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Clustering Performance of Complete Single-cell RNA-seq Data

As announced in the paper, Table 1 contains the classification results for the
individual transformations of the complete scRNA-seq data in comparison to
SC3 and adaSC3:

Table 1: ARI of consensus clustering using a specific combination of methods
PCA: Principal Component Analysis, LE: Laplacian Eigenmaps, DM: Diffu-
sion Maps; IM: Isomaps and MDS: Multidimensional Scaling;
*: best clustering performance among all transformations;
bold: better performance comparing SC3 and adaSC3.

Data Set PCA + LE LE + DM PCA LE DM IM LLE MDS
(SC3) (adaSC3)

Biase et al. [1] 0.95 0.95 0.95 0.95 0.95 0.95 1.00* 1.00*
Deng et al. [2] 0.67 0.76 0.67 0.95* 0.34 0.44 0.43 0.50
Goolam et al. [3] 0.69 0.68 0.69 0.68 0.94* 0.54 0.69 0.54
Treutlein et al. [5] 0.66 0.77* 0.58 0.63 0.52 0.34 0.36 0.32
Yan et al. [6] 0.65 0.75* 0.65 0.75* 0.64 0.60 0.91 0.65
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Resampling on Single-cell RNA-seq Data

For classification we used the scRNA-seq data, described in Section 2 of the
manuscript, and consider a resampling scheme to analyze how stable the results
of the individual approaches are. For this purpose, each single cell was omitted
once from each scRNA-seq data set, such that the classification was performed
N times on N −1 data points. The sample that is drawn without replacement
was compared to the corresponding underlying cell types of the sampled N−1
single cells. By these resampling experiments, we evaluated each iteration and
underline the good performance of adaSC3 with the scRNA-seq data of Biase
et al. [1], Deng et al. [2], Goolam et al. [3] and Treutlein et al. [5] in Figure 1
and of Yan et al. [6] in Figure 2.
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Fig. 1: Resampling results of the scRNA-seq data sets for adaSC3 and its
competitors
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Fig. 2: Resampling results of the scRNA-seq data set Yan et al. [6] for adaSC3
and its competitors.
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Construction of Simulation Data

To determine realistic simulation data, we mimic the data set of Kolodziejczyk
et al. [4] that contains embryo stem cells of a mouse. This data set was selected
for the construction of the simulation data because it contains a high number
of single cells (N = 704) and a high number of genes (G = 38.616). Another
advantage of this data is that it contains two quite balanced subgroups with
295 and 250 single cells representing the state “2i” and “serum”, which are
used for the construction of the simulation groups. The remaining 159 sin-
gle cells of “a2i” are not considered for the construction of the simulation data.

We estimated the parameters of the zero-inflated Negative Binomial (ZINB)
distribution of each gene for the respective cell population. From these esti-
mates we determined ranges for the parameters of our simulation data with
the 35% to 80% quantiles of the estimated parameters of the labelled group 2i
for simulation group 1 and the 15% to 60% quantiles of the estimated parame-
ters of the labeled group serum for simulation group 2. The lower quantiles of
simulation group 2 should represent the healthy population with lower mean
and lower dispersion of gene expression compared to simulation group 1. This
leads to the following ranges of parameters µ and φ of the ZINB distribution
for simulation group 1 and 2 shown in Table 2:

Table 2: Intervals of the estimated parameters of a ZINB distribution based
on the cell types “2i” and “serum” used by steps of (I) : 0.1; (II) : 0.001;
(III) :0.0001.

Parameter Range Constructed Ranges Constructed Ranges
based on 2i based on serum

M(1) M(1) := [45, 293](I) M(2) := [12, 112](I)

Φ Φ(1) := [0.24, 0.94](II) Φ(2) := [0.12, 0.47](II)

Π Π := [0.001, 0.01](III) Π := [0.001, 0.01](III)
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Results of Simulation data

Simulation Scenario (a) - Variation in Expectation Parameter µ
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Fig. 3: Clustering accuracy (ARI) among all partitions of N= 50 with re-
gard to the individual transformation techniques for simulation scenario (a)
in comparison to SC and adaSC3.

Simulation Scenario (b) - Variation in Size Parameter φ
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Fig. 4: Clustering accuracy (ARI) among all partitions of N= 50 with re-
gard to the individual transformation techniques for simulation scenario (b) in
comparison to SC and adaSC3.
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Simulation Scenario (c) - Variation in both Parameter µ and Parameter φ
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Fig. 5: Clustering accuracy (ARI) among all partitions of N= 50 with regard
to the individual transformation techniques as well as in combination with LE
for simulation scenario (c).
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Simulation Scenario (d) - Variation in no Parameter µ and φ
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Fig. 6: Clustering accuracy (ARI) among all partitions of N= 50 with regard
to the individual transformation techniques as well as in combination with LE
for simulation scenario (d).
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