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1 Data preprocessing

TsImpute takes as input a raw count matrix Xm×n with m genes and n cells.
To find highly variable genes, we first generate the normalized expression matrix
Y = (yij)m×n, which is defined as

yij = log10(
xij∑m
k=1 xkj

× 1000000 + 1), i = 1, ...,m, j = 1, ..., n. (1)

Then we calculate the coefficient of variance (CV) of each normalized gene:

CV (Yi) =
sd(Yi)

Ȳi
, i = 1, ...,m, (2)

in which sd(Yi) means the standard deviation of Yi. Then, the 2000 genes with
highest CV are passed to next step and others genes will not be imputed. Note
that in the subsequent step tsImpute still uses the raw counts of these highly
variable genes as ZINB model requires count data as input.

2 Description of datasets

In this article, nine real datasets are used for evaluation, i.e. Darmanis (Dar-
manis et al., 2015), Ting (Ting et al., 2014), Pollen (Pollen et al., 2014), Huarte
(Uriarte Huarte et al., 2021), PBMC (Zheng et al., 2017), Klein (Klein et al.,
2015), Baron (Baron et al., 2016), Domingo(Domingo-Gonzalez et al., 2020)
and Chu (Chu et al., 2016). The description and availability of these data are
displayed as below:
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Table S1: Description and availability of datasets used in the article.

Data Genes Cells Groups Source

Darmanis 22083 466 9 GSE67835
Ting 21651 187 7 GSE51372

Pollen 23794 299 11 SRP041736
Huarte 22672 367 8 GSE148393
PBMC 16653 4271 8 10X Genomics
Klein 24175 2717 4 GSE65525
Baron 20125 3605 14 GSE84133

Domingo 18072 4052 15 GSE147668
Chu 19097 1018 6 GSE75748

3 Generation of simulated data

The simulated datasets used in the article are generated using the R package
Splatter (Zappia et al., 2017). More specifically, the datasets can be generated
with the following R codes:

BiocManager : : in s ta l l ( ’ s p l a t t e r ’ )
l ibrary ( s p l a t t e r )
r a t e<− −0.5 #f i x t h i s parameter
mid<− 5 #se t t h i s as 3 , 4 or 5
params = newSplatParams ( )
params = setParams ( params , l i s t ( batchCe l l s = 500 ,
nGenes =2000 ,
group . prob = rep ( 0 . 2 , 5 ) ,
de . prob = c ( 0 . 0 5 , 0 . 08 , 0 . 01 , 0 . 1 , 0 . 1 ) ,
de . facLoc = 0 . 5 ,
de . f a c S c a l e = 0 . 8 ,
seed= 1) )

# Generate the s imu la t i on data us ing S p l a t t e r package
sim = splatSimulateGroups ( params ,
dropout . shape =rep ( rate , 5 ) ,
dropout . mid = rep (mid , 5 ) ,
dropout . type = ”group” )
counts <− as . data . frame ( counts ( sim ) ) #observed count matrix
t ruecounts <− as . data . frame ( a s says ( sim )$TrueCounts ) #true count matrix
dropout <− as . matrix ( a s says ( sim )$Dropout ) #dropout matrix
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4 Methods for comparison

In this article, seven imputation methods are used for comparison, namely scIm-
pute (Li and Li, 2018), DrImpute (Gong et al., 2018), MAGIC (Dijk et al., 2018),
scRMD (Chen et al., 2020), ALRA (Linderman et al., 2022), SAVER (Huang
et al., 2018) and scMOO (Jin et al., 2022). The availability of these methods is
as follows:

4.1 scImpute

The R package of ScImpute can be downloaded from https://github.com/

Vivianstats/scImpute and it is implemented with default parameters.

4.2 DrImpute

We download the R package of DrImpute from https://github.com/gongx030/

DrImpute and implement it with default parameters.

4.3 MAGIC

The R package of MAGIC is aquired from https://github.com/KrishnaswamyLab/

MAGIC , and the algorithm is implemented with deault parameters.

4.4 scRMD

The R package of scRMD is downloaded from https://github.com/XiDsLab/

scRMD, and we implement it with default parameters.

4.5 ALRA

The R source codes of ALRA can be aquired from https://github.com/KlugerLab/

ALRA, we run the source codes with default parameters.

4.6 SAVER

The R package of SAVER can be downloaed from https://github.com/mohuangx/

SAVER and it is implemented with default parameters.

4.7 scMOO

The R package of scMOO can be aquired from https://github.com/Zhangxf-ccnu/

scMOO and we implement it with default parameters.
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5 Evaluation metrics

In this article, several evaluation metrics are used to assess the performance
of different imputation methods, in this section we list the formulae of these
metrics, including rooted mean squared error (RMSE), mean absolute error
(MAE), Spearman correlation coefficient, Pearson correlation coefficient, sensi-
tivity, specificity, adjusted Rand Index (ARI) (Hubert and Arabie, 1985) and
normalized mutual information (NMI) (Strehl and Ghosh, 2002).

5.1 RMSE and MAE

Suppose X = (x1, ..., xn) is the true value and X̂ = (x̂1, ..., x̂n) is the predicted
value, RMSE and MAE can be calculated by

RMSE =

√∑n
i=1(xi − x̂i)2

n
(3)

and

MAE =
|
∑n
i=1(xi − x̂i)|

n
. (4)

5.2 Pearson correlation and Spearman correlation

Suppose X = (x1, ..., xn) is the true value and Y = (y1, ..., yn) is the predicted
value, Pearson correlation coefficient can be calculated by

ρp =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
∑n
i=1(yi − ȳ)2

. (5)

As for Spearman correlation, it is defined as

ρs = 1− 6
∑
d2i

n(n2 − 1)
, (6)

where di is the rank difference between xi and yi.

5.3 Sensitivity, specificity and balanced accuracy

Consider the confusion matrix of imputation:

Imputed Not imputed

Dropouts TP FN
True zeros FP TN

Sensitivity, specificity and balanced accuracy can be calculated as follows:

Sensitivity =
TP

TP + FN
, (7)
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Specificity =
TN

FP + TN
, (8)

Balanced accuracy =
sensitivity + specificity

2
. (9)

5.4 ARI and NMI

ARI and NMI are two popular evaluation metrics which assess the performance
of clustering analysis, ARI is defined as

ARI(A∗, A) =

∑
i,j

(
Nij

2

)
− [
∑
i

(
Ni

2
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)
]/
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2

)
]/
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) , (10)

where N is the number of cells, Nij is the number of cells of the real cell type
C∗j ∈ A∗ assgined to cluster Ci in partition A, and Nj is the number of cells
of cell type C∗j . The value range of ARI is [−1, 1], a higher ARI indicates
better clustering results, and ARI equals to 1 only when the clustering result is
identical to the real cell type partition. NMI is defined as follows:

NMI(A∗, A) =
2× I(A∗, A)

H(A∗) +H(A)
, (11)

in which I(A∗, A) = H(A∗)−H(A∗|A), H(A) = −
∑
a∈A p(a) log2(p(a)), H(A∗|A) =

H(A∗, A)−H(A) and H(A∗, A) = −
∑
a∗,a p(a

∗, a) log2(p(a∗, a)). The value of
NMI falls between [0, 1] and a larger NMI means better clustering performance.

5.5 Silhouette coefficient

Silhouette coefficient is a metric that can be used to evaluate clustering results
without knowing the ground truth type labels. For a given cell i, silhouette
coefficient can be calculated as follows:

S(i) =
b(i)− a(i)

max{a(i), b(i)}
, (12)

where a(i) is the average distance between cell i and other cells of the same
cluster, and b(i) denotes the average distance between cell i and its nearest
cluster. The overall result is generated by averaging silhouette coefficients of all
cells. The value of silhouette coefficient is between -1 and 1, and a larger value
indicates better clustering performance.
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6 Pseudo-codes of EM algorithm for ZINB paramters
estimation

In this article, the parameters of ZINB distribution are estimated with expec-
tation maximization (EM) algorithm (Dempster et al., 1977). EM algorithm
optimizes the parameters in a iterative manner:

Algorithm 1 EM algorithm for ZINB parameters estimation

Input: a gene vector g = (x1, ..., xm)
Process:
Initialize the ZINB parameters π = π0, r = r0 and p = p0, maximum number
of iterations tmax, minimum difference ε, t = 1, lik = 0, diff = 100
while t ≤ tmax and diff ≥ ε do

E step: calculate πt = πt−1

πt−1+(1−πt−1pr)

M step: estimate pt and rt by maximizing lZINB =
∑m
i=1(1 −

πt)[log (xi+r−1)!
xi!(r−1)! − r log (1−p

p ) + xi log (1− p)]
Calculate the log-likelihood L(πt, rt, pt) with current parameters, update
diff and lik by diff = |L(πt, rt, pt)− lik| and lik = L(πt, rt, pt)
Update: π = πt, r = rt, p = pt
t= t+1

end while
return π, r, p

7 Pseudo-codes of tsImpute
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Algorithm 2 Pseudo-codes of tsImpute

Input: expression matrix Xm·n, number of top genes ntop and dropout
threshold thres
Process:
Binarize each cell vector xi(i = 1, ..., n) by converting the ntop highest ex-
pressed genes to 1 and others to 0
Decide the optimal number of clusters k according silhouette coefficient
Divide cells into k clusters with Jaccard distance, in which cluster i includes
ni cells
Step 1: ZINB imputation:
for i in 1:k do
for j in 1:m do

Estimate ZINB parameters πij , r
i
j , p

i
j for gene j in cells of cluster i

end for
for l in 1:ni do

Calculate scale factor sil = ni ·
∑m
j=1 x

k
jl/
∑
j

∑
l xjl

for j in 1:m do
Calculate imputed values of ZINB imputation by xinitjl =

ni·πi
j∑

l I(xjl=0) · π
i
j ·

rij(1−p
i
j)

pij
· sil, if

ni·πi
j∑

l I(xjl=0) ≥ thres

xjl, otherwise.

end for
end for

end for
Step 2: IDW imputation:
Given the ZINB imputed expression matrix Xinit, normalize the expression
levels to generate Y
Divide cells into C clusters, where cluster c includes nc cells
for i in 1:C do

Calculate the Euclidean distance matrix Di according to Y i

Calculate the inverse distance matrix W i

for j = 1 : m do
for k = 1 : nc do

Calculate the final imputed value yfinaljk ={∑nc

k=1 wjkyjk, if yjk is a dropout

yjk, otherwise.

end for
end for

end for
return The final imputed expression matrix Y final
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8 Time cost of different methods

In this section, we display the time consumption of different methods on eight
real data used in data masking experiment. All methods are implemented on
Apple MacBook Pro M1 2020 (3.2 GHz Apple M1 8-core CPU and 16-GB RAM)
for ten times, and the time cost table is shown as below (average time cost ±
standard deviation):

Table S2: Time consumption of different methods on real datasets.
Data

Pollen Ting Darmanis Huarte Klein Baron PBMC Domingo

ALRA 1.45±0.25s 1.13±0.19s 1.87±0.08s 1.28±0.09s 11.10±0.37s 13.71±0.47s 16.59±0.65s 12.76±0.67s
DrImpute 42.77±0.33s 17.38±0.46s 105.62±0.65s 9.08±0.08s >3600s >3600s >3600s >3600s
MAGIC 0.16±0.03s 3.57±0.09s 0.55±0.99s 4.75±0.45s 2.07±0.14s 3.60±0.07s 5.22±0.15s 11.06±0.41s
SAVER 92.40±2.44s 53.78±0.79s 130.21±2.70s 25.36±0.76s 354.29±30.43s 449.29±13.05s 322.75±13.03s 437.05±27.82s

scImpute 29.45±0.56s 22.89±1.61s 34.53±0.61s 13.13±0.39s 877.43±37.42s 1492.50±61.63s 2198.22±94.17s 1332.81±19.33s
SCMOO 166.73±7.39s 165.92±0.63s 169.27±6.81s 85.02±1.89s 191.36±0.70s 297.15±44.20s 266.02±6.93s 593.11±31.33s
scRMD 2.64±1.99s 1.15±0.46s 3.62±0.47s 1.87±0.04s 23.67±0.32s 26.55±0.53s 33.37±1.52s 67.29±0.65s

tsImpute 88.91±1.53s 37.87±0.64s 75.01±1.25s 37.05±0.98s 300.65±18.66s 535.73±12.22s 535.03±22.98s 460.33±26.04s
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9 Supplementary tables and figures
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Figure S1: Cell-wise and gene-wise Pearson correlation between the real and
imputed values within different cell types of the simulated data. Higher

correlation coefficients indicate better imputation performance.(A) Cell-wise
correlation. (B) Gene-wise correlation.

Figure S2: Heatmap of gene-gene correlation with 81% dropouts in the simu-
lated data. Left: correlation of true expression. Middle: correlation of observed
expression with dropouts. Right: correlation recoverd by tsImpute.
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Figure S3: Imputation accuracy on simulated datasets measured by RMSE
and MAE. Lower RMSE and MAE indicate better imputation performance.
(A) RMSE between the real values and imputed values generated by different
imputation methods. (B) MAE between the real values and imputed values
generated by different imputation methods.
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Figure S4: Imputation accuracy on eight real datasets measured by RMSE and
MAE, lower RMSE and MAE indicate better performance. (A) RMSE between
the imputed values and real values. (B) MAE between the imputed values and
real values.
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Figure S5: DE analysis results of H1 ESC versus EC data. (A) Overlap of
single-cell DE genes with reference DE genes. (B) ROC curves and AUC values
of different imputation methods. (C) Spearman correlation between adjusted P
values derived from bulk data and single cell data.
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Figure S6: Statistically significant GO terms identified with ClusterProfiler,
which are divided into three categories, i.e. biological process, cellular compo-
nent and molecular function.

Table S3: Sensitivity, specificity and balanced accuracy of all methods on
simulated data.

Metrics Dropout rate tsImpute scImpute DrImpute MAGIC ALRA scRMD scMOO SAVER

Sensitivity

65% 90.5% 99.7% 100% 100% 95.8% 3.3% 100% 100%
74% 89.5% 99.1% 100% 100% 96.4% 3.1% 100% 100%
81% 88.1% 99.0% 100% 100% 94.1% 3.3% 100% 100%

Specificity

65% 35.8% 1.6% 0% 0% 20.6% 100% 0% 0%
74% 38.7% 2.9% 0% 0% 15.9% 100% 0% 0%
81% 41.5% 4.3% 0% 0% 17.6% 100% 0% 0%

Balanced Accuracy

65% 63.2% 50.7% 50.0% 50.0% 58.2% 51.7% 50.0% 50.0%
74% 64.1% 51.0% 50.0% 50.0% 56.2% 51.6% 50.0% 50.0%
81% 64.8% 51.7% 50.0% 50.0% 55.9% 51.7% 50.0% 50.0%

Table S4: Results of ablation test measured by NMI. Best results are marked
in bold.

Jaccard clustering ZINB imputation IDW imputation Pollen Ting Darmanis Huarte Klein Baron PBMC Domingo

X X X 0.948 0.754 0.817 0.836 0.832 0.920 0.781 0.833
X X × 0.927 0.672 0.819 0.816 0.838 0.850 0.712 0.815
X × X 0.925 0.704 0.707 0.751 0.511 0.575 0.532 0.545
× X X 0.935 0.602 0.719 0.730 0.750 0.758 0.690 0.781
× X × 0.935 0.601 0.722 0.730 0.752 0.794 0.756 0.788
× × X 0.925 0.704 0.565 0.671 0.502 0.575 0.515 0.649
× × × 0.935 0.601 0.749 0.820 0.795 0.890 0.740 0.817
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Table S5: Robustness test of Jaccard clustering. ARI and NMI are used as
evaluation metrics.

Pollen Ting Darmanis Huarte Klein Baron PBMC Domingo

ARI

Hierarchical 0.938 0.553 0.800 0.879 0.822 0.962 0.767 0.782
PAM 0.938 0.546 0.774 0.858 0.810 0.956 0.780 0.761
raw 0.856 0.388 0.663 0.842 0.662 0.884 0.624 0.653

NMI

Hierarchical 0.948 0.754 0.817 0.836 0.832 0.920 0.781 0.833
PAM 0.948 0.744 0.779 0.820 0.830 0.910 0.780 0.813
raw 0.935 0.601 0.749 0.820 0.795 0.890 0.740 0.817
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