01 0+£0 14+0 0.23 0.21 1
sim4 4 0.99+0.007 0.91+0.07 0.89+0.07 0+0 0.99-£0.001 0.21 0.2 0.66
sim6 6 0.64+0.02 0.66-£0.02 0.65+0.03 0+0 0.51+0.004 0.42 0.3 1
sim8 8 0.85+0.01 0.85+0.02 0.85+0.02 0+0 0.56+0.007 0.51 0.31 1
sim-Tung 8 0.51+0.008 0.01+0 0.01£0 0+£0 0.006+0 0.04 0.13 0

Table 7: A comparison between the results of six methods: proposed, RacelD, SC3, Seurat, SINCERA,
and SNN-Cliq.The adjusted mutual information (AMI) [I6l [I7], is used to evaluate the performance of each
clustering method. The proposed method was performed based on three noise tuning thresholds: 0.05, 0.1 and 0.2.
The proposed method, RacelD, and SC3 are performed 50, 50, and 5 times on each dataset, respectively. The average
AMIs across different runs are computed for the proposed method, SC3, and RacelD. Since SNN-Clig, SINCERA
and SEURAT are deterministic, they are performed only once. For each dataset, the best AMI is highlighted in

green.



Dataset #cell types Proposed- V-measure (mean=+sd) RacelD SC3 SINCERA  SNN-Cliq Seurat
Threshold=0.05 Threshold=0.1 Threshold=0.2 V-measure (meantsd) V-measure (meantsd) V-measure V-measure V-measure

Biase 3 0.93+0.03 0.93£0.02 0.90£0.1 0.87£0.2 0.9340 0.72 6 0.7 0.73
Deng 10 0.7240.01 0.75£0.06 0.8140.1 0£0 0.7440.001 0.93 0.64 0.93
Goolam 5 0.82+0.04 0.86+0.09 0.85+0.09 0+£0 0.98+0 0.71 0.65 0.66
Klein 4 0.3840.01 0.39+0.01 0.40+0.03 0.4040.02 0.3140.002 0.36 0.29 0.46
Patel 5 0.5640.02 0.81+£0.03 0.81+£0.03 0.5440.04 0.4640.002 0.55 0.44 0.62
Pollen 11 0.95+0.01 0.92+0.02 0.91£0.02 0.76+0.03 0.93+0 0.94 0.72 0.93
Treutlein 5 0.96+0 0.93£0.01 0.93£0.01 0+0 0.89+0 0.93 0.92 0

Yan 8 0.8340.02 0.85£0.04 0.87£0.04 0.68+0.07 0.8140 0.65 0.78 0.73
sim3 3 140 140 140 0+£0 140 0.95 0.95 1

sim4 4 0.99+0.0002 0.99£0.003 0.99£0 0+0 0.99+0.00003 0.97 0.97 0.96
sim6 6 0.9840 0.99+0.001 0.99+0 0.9940 0.9940.0004 0.97 0.97 1

sim8 8 0.9940 0.9940.0009 1+0 0£0 0.984:0.004 0.98 0.98 1

sim Tung 8 0.96+0.03 0.71£0.01 0.71£0.01 0+0 0.66+0 0.82 0.80 0.66

Table 8: A comparison between the results of six methods: proposed, RaceID, SC3, Seurat, SINCERA,
and SNNN-Cliq.The V-measure [13] is used to evaluate the performance of each clustering method. The proposed
method was performed based on three noise tuning thresholds: 0.05, 0.1 and 0.2. The proposed method, RacelD, and
SC3 are performed 50, 50, and 5 times on each dataset, respectively. The average V-measures across different runs are

computed for the proposed method, SC3, and RacelD. Since SNN-Cliq, SINCERA and SEURAT are deterministic,

they are performed only once. For each dataset, the best V-measure is highlighted in green.
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