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Supplementary Figure 1: Number of genes quantified per cell for each scRNA-seq dataset. The two 

embryonic datasets, E1 and E2 respectively, have fewer samples sequenced compared to the other three 

datasets, but they have significantly more genes quantified, with an average of 13K genes. The datasets 

SN, MC and MM on the other hand have an average of about 4K genes quantified. 
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Supplementary Table 1: Number of contiguous zero valued genes/features removed in each scRNA-seq 

dataset. The original feature set and the resulting feature set after removing zero-valued features (ZVF) 

during the pre-processing phase of DUSC. Note: ERCC genes were removed manually. 

 

Dataset Original feature set No. of zero valued features Resulting feature set 

E1 25,737 51 25,686 

E2 41,388 13,241 28,147 

SN 25,334 5,710 19,624 

MC 19,972 0 19,972 

MM 23,686 904 22,782 
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Supplementary Figure 2: Principal Component Analysis (PCA) of the scRNA-seq datasets. Since PCA 

is necessary for ICA and DAWN, detailed plots of variance and components are shown here. The 

cumulative variance is plotted as a function of the number of principal components that explain the 

required amount of variance. The Y-axes are initialized to 0.8, since the first component explains at least 

0.8 of the variance in each dataset. 
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Supplementary Table 2: Details of clustering and classification accuracies in Fig. 2.a. The table shows 

the accuracies for the proposed method DUSC, the basic clustering algorithms K-means (KM) and 

Expectation-Maximization (EM), and the supervised learning method Random Forest (RF) respectively. 

 

Dataset DUSC KM EM RF 

E1 0.9464 0.6607 0.9643 0.9464 

E2 0.9597 0.6855 0.6774 0.8790 

SN-i 0.9001 0.5321 0.6224 0.8796 

SN-ii 0.6895 0.4523 0.5253 0.7442 

SN-iii 0.7168 0.4596 0.4049 0.7100 

MC 0.8136 0.5398 0.4656 0.9241 

MM-i 0.9855 0.9551 0.9650 0.9867 

MM-ii 0.6424 0.4494 0.6202 0.9266 
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Supplementary Figure 3: Effects of Data Balance on Accuracies for basic clustering methods. This 

figure bridges the analysis between Fig. 2.a, which shows DUSC and the basic clustering methods (KM 

and EM), and Fig. 2.b, which shows the effect of data balance on DUSC. The accuracies and data balance 

values for DUSC, KM, and EM are shown across different datasets. We see that in datasets where lower 

balance exists between clusters (e.g., MM-ii, E2, and SN-iii), there is a loss of accuracy by all methods 

(except for DUSC in E2). 
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Supplementary Table 3: Data balance and clustering accuracies shown in Sup. Fig. S3. The data balance 

for each dataset is listed first and is used in Fig. 2.b and Sup. Fig. S3. The clustering accuracies for 

DUSC, KM, and EM are then noted. 

 

Datasets Balance 
Accuracy 

DUSC KM EM 

E1 0.8541 0.9464 0.6607 0.9643 

E2 0.7756 0.9597 0.6855 0.6774 

SN-i 0.9607 0.9001 0.5321 0.6224 

SN-ii 0.8821 0.6895 0.4523 0.5253 

SN-iii 0.8289 0.7168 0.4596 0.4049 

MC 0.8819 0.8136 0.5398 0.4656 

MM-i 0.8843 0.9855 0.9551 0.9650 

MM-ii 0.6456 0.6424 0.4494 0.6202 
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Supplementary Table 4: Details of clustering accuracies shown in Fig. 2.d. The below table includes the 

accuracies for our feature learning method DAWN, and the other feature learning methods, i.e., SIMLR, 

PCA, ICA, and t-SNE. In this scenario, all feature learning methods, including DAWN, have been 

integrated with Expectation-Maximization (EM) clustering. The data allow one to show the impact of EM 

on the final clusters across all feature learning methods. 

 

Dataset DAWN SIMLR PCA ICA t-SNE 

E1 0.9464 0.7500 0.7679 0.8036 0.7143 

E2 0.9597 0.5887 0.5806 0.4516 0.5242 

SN-i 0.9001 0.7401 0.4364 0.4596 0.7346 

SN-ii 0.6895 0.5773 0.4665 0.3707 0.5923 

SN-iii 0.7168 0.4815 0.3776 0.3899 0.4692 

MC 0.8136 0.6732 0.4839 0.5817 0.3072 

MM-i 0.9855 0.8084 0.6376 0.5001 0.9328 

MM-ii 0.6424 0.5574 0.6163 0.5741 0.4671 
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Supplementary Table 5: Detailed clustering accuracies shown in Fig. 2.e. The below table includes the 

accuracies for our feature learning method DAWN, and the other feature learning methods, i.e., SIMLR, 

PCA, ICA, and t-SNE. In this scenario all the feature learning methods, including DAWN have been 

paired with K-means clustering. The data allow one to show the impact of K-means on the final clusters 

across all feature learning methods. 

 

Dataset DAWN SIMLR PCA ICA t-SNE 

E1 0.6786 0.7679 0.6429 0.6250 0.6786 

E2 0.8871 0.5887 0.4516 0.5081 0.4839 

SN-i 0.8399 0.7442 0.3051 0.3598 0.5718 

SN-ii 0.5034 0.5390 0.3871 0.3338 0.4897 

SN-iii 0.4555 0.5116 0.3242 0.3133 0.4131 

MC 0.9012 0.6353 0.5258 0.4483 0.4775 

MM-i 0.9657 0.8094 0.9300 0.5849 0.9570 

MM-ii 0.5980 0.6378 0.5878 0.3965 0.4571 
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Supplementary Table 6: Number of hidden neurons selected by DAWN for the scRNA-seq dataset. 

During the feature learning phase, DAWN sets the number of hidden neurons (i.e., the number of features 

for learning) based on the analysis of each dataset. 

 

Dataset No. of input features Hidden neurons determined by DAWN 

E1 25,686 4 

E2 28,147 3 

SN 19,624 148 

MC 19,972 20 

MM 22,782 58 
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Supplementary Table 7: Specific values for feature compression achieved by DAWN as shown in Fig. 

2.c. The feature compression values are computed using the values of the column “Hidden neurons set by 

DAWN” from Sup. Table S6. 

 

Data Feature Compression 

E1 0.9998 

E2 0.9999 

SN 0.9942 

MC 0.9989 

MM 0.9976 
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Supplementary Table 8: Clustering accuracies shown in Fig. 2.f where different configurations of the 

DUSC pipeline are shown. The denoising autoencoder with neuronal approximator (DAWN) is compared 

against two other common neuronal values for the DAE’s hidden layer, i.e., 50 and 100 respectively.  

 

Dataset DUSC(DAWN) DUSC(DAE-50) DUSC(DAE-100) 

E1 0.9464 0.6964 0.7679 

E2 0.9597 0.5726 0.5968 

SN-i 0.9001 0.6553 0.8112 

SN-ii 0.6895 0.5595 0.5663 

SN-iii 0.7168 0.4747 0.4145 

MC 0.8136 0.7171 0.7657 

MM-i 0.9855 0.9862 0.9652 

MM-ii 0.6424 0.6560 0.5139 
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Supplementary Table 9: A breakdown of the total memory usage of DAWN shown in Fig. 2.h. The 

System Memory usage and GPU Memory usage for processing each dataset are shown below. 

 

Dataset System Memory (MB) GPU Memory (MB) Total Memory (MB) 

E1 40.7 5 45.7 

E2 36.3 13 49.3 

SN 199.0 55 254.0 

MC 286.0 229 515.0 

MM 445.2 360 805.2 
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Supplementary Figure 4: Complete heatmap of inferred copy-number variation (CNV). The top 

heatmap shows the 240 normal/reference cells that were used to center the tumor cell data. The very 

miniscule and random variations in the normal cells are as expected.  The bottom heatmap shows the 

inferred CNV in the 205 triple-negative breast cancer (TNBC) cells. Cells in Cluster 1 and Cluster 3 carry 

CNV in many genomic regions with significant amplifications (e.g. chromosomes 1 and 2) and deletions 

(e.g. chromosomes 5 and 15).  
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Supplementary Figure 5: Visualizing the structures discovered in latent features. The two pair plots 

show a grid of each latent feature generated by PCA and DAWN respectively, for the Mouse Embryo-2 

(E2) dataset. In each pair plot, the upper triangle has scatter plots of the single-cell samples for binary 

combinations of the features, the diagonal shows a univariate distribution of the feature in the column and 

its mapping to the cell types, and the lower triangle shows the bivariate kernel density estimate for binary 

combinations of the features. For the E2 dataset, PCA generates three latent features (f1-f3) to capture 95% 

of the variance in the data. The clustering in all three combinations of the features is poor with no clear 

separation of the cell types. However, DAWN was able to better capture and separate the structures in the 

data with the same number of features/neurons. The difference in the performance of PCA and DAWN 

can be explained through the univariate distributions of their respective features. Example, the feature f1 

of PCA was unable to capture distinct values for the cell types, while in DAWN, f1, was able to separate 

mostly 2-cell and 4-cell, and f2 separates the types 8, 16 and 32-cell. 
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Supplementary Figure 6: Visualizing the feature learning process in DAWN. The six pair plots show a 

grid of each latent feature generated by DAWN for the Mouse Embryo-2 (E2) dataset, at six important 

time points during feature learning. In each pair plot, the upper triangle has scatter plots of the single-cell 

samples for binary combinations of the features, the diagonal shows a univariate distribution of the 

feature in the column and its mapping to the cell types, and the lower triangle shows the bivariate kernel 

density estimate for binary combinations of the features. For the E2 dataset, DAWN generates 3 latent 

features (f1-f3), and at Iteration/Epoch 1, we see how the feature learning starts and that the three neurons 

have not yet separated the cell types. By Iteration 10, the neural network has learnt to separate the major 

cell types (i.e. in terms of sample size, i.e. 2, 4 & 8-cell). By Iteration 50 and 100, we see that the network 

is optimizing the learning process for the smaller cell types (16 and 32-cell) and can separate them fairly.  

By Iteration 250, the feature/neuron values are almost stable with very small changes, and this results in 

stable clusters. 


