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(A) Visualization of representation for certain cell types. The colors are used to distinguish the
batches.
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(B) Visualization of representation for certain batches. The colors are used to distinguish the cell
types.

Fig. C.18: PCA visualization of the representations for certain cell types and domains
on Pancreas6 dataset.
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D Key gene analysis

D.1 Top 100 Genes for Liver Cell Type2

– NN: ubb, ins2, apoe, hba-a1, actb, b2m, hba-a2, mup11, cd74, dnase1l3, h2-
d1, mup22, tuba1a, tmsb4x, mup14, selenop, aw112010, ins1, cst3, mup7,
iapp, ccdc152, ftl1, mup13, mup10, chl1, hbb-bt, clec4g, igfbp7, nrep, mup19,
sh3bgrl3, hbb-bs, mup1, mup18, h2-ab1, mup16, mup12, rpl18a, c1qb, map1lc3b,
mup15, ccl5, hbb-y, rps29, ctsd, ly86, ifitm2, mup9, h3f3b, mup8, nkg7, tmsb10,
mt1, tagln2, ttr, gstm1, hba-x, atpif1, lyz2, apoc1, lgals1, mup2, stmn2, apoa2,
plp1, calm1, gpx3, prdx1, igfbp4, prl3d1, c1qa, apod, tma7, h2-aa, cmss1,
ptma, cd79a, gapdh, plpp1, sst, abi1, dennd1b, cfl1, rgs1, gclm, pitpnc1, dppa3,
fcgr2b, serp1, rpl8, tyrobp, sumo1, zfp976, rplp1, gm10591, gm21541, rpsa,
s100a8, pcnp.

– scDGN: rps29, apoe, mup11, ins2, mup22, dnase1l3, selenop, mup10, b2m,
gcg, mup7, h2-d1, mup14, tmsb10, ccdc152, clec4g, apoa2, hba-a1, ttr, mup13,
myl7, mgp, mup18, mup16, mt1, mup15, npm1, mup19, hba-a2, aw112010,
igfbp7, chl1, mup1, actg1, apoc1, ins1, ly6e, mup9, mup8, ptma, mup12, mup2,
cst3, fabp3, btg1, iapp, rpl35, apoa1, h2-k1, cmss1, mup17, lgals1, tmsb4x,
stmn1, gm13304, ptp4a2, prdx1, gm21541, hmga1, snap25, set, plp1, ccl4,
fabp4, trim30a, gstp1, gm10591, ubc, scgb1a1, resp18, sumo1, fabp1, nrep,
h2-q7, npy, itm2b, hspe1, car2, sub1, slc25a5, h2afz, ywhah, ccl21b, pomc,
rpl41, cbx3, ctsd, rps27rt, laptm5, chchd2, s100a8, actc1, hba-x, hbb-bt, myl4,
eif1, gpihbp1, sod1, gabarapl2, calm1.

2 The results in text format are also
available at: https://github.com/SongweiGe/scDGN/blob/master/supplementary
materials/top genes.txt
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D.2 GO Analysis Results for the Other Cell Types

Table 5: GO analysis results of the genes with respect to embryonic stem cell that are
only recognized by scDGN.

term name term id padj − log10 padj

SRP-dependent cotranslational protein targeting
to membrane

GO:0006614 1.8109E-06 5.74210612

cotranslational protein targeting to membrane GO:0006613 2.59394E-06 5.58603936
protein targeting to ER GO:0045047 4.44101E-06 5.35251780
establishment of protein localization to endoplas-
mic reticulum

GO:0072599 5.72221E-06 5.24243629

nuclear-transcribed mRNA catabolic process,
nonsense-mediated decay

GO:0000184 9.79366E-06 5.00905515

protein localization to endoplasmic reticulum GO:0070972 2.19947E-05 4.65768238

Table 6: GO analysis results of the genes with respect to hematopoietic stem cell that
are only recognized by scDGN.

term name term id padj − log10 padj

protein targeting to ER GO:0045047 0.041444862 1.382529302
cotranslational protein targeting to membrane GO:0006613 0.026817903 1.571575182
SRP-dependent cotranslational protein targeting
to membrane

GO:0006614 0.020030591 1.698306246

protein localization to endoplasmic reticulum GO:0070972 0.013637519 1.865264616
translational initiation GO:0006413 0.001555052 2.808254977
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