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Spectral Flow Cytometry is amazing!!!

4 Capable of resolving remarkably similar
fluorophores — increased number of
markers per panel compared to
conventional flow cytometry (CFC)

U Allows for rapid acquisition of millions of
events in a few minutes — typically
greater number of acquired cells per
sample compared to mass cytometry (MC)

4 Spectral Flow Cytometry (SFC) datasets
have an unique combination of width and
depth compared to preceding technologies
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Spectral Flow Cytometry is amazing!!!

> Able to efficiently acquire greater number
of cells — carry out a more thorough
profiling of rare cell subsets

>~ Build one panel, evaluate multiple cell
types — invaluable for clinical studies

with limited biospecimen

> Expand our knowledge about immune
system heterogeneity
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Trade-off: Increasing analytical complexity

2 If you are only interested in a single
population of cells — analysis process
remains essentially unchanged (manual
gating with a few more gates)

@ If your goal is to characterize all cell - e
. ~ ) ~ A
populations that may be present — the ‘?Z_ e
breadth and depth of the datasets = y
complicate the analysis & &
| JDER

=
| | UNIVERSITY of MARYLAND @ @
Ul scroot o MEDICINE



Complex Datasets: Combinatorially Exponential Clusters

CD7+

CD7-
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CD7+ CD3+

O

CD7+ CD3-

CD7- CD3+

CD7- CD3-

CD7+ CD3+ CD8+

O

CD7+ CD3+ CD8-

O

CD7+ CD3-CDS8+

CD7+ CD3- CD8-

O

CD7- CD3+ CDS8 +

CD7- CD3+ CDS8 -

CD7- CD3- CD8+

CD7- CD3- CD8-

O If for a given marker in your panel, you split the
cells into positive and negative populations

O And this splitting process is repeated for every
marker in your panel

O At the end, we will have grouped cells that
only expressed the same markers

° “GFOUPS” per panel — 2Number of Fluorophores
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Complex Datasets: Combinatorially Exponential Clusters

CD7+

CD7-
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CD7+ CD3+

O

CD7+ CD3-

CD7- CD3+

CD7- CD3-

CD7+ CD3+ CD8+

O

CD7+ CD3+ CD8-

O

CD7+ CD3-CDS8+

CD7+ CD3- CD8-

O

CD7- CD3+ CDS8 +

CD7- CD3+ CDS8 -

CD7- CD3- CD8+

CD7- CD3- CD8-

O If for a given marker in your panel, you split the
cells into positive and negative populations

O And this splitting process is repeated for every
marker in your panel

O At the end, we will have grouped cells that
only expressed the same markers

* 9-color CFC panel - 512 groups at most
* 40-color SFC panel - 1.1e+12 groups (trillion)

* 60-color SFC panel - 1.2e+18 groups (quintillion)
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What even is a quintillion?

If I were to manually check for every combination...

60-color SFC panel - 1.2e+18 groups (quintillion)

(@]

1 gate, every 10 seconds — 6 groups/minute

(@]

60 minutes in an hour — 360 groups/hour

(@]

Awake 16 hours a day — 5760 groups/day

(@)

365 days per year — 2,102,400 groups/year
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What even is a quintillion?

If I were to manually check for every combination...

60-color SFC panel - 1.2e+18 groups (quintillion)

(@]

1 gate, every 10 seconds — 6 groups/minute

(@]

60 minutes in an hour — 360 groups/hour

(@]

Awake 16 hours a day — 5760 groups/day

(@)

365 days per year — 2,102,400 groups/year

....Not even close....
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Continuously since the Big Bang

60-color SFC panel — 1.2e+18 groups (quintillion)

(@]

365 days per year — 2,102,400 groups/year
Invent a time-machine, become immortal
13.8 billion years — 2.9e+16 groups/reality

(@]

(@)

13 8 bl"IOI‘I years ago j /
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Continuously since the Big Bang

* 60-color SFC panel — 1.2e+18 groups (quintillion)

° 365 days per year —» 2,102,400 groups/year

° Invent a time-machine, become immortal
° 13.8 billion years — 2.9e+16 groups/reality

° So we need ~ 50 immortal researchers working
continuously since the Big Bang just to check all
group combinations for a single 60-fluorophore
panel .fcs file
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Continuously since the Big Bang

60-color SFC panel — 1.2e+18 groups (quintillion)

(@]

365 days per year — 2,102,400 groups/year

Invent a time-machine, become immortal
13.8 billion years — 2.9e+16 groups/reality

(@]

(@)

(@]

So we need ~ 50 immortal researchers working
continuously since the Big Bang just to check all
group combinations for a single 60-fluorophore
panel .fcs file

1 file down, 99 more to go!
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Alternative: Unsupervised Analysis (Algorithms)

° Consequently, if the goal is to characterize all cell
populations present, some form of unsupervised
(algorithm) or semi-supervised analytical
approaches will be needed

° Clustering - FlowSOM, Phenograph, Xshift, etc.

° Dimensionality visualization — opt-SNE, UMAP,
PaCMAP, Phate, etc.

° Automated Gating — openCyto, flowMagic,

ElasticGate, etc.
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The challenge for unsupervised approaches
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The challenge for unsupervised approaches
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The challenge for unsupervised approaches
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The challenge for unsupervised approaches
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Adapted algorithmic tools struggle with number of events

Haserr

Now, for our final exam,
T want all of you 1o climb to
the very fop. Go on, don't be shy.
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Many of these software tools were originally
implemented as R or Python packages, for use in
analysis of mass cytometry or single-cell RNA-seq
datasets

Mass cytometry — similar number of markers,
typically fewer events, no unmixing variation due
to autofluorescence

Single-cell RNA-seq — substantially more
markers, typically way fewer events. No
equivalent “negative” gate events for not expressed
transcripts

Down-sampling becomes often necessary

@O0



Adapted algorithmic tools struggle with unmixing errors

° Adapted software packages heavily rely on
having a consistent median fluorescent

intensity (MFI) to cluster cells based on B) [+

positive or negative marker expression

Z

° Existing batch correction / normalization /
scaling tools target instrumental or
experimental level variation for correction

Spark Blue 550 - CD3

° Unmixing errors can seriously shift the MFI BVS10 - CDASRA
ranges for “negative” and “positive” cells for
individual acquired specimens
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“We discovered a novel dendritic cell cluster”

7.2.1

PE = CD3

.t*
CD56

Pacific Blue = CD19
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PerCPeF710 = CD16

e’ t ¥ s*
BV650 - CDBa
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Cola+

PerCPeF710 = CD16
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Full biological discovery potential often out of reach

"Best I candois
8 metaclusters.”

° For most spectral flow cytometry
datasets, only a handful of cell
populations end up being
analyzed by any method

=
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My PhD’s focus: HIV-exposed Uninfected Infants

A
T
Q. g e
Antiretrovirals Combinatorial
Effect
& @
01 % &
Maternal Virus/
Viral Proteins
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Our Malawian Cohort
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32-Fluorophore Spectral Flow Cytometry Panel

uv1

uv2 BUV395 [ cD62L [ (sk1y
Uv6 | |

uv7

uv9 BUV563 CD69 (FN50)
uv10 BUV615 CCR4 (1G1)
Vil BUV661 V52 (B6)
[ BUV737 D38 (HB7)
UV16 BUVE05 cD4 (SK3)

Vi [

V2

V3 Pacific Blue | cD14 | (m5e2) |

['E] Pacific Blue | CcD19 | (s)25¢) |

VA |

V5 BV430 cD161 (HP-3G10)

V6 [ [

V7

V8 BV570 | CD16 |

Vo

V10 BV605 CD45RA (HI100)
Vil BV650 CD8 (RPA-T8)
Vi3 BV711 Va7.2 (3C10)
V14 BV750 IFNy (B27)
V15 BV786 CCR6 (11A9)
Vie

B2 Alexa Fluor 488 FoxP3 (236A/E7)

B3 Spark Blue 550 CD3 (5K7)

B4 Spark Blue 574 CD45 (201) |

Bb RB613 PD1 (EH12.1)

B7

B8

B9 |
B10 RB705 | CD26 | (m-a261)
B12

B13

B14 RB780 CXCRS (RF8B2) |
YG1 PE e (ISA-3)
YG2 :

YG3 PE-Dazzle 594 | TNFa [ (mAB11)
YG4 |
YG5 PE-Cy5 | CXCR3 | (Go25H7)
YG6

YG7 PE-Fire 700 CD127 (AD19D5 )
YG8 PE-Fire 744 CD25 (M-A251)
YG9 PE-Vio 770 HLA-DR (REABOS)
YG10

R1 APC | CcD39 | (A1)

R2 | Alexa Fluor647 | L2 [ (ma1-

R3

R4 APC-R700 | €pio7a | (H4A3) |

R5

R6 Zombie NIR L/D

R7 APC-Fire 750 cD27 (0323)

R8 APC-Fire 810 CCR7 (G043H7)

UNIVERSITY of MARYLAND
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Thaw &
Rest

Antigen
Incubation

Flow
Cytometry
Staining

4) Aliquot by
condition

‘=

9) Pellet

14) Resuspend
in 0.4% PFA

Eahr

5) Add antigens  6) |ncubate
(PPD, SEB, Ctrl)
[
- )
L é% 2 \
Y, +
¥ Ve 5
10) Viability 11) Surface
stain antibodies
(=

15) Refrigerate 16) Acquisition
at 4*C Cytek Aurora 5L

7) Add Golgi

Transport
Inhibitors

12) Fix &
permeabilize

X 9 hr
8) Incubate

13) Intracellular
antibodies
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Personal Gol: No cell left behind

My over-caffeinated at 3 AM thoughts:

U What makes spectral flow cytometry
data amazing is both the depth and
the breadth

4 How to fully profile the entirety of
the acquired dataset, not just a single
cell population of interest

LA S el VS B B
B o ey - e ey ik
e . { B 1
- @00
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Building open-source tool-sets to address SFC’s quirks

{ Luciérnaga

O
Q
o
4=
Q
£
(e]
s
O

Spectral Signature Incorporation of manually- Aqtomated Instrument
Characterization and Isolation annotated gating information Quality-Control Dashboards

CYTOMETRY IN R

=
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To unlock the comprehensive biological discovery potential,
we need to address these pink elephants

° Quality of the unmixed full-stained data is
linked to the quality of our single-color
controls (and our ability to provide
appropriate autofluorescence controls).

° If we are acquiring 3 million cells to detect
100 rare cells, how do we thoroughly
explore the rest of the sample to avoid
wasting useful data?

‘ o e :i::.. N ::' P o _ %
=
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Spectral Unmixing

APC-Vio I
770 g
L
PE-Vio 770
—
Unmixing Controls Single cell from
(Single Color and full-stained sample
Unstained)
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What fluorophores
are present, and
roughly how much
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Mismatched references lead to errors in attribution

APC-Vio
770
>
PE-Vio 770
e

UNIVERSITY of MARYLAND
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Unmixing Controls
(Single Color and
Unstained)

®

Single cell from
full-stained sample

Z
2 |3

What fluorophores
are present, and
roughly how much
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How to identify problematic unmixing controls

* Despite the critical importance
unmixing controls play, few tools
permit us to determine quality of the
individual control before unmixing

Z

B) s B i

* Existing quality control algorithms
(PeacoQC, FlowAl, etc.) primarily
focus on detecting laser and fluidic
issues in already acquired .fcs files.

Spark Blue 550 - CD3

* Unmixing errors can be introduced by
D ; : tandem degradational, additional

PV510 - CDASRA autofluorescences, undiagnosed
instrumental issues, etc.

=
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Luciernaga
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|dentify detector
with brightest
MFI for each cell

R1-A

V7-A

Group cells with
shared peak
detectors

Subtract Out
Autofluorescence
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Luciernaga
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Identify detector Normalize individual

: _ cell fluorescent
with brightest signatures
MFI for each cell f,
WY
Identify peaks
V7-A using
Group cells with local maxima
shared peak
detectors

|

=. JL/ \véL‘\_m
Group cells with
Subtract Out shared peaks &
Autofluorescence heights
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Luciernaga

|dentify detector
with brightest
MFI for each cell

R1-A

V7-A

Group cells with
shared peak
detectors

Subtract Out
Autofluorescence

S
L
M

Normalize individual
cell fluorescent
signatures

B

Identify peaks
using
local maxima

|

LV,

Group cells with
shared peaks &
heights

FCS

Enumerate and
export out cells that
share signature
as .fcs files

Checks for tandem
degradation

Autofluorescence
Isolation

UNIVERSITY of MARYLAND
SCHOOL OF MEDICINE
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Automated tools for screening unmixing controls

1.00 4 -
52751 | APC-
E 0.50 4 .“3 Fire 810
Autofluorescence Isolation
Residual Autofluorescence
T s () G ©



Identifying degrading fluorophores

Fluorophores in good shape — one predominant

normalized signature within the unmixing control
raw .fcs file 0.75 -

100+ == == == == == - — —— e ——m———— -2 —— o

* When the fluorophore degrades, noticeable increase
in variant signatures, making up substantial
proportion of all cells in the unmixing control 0251

0.50 +

Normalized Value

* Automated screening all acquired unmixing controls 0.00°
from campus users during off-hours
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Isolating additional autofluorescence signatures

1.00 Cluster
VT_10-UV8_04-B3_04

V7_10-UVB_04-B3_05

o B ~ This approach also works to isolate variant
B autofluorescence signatures from unstained
Ko controls
S * Unlike other approaches, the isolated cells share
Demm normalized Signatures, Only dlfferlng in terms Of

brightness

> Return directly as an .fcs file containing just cells
with same signature for use as an autofluorescent
tag in SpectroFlo

=
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Residual autofluorescence in dim cell single-color controls

D) , £)

> “As bright or brighter”

ity

LT
Normalized Values

* Dim antigen-fluorophore
combinations acquired as cell
single-color controls often have
residual autofluorescence
contribution to their signature

>~ Identifying and switching these
dim cell single-color controls to

PE-4 :: PD1
=
PE-A :: PD1

bead single-color controls ;
significantly improved unmixing ey
for Our panels o SD & Bl ;?: B CD;US . Spark Blue 574-4:: CDS
= Signature with Signature without

UNIVERSITY of MARYLAND

[[[Atamacs residual AF residual AF



To unlock the comprehensive biological discovery potential,
we need to address these pink elephants

° Quality of the unmixed full-stained data is
; 7 i linked to the quality of our single-color

controls (and our ability to provide
appropriate autofluorescence controls).

° If we are acquiring 3 million cells to detect
100 rare cells, how do we thoroughly
explore the rest of the sample to avoid
wasting useful data?

Mo
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Grouping cells that share every marker
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Coereba

Coereba R

1) Load into R

(flowWorkspace)

Ao

Fluorophore

2) Calculate
Splitpoints

ght scatter (SSC)

3) Visvalize:, ™

. @O0
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Coereba

Initial automated gate, with ability to adjust

N

(&)

o
1

N

o

o
1

H Initial gates for designated
o markers calculated via
R openCyto (mindensity)

—

&)

o
1

—
o
S
1
o

100 150 260
Comp-BUV661-A Vd2

4 Ability to update gate_range

Comp-PE-Vio770-A HLA-DRomp-PE-Vio770-A HLA-L

2501 constraints
200~
150 - B 4 Launch a Shiny app and
1009 o || | designate interactively
1(|)O 1éO 2C|)O
Comp-RB780-A CXCR5
TT\UNIVERSITYanARYLAND @ @ @
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Coereba

Coereba R

1) Load into R

(flowWorkspace)

4) Gate Constraints

Fluorophore 5) Sh|ny App
2) Calculate adjustments
Splitpoints

1000

o
2
=

 Comp-BV570-A CD16

6) Splitpoints
updated

o

=}

=}
L

o
=]
i

Side light scatter (SSC)
-

3) Visdalize”, ™

. @O0
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= CoerebalD column gets added to the .fcs file

ai R CD7+ CD3+ CD8+
@ O

CD7+CD3+ | ~p74 cD3+ CD8-

O S
O CD7+ CD3- CD8+

CD7+ |CD7+CD3-

PEVio770pos APCneg AlexaFluor647neg | APCR700neg | APCFire750neg | APCFire810neg

CD7+ CD3- CD8-

O

CD7-CD3+ CD8 +

PEVio770pos APCneg AlexaFluor647neg | APCR700neg | APCFire/50neg | APCFire810neg

PEVio770pos || APCpos AlexaFluor647neg | APCR700neg |APCFire750pos | APCFire810neg .
PEVio770pos APCneg AlexaFluor647pos | APCR700neg | APCFire750neg | APCFire810pos CD7-CD3+ |cp7- cD3+ CDS8 -
CD7-
. CD7- CD3- CD8+
CD7- CD3- .
CD7- CD3- CD8-

= ® ©
| UNIVERSITY of MARYLAND

SCHOOL OF MEDICINE

/



Coereba

FCS

Coereba R

1) Load into R

(lowWorkspace)

4) Gate Constraints

7) CoerebalD

J Bioconductor
Fluorophore 5) Sh|ny App

2) Calculate adjustments

Splitpoints 8) Summarized
Experiment

1000+ i

sooi 3 o ol "‘ =E= ,;;;i-i 34 -'.\

o
=]
i

Side light scatter (SSC)
-

6) Splitpoints B ~,.ﬂ1,,4 o
- updated S X
3) Viswalize:, ™ 9) Visualize

-~ ® ©
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Summarized Experiment

Samples :
(Columns)

1
I
|
7

(Rows)

Features
[ S N A I NS U ———

(
|
I

rowRanges(se)
rowData(se)

subsetByOverlaps(se, roi)

=
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assays(se)
assay(se, n = 2)

’ 1

Samples

colData(se)

metadata(se)
metadata(se)$modelFormula

assay(subsetByOverlaps(se, roi))

U Permits rapid re-aggregation of
the terminal nodes for re-
evaluation
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Selectively re-aggregate in seconds
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Retrieve marker expression by individual donor
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Grouping cells that share every marker
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Summarized Experiment

L
oy
|
T ] — J Permits rapid re-aggregation of
@ | & the terminal nodes for re-
I -
(mmm==-=-- ~ ' evaluation
I Samples : L
' (Columns) N
__________ - colData(se) Q Portable. Don't like how we

- aggregated groups of cells? File
is small enough to store in the
same data repository as .fcs files
for subsequent re-analysis.

1
I
|
7

Features
(Rows)

U Filterable by metadata or node.
- Nodes only in HEU-hi?
- Nodes unigue to one individual?

e = o o= -

(
I
[
[

rowRanges(se) — metadata(se) J Ties in with downstream
| c N
rowData(se) metadata(se)$modelFormula Bioconductor statistics packages

assays(se)

subsetByOverlaps(se, roi) assay(se, n = 2)

assay(subsetByOverlaps(se, roi))

= O ©
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Biology is (fortunately) not just math

* 29-color SFC panel
— 536 million (theory)

When actually exploring our
panels dimensional space

N-G STATION

2] __.,.-_,:- “NITE CURVE FRACH

CDATcells - 16241

CD8 T cells - 12466

Well how many
clusters are there?

= TS DN Tcells -~ 9035

=
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Ability to contrast unsupervised methods vs. “manual” ground-truth

A) D)
= =5
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g % T | Cluster
SR M| PDihi V52
] CD8 V52
] PD1hi - NKTs B cD4 V2
' PaCMAP_1 B Onvi2
é ¥15§ . T17 V62
5 ] MAITS ] NKTs
E* S @ & & B | MAITs
NKTs ]
Q= Z = 2 | Ungated
cC = = <
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= | ]
o
PaCMAP_1 PHATE 1
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Semi-supervised Pipeline

¥

1) Achisition

(Cytek Aurora 5L)

2) Unmixing Controls

(Luciernaga)

3) Unmixing

(OLS, TRU-OLS, AutoSpectral)

O _4

4) File Checks

(PeacoQC, Flow Al, etc)

i e
. > :

5) Clean Up Gates

(FlowJo or flowWorkspace)

6) Initial Gates

(openCyto or flowMagic)

7) FlowJo .wsp

(CytoML Docker)

100%

@HE@E

HU HEU-lo  HEU-hi

8) Major subset
Outputs

9) Subset Export

R

10) Returnto R

(flowWorkspace)

Coereba

A

11) Coereba

12) Normalization
(CytoNorm or CyCombine)

13) Clustering

(FlowSOM)

i u® ﬁ

14) Dimensionality

Visualization
(UMAP or PaCMAP)

Iterating by Experiment

J Bioconductor

Summarized
Experiment

Coereba

15) Coereba

lterating by Cell Subset
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For each island, re-a

gregate cells from each donor
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° e °
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cb7 cD3 cb4 cDs cb26 NKG2D

CD56 D16 CDA5RA CXCR3 ccra cp25

DN T cells
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Cord blood T cells - Baseline

Marker 1 2 3 4 5 6 7 8
CcD7
CD3
VD2
Va7.2
Va24jJa18 - - . - - R -
CcD8
CD4
CD26
CCR6
CD161
NKG2D
CD56
CD16

CcDh62L -/+

CD27
CD45RA
CD127
CD25
CCR4

R
PD1 -/+ + = & & - - -
CD4 T cells

=
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Marker 1 2 3 4 5] 6 7 8 9 10 11
cD7
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VD2
Va7.2
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* - =

CDS8 T cells

Marker
CcD7
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VD2
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Cb4
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NKG2D
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CD38

1 2 3 4

DN T cells




Published in Frontiers in Immunology

=
| | UNIVERSITY of MARYLAND
] SCHOOL OF MEDICINE

ul
"
n .-,
L =
- Tl
L
" -

Original Research

} frontiers | Frontiers in Immunology 22 August 2025

(M) Check for updates

OPEN ACCESS

Université hbre de Bruxelles, Belgium

Alessandro Pogagi,
San Martino Hospital (IRCCS)
Sarina Ravens,

Hannover Medical School, Germany

Hirsten E. Lyke
klyke@som. umaryland

Cristiana
ccairo@ihv.umaryand edu

irg

13 May 2025
27 June 2025
22 August 2025

Muula G, Mkandawire FA, Myirenda OM,
Hritzo B, Boldrin F, Degiacomi G,
Mazzabd LC, Manganelli R, Buchwald AG,

Toapanta
and Cairo C (202
cell responses in neanates bom to

women and women living with HIV.
16:1628145.
rrrmin 2025 1R7A145

FR, Sztein MB, Laufer MK, Lyke KE
—ord blood innate-like T

10.3388/fimmu.2025.1628145

Cord blood innate-like
T cell responses in neonates
born to healthy women and
women livifig with HIV

David Rach?®, Hao-Ting Hsu?, Nginache Nampota-Nkomba**,
Godfrey Mvula®, Felix A. Mkandawire®, Osward M. Nyirenda”®,
Bernadette Hritzo®, Francesca Boldrin®, Giulia Degiacomi?,
Laura Cioetto Mazzabo~, Riccardo Manganelli”,
Andrea G. Buchwald®, Franklin R. Toapanta®,
Marcelo B. Sztein®, Miriam K. Laufer®, Kirsten E. Lyke®
and Cristiana Cairo®™
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CD4-CD8- Cord blood T cell subsets driving observed IFNY increases

Marker ]
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Va7.2 -
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CD3
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Conventional Cord blood T cell subsets also show changes in CD62L

Marker 1 2

VD2
Va7.2
Va24Ja18
cDs
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= =
€08 100% -

CD4_Ctrl_ptype_6

0.07

0.07

50% - E
.= 3
0% 4
HU HEU-lo HEU-hi
CD4_Ctrl_ptype_5
100% 4 0.06
5006 %
0%
HU HEU-lo HEU-hi

One-way Anova

CDhe62L
0.06 :
100% + I—|O06
50%

0%
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Functional and Iterative: plenty for everyone to dislike :)

Well your unsupervised
clusters are merging cell
types that are unrelated

UNIVERSITY of MARYLAND

S

OOOOOOO MEDICINE

Those manual gate
adjustments are not
reproducible

That's a skill issue, try
adding another meta-cluster

RunawaylLabBook.com

Fun off-label uses thus far:

4 Contrasting where “manually-
gated” cells end up vs. our
unsupervised methods
(normalization, clustering, etc.)

1 Added benefit of looking-at-the-
forest: Easy to identify badly
cryopreserved specimens where
cell populations were lost




To unlock the comprehensive biological discovery potential,
we need to address these pink elephants

° Quality of the unmixed full-stained data is
; 7 i linked to the quality of our single-color

controls (and our ability to provide
appropriate autofluorescence controls).

100 rare cells, how do we thoroughly
explore the rest of the sample to avoid
wasting useful data?

g ° If we are acquiring 3 million cells to detect

Mo

| L =]

‘ R A T )

UNIVERSITY of MARYLAND @ @ @

OOOOOOO MEDICINE
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Semi-supervised Pipeline

¥

1) Achisition

(Cytek Aurora 5L)

2) Unmixing Controls

(Luciernaga)

3) Unmixing

(OLS, TRU-OLS, AutoSpectral)

O _4

4) File Checks

(PeacoQC, Flow Al, etc)

i e
. > :

5) Clean Up Gates

(FlowJo or flowWorkspace)

6) Initial Gates

(openCyto or flowMagic)

7) FlowJo .wsp

(CytoML Docker)

100%

@HE@E

HU HEU-lo  HEU-hi

8) Major subset
Outputs

9) Subset Export

R

10) Returnto R

(flowWorkspace)

Coereba

A

11) Coereba

12) Normalization
(CytoNorm or CyCombine)

13) Clustering

(FlowSOM)

i u® ﬁ

14) Dimensionality

Visualization
(UMAP or PaCMAP)

Iterating by Experiment

J Bioconductor

Summarized
Experiment

Coereba

15) Coereba

lterating by Cell Subset
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What good is any tool if the community is not able to use it?

2 Few resources to learn Cytometry
in R to begin with

2 Those that exist aimed at those
with intermediate-advanced R
skills, not beginners

2 Know-how concentrated at a few
institutions

9 Most self-learning attempts end
in frustration

=
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Cytometry in R: A free weekly course for flow cytometrist
with no-to-little coding experience

CYTOMETRY IN R

Shared Resource

MARLENE AND STEWART GREENEBAUM
COMPREHENSIVE CANCER CENTER

A COURSE FOR BEGINNERS

Website

=
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> UMGCCC FCSR

F
1

¥
\_é; 3o y  umgcecfoergithub.io/CytometryinR

L subscribed

Live  Playlists Posts Q

PhD Dissertation Defense - David Rach
Scheduled for 6/17/26, 1200 PM

Notsty me

{@CytometrylnR - 848 subacribers « 21

| %&J‘ <%  University of Maryland Greenebaum Comprehensive Cancer Center Flow Cytometry ...more

YouTube

videos

1{ ‘ ,[)a.t‘; fur S.tatislics @ 10 - Downsampling and Concatenation

CYTOMETRY IH

A COURSE FOR BEGIMNERS

¢ Cytometry in R - Data for Statistics - Week #11 #3 i CytometryinR - D ing and C:

101 views - Streamed 3 weeks ago Week #10v3
129 views » Streamed 1 month ago

09 - It's Raining Functions! 08 - Manual and Automated Gating

gl 23, 3006

CYTOMETRY IH

cYTOMETRY IN €

A COURSE FOR BEGINNERS

Cytometry in R - Syncing, Pulling, and Copying
99 views - Streamed 1 month ago

ﬁ? : A.p pu.l-).ring 'i'rén sformations

PRR—— (’ :

A COURSE FOR BEGIMNERS

Cytometry in R - Applying Transformations - Week £07 3
el

| UNIVERSTTY Y MARYLAND

2 SCHOOL OF MEDICINE

: Eam:metry in R - It's Raining Functions! - Week £09 v1 ¢ Cytometry in R - Manual and Automated Gating - Week

172 views - Streamed 1 month ago #08v2
226 views » Streamed 1 month ago

06 - Visualizing with ggplot2 05 -.Gating Sets

CYTOMETRY Ill

A COURSE FOR BEGINMERE

Cytometry in R - Visualizing with ggplot2 - Week #06v2 : Cytometry in R - Gating Sets - Week #05 v2
228 views » Streamed 2 months ago 253 views » Streamed Z montha ago

9 Three live-streams a week
(accommodating different
timezones and schedules)

9 Recordings available
immediately after

9 Best of the weekly livestreams
added to the playlist, cutting
down on editing

@O0



2 Created with Quarto, hosted via
GitHub pages.

2 Code, code outputs, screenshots
and explanations

2 Searchable

2 New weekly material added as a
new .qmd file

=
| | UNIVERSITY of MARYLAND
] SCHOOL OF MEDICINE

Website

«» Cytometry i...

Existing Discussions
About Schedule Course Announcements

Resources

@ See Course tab for Course Materials, see YouTube tab for livestream recordings

~

Getting Started

Introto R v

01 - Installing R Packages
02 - File Paths

03 - Inside a .FCS file

04 - Intro to Tidyverse

05 - Gating sets

06 - Visualizing With ggplot2

07 - Applying
Transformations

08 - Ways to Gate
09 - It's Raining Functions!

Cytometry Core b

Beyond the Sandbox
The World is your Oyster

Bonus Content >
Community >

Lets recreate our GatingSet object:

SFC_cytoset <- load cytoset from fcs(fcs_files,
truncate_max_range = FALSE, transformation = FALSE)
SFC_GatingSet <- GatingSet(SFC_cytoset)

SFC_Parameters <- colnames(SFC_GatingSet)
FluorophoresOnly <- SFC_Parameters[!stringr::str_detect(SFC_Parame

Biexponential <- flowjo_biexp_trans(channelRange=4096, maxValue=2¢
pos=4.5, neg=2, widthBasis=-500)

MyBiexTransform <- transformerList(Fluorophoresonly, Biexponential

transform(SFC_GatingSet, MyBiexTransform)

4 »
A GatingSet with 6 samples

And now, let’s apply the GatingTable scheme. As we create and click done,
the next gate will automatically pop up in the Shiny App.

gs_apply_gating_strategy(SFC_GatingSet, gating_strategy = GatingTe

4 13

Draw your gate

Bins

Enabie Manual Coords?

X Minimum

X Mamum

¥ Mimimum

Homeworks @ €) Q

On this page
Background
Walk Through

Setup

Manual - flowGate
Polygon
Rectangle
Span
Quadrant
Redraw Gate
Saving Gates

Rapid Gate Deployment.

Visualizing Gates
Summary
Automated - openCyto
Take Away
Additional Resources

Take-home Problems

@ ©



GitHub

- +-0/ng o @

= o UMGCCCFCSR [ CytometryInR Q Typeltho search

<> Code ( Issues 11 pull requests 74 & Agents U Discussions ® Actions @ Security and quality & Insights €83 Settings D

& CytometryInR Public

¥ main -

¥ 12 Branches © 0Tags

Q Gotofile T

& Watch 11~

. CXEER

@ pavidrRach Homework folders week 10 and 11 (thanks Lynnl),... @8 +  B8ee3359-2daysago {E) 101 Commits

course
docs
images

[ .gitignore

[ Announcements.qgmd

[ coDE_OF CONDUCT.md

[ CONTRIBUTING.md

[ ExistingResources.gmd

[ Homeworks.qmd

[ License

[ LICENSE_CC-BY-SA

[ Packagewalkthroughs.gmd

(3 rReaDME.md

[ schedule.qmd

O _quarto.yml

O index.gmd

Homework folders week 10 and 11 (thanks Lynn...

Homework folders week 10 and 11 (thanks Lynn...

Community Package Walkthrough for TRU-OLS
Start of course material transfer

Week 11 slides

Create CODE_OF_CONDUCT.md

Create CONTRIBUTING.md

Existing Resources Links

Week 11 slides

start of course material transfer

start of course material transfer

Updated link to Week #3 recording

Downsampling - Week 10. Slides and Concatena...
Homework folders week 10 and 11 {thanks Lynn...
Homework folders week 10 and 11 {thanks Lynn...

Updated in-person schedule, removed course st...

2 days ago

2 days ago
last week

5 months ago
last month

5 months ago
5 months ago
2 months ago
last month

5 months ago
5 months ago
4 months ago
2 months ago
2 days ago

2 days ago

4 months ago

% Fork 603 -

¥y Star 388 -

About
Course Website
& umgcccfesr.github.io/CytometryInR/

[0 Readme

&8 AGPL-3.0, CC-BY-5A-4.0 licenses
found

& Code of conduct
A Contributing
Ar Activity

Yr 388 stars

@ 11 watching

% 603 forks

Report repository

Contributors 2

@ DavidRach David Rach

@ UMGCCCFCSR UMGCC FCSR

Languages

® RB5.4% ® 5CS5512.4%
JavaScript 1.5% @ GLSL 0.7%

Code and datasets available via
the GitHub repository

Course participants start course
by creating GitHub account and
forking the repository

After Positron is linked to
GitHub account, pull locally

When new material posted each
week, sync and pull

@ ©



i1scussion Forum

) Discussions (&) Actions () Security and quality |~ Insights & Settings

¢ o 5 ~
P l@_ [ . '-ce,«_

Introductions Week # 11 - General Cytometry in R - Week # 11 Cytometry in R - Course
[ Introductions - UMGCCCFCSR Discussion Thread - Data for Statistics Update and Bonus...
** General - UMGCCCFCSR # Announcements - UMGCCCFCSR # Announcements - UMGCCCFCSR
Q isiopen [] Sort by: Latest activity « Label = Filter: Open = New

Categories £ Discussions

| ) View all discussions a » CytometryinR-Week # 07 - Applying Transformations

Week07

e
a
(=]

# Announcements
UMGCCCFCSR announced on Mar 24 in Announcements

9 GitHub Discussions page has oy

v 1 A @ oo

. alexandragabrielaferreira asked on Mar 24 in Q&A - Unanswered
[ Introductions

been repurposed as a community N —— —

Qi denisebritoh started on Mar 23 in General
wa —_— =

a

forum for questions, etc. > [ » o

Most helpful Las:30 day=
Week #1 - General Discussion Thread

Weekol ® 0O

DavidRach started on Feb 5 in General

) mpatgaonkar-coder 9

@& Code of conduct

. Cytometry in R - Week # 6 - Visualizing with ggplot2
(2 umgcccfesrgithub.io/CytometrylnR =} » = & oo
|~ Community insights UMGCCCFCSR announced on Mar 17 in Announcements

GitHub personal access token

T D@D etup | GitHub @ o

DavidRach asked on Jan 23 in Q&A - Answered

clock appears when trying to pull from git & commit G

MjApo123 started on Mar 6 in General

Bioconductor Cytometry R Packages

= @ o

DavidRach started on Feb & in Show and tell

a » NoClass This Week
ns/categories/announcements UMGCCCFCSR announced an Mar 10 in Announcements

L]
a
(=]




Half-way through this passion project

Introduction to R

Installing File Paths Inside an Intro te Gating Visualizing Applying Manual & It's Downsampling pata for Spectral Similarities Unmixing Cleaning
R Packages .FC5 file Tidyverse Sets with Transformations Automated Raining & Statistics Signatures & in R Algorithms
ggplot2 Gating Functions! Concatenation Hotspots

Unsupervised Analysis
h He .
X Foss

o "ol

ol

Clustering Normalization Dimensicnality Annotating XML Files Utilizing Building  Everyone gets Reproducibility Open Validating Databases Assembling Future
Algorithms Algorithms Visualization Unsuperwvised GitHub All The Way Bicconductor our First a Quarts & Source Algorithmic g osi&torieu Web Diractions
Clusters Diving Down Packages Package Hebsite Replicability Licenses Taols ep Data

9 Wrapping up Cytometry Core module

9 Gathering steam to start on the Unsupervised
Analysis section
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As scientist, our community is our strength

=
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Just my two over-caffeinated cents
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All mothers and their infants, and
their communities

All the open-source contributors,
developers, and maintainers, that
collectively made the tool sets
without which all of this would
not be feasible

Dr. Cristiana Cairo
Dr. Kirsten E. Lyke
Dr. Xiaoxuan Fan

Dr. Daniela Franco
Dr. Natarajan Ayithan
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Questions?

UMGCCC FCSR
InstrumentQC dashboard

YouTube @CytometrylnR

InstrumentQC How-To

=
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1) Acquisition of
QC bead samples
(Cytek Aurora 5L)

2) Imported
automatically to R
(flowWorkspace)

1000

Side light scatter (555

M OB B @
s B H 2 =

-] Fzg‘:'ﬂ'ﬁfa:z"s]g?bmgn 1000
3) Apply and check
gates (openCyto)

Automated Daily Processing

4) Extract data
(Luciernaga)

L---

5) Calculate MFI
and %RCV for the
beads

FCS

6) Retrieve recorded
Gain and Laser data

from the keywords

7) Update Website
(Quarto)

C)

GitHub

8) Transfer data to
GitHub

9) Retrieve
longitudinal data

Behind-the-scenes:

<
z
4
(]
£
e}
5
O

9 Using R (and increasingly Rust) to
process the .fcs files

2 Automated transfer to GitHub via

Windows Task Scheduler

9 Our Quarto Website gets updated
twice daily via a GitHub action

@O0



Instrument Quality Control Dashboard

# JMGCC FCSS Home Levey-Jennings Plots ¥ Historical ~ Help Download Data Other ~ € Q
@ Please see left-sidebar for definitions X
¢ a
Dashboard data last updated 3L aL 5L cs History Instruments
on 2026-06-05
Definitions: 4 &
Gain %RCV Date 3L 4L 5L CS
Pass: All gains within 100%
baseline and all RCVs <6% for 3L aL Detector Value Status Value  Status 2026-06-05 NA NA
all detectors.
Dashboard QC Status: QC Status: FSC 471 Pass 1.57 Pass 2026-06-04 Pass Pass
Caution: All gains within 100%
baseline, but at least one Pass Pass SSC 270 NEEEEl 363 GRS 2026-06-03 [ T
detector had a RCV above the
>6% cutoff. Instrument SCB 129 334 2026-06-02 NA
remains usable but resolution
V1 312 Pass 1.03 Pass _ 06—
E for fluorophores on the failed 2026-06-01 B
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