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scRNA-seq Analysis Workflow Overview
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Pre-menopausal

Clinical Use Case Example
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Clinical Use Case Example
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Integration, Clustering and Annotation
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Cellular Decomposition
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Cellular Proportion and DEGs
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Ligand-Receptor Interactions
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Hippo Clustering & Clinical Signal
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Hippo Clustering & Gene Over-Expression
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Ligand-Receptor & Velocity Analysis
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scRNA-seq Analysis Workflow Coding Tools
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scRNA-seq Analysis Coding Assistance - Al
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Al-assisted coding

[E] @ scRNA-seqSeuratWorkflow X = + ~ 9 [im)
c (O chatgpt.com/c/69a0d3ad-6954-8328-8712-8dc4938754f1 B & @sinin | g = scRNA-seq analysis workshop | Seurat scRNA-seq analysis workflow
ChatGPT ~ & Free offer x I, Share -+
write me a R seurat code to do scRNA-seq analysis? write me a R seurat code to do scRNA-seq analysis
Below is a clean, end-to-end Seurat (v4(v5 compatible) R workflow for standard Here's acomprehensive Seurat scRNA-seq analysis pipeline in R:
scRNA-seq analysis.
It covers QC = normalization = HVGs = scaling = PCA = clustering = UMAP > r
marker detection = annotation support.
You can copy-paste and adapt paths/parameters to your dataset.
# --- 1. Install & Load Libraries ---
— # install.packages("Seurat")
1
. Load paCkages # install.packages("tidyverse")
# BiocManager::install("glmGamPoi")
(0]
a g ” @ |
[} 8 library(Seurat) l}br\ar\v(StlauratJ
s " library(dplyr) l}brarv(tldvver'ss)
'S [¥] library(ggplot2) library(patchwork)
W) - library(patchwork)
o = # 2. Load Data
me # =================z============================SS=============
ot (& Load data (10X example)
9 _Q # Option A: 10X Genomics data
m m 5 counts <- Readl@X(data.dir = "path/to/10x/filtered_feature_bec_matrix/")
W R
o # Path to 10X directory (barcodes.tsv, features.tsv, matrix.mtx} # Option B: Read a counts matrix directly
O data_dir <- "path/to/10X_folder" # counts <- read.csv("counts_matrix.csv", row.names = 1)
>
= counts <- Read1®X(data.dir = data_dir) # Create Seurat object Ny
; < seu <- CreateSeuratobject( seurat_obj <- CreateSeuratObject(
= '
& counts = counts 4
g t ’ project = "scRNAseq", Reply...
=) + 5 Sonnet 4.6 ~
= + Ask anything ) o
=
=0 ChatGPT Claude

e
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Al-assisted coding comparisons

Code generated in modular

Codes format  chunks based on analysis Coe genelEize as & il scip

organized by analysis sections

functions
i Provides more detailed Provides less detailed
Interpretations : . . : .
explanations and interpretation interpretation

May require some restructuring

Execution ) )
before direct execution

Usually easier to execute directly

Free and subscription options available Free tier available; advanced

Cost . .
tools may require subscription

w @
5 @
e v
D n
T Y
g
SE
o8
ot
=]
M o

Modifications  Easy to modify to address questions or adjust analysis
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Al-assisted coding cont.
Side-by-Side Coding Comparison «

Feature & Claude 3.5 Sonnet/Opus ChatGPT (GPT-40 / 01)

Best For Complex logic, large context, U/ Rapid prototyping, boilerplate, quick
web apps scripts

Code Reasoning  Highly consistent, excellent at Strong, but occasionally less nuanced
debugging

h

Context Window  Up to 1,000,000 tokens (handles Up to 128,000 tokens (smaller)

8 :3: many files)
[ —
D n
= g Code Artifacts Ul (renders HTML/JS/ Canvas/Code Interpreter (good, but
'§; .g Visualization C5S live) less interactive)
=]
m m
- O Speed Moderate, sometimes slower with  Very fast
. large code
-
A,
@ <l:
= U Multi-file Logic Strong, understands repo-level Moderate, best with smaller, contained
e
= — context tasks
)
o L
E U Strengths Writing clean, accurate code with Versatility (voice, image, search, data)
b e reasoning

Pics. source
Google Al overview comparison results.



Al-assisted coding comparisons

_ ChatGPT Claude v

Code generated in modular

Codes format  chunks based on analysis Coe genelEize as & il scip

organized by analysis sections

functions
i Provides more detailed Provides less detailed
Interpretations : . . . .
explanations and interpretation interpretation

http

May require some restructuring

Execution ) )
before direct execution

Usually easier to execute directly

Free and subscription options available Free tier available; advanced

Cost . .
tools may require subscription

Biological Sciences
Bioinformatics Core

Modifications  Easy to modify to address questions or adjust analysis

Downloaded Claude codes directly for randi HPC execution with requesting
modification by providing more detailed information regarding to the code tailoring.

3 CHICAGO




Al-assisted coding cont.

[v11228cri22in®@2 scRNA-seq_2026_workshopl]$ pwd

/gpfs/data/biocore-workshop/scRNA-seq_2026_workshopl

[yli22@cri22in@@2 scRNA-seq_2026_workshopl]$ 11

total 163

-rw-r--r-- 1 yli22 cri-biocore_workshop 21839 Mar
cri-biocore_workshop 14431 Mar
cri-biocore_workshop 21321 Mar
cri-biocore_workshop 19837 Mar
cri-biocore_workshop 15518 Mar
cri-biocore_workshop 621 Mar

claude_code_partl.R
claude_code_partl_run.log
claude_code_partl_update.R
claude_code_partl_update_run. log
claude_code_partZ.R

2
2
2
2
2
2
cri-biocore_workshop 642 Mar 2
3
2
2
2
2
7

O
-
= cri-biocore_workshop 4096 Mar
) cri-biocore_workshop @ Mar run_claude_partl.6403362.err
= cri-biocore_workshop 98 Mar run_claude_partl.6403362.out
" @ cri-biocore_workshop @ Mar run_claude_partl_update.6484591.err
§ 3 cri-biocore_workshop 98 Mar run_claude_partl_update.6484591 . out
o n drwxr-s--- 2 yli22 cri-biocore_workshop 4896 Feb 2
%
g E
o2
NS
o9
m o
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Al-assisted coding cont.

[yli22@8cri22in@@l testData]$ pwd
pfs/data/biocore-workshop/scRNA-seq_2026_workshopl/testData
[yli22@cri22in@@l testData]$ 11
total 2
Lrwxrwxrwx 1 yli22 cri-biocore_workshop 8@ Feb 27 17:4@ 3041A
Lrwxrwxrwx 1 yli22 cri-biocore_workshop 8@ Feb 27 17:41 3041F
Lrwxrwxrwx 1 yli22 cri-biocore_workshop 8@ Feb 27 17:41 3396A
Lrwxrwxrwx 1 yli22 cri-biocore_workshop B@ Feb 27 17:41 3396F
[yli228cri22in@@l testDatal$ tree -L 2 /gpfs/data/biocore-workshop/scRNA-seq 2025_workshop3/testData/data2_seurat/3*

https://cr
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Claude sequential requesting

1. write me a R seurat code to do scRNA-seq analysis
lim]

scRNA-seq analysis workshop [ Seurat scRNA-seq analysis workflow

write me a R seurat code to do scRNA-seq analysis

Here's a comprehensive Seurat scRNA-seq analysis pipelinein R:

I

--- 1. Install & Load Libraries ---
install.packages("Seurat")
install.packages("tidyverse")
BiocManager::install("glmGamPoi")

*T o

library(Seurat)
library(tidyverse)
library(patchwork)

Biological Sciences
Bioinformatics Core

# Option A: 10X Genomics data
counts <- Read10X(data.dir = "path/to/10x/filtered_feature_bc_matrix/")

# Option B: Read a counts matrix directly
# counts <- read.csv("counts_matrix.csv", row.names = 1)

# Create Seurat object \p
seurat_obj <- Cr-eateSeuratUbject(

CHICAGO

Reply...
+

h
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Claude sequential requesting

1. write me a R seurat code to do scRNA-seq analysis

2. above analysis is conducted on a single samples, can you provide me codes for multiple samples
integration scRNA-seq analysis?

3. canyou provide me codes with RPCA integration methods for multiple samples scRNA-seq
integration analysis

4. this is the data structure of cellranger analysis results from 4 samples, can you provide me

integration analysis code for these 4 samples _

[yli22@cri22in@®@l biocore-workshopl$ tree scRMA-seq_2826_workshopl/testData/
scRNA-seq_2026_workshopl/testData/

|-— 3041A -> /fgpfs/data/blocore-workshop/scRNA-seq_ 2025 workshop3/testData/data2_seurat/3041A
|-— 3041F -= /fgpfs/data/blocore-workshop/scRNA-seq_2025_workshop3/testData/data2_seurat/3041F
|—— 3396A -> /gpfs/data/blocore-workshop/scRNA-seq_2025_workshop3/testData/data2_seurat/3396A
‘== 3396F -> /gpfs/data/biocore-workshop/scRNA-seq_2825_workshop3/testData/data2_seurat/3396F

h

Q: What files are inside each sample folder? (e.g., 3041A)

A: Older 10X: barcodes.tsv, genes.tsv, matrix.mtx, [yli22@cri22in001 3041A]$ Il
[gpfs/data/biocore-workshop/scRNA-
seq_2025_workshop3/testData/data2_seurat/3041A total 7008 -rwxr-xr-x 1
yli22 cri-biocore_workshop 15587 Apr 7 2022 barcodes.tsv -rwxr-xr-x 1yli22
cri-biocore_workshop 1572776 Apr 7 2022 genes.tsv -rwxr-xr-x 1yli22 cri-
biocore_workshop 5553384 Apr 7 2022 matrix.mtx

Q: What do the sample names represent? (helps set up condition metadata)
A: 3041and 3396 are two different patients/donors

Biological Sciences
Bioinformatics Core
ul

6. let's only output into pdf files, no need to output into both png and pdf files. 2) let's separate
codes into 2 parts, the first 10 until “11. Marker Visualization’ as first part for integration, the rest
as part2 for visualization.

J CHICAGO




Claude sequential requesting cont.

Error execution while running codes on randi

7. files can also be in *gz format in addition to 'required <- c("barcodes.tsv", "genes.tsv",
"matrix.mtx")’

Execution successful, warning messages in the log files

G
=~
~
§ 8. There are 2 types of warning messages, 1 Warning: Default search for "data" layer in "RNA"
< assay yielded no results; utilizing "counts" layer instead.; 2: Warning: When testing 20 versus all:
- data layers are not joined. Please run JoinLayers. Please update above codes
O
gg [v1122@cri22in®@2 scRNA-seq_2026_workshopl]$ pwd
E:E Sgpfs/data/biocore-workshop/scRNA-seq 2026_workshopl
T E [yli22@cri22in@@2 scRNA-seq_2026_workshopl]$ 11
50 total 163
%-g -rw-r--r-- 1 yli22 cri-biocore_workshop 21839 Mar claude_code_partl.R
@ @

cri-biocore_workshop 14431 Mar
cri-biocore_workshop 21321 Mar
cri-biocore_workshop 19037 Mar
cri-biocore_workshop 15518 Mar
cri-biocore_workshop 621 Mar

2

2 claude_code_partl_run.log

2

2

2

2
cri-biocore_workshop 642 Mar 2

3

2

2

2

2

7

claude_code_partl_update.R
claude_code_partl_update_run.log
claude_code_partZ.R

cri-biocore_workshop 4096 Mar
cri-biocore_workshop @ Mar
cri-biocore_workshop 98 Mar
cri-biocore_workshop @ Mar

run_claude_partl.6403362.err
run_claude_partl. 6483362 . out
run_claude_partl_update.&484591. err
run_claude_partl_update.6484591.out

50
=0
£ <
=
=
=4S

cri-biocore_workshop 98 Mar
drwxr-s--- 2 yli22 cri-biocore_workshop 4896 Feb 2




Pitfalls — Al assisted coding?

These two warnings are common in Seurat v5. Here's what causes them and the fixes:

Warning 1 — Seurat v5 uses a layered assay structure. After IntegrateData() ,the RNA
assay loses its data layer until you explicitly normalize it. Fix: call NormalizeData()
immediately after switching DefaultAssay backto "RNA" .

Warning 2 — In Seurat v5, merged objects keep per-sample layers separate (e.g.,
counts.3041A , counts.3041F ). FindAllMarkers() needsthem joined into asingle layer
first. Fix: call JoinLayers() before any DE analysis.

.¢ 1. Pay attention for code execution error

2o

2; 2. Pay attention for code execution warnings
¢2 Advantages:

1. Efficiency: easy to use

2. Self correction: providing execution feedbacks

y CHICAGO
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Pitfalls — Al assisted coding?

Cell Counts Before vs After QC Filtering 269~ #
7165 270 # 6. Filter Cells
271~ #
272 # *** Tune thresholds after inspecting QC plots ***
60009
5563 5416 273
274 - seurat_list <- lapply(seurat_list, function(obj) {
» 275 subset(obj,
8 400 Stage 276 subset =[nFeature_RNA > 200 &
5 3497 W Ater 277 nFeature_RNA < 5000 &
2 W e 278 nCount_RNA > 500 &
2 279 nCount_RNA < 25000 &
20001 280 |percent.mt < 20 & |
281 0gl@GenesPerUMI > @.80)
938 282~ 1)
651 -
J =
0-
o «5‘5‘”{( rs?# %?é‘
o w QC Metrics Before Filtering: 3041A
E :.E nFeature_RNA nCount_RNA percent.mt percent.rb
E E 4000 1 15000 1 404
- 3
oc
o9 3000 1 30
o 100001 40
|59
O O 2000 201
>
= U 50001 201
@ ] 10
ﬁ <1:: 1000
A2 2 A2 A2
e s s e §
T U Identity Identity Identity Identity
=
g%
&




Pitfalls — Al assisted coding?

348 - ¥
QC MetricsBefor 349  # 7. Normalize & HVGs Per Sample
nFeature_RNA nCount_RNA 3580~ #
4000 15000 351
352 - seurat_list <- lapply(seurat_list, function{obj) {
2000 353 obj <- NormalizeData(obi,
10000 - 354 |nnr’malizatinn.methud = "LogNormalize",
355 T =EEEEs
2000 1 356 verbose = FALSE)
5000 ] 357 obj <- FindVariableFeatures({obj,
10001 358 =
“ 359
ol 368 verbose = FALSE)
RS RS 361 return(obj)
e oS 362« 1)
Identity Identity 363
364 cat("‘\nSaving HVG plots...wn")
385 - for (s in names{seurat_list)) {
Sé ltering: 3041A 366 topl® <- head(VariableFeatures{seurat_list[[s]]), 1@)
E @ percent.mt percent.rb 367 p <= LabelPnints["l.l’ariab'leFeatur‘ePlot[seumt_list[[s]]),
e 0 368 points = topl®, repel = TRUE) +
- g 369 ggtitle(paste("Highly Variable Genes:", sJ)J
-%:é 379 save_pdf(p, filename = paste®d("@5_HVG_", s), width = 8, height = &)
_g g 401 301 371+ }
oo 372
201 373~ #
20 374 # B. Integration Features & Per-5ample 5caling + PCA
375~ ¥
101
376
377 integration_features =- SelectIntegrationFeatures(
0_

. 01 . 378 object.list = seurat list
]
@u"?‘ @h\v 379 I nfeatures = 3000

s O
@)
2 <
0
7, e
- ac
HO)

Identity Identity 388
381 cat{pasted("“nIntegration features selected: ",
382 length{integration_features), "“n")J
IR
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Standardized Variance

Pitfalls — Al assisted coding?

I~
L

i+
N

Highly Variable Genes: 3041A

~CLU

HLA-DRB1 ,HLA-DRA
AHE\ RGS1-CD74
Ha TM4SF1

MT2A “SRER-ANXA1

1e-01 10+00 1e+01 1e+02

Average Expression

10-02

No need for regression

Non-variable count: 10474
Variable count: 3000

Standardized Variance

. Hbb-bs
« Ttn
151
. Hba-a1
. Hba-a2
104
« Hbb-bt
.Cadmz » Csmd1
itzp Nt
. « Ghr
5 -
-
D -

1e-02 18400 10402

Average Expression

Regression needed

Non-variable count: 18745
Variable count: 5000



Pitfalls — Al assisted coding?

These two warnings are common in Seurat v5. Here's what causes them and the fixes:

Warning 1 — Seurat v5 uses a layered assay structure. After IntegrateData() ,the RNA
assay loses its data layer until you explicitly normalize it. Fix: call NormalizeData()
immediately after switching DefaultAssay backto "RNA" .

Warning 2 — In Seurat v5, merged objects keep per-sample layers separate (e.g.,
counts.3041A , counts.3041F ). FindAllMarkers() needsthem joined into asingle layer
first. Fix: call JoinLayers() before any DE analysis.

g
.¢ 1. Pay attention for code execution error
20
"% 2. Pay attention for code execution warnings
22 3. Be familiar with the coding language you are using, the same as

execution functions, so that you can ask precise questions for
coding assistance and modifications.

3 CHICAGO




Pitfalls — single cell vs population

STEP 1 — UMAP: PER-CELL PREDICTIONS (T CELL MINORITY VISIBLE IN ALL CLUSTERS) STEP 1 — T CELL-LABELLED CELLS HIGHLIGHTED AND EXTRACTED FROM EVERY CLUSTER
e .. .- Cluster 2""*-, A, . " Cluster 2" "=~
"' ‘,. 'l' 1. "" q"!‘. " !.
i Cluster 1 M ] ® [ ] v 5 e Cluster 1 .- ... .,
- 4 F g o *u i s
7 e%e o eGeWg : E "
i o® ... ] ) ®ge ] 4 L 1 :
. L] [ ' " . " ]
i @ ® ® @ 1 . @ 9 [ ] r i ] r
' 3 . / ! 3 ;
. Je ® ' :
L g teal = L. e
RRREEEETTE ot aammmmmaa ..
'r’. .‘\.
r M
r: . . . .‘ "
! o :
[ ew%e |
kY '.. 9 3
7 2 - -
8 8 ® Macrophage Menocyte @ T'&u_?_w_éu,-' Other © Macrophage Other
= -
9 wn
ops
[T
f_u E STEP 2 — TALLY VVOTES WITHIN EACH CLUSTER — ASSIGN MAJORITY LABEL STEP 2 — T CELL LABELS EXTRACTED FROM EVERY CLUSTER REGARDLESS OF CLUSTER IDENTITY
LS
oo Cluster 1 — Macrophage 60% Cluster 1 Macrophage 60% (ignored)
2 .E Monocyte 22% _.m Monocyte 22% (ignored)
g l:% B e 1o B 7 cell 12% «— extracted

Other 6% Other 6% (ignored)

cluster2 (I - 75% Cluster2 (N ! 755 - extracted
[ e NK 15% (ignored)
Other 10% Other 10% (ignored)
Cluster 3 L e Cluster 3 NK cell 72% (ignored)
B e e _m B o 165 - extracted

Other 12% Other 12% (ignored)

¥ T cell minority in C1 (1296) and C3 (16%) discarded as classifier noise. [ T cell-labelled cells from C1+ C2 + C3 pooled — reported as one "T cell” population
Final: 3 clusters — 3 labels (Macrophage-like, T cells, MK cells). |__XCA T cells come from a myeloid cluster. C3 T cells come from an NE cluster. J
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Pitfalls — single cell vs population

STEP 1 — UMAP: PER-CELL PREDICTIONS (T CELL MINORITY VISIBLE IN ALL CLUSTERS)

v
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.’.‘ Y o @ " % ® ®
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Claude assistance generated pics.
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Pitfalls — interpretations
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Common Pitfalls
¢ Coding: parameter options

¢ Results interpretations for experiment

validation

=
(%]
o
B

<

» single cell vs cell population/cluster

Biological Sciences
Bioinformatics Core

» random sample vs group

» group comparison: over-representation or pair-wise

DEGs

& CHICAGO
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Bioinformatics Core Offered Services

» NGS sequencing data analysis

*** bulk sequencing data analysis

* bulk RNA-seq, bulk ATAC-seq, Cut&Run, Library screen CRISPR etc.
* standard 10 hours workflow analysis
* 2 weeks results turn around time

¢ single cell data analysis

* scRNA-seq, scATAC-seq, OMICS etc.
* standard 50-60 hours workflow analysis
* 4-6 weeks results turn around time

*» spatial data analysis

* visium, xenium, GeoMx, spatial data analysis

» Grant writing assistance: Aims, power computation etc.
» Consultation: first hour free consultation, in person office hours

» Application development

Contact us: bioinformatics@bsd.uchicago.edu
Submit a project request: https://biocore.cri.uchicago.edu/




Weekly In Person Free Consultation

» HPC system team: Randi Support
@ Every Tuesday afternoon 12:00 PM - 2:30 PM
* Location: Peck Pavilion N161

& slack Group: https://join.slack.com/t/criscientific-
dzi9891/shared invite/zt-2kghy4392-1ELPfgn8pL5BcXk40F9D4g

p]
<

» In-person office hours bioinformatics
@ Every Tuesday afternoon 12:30 PM - 3:30 PM
* Location: Peck Pavilion N161
* Bioinformatics related questions
 Experimental design questions

Biological Sciences
Bioinformatics Core

> Biostatistical Questions
@ First Tuesday of Each Month 12:30 PM - 3:30 PM
e Location: Peck Pavilion N161

y CHICAGO

g THE UNIVERSITY OF

#id



https://join.slack.com/t/criscientific-dzi9891/shared_invite/zt-2kghy4392-1ELPfgn8pL5BcXk4oF9D4g
https://join.slack.com/t/criscientific-dzi9891/shared_invite/zt-2kghy4392-1ELPfgn8pL5BcXk4oF9D4g
https://join.slack.com/t/criscientific-dzi9891/shared_invite/zt-2kghy4392-1ELPfgn8pL5BcXk4oF9D4g
https://join.slack.com/t/criscientific-dzi9891/shared_invite/zt-2kghy4392-1ELPfgn8pL5BcXk4oF9D4g
https://join.slack.com/t/criscientific-dzi9891/shared_invite/zt-2kghy4392-1ELPfgn8pL5BcXk4oF9D4g
https://join.slack.com/t/criscientific-dzi9891/shared_invite/zt-2kghy4392-1ELPfgn8pL5BcXk4oF9D4g
https://join.slack.com/t/criscientific-dzi9891/shared_invite/zt-2kghy4392-1ELPfgn8pL5BcXk4oF9D4g

CENTER FOR RESEARCH INFORMATICS
BIOINFORMATICS CORE

Bioinformatics Workshop Learning Series

Thanks for your attention!

Yan Li, Ph.D.
yli22@bsd.uchicago.edu

Workshop feedback survey:
https://mycri.cri.uchicago.edu/educations/trainings/81/survey/



CENTER FOR RESEARCH INFORMATICS
BIOINFORMATICS CORE

Bioinformatics Workshop Learning Series

UPCOMING WORKSHPS:

>
>

>

April 10" by Diana Vera Cruz: geoMx spatial data analysis

May 22" by Jason Shapiro: Visium/ Xenium spatial data
analysis

Summer Break

October & November: TBA
Yan Li, Ph.D.
yli22@bsd.uchicago.edu

Workshop feedback survey:
https://mycri.cri.uchicago.edu/educations/trainings/81/survey/
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