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𝐿𝑜𝑠𝑠 = (1 − 𝛼) ෍൫𝑋 − 𝑋෠൯
ଶ

+ 𝛽 ෍|𝑤| + ෍൫𝑋 − 𝑋෠൯
ଶ

(𝛼 ∙ 𝑇𝑅𝑆 + 𝛾ଵ𝐴 + 𝛾ଶ𝐵) (14) 468 

 469 
Benchmark evaluation compared to existing tools 470 
Imputation evaluation. For benchmarking imputation performance, we added noises by randomly 471 
flipping 10% of the nonzero entries to zero to mimic the dropout effects. We evaluated both the 472 
median L1 distance and cosine similarity between the original dataset and the imputed values for 473 
these corrupted entries. For all the flipped entries, 𝑥 is the row vector of the original expression, 474 
and 𝑦 is its corresponding row vector of the imputed expression. The L1 distance is the absolute 475 
deviation between the value of the original and imputed expression. A lower L1 distance means 476 
a higher similarity.  477 

𝐿1𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = |𝑥 − 𝑦|, 𝐿1𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 ∈ [0, +∞) (15) 478 

The cosine similarity computes the dot products between original and imputed expression.  479 

C𝑜𝑠𝑖𝑛𝑒𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑥, 𝑦) =
𝑥𝑦்

‖𝑥‖‖𝑦‖
, 𝐶𝑜𝑠𝑖𝑛𝑒𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 ∈ [0,1] (16) 480 

The process is repeated three times, and the mean and standard deviation were selected as a 481 
comparison. The scores are compared between scGNN and seven imputation tools (i.e., MAGIC4, 482 
SAUCIE8, SAVER16, scImpute29, scVI30, DCA9, and DeepImpute31), all using the default 483 
parameters. 484 
 485 
Clustering evaluation. We compared the cell clustering results of scGNN, the same seven 486 
imputation tools, and four clustering tools (i.e., Seurat5, CIDR48, Monocle49, and RaceID50), in 487 
terms of ten clustering evaluation scores. The default parameters are applied in all test tools. ARI 488 
32 is used to compute similarities by considering all pairs of the samples that are assigned in 489 
clusters in the current and previous clustering adjusted by random permutation. 490 
 491 

𝐴𝑅𝐼 =
𝑅𝐼 − 𝐸[𝑅𝐼]

𝑚𝑎𝑥( 𝑅𝐼) − 𝐸[𝑅𝐼]
(17) 492 

where the unadjusted rand index (RI) is defined as  493 

𝑅𝐼 =
𝑎 + 𝑏

𝐶௡
ଶ

(18) 494 

where 𝑎 is the number of pairs correctly labeled in the same sets, and b is the number of pairs 495 
correctly labeled as not in the same dataset. 𝐶௡

ଶ is the total number of possible pairs. 𝐸[𝑅𝐼] is 496 
the expected RI of random labeling. More quantitative measurements are also used in the 497 
Supplemental Materials.  498 
 499 
Case study of the AD database 500 
We applied scGNN on a public Alzheimer’s disease (AD) scRNA-Seq data with 13,214 cells24. 501 
The resolution of scGNN was set to 1.0, 𝐾I was set to 20, and the remaining parameters were 502 
kept as default. The AD patient and control labels were provided by the original paper and used 503 
to color the cells on the same UMAP coordinates generated from scGNN. We simply combined 504 
cells in six oligodendrocyte subpopulations into one cluster, referred to as merged oligo. The 505 
DEGs were identified in each cell cluster via the Wilcoxon rank-sum test implemented in the 506 
Seurat package along with adjusted p-values using the Benjamini-Hochberg procedure with a 507 
nominal level of 0.05. DEGs with logFC > 0.25 or < − 0.25 were finally selected. We further 508 
identified the DEGs between AD and control cells in each cluster using the same strategy and 509 
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applied GSEA for pathway enrichment analysis51. The imputed matrix, which resulted from 510 
scGNN was then sent to IRIS3 for CTSR prediction, using the predicted cell clustering labels with 511 
merged oligodendrocytes37. The default parameters were served in regulatory analysis in IRIS3.  512 
 513 
Data availability 514 
Three benchmark and AD case datasets can be downloaded from GEO databases with accession 515 
numbers of: GSE75688 (the Chung data); GSE65525 (the Klein data); GSE60361 (the Zeisel 516 
data); and GSE138852 (AD case). The Kolodziejczy data can be accessed from EBI with an 517 
accession number of E-MTAB-2600. 518 
 519 
Software Implementation  520 
Tools and packages used in this paper include: Python version 3.7.6, numpy version 1.18.1, torch 521 
version 1.4.0, networkx version 2.4, pandas version 0.25.3, rpy2 version 3.2.4, matplotlib version 522 
3.1.2, seaborn version 0.9.0, umap-learn version 0.3.10, munkres version 1.1.2, R version 3.6.1, 523 
and igraph version 1.2.5. The IRIS3 website is at https://bmbl.bmi.osumc.edu/iris3/index.php. 524 
 525 
CODE AVAILABILITY 526 
Our tool is open source and publicly available at GitHub (https://github.com/scgnn/scGNN).  527 
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