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F I g u re 4 . G e m Sto n e y S PA D'E M E Re p rOd u CI bl I ityAulti-cell type models such as the one presented here [Sgare ) have a number of repetitive design

Results Discussion

Abstract

Analyzing data that comprises 48 correlated measurements on cells presents major
issues for classical gating analysis systems. The number -afiftvemsional
measurement plots necessary to investigate all correlations is as high asc3256

Figure 1. GemStone Model Design Figure 2. Reproducible Progression Plots

characteristics. Each cell type begins with a set of constant expression profiles that select for the general cell type of
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number that may require investigators to consider different analysis paradigms to T Monos | ] C D y LAY . ) g2 iy
. . | cos- . D33+ Monos P are normally used to clean up lineage positive markers. For six of the ten cell types, a set of staging markers were usec
extract useful information from the sample. \c';‘y CD33+ .. EF ;< ; EF to further separate the events into stages. Once the events are selected into cell types and stages, it is very easy to
.'.%. ; Qe :.o°. o6 2 inspect the other markers for other populations that may be present using a combinatory analysis routine called
This study uses the technique of probability state modeling (PSM) to automatically T e ‘l T e - cM Hl i TriCOM These marker combinations can then be selected and labelled and represented in subsequently graphs or
model and extract information from PBMC samples. The major cell types defined in g- co33 33 2 Rep 1 EM database results.
the model are 1) CD8 T cells, 2) CD4 T cells, 3) GamltzaT cells, 4) B cells, 5) § 03 €3 g ! E ‘:’:.‘. After the modeling process has concluded, expression profile overlays such as siogurérocan represent how
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Monocytes, 6) NK cells, 7) Dendritic cells, 8) Basophils, 9) Granulocytes, and 10) 3 cos » Fereen 45t SOGSR YINJSNE Y2Rdf I GS 6AGK aiGt3S0 {AyOS GKAa add
. s . P N N R of the overlays demonstrates the reproducibility of probability state fdghensional modeling. Although these
PlasmablastéPB). Within many of these cell types, populations aredassified into coa €04 . o |- s, Naive, .. T R y eproc yorp vy gh ing 19 ,
. _ . . . 4 ° [ e overlays represent marker correlations in a very compact form, there was need for a single graphical representation of
stages or categories and within each of these categories additional populations are » cor gy W v g E v g g I o5 Zone 08 Ftt OStt GeaLsz adh3ss +yR O2YoAyl (2iNted grapds SRolduifliguré 3 2 y & C
defined with theTriCOMcombinatory analysis system such a&,T,2, 1,17, NKT, z m m &6 EM [:: are used for this summary data. The graphseejfnize due to attraction and repulsion forces of the nodes and
TReg and others.Other publishedapproaches such as SPADE &a8U8IE were h&.?‘ "EE CDASRA w - CM present a very clear picture of the relative proportions of all the populations in one or more samples.
oo . .- . . . el | 5 i .
evaluated for reproducibility and suitability for integration into GemStone. g lﬁl S {% % (| Rep 2 One of the objectives of this study was to evaluate the consistency and specificity of other algorithms such as SPADE
. . . | 1 e £ “p P . (15) and tSNE18-20). Not shown in this study were the negative results from the Wanderlust algor2Bpwhere it
The advantages of modeling systems like PSM are 1) scalability, 2) accuracy, 3) . @ €D25 S ‘ ' could not find the correct progression for any of the data showfigure 4 Although SPADE an&NE were both
reproducibility, and 4) automation. A new ford&ected graphics system summarizes g CXCRS = | co127 < |4 stochastic in nature (sefigures 4 and 5 t-SNE was found to be a better choice to integrate into GemStone because it
much of the information in the model and thereby provides an informative and g o - did not have as many setup options and it also appeared to better separate the cellular populations defined in high
reproducible method for evaluating the results. ° : — _g- I e e dimensional space.
I ntro d u Ctl O n CED 12 o T W EF Jz : J The capability of observing the higlimensional relationships of many of the subpopulations is helpful for developing
) ‘ Dt pd o0 % . models that are more consistent with the data. For example, the small isthmus of NK cells leading into #Ea@&D57
To date, performing modeling on higlimensional data sets with Probability State / o8 Figure 2. Progression PlotBrogression overlays from each sample for cell types T CD8+, T CD4-6D4CB&D194onosCD33, and NKs are Rep 3 ' CM $ oo g of the NK distribution has the phenotype CDOB®56 bright (seBIK inset in Figure)s As soon as they intersect the
; ; : . i hown in the above figure. Details of the model design are showigile 1 Thex-axis represents theelative progression for each of the cell R g0 CD57CD8 pole of the NK distribution, they appear to bifurcate into €&& CD8 dim populations. Both of these
Modeling (PSM, GemStond}$) has been mainly employed to identify specific B N 9 9 Y P prog ’ %0 : - o .

_g ( 4+9) y employ fy sp types. The modulations of a number of selected measurements are shown in each plot whemxtiés theelativeintensity ofthe e R EM o populations then appear to ugegulate CD57. The ability to easily integrate the modeling ¢BNE results allows the
populations such as PNH cloné} étem cells¥), fetomaternalred cells 8), CD64 ( V[ \ Vo ( \ measurements. Note the reproducibility of the higimensional modeling for the four samples from a single donor. e (& %00 sk monns ‘/Naive % ‘ modeler to better represent observed patterns into concrete models. These models can then be shared with other
positive cellsg), T cells10), and bone marrow B cell$k). With the advent of mass c14 ﬁ_] F . r 3 M d I S r M ’ | —— | - °..' B N = Naive scientists and their veracity subjected to closer scrutiny.
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cytometry (L2,13) and the greatly improved signeé-noise characteristics of the Helios 5 — |g U e . O e U | | | | | |a. y apS S S ¢ [ S| swe The relatively large gaps between the populations showFignres 5 and re mainly due to performing aSNE
instrument (L4), it is possible to model all the major populations present in peripheral g = analysis on gingle sample If a studystochastically sampless series of files and then performs-8NE analysis, there
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blood mononuclear cell preparations (PBMC). Sample 1 Figure 4. Gemstone, SPADENE Reproducibilitin order to assess and compare the reproducibility and specificity for GemStone, SPADE 3.0 2 jties “Theincreased resolution of analyzing one sample should make it possible to better find aberrant or

and £SNE; three replicate samples from a CD8 T cell sijiyvere modeled by PSM as described in the manuscript. Each fitted model (see currently unidentifiedand unmodeledpopulations
Objective 1 One of the main objectives of this study is to develop and present a Sample 2 Panel A Plotswas then used to synthesize 30,000 CRglTevents that only involved the measurements: CD3;A%D4, CD8, CCR7 (CD197),
. . . . . g 16 J"J 3 /5HyS FyR /S5npw! ® {AyOS (KS&S RIGE aSida ¢sSNB aeyiKSaduhséRaionS OK S$@SyiQa &Gl 3S s1a 1y26y yR NBLNBaSyidsSR Ay GKS TAtS
GemStone model that aUtomatlca”y identifies all the major cellular populatlons In a set & D57 ‘-‘w g Sample 3 type of measurement with values ranging from 0 (Naive, dark blue), 1 (CM, aqua), 2 (EM, red/orange), to 3 (ERdrelBshows CCR7 vs.
(g}

of PBMC samples from a Helios mass cytometer with 48 correlated measurements and CD45RA and CD28 vs. CD45RA-colted dotplots with the appropriate progression vector arrows.

when appropriate, stage them. A new ford&ected graph will be presented that
summarizes all the modeled populations and their respective percentiles.

Summary

1. Asingle probability state model was constructed that automatically analyzed all the high
dimensional Helios files in thistudy.

all > Bi= Sample4

Branch

Each synthesized file was added to SPADE 3.0 and separately analyZahfdeée Plojs All setup parameters were in their default condition
except fluorescence parameter transformations were given a hyperbolic sine cofactor of 1000. Only CCR7, CD28, and €RA&SA fear
SPADE clustering in order to reduce the execution time. The orientation of the node positions were defined by the algtyithhe @eneral
gestalt of the nodes was found to be dramatically different for each replicate. Most of the SPADE nodes were clusterytepoapeifor a few
(see blue arrows), which tended to be at the tips of the tree structures. In two of the three replicates, thestdajee nodesvere appropriately
adjacent to the Cstaged nodes; however, in Rep 2, the Nastaged nodes were largely adjacent to thedged nodes.

Figure 1. GemStone Model Desighhe selection and staging of the T cells, B cells, and Monocytes are as sikameliA To the right of each
measurement label is a figure showing the general shape of the expression profile. Black double arrows show linkechgxpfissioStaging

for the T cells was done as publishé@)(with a stepdown for CCR7 and for CD28 and three levels for CD45RAdWidiigh). Staging for the B
cells was done with a stepp for CD27step-down for CD38, and threlevel for CD24 (higlow-high). Staging for the Monocytes was done with a
three-level expression profile for CD16.

Objective 2 Another objective of this study is to evaluate some other algorithms such
as SPADHE%-17) and tSNE 17-20). These methods can magdimensional data to
two-dimensional display surfaces and can be evaluated by cre&aigticsimulated
data where truth is known and then critically examining the analysis results. SPADE,

2. A selforganizing forcedirected graph was presented that provided clear summary graphs of
the relative proportions of all the modeled cell types in the sample.

Each synthesized file was then added to @gMatLabsystem. Only CCR7, CD28, and CD45RA were used to calculat&iNéabelled dsh-
SNE) parameters. Each of the three replicates appeRairel D Plotsvhere the four CD8 T cell stages are represented as Naive (blue), CM (red),

3. Both SPADE ane3NE have stochastic characteristics when applied to replicate samples

A number of subpopulations were identified for CD8+ and CD4+ T cells using nTul@¥vis The combinatory populations for the CD8+ cell

spanningtree progression analysis of densitprmalized events, uses a density
dependent kmeans clustering algorithm to dowsample data into nodes and then a
spanningtree graphical algorithm to connect related cluster nod&s)(The nodes can
then be edited by the user via rotation, translocation, and normalization tools to
improve their visual appearance and make them appear as clusters of grapes
representing cellular ontogengl). Another common approach to visualizing n
dimensional data is to use the parametrdSMNE algorithm originally proposed by van
der Maatenin 2009 {8), with improved performance using the Barrdat algorithm
(19), and ported by Amir to MatLabbased system modified to accept cytometry FCS

files 0).

Objective 3 The final objective for this study is to explore the possible integration of
the t-SNE method within the context of GemStone modeling. ddigtensional

type included NKT (CD161+CCR6+CD56+) and a currently unidentified subpopulation with the pheXagiesPB1The populations for CD4+
cell type included JL (CXCR3+CGR6,2 (CXCRBCRS, T,17 (CXCREBCR6+),.I,17 (CXCR3+CCRB8#),(CD25+ CD12f and F,(CXCR3+CCR6
CXCR5+).

The selections anstaging'sfor Natural Killer cells (NKs), Dendritic cells (DCs), Basdpafle¥ contaminating Granulocytes (Grans), and Plasma
Blasts (PBs) are as showrP@nel B NK selection was CDX3D33CD3 CD19CD123and CD56 dim/+. Staging for the NK cells was done with a
step-up for CD16 and CD57. CD8 was considered a branchedstep

Two subpopulations were identified for the Dendritic cells uginGOM pDC(CD123+CD1f)candmDC(CD123CD11c+).

Figure 3. Model Fore®irected Summary MapsThese maps summarize the percentages for all the populations modeled from each of the four
samples. The areas of the nodes are proportional to the number of events in the cell type, stage, or selected poputaitiotiewtages. Colors
for the nodes are determined from the corresponding model cell type, stagetr&@@Mcombination colors. Parerthild nodes have a spring

like force where if the nodes are too close, they repel, and if they are too far, they attract. All other nodes havesadistance repelling

force. These graphs have a smembly characteristic which results in a visually pleasing distribution of all the imppoulations defined in
the model and allow a quick inspection of many of the modeling results.

Figure 5. GemStonttegrated tSNE Plots
Sample 1 Sample 2

Sample 1

Figure6. Automated Labelling of the Integrated$NE Plot

EM (green), and EF (dark indigo). The replicate patterns were also found to be stochastic in nature.

whereas probability state modeling results are very reproducible.

4. The integration of GemStone ané3INE allows the automatic labelling of all the modelled
populations in tSNE plots.

5. The labelled subpopulations provide important landmarks in th&NE plots which aids in
both subsequent model design and detection of aberrant or currently unknown populations.
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& 2 ¢ S NIFigeire by Gematorintegrated t SINE: Plotshpar tgNER plats wereigenadateckfsom the fosmsagemor samples. The markers involved in generating

the two t-SNE calculated parameters, A and B, were CD45RA, CD20, CD33, CD28, CD24, CD161, CD38, CD11b, CCR6, CDELRDE) CXTCRS,
CD57, HLADR, CD19, CD4, CD8, CD11c, CD3, CD85j, CD16, CD27, CD14,,@1R3, BD56, and CD25. TB&IE related optionsere 20,000
events, perplexity=50.0, and theta=0.5. Coloring for each event came from the node colors stkaguress 3 and 6 Although local neighboring
structure is maintain by the algorithm, deciphering the specific populatimmsbe challengingecause of the stochastic nature of the algorithm.

Figure 6. Automated Labelling of the Integrate<BNE Plot
the right is the associated labelleeéSNEplot with all the modeldetermined population landmarks identified.

{ I YL} Sirestéedzaunmanidag is shown on the leftle of the figure. On

uncovers progression and regulatory coordination in human B cell development. Cell 2014;1%7:714
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