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Supplementary Method 

Batch Correction and Biological Conservation metrics 

Adjusted Rand Index1:  Adjusted Rand Index (ARI) reflects the degree of overlap 
between the two divisions. This metric requires the true category labels for the data. 
We use the Leiden clustering method to obtain the predicted labels of the cells. The 
ARI measures the consistency between the true category labels and the model-predicted 
labels. The value of ARI is within [0,1], and a larger ARI indicates a higher consistency 
between the predictions and the ground truth.  
 
Normalized Mutual Information2: Normalized Mutual Information (NMI) 
standardized mutual information is commonly used in clustering to measure the 
similarity of two clustering results. It can objectively evaluate the accuracy of a 
community division compared with a standard division. The value range of NMI is 0 
to 1, and the higher the value, the more accurate the division.  
 
Average Silhouette Width3: Average Silhouette Width (ASW) across cell types. The 
silhouette coefficient is a metric to evaluate the quality of clustering. For each cell in 
the cluster, the best value is 1 and the worst value is -1. A value close to 0 indicates 
overlapping clusters. A negative value usually indicates that the sample has been 
assigned to the wrong cluster because different clusters are more similar. Cell-type 
ASW is a modified approach to measure batch mixing. It computes the silhouette score 
on cells with identical cell labels and is scaled to a value between 0 and 1. ASW across 
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batches. Batch ASW refers to the Modified ASW of a batch which measures batch 
correction by calculating the silhouette score of cells in a given batch. Due to the 
averaging process, the value range is 0 to 1. 
 
Batch_mix_score4: The Batch Entropy Mixing Score is a metric employed to assess 
how Batch Entropy Mixing Score is a quantitative metric designed to evaluate the 
homogeneity of cell distribution from different batches in single-cell transcriptomic 
data. The computation of this score is methodically structured into several steps. It 
begins with the determination of cell proportions in each batch relative to the overall 
cell population. This is followed by the random selection of a subset of cells across 
batches and the identification of their nearest neighbors to assess local batch mixing. 
To account for batch size discrepancies, a correction term is applied. The regional 
mixing entropy is then calculated, encapsulating the dispersion of cells from different 
batches within the data manifold. By repeating this process across multiple iterations 
with varying cell selections and averaging the entropy values, the final Batch Entropy 
Mixing Score is obtained, providing a robust measure of batch integration efficacy 
within the dataset.  
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Supplementary Tables 

Table S1. Biological conservation and batch correction metrics of five methods on simulation dataset. 

Methods 
Biological conservation metrics Batch correction metrics 

Cell type ASW NMI ARI Batch ASW Batch_mix_score 

Seurat5 0.9 0.98 0.98 0.9 0.5 
Scanorama6 0.87 1 1 0.91 0.27 

scVI7 0.85 1 1 0.92 0.6 
Harmony8 0.88 0.97 0.97 0.89 0.41 
scCobra 0.93 0.99 0.99 0.96 0.62 
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Table S2. Biological conservation and batch correction metrics of five methods on pancreas dataset. 

Methods 
Biological conservation metrics Batch correction metrics 

Cell type ASW NMI ARI Batch ASW Batch_mix_score 

Seurat 0.68 0.91 0.9 0.85 0.54 
Scanorama 0.63 0.85 0.77 0.9 0.34 

scVI 0.67 0.89 0.88 0.86 0.47 
Harmony 0.67 0.9 0.9 0.89 0.53 
scCobra 0.7 0.88 0.87 0.91 0.5 
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Table S3. Biological conservation and batch correction metrics of five methods on Immune dataset. 

Methods 
Biological conservation metrics Batch correction metrics 

Cell type ASW NMI ARI Batch ASW Batch_mix_score 

Seurat 0.71 0.87 0.83 0.87 0.52 
Scanorama 0.69 0.86 0.8 0.90 0.32 

scVI 0.72 0.89 0.87 0.89 0.52 
Harmony 0.72 0.88 0.87 0.89 0.46 
scCobra 0.75 0.89 0.88 0.92 0.52 
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Table S4. Biological conservation and batch correction metrics of five methods on three datasets 
(average). 

Methods 
Biological conservation metrics Batch correction metrics 

Cell type ASW NMI ARI Batch ASW Batch_mix_score 

Seurat 0.55 0.72 0.61 0.87 0.53 
Scanorama 0.57 0.74 0.62 0.91 0.34 

scVI 0.63 0.79 0.72 0.88 0.5 
Harmony 0.6 0.78 0.74 0.9 0.45 
scCobra 0.63 0.81 0.78 0.9 0.45 
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Table S5. Integration results of five methods on multi-omic dataset. 

Method Batch Entropy Silhouette ARI NMI 
cell type 

ASW 

Seurat 0.41 0.28 0.77 0.8 0.76 

Harmony 0 0.06 0.47 0.71 0.76 
Scanorama 0.01 0.07 0.55 0.71 0.8 

scVI 0.47 0.26 0.76 0.75 0.76 
scCobra 0.5 0.24 0.82 0.79 0.77 
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Table S6. Integration results of five methods on spatial / scRNA-seq dataset. 

Method Batch Entropy Silhouette ARI NMI 
cell type 

ASW 

Seurat 0.38 0.26 0.73 0.59 0.63 

Harmony 0.42 0.22 0.47 0.66 0.61 
Scanorama 0.18 0.18 0.67 0.49 0.59 

scVI 0.43 0.2 0.61 0.71 0.6 
scCobra 0.52 0.32 0.76 0.73 0.66 
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Fig. S1 UMAP visualization comparing scCobra's performance against benchmarking methods (Seurat, Scanorama, 

scVI, and Harmony) on the Immune dataset. The visualization is split into two rows: the top row shows batch 

correction results, with different batches distinguished by color, and the bottom row presents cell type aggregation, 

with each cell type assigned a unique color.  

  

a

b

c

d e

f g

Ba
tc

h
C

el
l t

yp
e



10 

 

Fig. S2 Post-correction Gene Ontology enrichment analysis for the COVID-19 dataset underscores scCobra's 

capability to retain the "Defense response to virus" GO term, which is a top-identified term in the raw (uncorrected) 

COVID data, crucial for COVID sample analysis. This stands in contrast to other methods, which exhibit correction 

inaccuracies, evidenced by the loss of this critical GO term, indicative of over-correction and information loss. 

  

a

b

d

e

perturb	CD4+	T

	CD4+	T	cells

CellType IL27 TLR9Over_correction	score c Pathway	enrichment	of	CD4	T	cells

Harmony Seurat

Seurat Harmony scCobra

defense	response	to	virus

neutrophil	degranulation

neutrophil	activation	invloved
in	immune	response

neutrophil	mediated
immunity

innate	immune	response

positive	regulation	of
cytokine	production

regulation	of	interleukin-8
production

defense	response	to
symbiont

cytokine-mediated
signaling	pathway

celluar	response	to
cytokine	stimulus

cellular	response	to
type	I	interferon

cellular	response	to	type
I	interferon

negative	regulation	of
viral	genome	repllication

defense	response	to
symbiont

negative	regulation	of
viral	process

defense	reponse	to	virus

positive	regulation	of	type
I	interferon	production

antigen	receptor-mediated
signaling	pathway

cytokine-mediated
signaling	pathway

regulation	of
apoptotic	process

negative	regulation	of	T
cell	mediated	cytotoxicity

negative	regulation	of
DNA	binding

B	cell	receptor
signaling	pathway

regulation	of	myeloid
cell	differentiation

T	cell	activation

regulation	of
immune	response

enzyme	linked	receptor
protein	signaling	pathway

negative	regulation	of
signal	transduction

cytokine-mediated
signaling	pathway

regulation	of	transmembrane
transporter	activity

negative	regulation	of	T
cell	mediated	cytotoxicity

neutrophil	migration

neutrophil	chemotaxis

granulocyte	chemotaxis

regulation	of
immune	response

cellular	response	to
interferon-gamma

platelet	degranulation

neutrophil	degranulation

neutrophil	activation	invloved
in	immune	response

neutrophil	mediated
immunity

scCobraRaw

Seurat Harmony scCobraScanoramaRaw



11 

 

References 
1. Hubert, L. & Arabie, P. Comparing partitions. Journal of classification 2, 193-

218 (1985). 
2. Pedregosa, F. et al. Scikit-learn: Machine learning in Python. the Journal of 

machine Learning research 12, 2825-2830 (2011). 
3. Büttner, M., Miao, Z., Wolf, F.A., Teichmann, S.A. & Theis, F.J. A test metric 

for assessing single-cell RNA-seq batch correction. Nature methods 16, 43-49 
(2019). 

4. Xiong, L. et al. Online single-cell data integration through projecting 
heterogeneous datasets into a common cell-embedding space. Nature 
Communications 13, 6118 (2022). 

 


