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Fig. S1: Percentages of genes rejected by the Pearson “goodness-of-fit” tests in CT26.W'T when the type
I errors were set at 0.5%, 1%, 5%, and 10%. We checked the distributions of the raw UMI counts (A),
the FPKM normalized counts (B), and the TPM normalized counts (C). The gene length for calculating
FPKM and TPM was obtained from R package EDASeq by mapping the gene emsembl IDs to the external
database.
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Fig. S2: Percentages of genes rejected by the cell-type-specific “goodness-of-fit” test in T-CELL when
the type I errors were set at 0.5%, 1%, 5%, and 10%. The tests were performed on 7,893 genes.



1.00 -

0.751
Model
. Cell-type—common NB

' . Cell-type—common ZINB

. Cell-type-specific NB
. Cell-type-specific ZINB

0.25 1

0.00 4

<0.005 <0.01 <0.05 <0.1
P-value

Percentage
o
(o2
o
1

Fig. S3: Percentages of genes rejected by the cell-type-specific “goodness-of-fit” test in CORTEX when
the type I errors were set at 0.5%, 1%, 5%, and 10%. The tests were performed on 12,887 genes.
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Fig. S4: Four scatter plots show the difference between the observed and estimated UMI count zero
proportions versus the estimated UMI count zero proportions in CORTEX under the four families of
distributions. Each dot represents a gene. The cell-type-common NB and ZINB families under-estimated
the UMI zero proportions; the cell-type-specific NB and ZINB estimated well. To reduce the size of the
plot, 2,000 genes were randomly selected for visualization.
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Fig. S5: Percentages of genes rejected by the cell-type-specific “goodness-of-fit” test in RETINA Batch
1 when the type I errors were set at 0.5%, 1%, 5%, and 10%. The tests were performed on 12,000 genes
with 13,666 cells in Batch 1 to avoid the impact of the batch effect.
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Fig. S6: Four scatter plots show the difference between the observed and estimated UMI count zero
proportions versus the estimated UMI count zero proportions in RETINA Batch 1 under the four families
of distributions. FEach dot represents a gene. The cell-type-common NB and ZINB families under-
estimated the UMI zero proportions; the cell-type-specific NB and ZINB estimated well. To reduce the
size of the plot, 2,000 genes were randomly selected for visualization. The PR and Amacrine cell-types
have relatively small number of cells (PR, 0.278%, 38 cells; Amacrine, 0.329%, 45 cells), and thus the
model fittings are less accurate, especially the models are fitted using only the training samples.
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Fig. S7: The mean-variance trends of UMI counts in T-CELL (A), CORTEX (B), and SD4 (C). Each
dot represents a gene. The x-axis is UMI mean square p?; the y-axis is the UMI variance minus the UMI
mean, o2 — p1. Each dot represents a gene. The smooth curve is fitted by the generalized additive model.
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Fig. S8: WDS- and VST-selected feature genes lead to different CDI-BIC scores of the candidate label
sets for T-CELL. (A) CDI scores based on the 500 WDS-selected feature genes; (B) CDI scores based
on the 500 VST-selected feature genes. The x-axis labels the cluster number; the y-axis labels the CDI
scores. Each dot represents a label set (either the benchmark or the candidate label set). The red triangle
marks the CDI-selected label set; the purple star marks the benchmark label set.



A 200 genes B 300 genes method

@ CIDR
L 3 [ 3
& & ¢ HC
550000+ e 825000 @ KMeans
SC3
Seurat
530000 800000
@ Spectral
775000 * Benchmark cell-type label
510000 A Ovtimal label
(@) 750000
o
Q
5 ¢ D
1160000 P .
o 1400000 o

1120000

1350000

10800001

1300000
1040000

4 8 12 16
Number of clusters

Fig. S9: CDI performance on T-CELL using different numbers of WDS-selected feature genes. (A)
Using 200 feature genes, CDI selected the six-cluster label set generated by Seurat. (B) Using 300
feature genes, CDI selected the five-cluster label set generated by Seurat. (C) Using 400 feature genes,
CDI selected the five-cluster label set generated by SC3. (D) Using 500 feature genes, CDI selected the
five-cluster label set generated by SC3. In all plots, the x-axis labels the cluster numbers, the y-axis
labels the CDI sores, and the colors represent different clustering methods. The red triangle marks the
CDlI-selected label set; the purple star marks the benchmark label set.
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Fig. S10: The heatmaps show the cell proportions from the benchmark label sets for each cluster in
the selected label sets for T-CELL. The x-axis labels the clusters in the five-cluster candidate label sets
derived by various clustering methods, and the y-axis labels the benchmark cell types. The color of each
rectangle represents the benchmark cell-type proportions in each selected label set cluster. Each column

adds up to 1. For example, in SC3, 92% of the cluster 1 cells are active EM-like Treg cells.
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Fig. S11: Both CDI-AIC and CDI-BIC perform well on the cell populations with rare cell types. (A)-(E)
show the results for the simulated dataset with two abundant cell types (each with 2,000 cells) and two
rare cell types, called RC1 (85 cells) and RC2 (100 cells). RC1 is more similar to the two abundant
cell types. (F)-(I) show the results for the simualted dataset with with two abundant cell types (each
with 2,000 cells), RC1 with 20 cells, and RC2 with 100 cells. (A) and (F) show the UMAPs based on
the WDS-selected feature genes; (B) and (G) show the CDI-BIC scores of the candidate and benchmark
label sets; (D) and (I) show the CDI-AIC scores of the candidate and benchmark label sets. CDI-AIC
and CDI-BIC selected different optimal label sets: (C), (E), and (H)are heatmaps of the cell proportions
from the benchmark label sets for each cluster in the selected label sets. (C) shows the heatmap for
CDI-BIC selected label set for the dataset with 85 cells in RC1; (E) shows the heatmap for CDI-AIC
selected label set for the dataset with 85 cells in RC1; (H) shows the heatmap for the label set selected
by both CDI-AIC and CDI-BIC for the dataset with 20 cells in RC1.
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Fig. S12: The lineplot shows the CDI-BIC scores of 20 Seurat v3 generated candidate label sets for
IPF. The triangle marks the CDI score of the CDI-selected label set; the star marks the CDI score of
the benchmark label set.
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Fig. S13: The heatmap of the cell proportions from the benchmark label sets for each cluster in the
CDI-BIC selected label set for IPF. Each row adds up to 1.
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Fig. S14: The UMAPs for the AT2 (9,311), ciliated (14,671), endothelial (9,243 cells), macrophages
(38,923), T (6,703), and MUC5B+ (2,433) cells in the IPF benchmark label set. The numbers in the

bracket show the cell number in each cell type. The cells are colored based on the cell types in the
CDI-BIC selected label set.
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Fig. S15: The heatmap shows the number of cells from the layer 3 annotation for each cell type in
the layer 2 annotation provided in the previous study of COVID dataset. The x-axis labels the layer
2 annotation, and the y-axis labels the layer 3 annotation. The color of each rectangle represents the
number of cells.
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Fig. S16: CDI-BIC lineplot for the COVID dataset with candidate labels generating from Seurat v3.
The number of clusters corresponds to Seurat resolutions 0.1, 0.5, 1.0, 1.5, 2.0, ..., 8.0. The triangle
marks the CDI score of the CDI-selected label set among these candidate label sets; the star marks the
CDI score of the layer 3 annotation provided in the previous study.
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Fig. S17: Parameters used in the Splatter simulator to generate SD4.



2 Note 1

Notations
e c: index of cell (¢ =1,...,N)
e ¢: index of gene (¢ =1,...,G)

e k: index of cell-type (k=1,...,K)

Xge: raw UMI count for gene ¢ in cell ¢

e s.: size factor for cell ¢, defined below in the size factor estimation.

¢: dispersion parameter shared by all genes and all cells in one dataset

0: zero inflation factor shared by all genes and all cells in one dataset

® /1,0 mean parameter for gene g across all cells

¢4 dispersion parameter for gene g across all cells

d4: zero-inflation factor for gene g across all cells

® [i,: mean parameter for gene g in cell-type &

¢gq.1: dispersion parameter for gene g in cell-type k&
e 0,1 zero-inflation factor for gene g in cell-type k

The size factor s. is a robust estimator of cell libary size. Its calculation follows the
DESeq2 median-of-ratios procedure.

max { X, 0.5}
/N
(Hivzl max { X, 0.5})

5. = median,

We add 0.5 to zero count to avoid the zero denominators.

Model distributions

First, we define the probability mass function (pmf) of NB(u, ¢) distribution. For any
Y ~ NB(u,¢) and y € NU {0},

Ty +1/9) /e N ( u \
Y = T+ DT (1/9) <u+1/¢) <u+1/¢) (n>0.6>0)

Next, we define the pmf of ZINB(u, ¢, ) distribution. For any Y ~ ZINB(u, ¢, ) and
y € NU{0},

P(Y =

1/¢ 1/¢ if .
0 <u+l/¢> ) it y = 0;
P(Y =y) = 1o y (u>0,0>0,6€0,1))
(1-90) C(y+1/¢) ( 1/¢ ) ( 1 ) fu>0
T(y+DI(1/6) \ i1/ ) 0 BY Y
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In the manuscript, the models we considered are listed in Table. I}

Model name Distribution of X,
Gene-common NB NB(scpig, @)
Gene-common ZINB ZINB(s.pg, ¢, 6)
Gene-specific NB NB(septg, ¢g)
Gene-specific ZINB ZINB(scpig, ¢g,dg)

Cell-type-common NB NB(septg, ¢g)

Cell-type-common ZINB  ZINB(s g, ¢4, 0g)

Cell-type-specific NB NB(Septg ks ¢gx) for cell ¢ in cell-type k
Cell-type-specific ZINB  ZINB(Scfigk, $g.k, 0g%) for cell ¢ in cell-type k

Table. S1: Model names and the corresponding distributions of raw UMI count.

3 Note 2

For simplicity we omit the batch index b in the superscript (if any) and size factor s..
Suppose
Ly ~ Multinomial(Ko; 7y, ..., Tk,)-

Combining with the NB model
XgC ’ (L07C = k) ~ NB(/-Lgka ¢gk>a

we have Xy ~ 3210 mpNB(jigh, dgr) With
§1,9 = tg = E(X, Zﬂkugk, o9 = 112+ 02 =E(X) Zﬂk{ugk+(1+¢gk)/~bgk}-

Therefore, {0 — €14 = EkK:O1 (1 + ¢gk)u3k. Let &34 = Z?:(’l (1 + gbgk)l/Q,ugk. Then

§2.9 — &1g { (1 + dgr) :ng}
N, = 2% = Th )
7 fg,g ; 53,9
Let
1
_ 1/2( + ¢gk> :ugk’ by = 711/2'
539
By a2 > 2apb, — b2, we have
Ko Ko Ko Ko Ko
1+
IR B EED SIS SUEE) LS TECTIN P
k=1 k=1 k=1 k=1 3.9 k=1
The minimum is obtained when a; = b, for all k£ € {1 Ky}, ie
(1 + ¢gk),u§k = Cga (1)
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not depending on the cell type k.

If gene g is not a feature gene, then g, = py and @y = @4, thus holds, and 7,
will reach the minimum 1.

If gene g is a feature gene, then as long as (1 + qbgk)ugk are not all equal across cell
type k, ng > 1. Thus for feature genes, n, tends to be large.

Unfortunately, &34 is hard to estimate if the true cell labels are unknown. Thus, 7, is
hard to estimate directly. We need to find a surrogate £, to approximate 7,.

It is easy to see that the WDS for gene g is

2 2
Oy — Mg 2,0 — &g — 19 29— S1yg
g =Tt o =

_1.
12 &, &,

When ¢, =~ ¢ for all g and k, &, &~ (1 + ¢)1/2¢;,. Then, &, ~ n,(1+ ¢) — 1.
In general, let ¢nax = maxy 4 @g . Then 7, can be bounded on both sides:

m(fﬁrl) <1y <&+ 1
We assume that ¢ma, are not too large. Then &, can be used as a surrogate of n,. We
estimate &, by
. &3 — [lg
ég = ~9
Hg
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