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Supplementary Note 1
Cloning into 'pycogaps'...
remote: Enumerating objects: 1570, done.

remote: Counting objects: 100% (290/290), done.

remote: Compressing objects: 100% (191/191), done.

remote: Total 1570 (delta 160), reused 154 (delta 97), pack-reused
1280

Receiving objects: 100% (1570/1570), 8.97 MiB | 15.06 MiB/s, done.
Resolving deltas: 100% (950/950), done.

Filtering content: 100% (4/4), 2.29 GiB | 21.49 MiB/s, done.
Submodule 'src/CoGAPS' (https://github.com/FertiglLab/CoGAPS.git)
registered for path 'src/CoGAPS'

Cloning into '/Users/fertiglab/pycogaps/src/CoGAPS'...

remote: Enumerating objects: 16976, done.

remote: Counting objects: 100% (343/343), done.

remote: Compressing objects: 100% (156/156), done.

remote: Total 16976 (delta 201), reused 312 (delta 187), pack-reused
16633

Receiving objects: 100% (16976/16976), 177.58 MiB | 6.10 MiB/s, done.
Resolving deltas: 100% (10621/10621), done.

Submodule path 'src/CoGAPS': checked out
'e1e002caa009866d41402f3aa5ad3f97b541d962"



Supplementary Note 2

This is pycogaps version 0.0.1

Running Standard CoGAPS on provided data object ( 25 genes and 20

samples) with parameters:

-- Standard Parameters --
nPatterns: 3

nIterations: 50000

seed: 42
sparseOptimization: False
-- Sparsity Parameters --
alpha: 0.01

maxGibbsMass: 100.0

Data Model: Dense, Normal
Sampler Type: Sequential
Loading Data...Done! (00:00:00)
-- Equilibration Phase --

1000 of 50000, Atoms: 41(A), 37(P), ChiSq: 3076, Time:

00:00:00

2000 of 50000, Atoms: 51(A), 39(P), ChiSq: 1764, Time:

00:00:00

00:00:00 /

00:00:00 /

3000 of 50000, Atoms: 53(A), 41(P), ChiSq: 892, Time: ©0:00:00 /

00:00:00

4000 of 50000, Atoms: 50(A), 42(P), ChiSq: 695, Time: 00:00:00 /

00:00:00

5000 of 50000, Atoms: 52(A), 44(P), ChiSq: 519, Time: ©0:00:00 /

00:00:00
[ ..o ]

45000 of 50000, Atoms: 72(A), 51(P), ChiSq: 107, Time: 00:00:00 /

00:00:00

46000 of 50000, Atoms: 78(A), 52(P), ChiSq: 128, Time: 00:00:00 /

00:00:00

47000 of 50000, Atoms: 79(A), 48(P), ChiSq: 95, Time: 00:00:00 /

00:00:00

48000 of 50000, Atoms: 71(A), 56(P), ChiSq: 136, Time: 00:00:00 /

00:00:00

49000 of 50000, Atoms: 72(A), 47(P), ChiSq: 143, Time: 00:00:00 /

00:00:00

50000 of 50000, Atoms: 69(A), 53(P), ChiSq: 131, Time: 00:00:00 /

00:00:00
-- Sampling Phase --

1000 of 50000, Atoms: 74(A), 55(P), ChiSq: 104, Time: 00:00:00 /

00:00:00

2000 of 50000, Atoms: 75(A), 55(P), ChiSq: 123, Time: 00:00:00 /



00:00:

00

3000 of 50000, Atoms: 87(A), 49(P), ChiSq: 101, Time: ©0:00:00 /

00:00:

00

4000 of 50000, Atoms: 82(A), 47(P), ChiSq: 102, Time: 00:00:00 /

00:00:

00

5000 of 50000, Atoms: 82(A), 44(P), ChiSq: 100, Time: ©0:00:00 /
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Supplementary Note 3

>> modsimresult
AnnData object with n_obs x n_vars = 25 x 20

obs: 'Patternl', 'Pattern2', 'Pattern3’

var: 'Patternl', 'Pattern2', 'Pattern3’

uns: ‘'asd', 'psd', 'atomhistoryA', 'atomhistoryP',
‘averageQueuelengthA', 'averageQueuelengthP', 'chisgHistory',
‘equilibrationSnapshotsA', 'equilibrationSnapshotsP', 'meanChiSq’,
"meanPatternAssignment', 'pumpMatrix', 'samplingSnapshotsA',
‘samplingSnapshotsP', 'seed', 'totalRunningTime', 'totalUpdates'’

>> modsimresult.obs.head()

Patternl Pattern2 Pattern3
11.975077 0.101262 0.419482
10.741890 ©.125388 1.356528

8.950110 0.035884 2.792770

7.521177 ©.019195 3.895204

6.137812 0.014312 4.937158

P WDNREPO

>> modsimresult.var.head()

Patternl Pattern2 Pattern3
0.001125 0.000760 ©0.013232
0.075658 ©0.000514 0.135343
0.341718 ©0.002400 0.604787
0.567491 ©0.004287 1.000000
0.391151 ©0.002598 0.640158

AP WNEPO



Supplementary Note 4

scanpy==1.9.1 anndata==0.7.8 umap==0.5.3 numpy==1.23.5 scipy==1.10.0
pandas==1.2.4 scikit-learn==1.0.1 statsmodels==0.13.5
pynndescent==0.5.8
extracting highly variable genes

finished (0:00:01)
--> added

"highly variable', boolean vector (adata.var)

'means', float vector (adata.var)

'dispersions', float vector (adata.var)

‘dispersions_norm', float vector (adata.var)
/Users/fertiglab/pycogaps/venv/1ib/python3.10/site-packages/scanpy/prep
rocessing/ simple.py:843: UserWarning: Received a view of an AnnData.
Making a copy.

view_to_actual(adata)
computing PCA

on highly variable genes

with n_comps=50

finished (0:00:15)
computing neighbors

using 'X _pca' with n_pcs = 50

finished: added to " .uns['neighbors']"

" .obsp['distances'] , distances for each pair of neighbors

T .obsp['connectivities'] , weighted adjacency matrix (0:00:00)
computing UMAP

finished: added

"X _umap', UMAP coordinates (adata.obsm) (0:00:07)

WARNING: saving figure to file figures/umapepithelial pycogaps UMAP.png
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|\ / _\ | N/ _\NI|_\/ |
[ 177 L7 N1 N/ /NN N2/ /N -
[ — /7 11 /SN 2 -]
T T Y B NV A N G I I AN B R B B IN__] /
N NN N AL -/
/|
|/

pycogaps version ©0.0.1
This vignette was built using pycogaps version 0.0.1

This is pycogaps version 0.0.1
Running Standard CoGAPS on ModSimData.txt ( 25 genes and 20 samples) with parameters:

-- Standard Parameters --
nPatterns: 3

nIterations: 1000

seed: ©
sparseOptimization: False

-- Sparsity Parameters --
alpha: 0.01
maxGibbsMass: 100.0

Data Model: Dense, Normal

Sampler Type: Sequential

Loading Data...Done! (00:00:00)

-- Equilibration Phase --

1000 of 1000, Atoms: 70(A), 54(P), ChiSq: 1351, Time: ©0:00:00 / 00:00:00
-- Sampling Phase --

1000 of 1000, Atoms: 78(A), 48(P), ChiSq: 1185, Time: 00:00:00 / ©0:00:00

GapsResult result object with 25 features and 20 samples
3 patterns were learned

Pickling complete!



Supplementary Note 6

This is CoGAPS version 3.19.1
Running Standard CoGAPS on modsimdata (25 genes and 20 samples) with
parameters:

-- Standard Parameters --

nPatterns 3
nIterations 50000
seed 622

sparseOptimization FALSE

-- Sparsity Parameters --
alpha 0.01
maxGibbsMass 100

Data Model: Dense, Normal

Sampler Type: Sequential

Loading Data...Done! (00:00:00)

-- Equilibration Phase --

10000 of 50000, Atoms: 59(A), 49(P), ChiSq: 245, Time: 00:00:00 /
00:00:00

20000 of 50000, Atoms: 68(A), 46(P), ChiSq: 188, Time: 00:00:00 /
00:00:00

30000 of 50000, Atoms: 80(A), 47(P), ChiSq: 134, Time: 00:00:00 /
00:00:00

40000 of 50000, Atoms: 69(A), 46(P), ChiSq: 101, Time: ©0:00:00 /
00:00:00

50000 of 50000, Atoms: 76(A), 53(P), ChiSq: 132, Time: 00:00:00 /
00:00:00

-- Sampling Phase --

10000 of 50000, Atoms: 82(A), 52(P), ChiSq: 94, Time: 00:00:00 /
00:00:00

20000 of 50000, Atoms: 74(A), 54(P), ChiSq: 144, Time: 00:00:01 /
00:00:01

30000 of 50000, Atoms: 79(A), 47(P), ChiSq: 116, Time: 00:00:01 /
00:00:01

40000 of 50000, Atoms: 79(A), 46(P), ChiSq: 132, Time: 00:00:01 /
00:00:01

50000 of 50000, Atoms: 76(A), 48(P), ChiSq: 124, Time: 00:00:01 /
00:00:01



Supplementary Note 7

> coga

psresult

[1] "CogapsResult object with
[1] "3 patterns were learned"
> cogapsresult@sampleFactors

V1
V2
V3
v4
V5
V6
V7
V8
V9
V1o
Vil
V12
V13
V14
V15
V16
V17
V18
V19
V20

VNP NMNWDAWNRPRPUNNRNWP O WO

> cogapsresult@featurelLoadings

Gene_1
Gene_2
Gene_3
Gene_4
Gene_5
Gene_6
Gene_7
Gene_8
Gene_9
Gene_1
Gene_1
Gene_1
Gene_1
Gene_1
Gene_1
Gene_1
Gene_1

.388746e-03
.932892e-02
.992884e-01
.626218e-01
.499646e-01
.541442e-01
.266073e-01
.000000e+00
.166106e-01
.641986e-01
.295977e-02
.486760e-03
.749619%e-04
.304514e-04
.917108e-04
.356318e-04
.180223e-04
.647724e-04
.622870e-04
.930163e-05

Pattern_1

Pattern_1
11.541452
11.458824
11.200215
.484943
.622066
.901559
.183671
.455255
.721270
.993835
.339371
.336598
.051244
.588865
.184795
.830432
.490241

=
(]

(%]
1
2
3
4
5
6
7 10

O O OO NOUTO N 0 0 O

OO0 0000

Pattern_2
.0062945839
.1355465055
.6105546355
.9999989867
.6090151072
.1354408264
.0057070116
.0058223484
.0046964670
.0020137667
.0005939197
.0009508047
.0005655847
.0020806976
.0038944422
.0017714981
.0006926730
.0002741633
.0013716018
.0004655297

Pattern_2
.003959592
.011860452
.143655315
.919701695
.971993566
.780912161
.564562798
.367302418
.166158199
.958409309
.005076513
.066603549
.530350804
.326142669
.006909609
.598231554
.181848764

WINDNPEPOOOUVIUIA,WMNRERPOOOO®

25 features and 20 samples™

OO OO0 R OISO

Pattern_3

.0007746686
.0005277477
.0019834286
.0034138400
.0021458515
.0014731999
.0048238179
.0046370891
.0032584930
.0012293814
.0074665351
.1134860739
.3701201081
.7812449932
. 0000000000
.7815062404
.3694530129
.1056895107
.0139522608
.0001998204

Pattern_3

0.1725101
0.3962909
0.5942768
0.7919101
0.9882591
1.1860518
1.3833313
1.5811858
1.
1
6
5
5
5
5
5
4

7781062

.9737232
.1401019
.9148746
.6913567
.4673815
.2382684
.0155287
. 7880602



Gene_18
Gene_19
Gene_20
Gene_21
Gene_22
Gene_23
Gene_24
Gene_25

11.
11.
12.
13.
13.
14.
14.
.624031

15

132268
772452
417335
053541
705083
347120
986680

NNooou b~ b w

.768204927
.362468243
.943210602
.535136700
.107748985
.697602272
.265126705
.858362675

NWWWwWwhADDNDAN

.5618424
.3355570
.1082892
.8799365
.6509578
.4237635
.1958113
.9668522
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~ Single-cell Analysis with PyCoGAPS
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Introduction
This interactive notebook provides an interactive, step-by-step walkthrough of running PyCoGAPS (Part 1) and analyzing its output (Part 2).

This notebook provides a walkthrough using an example dataset with default parameters, and has been designed to be easily modified for custom analysis on your single-cell
data.

Simply fellow the steps and run the cells below to begin analysis and generate visualizations. Output plots will be saved automatically in the directory.

IMPORTANT NOTE - PLEASE READ:

"Project folder” throughout this notebook refers to the Project in which this GenePattern Notebook resides in. It is the previous tab apened prior to opening this "Single-cell
Analysis with PyCoGAPS" notebook. Already in thie project folder you can find the following files: "Single-cell Analysis with PyCoGAPS" (this notebook), "analysis_functions.py”
(functions for analysis that will be called later), and *"ModSimResult.txt" (toy dataset). This folder is where files throughout the procedure may need to be saved to and accessed.

Login

First login to your GenePattern account.

Supplementary figure 1. GenePattern Notebook screenshot 1. Login page for the PyCoGAPS
GenePattern Notebook module.

Part 1: Running PyCoGAPS

1. Install required packages

[ 1: M # install packages
!pip install scanpy --user
!pip install anndata==0.8 --user
!pip install gseapy --user

2. Import required packages

[61: M # import packages
import numpy as np
import pandas as pd
import pickle
import sys
import os
import matplotlib as mpl
import anndata
import warnings
import matplotlib as mpl
import matplotlib.pyplot as plt
import seaborn as 3ns
import scanpy as sc
from scipy.stats import zscore
from analysis_functions import *

3. Pre-Process Data

Supplementary figure 2. GenePattern Notebook screenshot 2. Installing required packages.



-

1. Modify PyCoGAPS parameters

We recommend starting out with a sample run to ensure you are able to run PyCoGAPS and output the expected result file. We have provided the following toy dataset in the
project folder, called "ModSimData.txt”. It will take about 5 minutes for the run to complete.

Qtherwise, load your desired data:

* If running a file saved to the project notebook (eg. the file created in the log-normalization cell), do not use the "Upload File...” button. Instead, go to the project folder, click
an the data file (eq."{filename}_log.h5ad") and copy the web Llink. Then paste this link into the "input file" box.
» Otherwise, use the "Upload File..." button to upload a file saved on your local computer.

Next, modify any parameters as desired. Descriptions of each parameter can be found below. In particular, we recommend playing around with the parameters num patterns’and
'num iterations.

After madifying the parameters, we are naw ready to run PyCoGAPS. We will take advantage of GenePatterns' cloud computing for faster runtimes. Please note that timing will
depend on factors such as the dimensionality of your data, the number of patterns to be learned, the number of iterations, and whether sparse optimization is enabled.

GenePattern Not Authenticated

You must be authenticated before the analysis can be displayed. After you authenticate it may take a few seconds for the information to appear.

Not Authenticated

You must be authenticated before the job informaticn can be displayed. After you authenticate it may take a few seconds for the job information to appear.

2. Save the Result File

After the job has successfully, completed you will see "Completed” with three outputs in blue. We want to make sure to save the "h5ad’ output which is our result file. To do so,
click the (i) icon next to the file, and select "Download File”. This will save the result file locally to your computer.

In order to perform the next analysis steps, we need to upload this result file to the project folder.

Supplementary figure 3. GenePattern Notebook screenshot 3. Modifying parameters and
starting the CoGAPS run. .

- Part 2: Analysis & Visualization
Once PyCoGAPS has completed running and the result file has been saved, we are now ready for analysis of the result.

Please follow the following steps to analyze your result.

1. Load the Result File

Next, we'll load in the result file generated from PyCoGAPS.

Make sure you have uploaded your result file into the project folder.
Replace the default result_file with your result file name.

(15): | ## EDIT HERE: REPLACE THIS LINE ONLY with the path to your result file -- make sure to upload your file in the folder
result_file = 'cogapsresult.h5ad’

# this reads the result object for use
result = anndata.read hS5ad(result_file)
print(result)

# this gets the filename of your result file, it is used to name the saved plots
filename = os.path.basename(result file).split('.')[0]

AnnData object with n_obs X n_vars = 15176 x 25442

obs: 'Pattern_l', 'Pattern 2', 'Pattern_3', 'Pattern_4',6 'Pattern 5', 'Pattern_6', 'Pattern_7',6 'Pattern 8'
var: 'Pattern 1', 'Pattern 2', 'Pattern 3', 'Pattern 4', 'Pattern 5', 'Pattern 6', 'Pattern 7', 'Pattern 8', ‘cell type'

Supplementary figure 4. GenePattern Notebook screenshot 4. Loading CoGAPS result from a
file.




2. Plot pattern UMAP

We will visualize patterns and compare it with clusters and annotations using UMAP and the scanpy package. https://scanpy-tutorials.readthedocs.io/en/latest/pbmc3k.html We
provide a wrapper function to perform basic clustering workflow in scanpy (all default parameters) and produce a plot of each pattern’s intensity displayed on the data’s UMAP
embedding.

[16]: )| plotPatternUMAP(result, fn="epithelial pycogaps")

scanpy==1.8.2 anndata==0.8.0 umap==0.5.2 numpy==1.20.3 scipy==1.6.3 pandas==1.2.4 scikit-learn==0.24.2 statsmodels==0.12.2 py
nndescent==0.5.6
extracting highly variable genes
finished (0:00:04)
--> added
'highly_variable', boolean vector (adata.var)
'means', float vector (adata.var)
'dispersions', float vector (adata.var)
‘dispersions_norm', float vector (adata.var)

/home/ jovyan/.local/lib/python3.9/site-packages/scanpy/preprocessing/ simple.py:843: UserWarning: Revieved a view of an AnnDa
ta. Making a copy.
view_to_actual(adata)

computing PCA
on highly variable genes
with n comps=50
finished (0:00:03)
computing neighbors
using 'X pca' with n pes = 50
finished: added to ~.uns['neighbors']"
"~ .obsp[ 'distances']”, distances for each pair of neighbors
" .obsp[ 'connectivities']”, weighted adjacency matrix (0:00:16)
computing UMAP
finished: added
'X_umap', UMAP coordinates (adata.obsm) (0:00:17)

Pattern_1 Pattern_2 Pattern_3 Pattern_4

= 1.0 = 1.0 = 1.0 = 1.0

0.8 0.8 r0.8 0.8

o~ 0.6 ~ 06 «~ 06 o~ 0.6
o a o a
< < < <
= = = =

=) 04 O 04 O 04 O 0.4

Supplementary figure 5. GenePattern Notebook screenshot 5. Plotting pattern UMAPS.



3. MANOVA Test

To generate statistics on the association between certain sample groups and patterns, we provide a wrapper function around statsmodels’ MANOVA function. This will allow us
to explore if the patterns we have discovered lend to statistically significant differences in the sample groups.

First, we will load in the original data. Again, make sure this data has been uploaded to the project folder.

1171: )| ## EDIT HERE: REPLACE with original data

print(result)
from analysis functions import *
orig_data = "inputdata.h5ad"

orig = anndata.read h5ad(orig_data).T

## EDIT HERE: REPLACE with interested sample groups
interested vars = ['celltype', 'IN_assigned cell type']

manova_result = MANOVA(result, orig, interested vars)

Wilks' lambda 0.0000 13.0000 25428.0000 inf 0.0000
Pillai's trace 1.0000 13.0000 25428.0000 inf 0.0000
Hotelling-Lawley trace inf 13.0000 25428.0000 inf 0.0000
Roy's greatest root inf 13.0000 25428.0000 inf 0.0000
Pattern_5 Value Num DF Den DF F value Pr > F

Wilks' lambda 0.2359 12.0000 25429.0000 6865.4393 0.0000
Pillai's trace 0.7641 12.0000 25429.0000 6865.4393 0.0000
Hotelling-Lawley trace 3.2398 12.0000 25429.0000 6865.4393 0.0000
Roy's greatest root 3.2398 12.0000 25429.0000 6865.4393 0.0000

Pattern_ 6 MANOVA result:
Multivariate linear model

Supplementary figure 6. GenePattern Notebook screenshot 6. MANOVA Test.

4. Violin Plot

Using violin plots, we can visualize association between patterns and annotated cell types.
[27]: )| pattern_names = [col for col in result.var.columns if col.startswith('Pattern')]

sc.pl.stacked violin(result.T, pattern names, groupby='cell type')

Epithelial_cancer{ & : "
Epithelial_normalq{ | Mcdlgn expression
Epithelial_unspecified in:group
N S0 O~ o 0.10.20.3
EEEEEEEE
YV UYL LOL LY
EEEEEEESE
EELELELELEL

Supplementary figure 7. GenePattern Notebook screenshot 7. Violin plots to compare patterns
between groups.



5. Pattern Markers

We will now find the markers of each pattern using PyCoGAPS’ patternMarkers function. Identifying genes that are strongly correlated with each learned pattern allows us to
begin to decipher what biological processes or states it may represent.

[29]: Y pm = patternMarkers(result, threshold="cut")

# to view marker genes for a pattern, access it like this:
genes = pm["PatternMarkers"]["Pattern_7"]
print(genes)

/opt/conda/lib/python3.9/site-packages/pandas/core/frame.py:4524: SettingWithCopyWarning:
A value is trying to be set on a copy of a slice from a Dataframe

See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user guide/indexing.html#returning-a-view-
versus-a-copy

return super().replace(
/home/jovyan/analysis_functions.py:416: UserWarning: Pandas doesn’'t allow columns to be created via a new attribute name - se
e https://pandas.pydata.org/pandas-docs/stable/indexing.html#attribute-access

ssl.stat = Arowmax.apply(func=stat, axis=l)
['SPEF2', 'PAH', 'FAM117B', 'SFTPA2', 'PDLIM4', '¥NF503', 'CITED2', 'GTPEP4', 'ZSWIMB', 'CHD5', 'TNFRSF9', 'CD3EAP', 'AMIGO
2', 'STX3', 'CAMK2G', 'RACGAPl', 'SOWAHB', 'ABRACL', 'LTBPZ', 'CDK1lB', 'MFAP1', 'UNK', 'PLEKHH3', 'Clorfll5', 'SATBl', 'BBOX
1', 'spN', 'UHRF1BPl', 'PVR', 'NLRP4', 'CAMK4', 'ZNF324', 'WWTRL', 'DYDC2', 'SHANK2', 'GBFl', 'HSPHl1', 'VDAC2', 'FAM229A', 'C
0G3', 'RFTN1', 'KRT81', 'GLP2R', 'NR3C1', 'BNTIP1', 'SLFN13', 'RABL3', 'TNKS', 'RAB30', 'ARHGAP21', 'ABTB2', 'ETNR1', 'DUS4L’,
'PDK4', 'SLC35A3', 'ABCC5', 'NRK', 'ENF439', 'TYSND1', 'SYAP1', 'GAR1', 'NOS3', 'POLR2M', 'SERPINI1']

6. Gene Set Enrichment Analysis (GSEA)

We next perform gene set enrichment analysis (GSEA) on lists of marker genes for each pattern in order to annotate the molecular precesses in the learned patterns. We
accomplish this using a wrapper around the GSEApy library.

[301: )| gsea_res = patternGSEA(result, patternmarkers=Hone, verbose=True,
gene_sets = ['MSigDB Hallmark 2020'], organism="human")

# generates plot
plotFPatternGSEA(gsea res, whichPattern = 7)

2023-03-20 21:07:49,607 [INFO] Run: MSigDB_Hallmark 2020

This is a wrapper function arcund the pygsea enrichr API.
Documentation can be found at: https://gseapy.readthedocs.io/en/latest/introduction.html

‘ i anaa A, ‘. 5

Supplementary figure 8. GenePattern Notebook screenshot 8. Computing Pattern Markers
statistic and running preranked Gene Set Enrichment analysis.



