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Figure S1: UMI statistics for the 59 datasets analyzed in this manuscript. A) Distribution of total UMI per
cell across datasets B) Distribution of mean UMI per gene across datasets (technical control = endogeneous
or spike-in RNA; cell line = HEK293 and 3T3 cell lines; heterogeneous = samples consisting of multiple cell

types).
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Figure S2: Genes that exhibit Poisson heterogeneity are more lowly expressed. In each dataset, we
performed a per-gene goodness-of-fit test based on a GLM with a Poisson error model (Supplementary
Methods). Shown are the distribution of gene abundances (average UMI/gene) for genes that passed (blue)
and failed (red) the goodness-of-fit test.
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Figure S3: Relationship between gene abundance and the variance of Pearson residuals. Values
shown are resulting from an NB GLM with three different values of 6. Same as Figure 2D but with per-gene
estimates highlighted instead of smoothed curves.
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Figure S4: Relationship between gene abundance and the variance of Pearson residuals. Same as
Figure 2D but additionally showing results for sctransform (v2 regularization).
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Figure S5: Evaluating variance stabilization for different error models. Same as in Figure 2C, but with
additional datasets 1-10. Also shown are results fromctransform (v2 regularization).
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Figure S6: Evaluating variance stabilization for different error models. Same as in Figure 2C, but with
additional datasets 11-20. Also shown are results from sctransform (v2 regularization).
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Figure S7: Evaluating variance stabilization for different error models. Same as in Figure 2C, but with
additional datasets 21-30. Also shown are results frofl sctransform (v2 regularization).
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Figure S8: Evaluating variance stabilization for different error models. Same as in Figure 2C, but with
additional datasets 31-40. Also shown are results fror; sctransform (v2 regularization).
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Figure S9: Evaluating variance stabilization for different error models. Same as in Figure 2C, but with
additional datasets 41-50. Also shown are results frofl sctransform (v2 regularization).
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Figure S10: Evaluating variance stabilization for different error models. Same as in Figure 2C, but with
additional datasets 51-59. Also shown are results from sctransform (v2 regularization).
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Figure S11: Relationship between inverse overdispersion parameter 6 and gene abundance u.
Overdispersion was estimated using all cells after accounting for library size using a negative-binomial GLM.
The red curve indicates a LOESS fit. All datasets exhibit a relationship between gene mean and 6 [Datasets

1-15).
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Figure S12: Relationship between inverse overdispersion parameter 6 and gene abundance L.
Overdispersion was estimated using all cells after accounting for library size using a negative-binomial GLM.
The red curve indicates a LOESS fit. All datasets exhibit a relationship between gene mean and 6 [Datasets
16-30].
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Figure S13: Relationship between inverse overdispersion parameter 6 and gene abundance u.
Overdispersion was estimated using all cells after accounting for library size using a negative-binomial GLM.
The red curve indicates a LOESS fit. All datasets exhibit a relationship between gene mean and 6 [Datasets

31-45).
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Figure S14: Relationship between inverse overdispersion parameter 6 and gene abundance u.
Overdispersion was estimated using all cells after accounting for library size using a negative-binomial GLM.
The red curve indicates a LOESS fit. All datasets exhibit a relationship between gene mean and 6 [Datasets
46-59].
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Figure S15: Estimation of dispersion in simulated datasets. Using mean counts distribution
from PBMCs profiled using Smart-seq3, synthetic counts matrices were generated using a fixed 6 =
{0.001,0.01,0.1,1,10,100}. There is a bias in estimated 6 from all the three methods: MLE (gimGamPoi
(1)), SCT (sctransform) and SCT2 (sctransform, v2 regularization). The bias arises from difficulty in estimat-
ing the true 8 when < 1 and u < 6. We note that the variance of the NB model is given by /.Lgch/.tgc/Gg.
The second term approaches 0 for small values of i, which is where we observe this bias. Therefore, the
bias in parameter estimation has minimal impact on both the expected NB variance, and the final Pearson
residuals (2).
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Figure S16: Effect of ‘upsampling’ on i — 0 relationship Relationship between gene mean and dispersion
observed in PBMC Smart-seq3 dataset, simulated dataset with different true dispersions (6s5im = 10 and
100) and Metacells (M20, M14, M12). The simulated datasets were generated using mean counts from
the observed PBMC Smart-seq3 dataset, but by ‘upsampling‘ the means to be 500 times larger. Metacells
were generated using MetaCell (3) using different parameters of K for the KNN graph. M20, M14, and M12
represents 20, 14, and 12 metacells constructed using K = 200, 300, and 400 respectively.
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Figure S17: Impact of thresholding minimum variance on variable feature selection.. A) Distribution
of UMIs (Y-axis) across celltypes for RP11-290C10.1 (non-variable gene). B) Distribution and UMIs across
celltypes for CD86 (variable marker gene). C) Distribution of Pearson residual calculated using sctransform
v1 with respect to model-estimated standard deviation. D) Relationship between model-estimated standard
deviation and resulting Pearson residual calculated using sctransform vi. For RP11-290C10.1, sctransform
v1 calculates very high Pearson residuals for cells with 1 UMI due to a very low estimated standard-deviation.
E) and F) Analogous to C and D with estimates from sctransform (v2 regularization). Celltypes in A-B are
from the original dataset (4).
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Figure S18: Variance stabilization achieved by sctransform2 across datasets. Y-axis shows variation of
Pearson residuals as estimated by sctransform (v2 regularization) for datasets 1-15. Top 10 genes with the
highest residual variances are highlighted.
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Figure S19: Variance stabilization achieved by sctransform2 across datasets. Y-axis shows variation of

Pearson residuals as estimated by sctransform (v2 regularization) for datasets 16-30. Top 10 genes with the

highest residual variances are highlighted.
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Figure S20: Variance stabilization achieved by sctransform2 across datasets. Y-axis shows variation of

Pearson residuals as estimated by sctransform (v2 regularization) for datasets 31-45. Top 10 genes with the

highest residual variances are highlighted.
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Figure S21: Variance stabilization achieved by sctransform2 across datasets. Y-axis shows variation of
Pearson residuals as estimated by sctransform (v2 regularization) for datasets 46-59. Top 10 genes with the
highest residual variances are highlighted.
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Figure S22: Overlap of variable genes and marker genes. X-axis represents variable genes ordered by
decreasing residual variance for 6 = {100, 10}, sctransform v1, and sctransform v2. Y-axis shows cumulative
proportion overlap with marker genes. Marker genes were identified by unsupervised clustering on log-
normalized data. Number of features and proportion overlap are provided in Supplementary Tables S3 and
S4.
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Figure S23: Benchmarking differential expression analysis. Observed overall true positive rate (TPR)
and false discovery rate (FDR) values for DE genes at FDR cutoffs of 1%, 5%, and 10% using a DESeq2
(5), MAST (6) and Wilcoxon (7) rank sum test. Dashed vertical lines indicate desired FDRs. Methods that
control FDR at their desired level should fall to the left of the corresponding dashed line. Performances
were averaged across three simulation replicates. Data was simulated with muscat (8) using three annotated
cell types (CD4 T, monocytes and natural Killer cells) from a Smart-seq3 and a Drop-seq PBMC dataset.
Column titles indicate simulated proportion of DE genes while row titles indicate the DE method. DESeq2
was run using raw counts or sctransform v2 corrected counts as input. MAST and Wilocoxon test were run
on log-normalized, scran-normalized, pearson residuals (SCT v1) or log of corrected counts (SCT v2).
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Figure S24: Benchmarking differential expression analysis. Number of differential expression genes
identified between two groups of biological identical NK cells (PBMC Smart-seq3) where one group was
randomly downsampled to 20% sequencing depth. Column titles show the DE testing method.
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Figure S25: Benchmarking differential expression analysis. Number of differential expression genes
identified between two groups of biological identical HEK293 cells profiled using Quartz-Seg2 and Drop-seq.
Datasets were obtained from Mereu et al. (9). Column titles show the DE testing method.
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Sample name Technology Tissue Datatype Raw data  Reference
TechnicalControl1 (ChromiumV1) ~ ChromiumV1 TechnicalControl  technical-control  link (10, 11)
TechnicalControl2 (ChromiumV1)  ChromiumV1 TechnicalControl  technical-control  link (10, 11)
TechnicalControl (inDrops) inDrops TechnicalControl  technical-control  link (11, 12)
3T3 (ChromiumV3) ChromiumV3  3T3 cell line link (11)
3T3-r1 (ChromiumV2) ChromiumV2  3T3 cell line link (13)
3T3-r1 (Drop-seq) Drop-seq 3T3 cell line link (13)
3T3-r1 (inDrops) inDrops 373 cell line link (13)
3T3-r1 (sci-RNA-seq) sci-RNA-seq 3T3 cell line link (13)
3T3-r2 (CEL-seq2) CEL-seq2 3T3 cell line link (13)
3T3-r2 (ChromiumV2) ChromiumV2  3T3 cell line link (13)
3T3-r2 (Drop-seq) Drop-seq 3T3 cell line link (13)
3T3-r2 (inDrops) inDrops 3T3 cell line link (13)
3T3-r2 (sci-RNA-seq) sci-RNA-seq 3T3 cell line link (13)
HEK (ChromiumV3) ChromiumV3  HEK cell line link (11)
HEK (Smart-seq3) Smart-seq3 HEK cell line link (14)
HEK-r1 (CEL-seq2) CEL-seqg2 HEK cell line link (13)
HEK-r1 (ChromiumV2) ChromiumV2 HEK cell line link (13)
HEK-r1 (Drop-seq) Drop-seq HEK cell line link (13)
HEK-r1 (inDrops) inDrops HEK cell line link (13)
HEK-r1 (sci-RNA-seq) sci-RNA-seq HEK cell line link (13)
HEK-r2 (CEL-seq2) CEL-seq2 HEK cell line link (13)
HEK-r2 (ChromiumV2) ChromiumV2 HEK cell line link (13)
HEK-r2 (Drop-seq) Drop-seq HEK cell line link (13)
HEK-r2 (inDrops) inDrops HEK cell line link (13)
HEK-r2 (sci-RNA-seq) sci-RNA-seq HEK cell line link (13)
HEK-m (CEL-seq2) CEL-seqg2 HEK cell line link (9)
HEK-m (ChromiumV2) ChromiumV2  HEK cell line link 9)
HEK-m (ChromiumV2_sn) ChromiumV2 HEK cell line link (9)
HEK-m (ddSeq) ddSeq HEK cell line link (9)
HEK-m (Drop-seq) Drop-seq HEK cell line link 9)
HEK-m (inDrops) inDrops HEK cell line link (9)
HEK-m (MARS-seq) MARS-seq HEK cell line link (9)
HEK-m (mcSCRB-seq) mcSCRB-seq HEK cell line link 9)
HEK-m (Quartz-Seq2) Quartz-Seq2  HEK cell line link (9)
Cortex-r1 (ChromiumV2) ChromiumV2  Cortex heterogeneous link (13)
Cortex-r1 (DroNc-seq) DroNc-seq Cortex heterogeneous link (13)
Cortex-r1 (sci-RNA-seq) sci-RNA-seq Cortex heterogeneous link (13)
Cortex-r2 (ChromiumV2) ChromiumV2  Cortex heterogeneous link (13)
Cortex-r2 (DroNc-seq) DroNc-seq Cortex heterogeneous link (13)
Cortex-r2 (sci-RNA-seq) sci-RNA-seq Cortex heterogeneous link (13)
Fibroblasts (Smart-seq3) Smart-seq3 Fibroblasts heterogeneous link (14)
PBMC-r1 (CEL-seq2) CEL-seqg2 PBMC heterogeneous link (13)
PBMC-r1 (ChromiumV2A) ChromiumV2  PBMC heterogeneous link (13)
PBMC-r1 (ChromiumV2B) ChromiumV2  PBMC heterogeneous link (13)
PBMC-r1 (ChromiumV3) ChromiumV3  PBMC heterogeneous link (13)
PBMC-r1 (Drop-seq) Drop-seq PBMC heterogeneous link (13)
PBMC-r1 (inDrops) inDrops PBMC heterogeneous link (13)
PBMC-r1 (Seg-Well) Seqg-Well PBMC heterogeneous link (13)
PBMC-r2 (CEL-seq2) CEL-seqg2 PBMC heterogeneous link (13)
PBMC-r2 (ChromiumV2) ChromiumV2  PBMC heterogeneous link (13)
PBMC-r2 (Drop-seq) Drop-seq PBMC heterogeneous link (13)
PBMC-r2 (inDrops) inDrops PBMC heterogeneous link (13)
PBMC-r2 (Seg-Well) Seqg-Well PBMC heterogeneous link (13)
PBMC68k (ChromiumV1) ChromiumV1 PBMC heterogeneous link

PBMC (ChromiumV3) ChromiumV3  PBMC heterogeneous link (11
PBMC (Smart-seq3) Smart-seq3 PBMC heterogeneous link (14)
Fetal (sci-RNA-seq3) sci-RNA-seq3  Fetus heterogeneous link (15)
Bone Marrow (CITE-seq) CITE-seq Bone Marrow heterogeneous link (4)

Table S1: List of datasets used in this study. Raw data can be downloaded from the hyperlinks under ‘raw
data‘ column. Similar sample names with -r1’ and *-r2’ denote replicates from Ding et al. (13) study.
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Sample name <0.01 >0.01 >0.1 >1 >5 >10 >25 >50 >100

TechCtrl1 (ChromiumV1) 0.000 0.01 0.10 0.70

TechCtrl2 (ChromiumV1) 0.000 0.000 0.018 0.51 0.93

TechCtrl (inDrops) 0.000 0.01 0.04 0.13 0.41 0.67 0.93
3T3 (ChromiumV3) 0.002 0.007 0.066 0.49 099 1.00 1.00 1.00

3T3-r1 (CEL-seq2) 0.007 0.007 0.118 0.37 0.84 098 1.00 1.00 1.00
3T3-r1 (ChromiumV2) 0.004 0.011 0.196 0.82 1.00 1.00 1.00 1.00

3T3-r1 (Drop-seq) 0.002 0.001 0.054 0.60 1.00 1.00

3T3-r1 (inDrops) 0.001  0.001 0.046 0.78 1.00 1.00

3T3-r1 (sci-RNA-seq) 0.001 0.003 0.056 0.50 0.99 1.00 1.00

3T3-r2 (CEL-seq2) 0.008 0.009 0.104 0.39 0.77 095 1.00 1.00 1.00
3T3-r2 (ChromiumV2) 0.008 0.006 0.143 0.74 1.00 1.00 1.00 1.00

3T3-r2 (Drop-seq) 0.001 0.039 0.47 0.95 1.00

3T3-r2 (inDrops) 0.001  0.001 0.029 0.48 0.97 1.00

3T3-r2 (sci-RNA-seq) 0.005 0.008 0.209 0.87 1.00 1.00 1.00

HEK (ChromiumV3) 0.003 0.006 0.076 0.51 0.97 1.00 1.00 1.00 1.00
HEK (Smart-seq3) 0.012 0.012 0.172 0.70 094 099 1.00 1.00 1.00
HEK-r1 (CEL-seq2) 0.008 0.092 0.38 0.76 094 1.00 1.00 1.00
HEK-r1 (ChromiumV2) 0.005 0.018 0.158 0.85 1.00 1.00 1.00 1.00
HEK-r1 (Drop-seq) 0.000 0.003 0.038 0.47 1.00 1.00 1.00

HEK-r1 (inDrops) 0.001  0.001 0.020 0.54 1.00 1.00

HEK-r1 (sci-RNA-seq) 0.005 0.007 0.076 0.52 0.97 1.00

HEK-r2 (CEL-seq2) 0.005 0.008 0.085 0.45 090 098 1.00 1.00 1.00
HEK-r2 (ChromiumV2) 0.006 0.019 0.203 0.91 1.00 1.00 1.00 1.00

HEK-r2 (Drop-seq) 0.001  0.003 0.059 0.62 1.00 1.00 1.00

HEK-r2 (inDrops) 0.001 0.003 0.028 0.60 1.00 1.00

HEK-r2 (sci-RNA-seq) 0.006 0.018 0.265 0.91 1.00 1.00

HEK-m (CEL-seq2) 0.019 0.136 0.61 093 0.99 1.00 1.00 1.00
HEK-m (ChromiumV2) 0.188 0.204 0.675 0.97 1.00 1.00 1.00 1.00 1.00
HEK-m (ChromiumV2_sn) 0.005 0.17 0.73

HEK-m (ddSeq) 0.222 0479 0.912 0.99 1.00 1.00

HEK-m (Drop-seq) 0.006 0.014 0.291 0.98 1.00 1.00

HEK-m (inDrops) 0.008 0.25 0.69 1.00

HEK-m (MARS-seq) 0.010 0.209 0.80 099 1.00 1.00

HEK-m (mcSCRB-seq) 0.007 0.334 0.94 1.00 1.00

HEK-m (Quartz-Seq2) 0.103 0.133 0.525 0.96 1.00 1.00 1.00 1.00 1.00
Cortex-r1 (ChromiumV2) 0.001 0.009 0.124 0.77 1.00 1.00

Cortex-r1 (DroNc-seq) 0.001  0.007 0.200 0.91 1.00

(
Cortex-r1 (sci-RNA-seq) 0.001 0.011 0.258 0.97 1.00 1.00

Cortex-r2 (ChromiumV2) 0.001  0.006 0.104 0.80 1.00 1.00

Cortex-r2 (DroNc-seq) 0.002 0.007 0.204 0.92 1.00

Cortex-r2 (sci-RNA-seq) 0.001 0.010 0.218 0.99 1.00

Fibroblasts (Smart-seq3) 0.048 0.274 0.799 0.99 1.00 1.00 1.00 1.00 1.00

PBMC-r1 (CEL-seq2) 0.001 0001 0017 031 095 1.00
PBMC-r1 (ChromiumV2A) ~ 0.000 0.004 0.109 0.87 098 1.00
PBMC-r1 (ChromiumV2B) ~ 0.001  0.002 0.079 0.80 0.98 1.00 1.00
PBMC-r1 (ChromiumV3)  0.002 0.011 0145 078 1.00 1.00 1.00
PBMC-r1 (Drop-seq) 0.000 0.002 0.128 0.83  1.00

PBMC-r1 (inDrops) 0.000 0.003 0.189  0.97

PBMC-r1 (Seq-Well) 0.001 0.005 0214 096

PBMC-r2 (CEL-seq2) 0.001 0013 030 095 1.00
PBMC-r2 (ChromiumV2) ~ 0.000 0.001 0.061 074 0.98 1.00
PBMC-r2 (Drop-seq) 0.001 0.004 0206 092 1.00 1.00
PBMC-r2 (inDrops) 0.001 0.005 0145 096 1.00 1.00
PBMC-r2 (Seq-Well) 0.000 0.095 0.93

PBMC68k (ChromiumV1) ~ 0.000 0.003 0.069 076  0.98 1.00

PBMC (ChromiumV3) 0.002 0011 0111 066 095 100 1.00 1.00
PBMC (Smart-seq3) 0031 0359 0894 097 100 1.00 1.00
Fetal (sci-RNA-seq3) 0116 0.617 0.990

Bone Marrow (CITE-seq) 0.009 0.072 0.562 0.932 0.935 1.00 1.00

Table S2: Proportion of non-poisson genes across different gene-mean bins. Columns indicate non-
cumulative gene abundance bins between two consegutive labels (for example, > 1 refers to all genes with
mean > 1 and <5). Each cell entry summarizes the t&gl proportion of genes belonging to a mean abundance
bin that were detected to be non-poisson for a dataset.



System Variable featurerank 6 =100 6 =10 sctransformv1 sctransform v2

Bone Marrow 1000 0.204 0.189 0.194 0.290
Bone Marrow 2000 0.305 0.276 0.279 0.427
Bone Marrow 3000 0.367  0.337 0.337 0.536
Cortex 1000 0.263 0.249 0.216 0.292
Cortex 2000 0.415 0.402 0.353 0.474
Cortex 3000 0.544  0.529 0.470 0.586
Fetus 1000 0.210 0.206 0.222 0.287
Fetus 2000 0.356  0.352 0.394 0.455
Fetus 3000 0.453 0.446 0.520 0.542
PBMC 1000 0.190 0.165 0.145 0.282
PBMC 2000 0.292 0.264 0.217 0.459
PBMC 3000 0.385 0.345 0.287 0.571

Table S3: Proportion of highly variable genes overlapping with marker genes. Values in columns 6 =
100, 8 = 10, sctransform v1, and sctransform v2 indicate the median cumulative proportion of genes up to a
given rank that overlap with the marker genes in the system (over multiple technologies). Bone Marrow and
Fetus, represent datasets with only one technology.

System Variable featurerank 6 =100 6 =10 sctransform vi sctransform v2
Bone Marrow 1000 611 567 582 871
Bone Marrow 2000 916 829 836 1281
Bone Marrow 3000 1100 1012 1012 1607
Cortex 1000 788 748 650 876
Cortex 2000 1245 1205 1058 1422
Cortex 3000 1633 1586 1408 1758
Fetus 1000 631 618 667 862
Fetus 2000 1068 1056 1182 1366
Fetus 3000 1360 1337 1559 1626
PBMC 1000 569 495 436 847
PBMC 2000 877 793 650 1376
PBMC 3000 1155 1035 860 1712

Table S4: Number of highly variable genes overlapping with marker genes. Values in columns 6 = 100,
0 = 10, sctransform v1, and sctransform v2 indicate the median cumulative number of genes up to a given
rank that overlap with the marker genes in the system (over multiple technologies). Bone Marrow and Fetus,
represent datasets with only one technology.
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