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1. Higher-order gene-gene interactions

The genomap calculations presented in the main manuscript are based on two-way gene-gene interactions. The formulation
can be extended to include n-way interactions among the genes. For example, for three-gene interactions, we can re-define the
probability function p(x) (1)

1 _ix
px) = 77,

where

J(x) = %inMijxj — Z'le’ — é Zrukxixjxk
ij i

ijk

with M denoting the inverse of covariance matrix €2, 8 = Q™! (z) and

Z:/dee_J(x).

By using standard perturbation theory, we find

Fijk: Z (XQngf},> MiQMjBMkA,.

afy=1

The nonlinear case with the three-gene (and higher order) interactions is not amenable to exact analytic calculation and
finding a closed-form solution for the gene-gene pairwise interaction strength matrix is difficult. Therefore, we use standard
perturbation theory, which assumes that the characteristic three-gene (and higher order) correlation function is much smaller
than the pairwise correlation. Indeed, as found in Ref. (1) for analysis of microarray data from genes in Saccharomyces
cerevisiae chemostat cultures, the mean value of (x;x;xx)> for i # j,i # k,j # k was found to be 0.035, which is an order
of magnitude smaller than |(x;x;)|* for i # j, which was equal to 0.187. The same observation has been used in many other
studies (2).

2. Information content of genomaps

For a system consisting of m cells with n genes per cell, we have n gene expression vectors xi,...,x".

system can be written as (1-4)

The entropy of the

H=-3 p(x)lnp(x)+J 1]

subject to the constraint
> p(x) =1 2]

Here the first part of Eq. 1 denotes the space-independent entropy and J denotes the spatial entropy describing the mutual
information among the genes (see below).

A. Spatial entropy in 1D and 2D. Following Refs. (3, 4), we divide a 2D image of width W and height H in n overlapping sub
regions or windows with width of w, and height of w, (w; < W,w, < H). The spatial entropy is the sum of mutual entropy
between the gene located at the center of the k-th window (gk) and all other genes located in the window (g‘f]) Mathematically,
the spatial entropy can be written as (3, 4)

k=n i=w, =Wy

JQD = Z Z Z Jgkgfj' [3}

k=1 i=1 j=1

A commonly used window size is 3 X 3 (3, 4). The spatial entropy among the genes in a 1D vector with windows of size w
can be written as

k=ni=wz

J]_D:ZZJgkg::- [4}

k=1 i=1
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B. Mutual entropy between two random variables denoting two genes. To compute the mutual entropy between the gene g*
at the center and another gene gfj in a window, let us assume that the expressions of the two genes are described by two
discrete random variables £ and 7, respectively. The observed values of £ and 7 in m cells are denoted by x;,7 = 1,...,m
and yg,k = 1,...,m with probabilities P:(i) and P,(k). The joint probability of ¢ and 7n taking on the values x; and yg,
respectively, is denoted by Pey(2,k). According to Shannon (5), in this case the amount of information about the variable £
contained in the variable 17 or the amount of information about the variable n contained in the variable £ can be calculated

by:

Tem) = =30 D" Pealis Ry log TS, 5]

i=1 k=1

When Pe,(i,k) = 0, the corresponding term in the summation is taken to be zero (5). The function defined by Eq. 5 is
symmetrical in £ and 7. For continuous case where the probability distributions P, P, and P, are defined in terms of
densities pe(x), py(y) and pey(x,y), we can write Eq. 5

f/pgn ) log LECIP ) oo 0

Pen(%,y)

where dx = dx1 - - - dXpm,dy = dy1 - dym.

C. Calculation of mutual entropy for Gaussian random functions. Explicit calculation of J(£,n) requires the knowledge of
multi-dimensional probability distribution functions of the random variables £ and 7. Let us consider the case where the
variables & and 1 are Gaussian, i.e., when all the multi-dimensional probability distributions for £, and the pair (§,7) are
multivariate normal. For simplicity, we assume that the expectations of all components of & and 71 are equal to zero (this
assumption is not restrictive since the information J(&,7) is independent of the values of the expectations). In this case, the
probability distributions for &,7, and ¢ will have densities of the form

1 _1(xTA"1x
pe(x) = WG B )7 (7]
1 _1(yTB
py(y) = WE 3 ( )7 (8]
pen(z) = - 1 e_%(ZTC_lz). 9]

(27) " (det C)1/2
Here

A D
Z_(Xay)_(xla"'7Xk:;y1,"'»yl),C_H D B ’7

and A, B, D are moment matrices defined as

A = Mg = llagll, B = [Mnin; || = [1biz]l, D = [[M&njl| = [|dis]| -
The moment matrices can be computed as follows:

[ xix;pc(z)dz = [ xixjpe(x)dx = MEE; = ai,
| yiyipc(z)dz = [ yiyip,(y)dy = Mnin; = bij, (10]
fxiyjpc(z)dz = Mgl’l’jj = dU

On substituting these expressions in Eq. 6, we have
1 detA-detB 1 - - _
J(&mn) = */{*ilogw + 3 [(XTA 1X) + (yTB 1y) — (ZTC 12)} }pq(z)dz. [11]

Next, we can write:

f (xTA_lx) pe(z)dz = f (xTA_lx) pe(x)dx =T (A_IA)

J ("B ly) pc(z)dz = [ (y' B 'y) py(y)dy =T (B™'B) =
f (ZTC_lz) pe(z)dz =T (C_IC) = 2m,

m [12]

where 7 (K) denotes the trace of matrix K, i.e., the sum of its diagonal elements. Therefore, we can write a simplified form
of Eq. 11 as follows:

i det A -detB
J(E,n)—glogw. (13]
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When £ and 7 are one-dimensional random variables (as in the case of a gene expression vector), Eq. 13 becomes ((6) p. 216)

J(&m) = 3 log [1L = r*(&,m)] 14

where r(£,n) is the correlation coefficient of £ and 7. The plot of the mutual entropy between two random variables (denoting
two gene expression vectors) are shown in Fig. S1. Note that Eq. 14 can be extended directly to the general case of arbitrary
multidimensional vectors and this has been discussed in detail in Ref. (6) page 217.
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Fig. S1. Mutual entropy plotted against correlation coefficient between two genes. Source data are provided as a Source Data file.

The general formulation Eq. 1 reveals that genomap has higher entropy than other data format (such as 1D, random
mapping, and vec2image (7)). The space-independent part of the entropy equation is same for all the data formats. However,
genomaps have higher spatial entropy than other data formats because of the higher spatial correlation among the neighborhood
genes. For random mapping, the spatial entropy is lower because of the low correlation among the neighborhood genes. The
same argument is applicable for 1D expression vectors. In vec2image, t-SNE or other embedding method is used to create the
images without any constrain(s) on the spatial locations of the genes. In other words, similar genes get clustered without any
optimization of their positions for maximizing the entropy. As a result, many genes located at the outer region of the clusters
have less number of neighbors than those located in the center of the cluster. The same is true for those non-clustered (i.e.
isolated) genes. Thus the entropy of vec2image images is less than that of genomaps. To be more specific, in vec2image, the
grid size is normally taken much larger than the gene number (as an example, in study of Ref. (7), the authors have used
120X120=14400 grid points for < 5000 genes (see Fig. 3 of Ref. (7)). For such sparse gene positions, the spatial entropies
of the genes located at the outer region of clusters and those isolated genes are very small due to the reduced numbers of
neighboring genes. There are hundreds of such peripheral and isolated genes in vec2image images as seen in all four plots of
Fig. 3E of Ref. (7)). The computed spatial entropy for four different data formats (1D, 2D random, genomap, and vec2image)
for three scRNA-seq datasets are reported in Table S1, where it is seen that genomap achieves much higher entropy than all
other data formats.

Table S1. Spatial entropy for different methods

Dataset 1D gene expression  Random map  Vec2image Genomap
T cell landscape 5.0097 5.1222 4.3703 9.9993
Retinal bipolar neurons 1.9993 1.5951 1.7217 9.1272
Ischaemic sensitivity-lung 5.2192 21.0778 22.3455 28.5176
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3. Genomaps generated from the TM dataset
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Fig. S2. Genomaps of 45 different cell classes in the TM data. Genomaps of other 10 classes in the TM data are shown in Fig. 2 of the manuscript. Cell classes corresponding
to the label numbers on the left are shown in Fig. S3. Misclassified genomaps by the proposed technique are labeled by red box.
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No Cell class Figure No Cell class Figure
1 B cell Fig.S2 31 keratinocyte Fig.2
2 DN1 thymic pro-T cell Fig.52 32 kidney capillary endothelial cell Fig.S2
3 Fraction A pre-pro B cell Fig.2 33 kidney cell Fig.S2
4 Langerhans cell Fig.52 34 kidney collecting duct epithelial cell Fig.S2
5 T cell Fig.52 35 kidney loop of Henle ascending limb epithelial cell Fig.S2
6 alveolar macrophage Fig.52 36 kidney proximal straight tubule epithelial cell Fig.S2
7 basal cell Fig.52 37 late pro-B cell Fig.2
8 basal cell of epidermis Fig.2 38 leukocyte Fig.S2
9 basophil Fig.52 39 luminal epithelial cell of mammary gland Fig.S2
10 bladder cell Fig.S2 40 lung endothelial cell Fig.S2
11 bladder urothelial cell Fig.2 41 macrophage Fig.52
12 blood cell Fig.52 42 mast cell Fig.52
13 cardiac muscle cell Fig.S2 43 mesangial cell Fig.S2
14 ciliated columnar cell of tracheobronchial tree Fig.S2 44 mesenchymal cell Fig.52
15 classical monocyte Fig.52 45 mesenchymal stem cell Fig.52
16 dendritic cell Fig.52 46 monocyte Fig.52
17 duct epithelial cell Fig.52 47 myeloid cell Fig.52
18 early pro-B cell Fig.52 48 natural killer cell Fig.52
19 endocardial cell Fig.52 49 neuroendocrine cell Fig.52
20 endothelial cell Fig.52 50 non-classical monocyte Fig.52
21 endothelial cell of hepatic sinusoid Fig.52 51 proerythroblast Fig.S2
22 epithelial cell Fig.S2 52 promonocyte Fig.2
23 erythroblast Flgus 53 skeletal muscle satellite cell Fig.S2
24 fibroblast Fig.52 54 stromal cell Fig.S2
25 granulocyte Fig.S2 55 type Il pneumocyte Fig.S2
26 granulocytopoietic cell Fig.2 T

27 hematopoietic precursor cell Fig.S2

28 hepatocyte Fig.2

29 immature B cell Fig.2

30 immature T cell Fig.52

Fig. 83. Cell classes in TM data
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Fig. S4. Classification accuracy of the proposed genomap approach and other techniques for TM data. Source data are provided as a Source Data file.
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Fig. S5. Classification accuracy of the proposed genomap approach and other techniques for TM data (left) and T-cell landscape data (right). Source data are provided as a
Source Data file.

4. 3D genomaps generated from the TM dataset

Fig. S6. 3D Genomaps of keratinocyte (1st row) and basal cell of epidermis (2nd row) at 3 different directions (from left to right).
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Fig. S7. Classification accuracy of ischaemic sensitivity dataset when the training data is (a) 30% and (b) 50% of the total data. Source data are provided as a Source Data
file.
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Fig. S8. Quantitative comparison of the proposed approach in discovering class-specific genes with the state-of-the-art Cell-ID technique. (a-left) The ground truth activity
scores of the 5 marker genes of B-cells, T-cells, and hematopoietic (HP) cells from sci-ATAC-seq dataset. (a-right) Activity scores of the 5 genes from the Cell-ID technique.
(b-left) Activity scores of the 5 genes from the proposed approach. (b-right) Cosine similarity between the ground truth and results from Cell-ID and the proposed technigue.

Source data are provided as a Source Data file.
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5. Analysis of features extracted from genomaps using Xception DNN

To extract deep configurational features, the genomaps for all the 55 classes of the TM data are used to train an Xception
deep neural network (DNN). For the cells shown in the first column of Fig. 2, some extracted features at the end of model
training are are displayed in Fig. S9. It is seen that the early layers of the network are focused on local (or low level) features
of genomaps whereas the deep layers extract global (or high level) features. For example, for keratinocyte cells (1st row of
Fig. S9), the low level features of the doughnut are extracted by the early layers. The high level features captured by the
deep layers are shown in the last four columns of Fig. S9. Different from keratinocyte cells, there are little important global
features in immature B-cells (last row of Fig. S9) as most pixels other than the central ones have very low expression values
(last row of Fig. 2). Indeed, the last five columns corresponding to the immature-B cells have essentially no features. Similar
discussion also applies to other cell classes in Fig. S9.
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Fig. S9. Exemplary Xception network features extracted from the genomaps of 10 different cells belonging to different classes (each row corresponds to a class) from Tabula
Muris dataset. Specifically, two feature maps of the cells obtained by using two different convolutional filters at layers 21, 33, 79, 92, and 110 are shown in the 1st and 2nd,
3rd and 4th, 5th and 6th, 7th and 8th, and the 9th and 10th columns, respectively. Here, the lowest and highest values in the genomaps are denoted by blue and yellow colors,
respectively. It is interesting that the early layers extract features that are local (or low level) and the deep layers extract global features (or high level features). For example,
in the 1st row (granulocytopoietic cells), the early layers of the network (21, 33) extract the center and circular features from the genomap. Similarly, in the early layers of the
2nd row (erythroblast cells), the features in the central region show high values. When going deeper in the network, one sees that there are no important global features in
erythroblast cells (5th-10th columns). This is reasonable as most of the genes in this class have zero expression on the genomaps other than the central ones (see Fig. 2).
In granulocytopoietic cells, we see that the deeper layers find some global/high level structure information in the genomaps (9th and 10th columns). This is also sensible as
the genes all over the genomaps in granulocytopoietic cells have high expression values and interact each other strongly.
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Fig. S$10. Classification accuracy of the proposed approach and other techniques for pancreatic datasets by Wang et al. (left) and Xin et al (right). Source data are provided
as a Source Data file.

16 of 25 Islam and Xing



6. Cell compositions of the analyzed datasets
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Fig. S11. Cell composition of TM dataset. Source data are provided as a Source Data file.
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Fig. $12. Cell composition of ischaemic sensitivity dataset from lung. Source data are provided as a Source Data file.
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Fig. $13. Cell composition of ischaemic sensitivity dataset from esophagus. Source data are provided as a Source Data file.
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Fig. S14. Cell composition of ischaemic sensitivity dataset from spleen. Source data are provided as a Source Data file.
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Fig. $16. Cell composition of pancreatic dataset. Source data are provided as a Source Data file.
7. GenoNet architecture
Table S2. Layer configurations of genoNet
Layer type Activations Learnables
Image Input 51 x bl x 1 —
Convolution 51 x 51 x 8 Weights 3 x3x1x8, Biaslx1x8
ReLU 51 x 51 x 8 —
Fully Connected 1x1x8712 | Weights 8712 x 8712, Bias 8712 x 1
RelLU 1x1x8712 | —
Fully Connected 1x1x100 Weights 100 x 8712, Bias 100 x 1
Dropout 1x1x100 -
Fully Connected 1x1x20 Weights 20 x 100, Bias 20 x 1
log softmax 1x1x20 -

Classification Output

Islam and Xing
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Table S3. Performance of genomap+genoNet for different shapes of genomaps of comprehensive classification of retinal data. 1024 most
highly variable genes are used to create square shaped genomaps below (case 1 and 3). 1088 most variable genes are used in creating
rectangular shaped genomaps (case 2).

Shape Cell classification accuracy
Square (32 x 32) 96.67%
Rectangular (64 x 16) 96.92%
Square with space filled with zeros (33 x 33) | 96.68%

Table S4. Performance of genomap+genoNet for different number of selected genes from comprehensive classification of retinal data.

Number of selected genes

Cell classification accuracy

900

96.23%

1600

97.08%

2500 97.21%

Table S5. Performance of genomap+genoNet for different number of principal components from comprehensive classification of retinal data.

Number of principal components Cell classification accuracy
900 97.59%
1600 97.38%
2500 97.67%
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8. Analysis of interaction matrix and grid distance matrix

1
1) 0
2 0.9791
3 0.9769
4 1.0082
5 1.0014
6 1.0136
7 1.0513
8 1.0012
9 1.0047
10 1.0239
1 0.9833
12 1.0158
13 1.0332
14 1.0206
15 0.9838
16 1.0030
17 1.0149
18 1.0196
19 1.0265
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1 0
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3 1.0000
4 1.0000
5 1.0000
6 14142
7 14142
8 1.4142
9 14142
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12 2.0000
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15 22361
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17 2.2361
18 22361
19 22361
20 22361
21 2.2361
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23 28284
24 28284
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Fig. S17. The values of the first 24 x 24 elements in C'=1-interaction matrix.
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Fig. $18. The values of the first 24 x 24 elements in the grid distance matrix C for sorted grid position.
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Fig. $19. The heatmaps of C'=1-interaction matrix (1st row) and C=grid distance matrix (2nd row) for the TM dataset. Grid distance matrix is computed from the mesh
distance matrix shown in 3rd row. Grid positions are sorted before computing grid distance matrix here. From the grid distance matrix, it is seen that as the distance of
a grid location from the center (1st row/column of C-2nd row) increases, the distance value increases (see Fig. S18). Thus, when optimal transport is used to reduce the
discrepancy between C and C. it attempts to put highly interacting genes close to each other in the center and genes with low interaction to the periphery.
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9. Analysis of genomap performance for selection of different number of HVGs and PCs

Table S6. Number of cells and genes of the datasets in genomap analysis

Dataset

Raw

Genomap analysis

Tabula Muris

19,791 genes and 54,865 cells

1,089 genes and 54,865 cells

Ischaemic sensitivity-lung

25,204 genes and 57,020 cells

2,704 genes and 57,020 cells

Ischaemic sensitivity-esophagus

24,245 genes and 87,947 cells

1,521 genes and 87,947 cells

Ischaemic sensitivity-spleen

22,612 genes and 94,257 cells

1,600 genes and 94,257 cells

T cell landscape

27,998 genes and 24,007 cells

1,089 genes and 24,007 cells

Transcriptome lineages of a proto-vertebrate

15,037 genes and 90,579 cells

729 genes and 90,579 cells

Retinal bipolar neurons

13,166 genes and 27,499 cells

1,089 genes and 27,499 cells

Fig. S20. DEMaP of different methods in trajectory analysis of proto-vertebrate data when 200 (left ) and 300 (right) principal components are used. Source data are provided

as a Source Data file.

Fig. S21. DEMaP of different methods in trajectory analysis of proto-vertebrate data when 2000 (left ) and 3000 (right) HVGs are used. Source data are provided as a Source

Data file.
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10. Color legends for cell classes
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Fig. S22. Legends of ischemic sensitivity dataset (lung (a), esophagus (b) and spleen (c)).
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Fig. $23. Legends of T cell landscape dataset.
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