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Preliminary set up for flow cytometry analysis

Unstained cells with different PMT voltages were acquired starting from 0 (for all channel) up to 800
increasing by 50. These samples were used to evaluate the electronic noise and the minimum voltage.
Rainbow beads with different PMT voltages were acquired, increasing by 20, to evaluate PMT linearity
and assess if the brightest populations were within the linear range of the detector. A set of fluorescence
minus one (FMO) control stainings were included in each panel. These FMO control stainings were
used to establish gates for PD-1 and CD57 in the T cell panel, CD27 in the T+NK cell panel, CD1c
and CD16 in the DC panel, CD27, CD24 and CD38 in the B cell panel, and FoxP3 in the Treg panel.

Unsupervised clustering

Individual .fcs files were imported and pre-processed in R environment (version 4.0.3). Spillover
coefficients were further optimized for each fluorophore using single-color controls with Autospill web
tool https://autospill.vib.be/public/ - /run (1). The spillover matrices were imported in R environment
using cyto_compensate() function of CytoExploreR package (version 1.0.8) (2). Channels were
logically transformed using cyto_transform() function (2), debris and doublets were removed and a
standard gating strategy was performed using the OpenCyto package (version 2.2.0) (3). T cells
(CD3+), lymphocytes, CD4 T cells (CD4+), B cells (CD19+) and HLADR+LIN- were extracted to
perform the unsupervised clustering of T cells, T&NK cells, Tregs, B cells, and DCs/monos panel,
respectively. Unsupervised analysis and representation of cell populations was realized with FlowSOM
algorithm (4) included in the CyTOF/CATALYST pipeline (version 1.14.1) (5), as well as the visual
representations of cell populations. The FlowSOM algorithm is extremely fast as it makes use of self-
organizing maps (6) and outperformed other methods for the analysis of single-cell data (7). In
particular, marker intensities were reverse transformed to restore the data to its original format and the
inverse hyperbolic sine transformation with cofactor 150 was applied to the raw signal intensities.
Moreover, only non-lineage markers were used to perform the clustering. The FlowSOM algorithm
was run with default parameters and an overestimated initial number of clusters to avoid the loss of
rare cell subtypes, as suggested by the authors of the method (8). Clusters showing similar marker
expression profiles were merged after a careful evaluation of the Uniform Manifold Approximation
and Projection (UMAP) and the dendrogram of hierarchical clustering, as depicted in Supplementary
Figure 2 A-E upper panels. Collectively we identified 52 final clusters, including 5 unclassified clusters
and 1 duplicate. Next, we applied the non-linear dimensionality reduction technique UMAP to the
lineage marker levels, selecting a maximum of 500 cells per sample, using the runDR() function
included in CyTOF workflow included in CyTOF workflow, for visualization of high-dimensional data
(9). Cells were colored according to their FlowSOM cluster membership. Clusters identifying unknown
cell types were included in the heatmap and UMAP but excluded from the subsequent analysis.

Semi-automated supervised gating

To validate unsupervised clustering results, and to minimize manual biases, we set up a semi-
automated supervised gating strategy using the OpenCyto R package (3) (gating strategies are shown
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in Supplementary Figures 3-4): (i) compensations were first adjusted using the Autospill algorithm (1);
(ii) data were transformed into Logical Scale; (iii) to adjust for between-sample and batch variation,
all markers satisfying the rules for normalization were subject to the landmark alignment procedure
(10), using the normalize() function in the flowStats package (version 3.40.1); (iv) the supervised
gating strategy was performed using different auto-gating

functions (3); (v) possible outliers were detected as having a median z-score > 3. They were manually
checked one by one and either left untouched if the population was properly delineated, discarded if
staining failed due to lack of antibodies, or manually corrected if the semi-automated gating failed to
properly detect the cell population. Briefly, CD3+, CD19+ and Lin-HLADR+ were used to determine
pan T, pan B and DCs/monocytes, respectively. NK cells were identified within the CD3— population
based on CD56 expression. Within the T cell population, CD4 and CD8 T cells were identified. For
CD4 and CD8 T cells, naive, central memory, effector memory, and terminal effector memory
subpopulations were identified based on CD45RA and CCR7 expression. CD57 and PD1 were checked
on CD8 and CD4 T cells subpopulations. For CD4 T cells, CD45RA- FoxP3hi activated Treg cells
were determined based on FoxP3+++ CD25+++ CD45RA - expression, and CD45RA+ FoxP3lo resting
Treg cells as FoxP3+ CD25+ CD45RA+. Subpopulations of NK cells were determined based on the
brightness of CD56. CD69 was checked on CD8 T cells, CD4 T cells and NK cells. Within the B cell
population, naive and memory B cells were identified based on CD27 expression. Other subpopulations
were identified based on the relative expression of IgD, IgM, CD21, CD24, CD38. Finally, HLADR+
cells were separated into monocytes, further subclassified based on CD16 and CD14 expression, and
DCs, defined as CD14—, where DC subsets were determined by CD11c (myeloid) and CD123
(plasmacytoid) expression. Myeloid DCs subpopulations were determined based on CD1c and CD16
expression. In the longitudinal analysis of relatives who persisted in Stage 0 or transitioned to Stage
>1 type 1 diabetes, a manual gating strategy was performed.

Statistics

Fractions of each cell population revealed by unsupervised and supervised semi-automated analysis
were transformed using bestNormalize R package (version 1.8.2) (11) to fit a normal distribution,
before comparing between the four groups.
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Marker | Fluorophore pl/in 100 pl Clone Company Cat. no.
T cell panel
CCR7 PE 2 G043H7 Biolegend 353204
CD3 PerCP 2 SK7 Biolegend 344814
CD4 APC 2 SK3 Biolegend 344614
CD45 BrilliantViolet510 2 H130 Biolegend 304036
CD45RA FITC 2 HI100 Biolegend 304148
CD57 Pacific Blue 2 HCD57 Biolegend 322315
CD8 APC/Cy7 2 SK1 Biolegend 344714
PD-1 PECy7 2 J105 eBioscience | 25-2799-42
T&NK cell panel
CD45 BrilliantViolet510 2 H130 Biolegend 304036
CD3 PerCP 2 SK7 Biolegend 344814
CD4 Pacific Blue 2 RPA-T4 Biolegend 300521
CD69 APC 2 FN50 Biolegend 310918
CD56 PE 2 HCD56 Biolegend 318305
CD8 PECy7 2 RPA-T8 Biolegend 301012
CD27 APC/Cy7 2 0323 Biolegend 302816
CD28 AlexaFluor488 2 CD28.2 Biolegend 302916
Treg panel
CD25 APC 2 2A3 BD 340907
CD3 PerCP 2 SK7 Biolegend 344814
CD4 Pacific Blue 2 RPA-T4 Biolegend 300521
CD45 BrilliantViolet510 2 H130 Biolegend 304036
CD127 PECy7 2 R34.34 Beckman A64618
CD45RA PE 2 HI100 Biolegend 304108
FoxP3 Alexa488 4 259D Biolegend 320212
B cell panel
CD19 BrilliantViolet421 2 HIB19 Biolegend 302234
CD21 PECy7 2 Bu32 Biolegend 354911
CD24 APC 2 MLS Biolegend 311117
CD45 BrilliantViolet510 2 H130 Biolegend 304036
CD27 APC/Cy7 2 0323 Biolegend 302816
CD38 PerCP 2 HIT2 Biolegend 303519
IgD AlexaFluor488 2 IA6-2 Biolegend 348216
IgM PE 2 MHM-88 Biolegend 314508
DCs/monos
LIN APC 2 UCHT1,HCD14, Biolegend 348703
HIB19,2H7,
HCD56




HLADR APC-CY7 2 L243 Biolegend 307618
CDh14 AlexaFluor488 2 HCD14 Biolegend 325610
CD45 BrilliantViolet510 2 H130 Biolegend 304036
CD1c PerCP 2 L161 Biolegend 331511
CD16 BrilliantViolet421 2 3G8 Biolegend 302038

CD123 PECy7 2 6H6 Biolegend 306009

CD11c PE 2 Bul5 Biolegend 337205

Supplementary Table 1. Antibodies used in the 5 FACS panels
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Supplementary Figure 1. FACS panels and study cohort. Markers used in the T cells, T+NK cells,
B cells, Regulatory T cells, Dendritic cells panel, respectively (A). Subjects enrolled in the study and

details about the number of panels performed per group (B).
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Supplementary Figure 2 Merging strategies of unsupervised analysis of flow cytometry data.
Heatmaps showing markers expression in each cluster. Merging strategies used to identify the final
clusters in the T cells (A), T&NK cells (B), B cells (C), Regulatory T cells (D), DC/mono panels (E).



All events Singlets

White cells

250000
{

‘White gells

SSC-A
100000 200000

FSC-H

100000 200000

o

L - e ymphocyte
10°010° 10 10 10 T

o il zoom LA 3 soboe %g\:uu 250000
CD27+ CD28- CD8
Lymphocytes —_—
v CDAT CcD8 T CD27+ CD28+ CD8 T
s { e [
£1 z ' co2rs - |, P 1% \ . C£)27+£E28+ (iCBT T
§ - U’."g CD28+ CD4= 3z < H
we i g g 2
g1 5 ~%] 284" ¢
e 829 g
od CD3- T cells o 2% .
10" 0 10 10" 10 -
CD3 PerCP-A CD27- CD28- CD4[T @ 1w 100 \ o 10 PR 0
CD2B FITC-A CD28 FITC-A CD69 APC-A
CD27- CD28+CD4 T o7 cp2g- CDS T
CD3- *T cells i —w CD8 T cells TEMRA CD8
] ight NK =, l cpaTt . "
iy 2T Al (CD4+ CDBHT _*
% D56 Oim NK 2% g £
g% 3% *g;v« B
= o2 el ke o=
? R . cDs- CD8 ° o "
£ 9p4-CD8-T +{| EMcD8 T TEMR
T T T T Tt TR B T
CDB APC-Cy7-A CD45RA FITC-A
-3
< {V cb4T
2 N g
L i CM CD# RS A g
g # CI)56 Dim NK <3 g
- i <
=l 5o 2
1w 0w 1t - =1 w o
CDEY APC-A 8-5 é o
Tcells V¥ N EM CD4 - CD57+ EM CD|
. ¥ o e eI T T2 T
<" cPh4sRA EITC-A PD1 PE-Cy7-A CD57 Pacific Blue-A
& " -
g EM CD8
8 v EMCDAT =l
i v .
g - s <
& H . |PD1+EMCD4  £- P PD14 CD57+
i g ; . 2 2 -em dos
T s To
€D3 PerCh-A r b g
B b ] .
CD3+ CD56+ T H vl £q -
% - = 2%
N - od o=
2 B - ‘ ‘J A A I
3 3 10 0 10’ 10 ity 107 0 107 10" 10 0 10° 10
E - et PD1 PECy7-A CD57 Pacific Blue-A PD1 PE-Cy7-A
a o
g ol EMCD4T
£ CDB+ CO3+ CDS6+ T .
- i PD1+ CP57+ EM CD4
PR T (O ..
CDB PE-Cy7-A
CD127- CD45RA+ CD4 €ED4 T
. <t
PD1 PE-CyT-A w - E
> <% .CID127+ CDA5RA+ CDA T
5.
)
2E
Ve 127+ CD45RA- CD4 T
- |- - —
<& 0510 10
o
3"5 FoxP3lo resting Treggmz’7 PE-Cy7-A
2.
—P» ==
D
i) A- FoxP3hi activated Tregs

1555 o
CD45RA- FoxP3lo norf Tregd0xp3 FITC-A

Supplementary Figure 3. Semi-automated gating strategy for the T, T&NK and Treg panels.
After singlets removal, CD45 was used to identify white blood cells and a morphological gate was set;
CD3 was then used to determine pan T. NK cells were identified within the CD3— population based on
CD56 expression. Within the T cell population, CD4 and CD8 T cells were identified. For CD4 and
CD8 T cells, naive, central memory, effector memory, and terminal effector memory subpopulations
were identified based on CD45RA and CCR7 expression. CD57 and PD1 were checked on CD8 and
CDA4 T cells subpopulations. For CD4 T cells, CD45RA- FoxP3hi activated Treg cells were determined
based on FoxP3+++ CD25+++ CD45RA- expression, and CD45RA+ FoxP3lo resting Treg cells as
FoxP3+ CD25+ CD45RA+. Subpopulations of NK cells were determined based on the brightness of
CD56. CD69 was checked on CD8 T cells, CD4 T cells and NK cells.
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Supplementary Figure 4. Semi-automated gating strategy for the B cells and DCs/monos panels.
After singlets removal, CD45 was used to identify white blood cells and a morphological gate was set;
CD19 and Lin-HLADR+ were then used to determine pan B and DCs/monocytes, respectively. Within
the B cell population, naive and memory B cells were identified based on CD27 expression. Other
subpopulations were identified based on the relative expression of IgD, IgM, CD21, CD24, CD38.
HLADR+ cells were separated into monocytes, further subclassified based on CD16 and CD14
expression, and DCs, defined as CD14—, where DC subsets were determined by CD11¢ (myeloid) and
CD123 (plasmacytoid) expression. Myeloid DCs subpopulations were determined based on CD1c and
CD16 expression.
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Supplementary Figure 5. Correlation between unsupervised and semi-automated supervised
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populations assessed through the unsupervised and semi-automated supervised analysis.
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Supplementary Figure 6. Unsupervised clustering of the B cell panel. UMAP data visualization of
the cell clusters identified in the B cell panel (A). Cell population differentially represented in T1D
compared to all other groups. HC, healthy controls; CD_THY, celiac or thyroid diseases; preT1D_LR,
relatives with 0-1 autoantibodies; T1D, type 1 diabetes. * p < 0.05, ** p < 0.01, *** p < 0.001.

12



CD57+EMCD8 T CD57+ TEMRA EM CD8 T cmcpaT CD4+CD8+T | EMCD4T
. {

0.08- - —
. . . 003 .
= - —_—— =
0.10 - : B
008 - 3 ©goo ; 3 3
§ g . g g § oo B £
goo04 g g g . 8
go.02 3 005 g oot 'i" N . w3
0.00 - 0.00 : *
ORI T EF e
& & & &
d§ ¢
NCD8T PD1+CD57+ EM CD4 T PD1+CD57+ EM CD8 T PD1+EMCD4T
0.0: . 004) e 0.
0.100
- +~ 0.020 N - . . - 0.
~ . o008 . : < 0.075 -
§ §0.015] 5 8 0. .
5 0. 5 . 5002 3 =
0.050
E Loor0| . £ & [X
8o. Bo.005{ % 1 : .o 8OOt 80025 oot
0.000 #‘ # % # 0.00 0.000 8 0.00 .
X
EL OVQ N <&
RPN
&
CD27-CD28-CD4 T CD27-CD28-CD8 T CD27+CD28-CD8 T CD27+CD28+CD8 T
2 2 - 2 2 2
8 . 8 — .. — K . .+ o3
goos - . goe gozo g
5 50.10 . s 5 L |
g . g —_— goosl | £o1s o2
2002 - : = . . x = =z
T . - 0z - i Z0.02 < <
5 . . L. e §0.05 . . S . Qu’m S04
5001| . g Y 5 - 5 50
g g . gool . . £0.05 g
= @ f e ) ;
3 '0.00 & '80.00 Boo
& QyQ <
e &
¢
CD4-CD8-CD3 T CD69+ CD27+ CD28+ CD8 T CD69+ CD56%™ NK
gos 2 ) g Soos{ ™ . o020
g So.15 g — g
£ < £0.10 £
: = s 5 - . . Oois
Eo2 s . s — £,0.04 . -~
3 Joio - . z . . 5 010
§ § 5005 5 N3 g
801 5 0.05 B 5002 3 S <
g 3 ] . g L 5 2005
A 2 A [ A %g # 8
3 B 000 Sooo| W —ame e~ Lt 50 1 .
A QVQ N S OYQ <®
N & &
& &
s <
CD45RA- FoxP3hi activated Tregs CD45RA- FoxP3lo non Tregs
100 004 ey ax 008
I I = =
< < < <
a =) 30.03 b4
Go7s 8 3 3006
§ §0 §0.02 §0.04
g 0.50- g g g
w @ 5 0.01 ©0.02
3025 B 3 ]
3 3 3 3
. 0.0 0.00 .
& o>? < S QYQ N
o7 S 7S
@ < @
< N
CD1c mDCs Intermediate monocytes Non-classical monocytes
, \ \ \ - \
z 2 21 2z 203 .
=1 =1 =1 5100 =1
5 0- + s ¥ s .
I 5 gor Sors| —— g
2" 2 3 2 : . N
z x Zos0 Z 050 K . = ] - -
< < < < . - : <
E o, H g o ot .
Eo. & goz ] %
Fou 3 ED 30.00 4 goo
N QYQ & 0)‘? <&
& & & &
¢ §
1gD only switched mem B
‘. 0.08 =
0.15 004 07
o ® o ® o
. 0.10
s R - < < ~006] o =06
§0.10 ' § goos 5 §
g g ooz . Boos gos
2005 g0% 2 ’ 2 204
3 3 Bool| - « i 2002 Ehe
b o e G
000 0.00 000 0.00
Switched mem B Unswitched mem B
035 .
 0.30 ® P
So2s g e
8020 8 g
2005 vo1
30.15 3 2
0.10 0.00

Supplementary Figure 7. Frequency of all the cell clusters identified with unsupervised
clustering. Cell populations identified with the unsupervised clustering and not differentially
represented in T1D compared to all other groups are shown. HC, healthy controls; CD_THY, celiac or
thyroid diseases; preT1D_LR, relatives with 0-1 autoantibodies; T1D, type 1 diabetes. * p < 0.05, **
p <0.01, *** p <0.001.
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