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Introduction

AdvancedAnalyss 2.0 Basics

NanoString¢ S O K y 2 hGodnteSags@ysare designedto provide a singletube, ultra-sensitive,
reproducibleandhighlymultiplexedmethodfor detectingnucleicacidtargetsacrossall levelsof biological
expressionTheseassaygprovidedirect detectionof targetsusingmolecularbarcodesmostwithout the

necessityof reversetranscriptionor amplification.nCounterassaysare
processeanthe fully-automatedPrepStationfollowedby datacollection
on aDigitalAnalyzeralternatively processinginddatacollectionmaybe
accomplishedtogether on the SPRINTinstrument. The nSolver 4.0
SoftwareAnalysisSystenis providedto organizeyiew,andprepareyour
datafor statisticalinterpretation.

AdvancedAnalysi®.0is convenientlyprovidedasa link from the nSolver
dastboard. It drawsfrom powerfulacademicpensourceanalysigools,
providesasimpleinterfaceto guideyouthroughanalysisanddisplayshe
resultsin an interactive HTML document. Each AdvancedAnalysisis
performed usingR, a powerful statisticalsoftware program. Familiarity
with Ris not requiredasusersonly needto interactwith a simplewizard
within nSolve#.0.

Thebasicstepsneeddal to prepareyourdatain nSolved.0arecoveredin
thismanual(seethe nSolved.0 DataPreparatiorsectionof this manual);
for more information on this process,seethe nSolverd.0 UserManual
(MAN-C0019.

Change$rom Advanced
Andysisl.1to0 2.0

Advanced Analysis 2.0 is
keeping pace with the
rapidly expanding
nCounter technology. In
this version, data analysis
becomes more data
focused and less analyte
restricted. Single
Nucleotide Variance(SNY
analysids supported,asis
Fusbn dataanalysis.

nanoS_tr_i_n_q
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Workflow

The followingstepsare commonto all AdvancedinalysesThe Advancedinalysi®.0 QuickStartGuidein
the nextsectionleads youthroughthesebasicsteps.
Formore detailson a subject:

0 Clickthe relevantstep in the workflowbelow.

0 Followthe hypelinksin the QuickStartGuide

0 Navigatehe manualusingthe Tableof Contentsandrelevantlinks.

SelectAdvancedinalysisand
selectyoursamples.

UsenSolveto prepareyourdata.

Normalize Drata Export

 rcciveon wzaso il

Advanced Analysis

l

Specifysampleidentifiers covariatesandannotations

Identifier Use in Analysis Annotation
[=- Group: Identifiers

i File Name
[#- Group: RCC annotations
[=)- Group: Experiment annotations

O Sample/Treatment
m Quick Analysis | / \ -3 Custom Analysis
) Choosesettings
LaunchAnalysidatafrom

nSolveto viewprogress e

General Options
: — Normalization
An alYSiS Data Differential Expression

Summary / Save Settings

ViewQCresultsanddata analysisn pathwaysof interest. Foran overviewof QuickAnalysigplots
and CustomAnalysisettingsandplots, seethe QuickStartGuideto Advancedinalysisection.

Overview Normalization Diff Expr GSA PathView Analysis Parameters Share

Figurel: AdvancedAnalysisvorkflow
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AnalyteTypes

Advancedinalysi£.0,in conjunctionwith nSolver.0, isdesignedo identifyandsupportthe analytetypes
listedbelow, either aloneor in anycombinationwith eachother. At thistime, it is not designedo analyze
PleX, PlexSetCNV pr miRNAdata. Most commerciaNanoStringpanelsare supportedandthis list maybe
updatedperiodically Contactsupport@nanostring.comwith questiors.

MessengeRNAMRNA)Y, AmRNAmoleculeis a nucleicacidof 400-
10,000 baseswhich servesas a template for protein synthesis
(translation). MRNA panels are offered standalone, in Gene
ExpressiofPanelsandwith miRNApanelsin the miRGEAssaxKits.

SingleNucleotideVariance(SNV), SNVrefersto a single or multi-
basechangeof up to 20 baseswhich may existas an insertion or
deletion, occurringin humangenomicDNA. Vantage3D DNASNV
assaysand the Vantage3D DNAsolid tumor panelare designedto
detect suchsequencevariationsat specificpositionsat levelsaslow
as5%allelefrequency thereby permitting the detection of somatic
mutationscommonlyseenin cancer.

Fusiong A genefusionevent,whichresultsin a hybrid geneformed
from two previouslydistinct genes,happensthrough translocation,
chromosomainversionor interstitialdeletion.Fusionsre often used
asprognosticmarkersin cancerdiagnosis. NanoStringffersdirect
detectionandcountingof fusioneventsin two customizablé.ungand
Leukemigenefusionpanelsthe nCounterVantage3D GeneFusion
panelsandnCounterGenefusionPanel{ExXUS).

Protein ¢ Proteinsare translatedfrom mRNAproducingpolypeptides
which perform the majority of active function within biological
systems Vantage3D Protein Panelstarget proteins and phospho

proteinsin a variety of cell types with the Immune Cell Profiling,

ImmuneCellSignalingand SolidTumorLysateand FFPEPanels.

Figure2: AnalyteTypeghat canbe
analyzedisingAdvancedAnalysi.0

nanoS_trinq
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Installation¢ nSolverd.0,AdvancedAnalysis& R

Requirements

BeforerunningAdvancedAnalysidor the first time, ensureyou havethe following:

o Areliableinternet connectionwhichallowsthe downloadandinstallationof Rlibraries.

o PermissivdirewallsettingswhichallowR Scriptto write filesto the homedirectoryandthat allow
accesso the websitesnecessaryor full functionality.

o0 Adequatetime to allowRlibrarydownloads;this cantake up to one hour. Thisrequirementis for
first-time AdvancedAnalysigisers,only.

0 Practicedata. NanoStringstrongly recommendspracticing with sample data before using
Advancedinalysion experimental/clinicaflata. Contactsupport@nanostring.com

nanoS_trinq
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Downloads

AdvancedAnalysignust be separatelydownloadedfrom the NanoStringvebsiteand imported into the
nSolver4.0 application.All Advancedanalysispluginsdistributed by NanoStringdependon a specificR
version.Referto the instruction manualof the specificAdvancedAnalysiplugin you intend to useto
ensureyou havethe correctRversioninstalled.

Instructionsfor the following software downloadsare listed individually below. nSolver4.0 Analysis
Software R3.3.2 andthe AdvancedAnalysi®.0plugin.

DownloadinghSolved.0 AnalysisSoftware

If you havebeenusinganotherversionof nSolver.0alpha you will needto backup your databaseand
start with a cleanor blanknSolvert.0database Then,downloadandinstallthe software.

Windowsusers:

o0 Navigate to cluseas\<username¥appdataroaming. Rename your nSolver4 folder to
nSolver4_olgor similar).Youmayneedto showhiddenfilesin orderto seethe appdatafolder.

o Download and extract nSolver 4.0 from https://www.nanostring.com/products/analysis
software/nsolverinstallthe nSolverd.0 application

o Whenpromptedto InstallR selectYes(seenextsection).

Macusers:

0 Fom yourhomedirectory,makesureyour hiddenfiles are shownsoyou canseeyour nSolver4
folder. Renamet nSolver4_oldor similar).

o Download and extract nSolver 4.0 from https://www.nanostring.com/products/analysis
software/nsolverinstallthe nSolver.0 application

DownloadingR3.3.2
R3.3.2isrequiredfor version2.0 of the Advancedhnalysis.

Windowsusers:

o Youwill be giventhe option to downloadR 3.3.2whenyouinstalinSolve#.0. If you did not, goto
https://cran.r-project.org/bin/windows/base/old/3.3.2/

o Ifé 2 dzReiSuslyusedadifferentversionof Rwith AdvancedAnalysisindare updatingto anew
versionof R,youwill needto changethe Rhomepathin nSolverSelectAnalysisn the top toolbar
in nSolverand selectChangeRHomePathto the R3.3.2installationfolder. Browseto the desired
directoryandthen selectOk

nanoS_trinq
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Macusers:
0 InstallRseparatelyGoto https://cran.r-project.org/bin/macosx/old/R3.3.2.pkg
0 InstallXQuartaf youuseMacOSX10.10or higher.Goto https://www.xquartz.org/
0 Youmayneedto downloadRSwitchor asimilarappto replaceyourcurrentversionof Rwith 3.3.2.
Alternatively you mayuninstallall other Rversions.

Wheninitiatingan analysisn Advance Analysi.0,nSolved.0will checkthe versionof Ryouhave
installedandwill issuea warningif it is a versionincompatiblewith the program.

DownloadingAdvancedAnalysi®.0

You  will find the most recent  version  of Advanced Analysis on
https://www.nanostring.com/products/analysi®ftware/nsolver Save this to your computer as a
compressedzipfile. Donot extractthe filesbeforeuploadingthemto nSolver.

In nSolve 4.0,selectAnalysi®n the top toolbar (seeFigure3) andselectAdvancedinalysisManager Any
previouslyinstalledversionsof Advancedinalysiwvill be displayed.Y oucanRemovehem or simplylmport
the currentversion. Toimport, selectthe Impat NewAdvancedAnalysisutton and navigateto the .zip
file with the current AdvancedAnalysisersion.Thisversionwill be addedto the list within the Advanced

AnalysisMlanager.SelectOK
= nSolver Analysis Software 4.0
File RawData Study £xperimenlxport Preferences Help
£ & “e
RCC RLF  gfys 4 ReC S| Advanced Analysis Manager i
e om0 -
22c Raw Data | i Experiments . nCounter Advanced Analysis (version 1.1.4)
= g Studies

1 [ 3D test study
+ [ CancerImmune test
+ [ CNV Cancer Study
E% CNV new Cancer exp
" LeukFusv Study |
+ [ miRNA test study | ort
i1 B New Study |
3} [ RNA Protein Study Import New Advanced Analysis
5 8 SNV Study I e
=i SNV Exp NS_ST_DNA
ii§ Raw Data Ok m{
il Normalized Data I !
¥ Grouped Data }
ii¥ Ratio Data |

Figure3: ImportingAdvancedAnalysi®r changinghe analysis/ersion
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AdvancedAnalysi.0QuickStartGuide

The AdvancedAnalysissoftware plugin providesa number of R-basedstatisticaltools with minimalinput from the user.
Before beginning,ensureyou have a reliable internet connectionand security settingsthat allow pop-ups. Firsttime
AdvancedAnalysisisers shouldensurethey allow adequatetime to downloadrequiredRlibraries(this ~750MB file may
takeupto 1 hourto download).Seethe Installationsectionfor downloadandinstallationinstructions.

1. Experimatal Design& nSolver4.0 DataPreparationimport your RCGind RLHAilesto nSolver4.0 and
create an Experiment For more on this topic, seethe nSolver.0 UserManual (MAN-C0019 or the nSolver.0
QuickStartGuide(MAN-10049. Annotatesamplesbearingin mind that the annotationswill be usedasvariables
in AdvancedAnalysis.Onthe Experimentsab, highlightthe raw or normalizeddataand selectAdvancedAnalysis

2. Creatingan AdvancedAnalysisHighlightthe desiredAdvancedAnalysis/ersion(if more than one installed),
choosea Namefor the analysisand Browsefor the locationin whichyou would like it saved.Sdect an Identifier
thatisuniqueto eachsample(includingSN\feferencesandoneor more Covariatdy checkingappropriateboxes.
Usethe drop-down menuin the CategoricaReferenceolumnto setareferencegroupasyourbaseline.Selecting
QuickAnaysiswill resultin OverviewNormalizationand DifferentialExpressiomnalysegor expressiordataand
variant call detection analysedor SNVand Fusiondata. Custommay be selectedwhen wantingto customize
analysisettingsithesesettingsare addresedon pages3-4 of this guide.

3. ViewingAnalysisReturnto the nSolver.0dashboardselectyour experimentandexpandthe navigatiortree.
Highlightthe Analysiglatalevelandfind your mostrecentanalysion the list. Highlightit and selectAnalyss Data
Thiswill opena window in your browser;you may needto Allow BlockedContent dependingon your internet
securitysettings.Librarieswill load, statusmessagesvill dynamicallyappearin the browser,and ultimately, an
analysiscreenwill appea. Seenextpagefor descriptionsf plotsandoptionsavailable.

SelectAdvancedAnalysisind
Workflow UsenSolvetto prepareyour data. selectyour samples.
em| _,
RCC IMPORT WIZARD [l EXPERIMENT WIZARD [l EXPORT WIZARD ANALYS|S WIZARD LLLI
Advance d Analysis

Specifysampleidentifiers,covariatesandannotations

Quick Analysis / \ Custom Analysis

LaunchAnalysidatafrom Choosesettings
nSolvetto viewprogress e

Analysis Data

v

Figured: AdvancedAnalysisvorkflow

11
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ViewQCresultsanddataanalysisn pathwaysof interest(this stepcontinuedfrom previouspage).

Overview Normalization Diff Expr GSA PathView Analysis Parameters Share
l I ) W i
Overview DifferentialExpression Share
Overview heatmaps display raw This  module Thisallowsyou to
data, allowingyou to idertify gene isolates the access the
setswith low countsand normalized effect of each =77 AdvancedAnalysis
dataclusterswhichgivesyouahigh variable on the = report as a
level view of possible associations data. It display: sharable zip file.
within the data. Choosé&o viewonly a linear - Onceit is savedto
genesin particular gene sets along regression of | = T your computer,
the left side of the window and the differential . | : ' extract
chooseto view PrincipalComponent geneexpressiol - o L AdvAnalysisReport.zip
analysis study design,and QCdata for each T and view the
alongthe top of the window. variable as a =~ ¢ HTML  report
—— = volcanoplot. outside of
. E: e E- nSolver. This
—— = v folder also
Ii 3 l- 'y contains all the
== : GeneSetAnalysigGSA) analysis output
il L Ll GSAoverlaysdifferential expressiorndata images and data
for sets of genesgrouped by biological files.
v function, consideringthe covariatesand v
relativeto the baseline. .
L Analysis
Normalization
Parameters

This module allows you to normalize
mRNAandproteindataseparatelylt uses
the geNorm algorithm for mMRNA,
choosing only the most stable
housekeepingienes Scattermlotsdisplay
the effect of the chosennormalization
settingson the data. Protein expression
dataisalsodisplayed.

Under this tab, you
may view all analysis
settingsanddetails.
Youmay alsoreview
the reasonsbehind
any aborted
analyses

] PathView
B Fusion Thismoduledisplaygifferent KEG@athwaysand

highlights pathway members most differentially
l expressedn your data.

JECTTL
25 00 25

SNV & Fusionspecificplots
SNVandFusionvariantdetectioncall ==
summariescan be found on these = -
tabs. QC metrics specificto these
assayscan also be found in this

section :

12 .
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CustomAdvancedAnalysisSettings& Plots

AnalysisType
Here,youchoosebetweenQuickand Custom
Analysis.

Analysis Type

Quick Analysis
Aqu

spec:

‘»‘j Custom Analysis

Analysis Type

_
General Options

—_>
Normalization

Differential Expression

GeneralOptions

Onthismenu choosethe modulesto run, confirmthe experiment
type,choosea probe annotationfile, anddetermineanyadditional
imagetypes(.pdf,.jpg,etc.)to create.Usethe checkboxto omit
low countdataandthen AdjustParameterdgo alter the thresholds
(analytespecifickhat definelow count.

General Options

Experiment Type: 2
*  Standard MultiRLF Merge (standard experiments merged)

Choose modules to run: 2

! Overview Choose an annotation for defining probe sets: ?
¥ Normalization Probe.Annotation v
¥ Differential Expression Choose additional image types to create: ?

Pathway Scoring None v

SR ling ¥ Omit Low Count Data 2

Probe Descriptive

Related Analytes

Selectinghesemodulesaddsthem
to the menu.Seefollowingpage

Normalization

Advanced\nalysisllowsyouto normalizeeachanalytetype with
its own custom settings. Manually select probes or allow the
softwareto automaticallyselectthe best performing probes.It
canalsorefine the list of probesto the top 10 (or other number

Summary / Save Settings

l

Summary/Sav8ettings
This displaysa summary of your
settingsfor the currentanalysisand
allonsyouto savethemfor afuture
application.

of yourchoice).Seepreviouspagefor resultingplot.

Normalization Parameters

¥ Normalize Protein

¢ Normalize mRNA

CD4(OKT4,
CD40(HB14]
CD40L(24-31

CD4S(HI v

DifferentialExpression

Onthis menu,chooseone or more variablesto includein

your differential expression model. Predictors and
confoundersare treated equallyin this model, but results
will only be shownfor predictors.Chooseto run DEusing
the Optimal or Fast/Approximatemethod.The Optimal
method is robust for estimating differential expression
when probe counts are low or near backgroundbut

computationally demanding. The FastApproximate
methodworkswell for probe countsobservedsignificantly
abovenoise.ThePathViewplotscanbe coloredby eithert-

statistic or fold-change See previous page for resulting
plot.

Available Annotations Selected Predictors
New Annotation

Selected Confounders

* Optimal Fast/Approximate

P-value Adjustment 7 Benjamini-Yekutieli ¥ ¥ Run GSA (ves/no) ?

¥ Display Results Using Pathview
® Displaytop 20 ¥  pathways Pick pathways I want displayed

Color Plots by Fold Change v P-value Threshold 0.05

nanoS_trinq
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PathwayScoring

Usethe greenarrowsto selectvariables
to plot against pathway scores and
variablesto adjustfor before calculating
pathwayscores Seebelowfor plot.

Pathway Scoring
2P 5 >
Available Annotations Plot Pathway Scores Vs
Treatment n VVVVVVVVV
Adyust Pathway Score For

T

Pathway Scoring

Cell type Profiling

Probe Descriptive

1
CellTypeProfiling P T————

Use the green arrows to move at 8
least one covariate from Available
Annotationsto Selectedto analyze
cellpopulationabundance.
Seebelowfor resultingplot.

Column Spacifying the el Types’ Characteristic Probes.
. ol Type) Custom

® Use Defauts

Uplaad Your own

ProbeDescriptive

SearchHor probe namesto calculate
detailedmetricson a smallersubset
of genesAtleast5 genesneedto be
entered for Principal Component
Analysis biplots. See below for
resultingplot.

Grouping Annotations

Tretmnt B e

Generate Trend Plots
Generate Interaction Network

Relzted Analytes

v

Related Analytes

RelatedAnalytes

Related probes for different
analyteswill be listed. Usethe
greenarrowsto movethe probe
pairs of interest. See below for
resultingplot.

Grouping Annotations
Trestment

Generate Trend Plots

Pathway Score

Cell Type Profiling

PathwayScore
The Pathway Score
summarizesthe data
from a LI GKgl
genes with a single
score.The heatmapof
Pathwayscoresshows
a highlevel overview
of how the pathway
scores change across
samples.

Probe Descripiive

Related Analytes

RelatedAnalytes
This module compares ===

the expresionlevelsof
multiple analyteswhen
theyhavebeenlinkedin
the probe annotation
file. 1t applies all the
tools of the Probe
Descriptive module to
each pair of related

analytes.

v v

CellType = smean,
Profiling )

ProbeDescriptive
Thismoduleprovidesdetaileddescriptiveanalysiof 1¢
15 genessdected using univariate and correlation

Thismodule quantifies

; : plots.Whenat ———
variouscelltypesusing leasts probesare !
cell type-specific * selected PCA %
markergenes. biplotsand E
parallelcoordinatei
plotswill alsobe -
:::::: generated.
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Whatto Do Before PerformingAdvancedAnalysis

Meaningfuland effective AdvancedAnalysisoutputs rely on properlydesignedexperimentsand well
prepareddata

ExperimentaDesign

Experimentatlesigndrivesthe qualityandclarityof downstreamanalysigesults. Consideringhe number
of samplesreplicates andvariablesaheadof time is essential.

o If workingwith categoricalvariables,arrangeto run at leastthree biologicalreplicatesin each
category.

o Probe annotationsdocument the biologicalsignificanceof the probes and link them to the
pathwayswith whichthey areassociatedCheckyour probeannotationfile to ensurethe fieldsyou
needarefilled. Forhelpwith your annotationfile seethe ManagingProbeAnnotationssection.

o Thedefaultuniqueldentifierfor yoursamplessthe file name.Thismayappearongor complicated
in visualizationssoyou mayconsidercreatinga simpleridentifier usingthe Descriptioncolumnin
nSolverEnsurghat any SN\eferencesyoumayincorporateutilizethe sameidentifier category.

o Useyour sampleannotationsto labelboth confoundersand predictors.Thesewill becomeyour
covariatego choosefor analysis.

o Anfounderis a variablewhich affectsyour databut whichis not scientificallyrelevant.
Technical confoundersare variablessuch as run date or cartridge lot. Expeimental
confoundersare variablessuch as patient body massindex or age. You will want to
investigateeachO 2 y T 2 deffeetSnyddkdatain suchawaythat it doesnot complicate
the effectof anypredictorsincludedfor analysisEnsurehat anyconfoundingvariablesdo
not whollyoverlapwith predictors.

o A Predictor is a variable which affects your data and which is scientificallyrelevant.
Exampleicludetreatmenttype,treatmenttime, andcellline. Youwill wantto investigate
eachLINS R AefidctdriN@uadatain sucha waythat it is not complicatedby the effect
of any confoundersincluded for analysis. Sample annotations (establishedduring
experimentcreationin nSolver)can be usedto distinguishpredictorsand test for their
effecton the datain AdvancedAnalysis.

nanoStrinq 15
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Tips:recommendedvorkflow

It is helpfulto run AdvancedAnalysighrougha multiple passegprocess.

Firstpassincludeall samplesandall possiblepredictingand confoundingvariablesRunthe QuickAnalysis
and view the Overview Normalizationand DifferentialExpressiomodulesand checkplots on thesetabs
for clusteringand bias theseindicate variables which are impactingyour data. Usethis information to
determinewhichsamplesand covariatego choosefor your nextpass.

Secongass:removesampleghat failedQCin thefirst pass.Chooséhe covariatethat ismostscientifially
relevantto your projectand set up a CustomAnalysis Chooseanalysismodulesand parametersthat fit
yourexperimentadesgn.

More passesanalysicanbe further modified after reviewinganalysigesultsfrom previouspasses.This
includesremovingoutlier samples,usinga different covariate(s)and applying different parametersto
analysis.

16
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nSolver.0 DataPreparation

AdvancedAnalysisrequires either raw or normalizeddata from an nSolverexperimentas well as the
appropriateRLF Belowis anabbreviateddescriptionof the nSolvert.0workflowrequiredto prepareyour
datafor AdvancedAnalysisReferto the nSolve 4.0 UserManual(MAN-C0019 for more details.

("5} nSolver Analysis Software 4.0 = E'
ImportRLF
File RawData Study Experimen it Analysis Export Preferences  Help

RCC  RLF e’
il

R TR TR TR T

| ¥
) _SOLIDTUMOR _SI¢ 1 -
et NewExperiment 1
v GB O ER"
,_CANCERIMMUNE_RNAPROTEIN_T2
CNV_HS_CANCER_C1339

RawDataTab—» "

RLFCodeSets——}

LEUKFUS_V1.0
_1_02RCC

RCEile — 2 momoa

Import RCGies NewStudy

REC Import RCC Files

R |
)

% New Study

| Welcome to nSolver Analysis Software 4.0 | 9:18:26 AM

Figureb: nSolverdashboard; raw datatab

ImportFiles & Explore Raw Data

A ReporterCodeCount(RCCJile is an output file generatedby nCounterinstruments. One RCile is
producedfor eachsampletested;this onefile containsthe barcodecountsfrom eachgere and controlin
the CodeSet.RCC data files should be saved on your computer or USBQpere your data foldesnd
unzipdata files using right click aioktract AllQpennSolver 4.0 and selectmport RCC FileBrowse for
and select your samples of interest. Sel@ata has fusion probésworking with fusion data (this allows
you to designate fusion probes). Selepen ReviewQCparametersthen selectimport

A ReporterLibraryFile (RLF)s a file specificto your CodeSet.It providesnCounterinstrumentsand the
nSolver4.0 softwareapplicationwith valuableinformationaboutthe CodeSetsuchasthe assignmenbf
probeto gene.Toimport, selectthe Import RLFFileiconon the toolbar at the top of the page. Browseto
navigateto the folderin whichyour RLHile is storedand selectimport Importingthe RLHFs requiredfor
Advaned AnalysisSNWeferenceamayberun on aseparateRLFthis shouldbe imported, aswell.

After importing to nSolver 4.0pyr RCC data files will be stored under the corresponding RLF file CodeSet
on theRaw Dataab. Selecting the CodeSet nhame allows you to view all RCC files in a table format. Scroll to
check for QC flagelse Description column to create shortened sample identifiers.
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Create a Study and Experiment

Select theNew Studyputton to create a study, then tHdew Experimenbutton to create an experiment
under that study. Follow the prompts to select the samplesdiaide in your experiment.

Annotationsassigned here can be selected later as covariates (variables) in Advanced Analysis (see the
Identifiers and Covariatesection). @refully consider youexperimental dsignat this stage (see the
Experimental Desiggection), as it can have an impact on visualizations created later in Advanced Analysis.

BackgroundorrectionandNormalizatiorstepsare not necessaryf the datawill be processedy Advanced
Analysisthe plugin will performits own thresholdingand normalizationand will pull the raw data from
nSolver.You will be prompted to sele8NV reference sampl@8CCs and RLF must already be imported
into nSolver) if wking with SNV dat&old Change®@tio$ can be calculated by specifying the sample(s)
that represent the baseline of your experiment.

I~ nSolver Analysis Software 4.0 -0

File RawData Study Experiment Analysis Export Preferences Help

Lo b, A Qn,( Xor %oce 1 %Em Y o G S Y N Oata import B QC R Normaiize lf Ratio fData Export Sy Analysis
Expenmentg’abﬁﬂ ol - " 7% W ”’ :I '" ”‘ m ANALYSIS

7= Ust] | = Properties

-

Data Fitering
E llsmdcs
Filter: Normalized Data Name v | Match if: is anything v + Go Reset

Stud | & @ canarimmne et
7' B sty ™ <— Table/Export/Analysisuttons
Experimen i s i

o R T ColumnOptlonswon\

iii Grouped Data
i ';“: D’;u 12 Normalzed Data Name Treatment Group  Cartridge ID Lane Number Sample Name Descripbon Batch ID
5 B mRNA test i [ et A COm i i 7 00 08005010 | S S T — | —
5 B New Study m_—__

ledfusv_1 03RCC feukFusv 103... |0w0w0s0070ss6...| 3t [ ]|
m__——

‘
|
|
|

‘ Y T

\ B e emeee——on———————

‘ - T R L — ——— (—

1 T TN W ) — — —

feirsy 1 o7Rcc —Jearuey 107, Jowwsoomste.] i | [ |

|

< >

Import RCC done T S 120f 12rows selected | 9:38:50PM |

Figure6: nSolverdashboard experimentgab
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Creatingan AdvancedAnalysis

SelectData
Onceyou havecreatedan experimentin nSolver4.0, expandthe navgationtree on the Experimentgab
(by clickingon the + sign)and highlighteither the Raw or Normalizeddatalevelof your experiment.

o Rawdatais typicallyusedfor most singleRLFexperimentssincethe QCprocessesn Advanced
Analysisare more sophigicatedthanthosein nSolver.

o Normalizeddatashouldbe selectedfor anymulti-RLFexperiment.

Highlightthe samplesyou want in your experiment,utilizingthe ExcludeSelectedand/or KeepSelected
buttons, if desired.TheFiltertool is availableas well.

Select AdvancedAnalysisSelectthe versionof AdvancedAnalysi® 2 diikeRo use (if more than oneis
installed)choosea Namefor the analysisandBrowsefor the locationin whichyouwouldlike the resulting
file saved.

SeleciNext Awamingwill appearif nSolverdetectsa versionof Rwhichisincompatiblewith the program
(Rversion3.3.2isrequiredfor AdvancedAnalysi.0).Seethe DownloadingRr 3.3.2section.

5| nSolver Analysis Software 4.0 = B

File RawData Study Experiment Analysis Export Preferences Help

42:: l&; I/‘\I -LQE-C; m_r ncc E h-J ”' ml ”' E "L” 3 n

iz Raw Data | Tl Experiments |_ J = List ‘ Properties

Q- Type here to fiter Filter RCC Files
g Studies
[ [ Fusion Study Filter: ‘F\Ie Name v ‘ Match if: |is anything v | | | |E| ‘ Go || Reset
= [ RMA Protein Study
B \'\"l RNA Protein Experiment
i e i oy + 1
W Normalized Data ] &I Iﬂ’l -!- [:. ;.
il Grouped Data View Table Qc Export Analysis Advanced Analysis
- iijj Ratio Data
L i Analysis Data =
G} [ SNV Study 12 File Mame Description Batch ID % Probes Abov... Blank Lane Flag Cartridge ID Lane Number Import
PR Protei Sompl Dalo v | L B NS 5,
2 T T I I | TS B TF ¥
qo Froensomleboto. | [ [ mwl et | sum
+ T T I I I ¥ N T B TF ¥
B prowemsamgepe. | || @ e | sum
v Froensonlebata. | [ [ me et | dun
7 ST O O Y T
E s
5
0
i
B o rron samlenei | e e &
< >
‘Welcome to nSolver Analysis Software 4.0 H 12 of 12 rows selected ” 11:37:53 AM

Figure7: startingan AdvancedAnalysis
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Identifiersand Covariates

Identifiersare unique namesthat differentiate everysamplefrom the others. TheSampleFileNamewill

alwaysheunique,but canbelong,soyoumaychooseanothertypeof identifierfor thisreason.Anysample
attributesthat are uniguefrom sampleto-samplewill havea checkboxin the Identifiercolumnandwill be

availablefor use. Onlyoneboxmaybe checkedor the Identifiercategory.

Covariatesare variablesvhichthe AdvancedAnalysigool canisolateand assesshe effect of. Atleastone
covariatemust be selectedby checkinga Usein Analysisbox. Multiple covariateoptions are available,
including:
0 AnyRCQaile attributes,includingCartridgdD,LaneNumber,Assayype, S@anneddate, Comments,
FOVCount,and BindingDensity.Note that thesetechnicalcovariatesare usefulfor QCpurposes
only(e.g.assessinpatcheffects).

0 Anysampleannotationsaddedto the lanesin the nSolverexperimentwizard duringthe creation
of the experiment(seethe nSolveDataPreparatiorsection).

0 Anyadditionalsampleannotationsimportedfrom anexternaltext file in this dialogbox

Toomany covariatesselectedin one analysiscan complicatematters; it is often wiseto considerwhich
variablesare potentialconfoundersandwhichare potentialpredictorsandrun multiple analysesselecting
differentcombinationf covariatesn eachanalysis.

Selectthe type of identifier and covariateyou have usingthe ChooseType column; you may choose
categoricalcontinuousor True/Falself categoricalyouwill needto selecta CategoricaReferencewhich
will serveasa baselinesamplefor analysis.

Selectone checkboxin the Identifiercolumnandat leastone in the Usefor Analysigcovariateselection)
columnandselectNext.

Use the Import or View Annotationsbuttons to import new or view existing sample annotations,

respectively
Identifier Use in Analysis Annotation Choose Type Categorical Reference
=] Group: T entifiers
] File Mame Categorical » RMA_Protein Sample Data_01_ .
v ___
] Lane Mumber Categorical

I Group: RCC annotations
E| Group: Experiment annotations
Treatment Categorical » Unstim -

Import || You can import new annotations from external csv file. View Annotations

Figure8: selectingdentifiersandcovariates
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AnalysisType
In a QuickAnalysis
o0 Theanalysiss performedwith defaultparameters.
0 Prdbe annotationsare not requiredfor mRNAandProteinanalyses.

0 Thecore modulesare preselectedg Overview,Normalization Differential ExpressionGSAand
PathView

0 Onlyasinglecovariateis usedfor differentialexpressior{DE)analyss.

In a CustomAnalysis

o0 Multiple menutabsappearto the left of the screen(seethe GeneraDptionsCustomAnalysidvienu
section,aswell asthe CustomOptionssectionfoundin eachrespectivemodulesecion), allowing
youto customizeparameters.

0 ProbeAnnotationsarerequiredfor GSAPathViewCellTypeProfiling,and PathwayScoring.

o In addition to the core modules, Overview, Normalization,Differential ExpressionGSA,and
PathViewyou haveaccesso Relatel AnalytesProbeDescriptiveCellTypeProfiling,andPathway
ScoringYoucanselector deselecttheseto customizeyour analysis.

0 Youmayselectmultiple covariatedor analysis.

ProbeAnnotationgab
appeardf clickherelink

AnaIySISTypetab —  analysis Type Quick Analysis

appeard)y defaUIt A quick analysis will perform experimental setup QC and differential
General Options expression testing using a single sample annotation field to group samples.
Note that the baseline reference for the selected sample annotation is
CustonMOduIetabs TR specified on the sample annotation page.
appearwhenCustom

AnaIySifiS Se|ected Differential Expression
Custom Analysis

Cell type Profiling This option zllows you to choose which modules to run and customize all of
the settings.

Summaryab —> Summary / Save Settings
appearshy default

Default probe annotations were loaded for your experiment.
To upload or crezte annotations, click here.

If workingwith

. . i customCodeSet,
Figure9: analysidype and customanalysigabs youmustimport

ProbeAnnotations
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ProbeAnnotations

A messagéndicatingthe statusof your probe annotationswill appearat the bottom of the AnalysisType
window. Most commercialpanelscomewith probe annotationspre-loaded;you may usethese,replace
them with you own file, or customizethem usingthe clickherelink. Seethe ManagingProbeAnnotations
section.

LoadSettings

Selecthisbutton to browsefor a savedsettingsfile from a previousanalysigrom acommonCodeSetThis
will load the savedsettingsaswell asthe probe annotations.Covariatesnayneedto be re-selectedfor
analysispavigateto the modulemenusto reselector confirmcovariatedor analysis.
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ManageProbeAnnotations

ThenCounterAdvancedAnalysiglugin usesprobe annotationsto define the biologicalfunctionsof the
respectiveprobespresent.FormostcommercialCodeSetghe ProbelDs are collectivelyimportedthrough
the RLFIf workingwith a customdesignednCounterCodeSethowever,you may either requestprobe
annotationsfrom Nano$ing or createa probe annotationfile usingatemplate (seesectionsbelow).

Probe annotations:
o Define KEGGIDs that associate pathway membership of the target gene or expression
characteristis of a celltypeto performcelltype profilingof the data
0 AssignGeneSetmembershipvherea W & Eentiiesa broadbiologicaffunction categorysuchas
WI RKSaAz2yQ
o ldentify Relatedprobe-pairssuchasmRNAand Proteincounterpartsof atargetgene(sharing the
same NCBI gene ID)

If YouDoNot HaveDefaultProbeAnnotations

For CustomCodeSet and a subsetof NanoStringPanels Probe Annotationfiles are not automatically
uploadedby the software;in these cases,an alert at the bottom of the AnalysisType screenwill be

displayedDefaultprobescouldnot be loadedfor someor all of the probesin yourexperiment In this case,
youmaydo one of the following

0 RunaQuickAnalysisvith no probeannotations(mRNAandProtein)
0 Requesta probe annotationfile from NanoString(seethe Requestingrde Annotationsfrom
NanosStringsectior).

o Createa customprobe annotaion file from a template (seethe CreatingProbeAnnotationsfor
CustomCodeSebDatasection.

CreatingProbeAnnotationsfor CustomCadeSetData

In the AnalysisTypewindow, selectthe clickhere link to openthe ProbeAnnotationswindow. Youmay
alsoaccesshis windowby selectingthe ProbeAnnotationgab, if visible.Selectthe DownloadCS\button

andsavethe ProbeAnnotations.cdie to your computer.Modify this template file to includeannotations
that suit your analysisneeds The propertiesof eachof the columnsare explainedin Tablel. Seethe

ImportingProbeAnnotations-ilessectionfor nextsteps.
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Requesting’robeAnnotationsfrom NanoString

If you would like to request a probe annotation file from NanoString send an email to
bioinformatics@nanostring.comith arequestfor probeannotationsjncludingthe followinginformation:

o Thenameofthe RLFor the nCounterdatathat youwishto analyze

o The annotationdatabasethat you would prefer to employ- GO molecular function, GO lcér
component, GO biological process, KEGG BRITE, KEGG Bakeantpme

o If working with a multiRLFMerge Experiment,include the nSolverexperimentreport for the
multiRLAVlergeexperimentasan attachment.

o Ifthe dataisfrom aCodeSePlusRLFsendthe RLHile that wasusedto scanthe nCountercartridge
to generateyour data.

Savethe .csvfile for probe annotationsthat you receivefrom NanoStringto your computer. Seethe
ImportingProbeAnnotatiors Filessectionfor nextsteps.

ImportingProbeAnnotationfiles

In the AnalysisTypewindow, selectthe clickhere link to openthe ProbeAnnotationswindow. Youmay
alsoaccesghis window by selectingthe ProbeAnnotationstab, if visible.Selectthe Import CS\button.
Browseto the desiredprobeannotationfile andselectOpen

Scrollthrough the preview of the annotationsdisplayedin the screento confirm that your custom
annotationshavebeenapplied.Whenyouaresatisfied selectthe Analyss Typetab againandconfirm that
the messageat the bottom of the window now indicatesthat Probe Annotationswere loadedfor your
experiment

Proceedo the GeneralOptionssectionif runninga CustomAnalysir the Backto the nSolveiDashboard

sectionif runninga QuickAnalysis.

24
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Tablel: ProbeAnnotationsfile format

Column ColumnName | Description

Number

1 ProbelD TheProbelD mustbe uniquewithin thefile

2 CodeSet.Name RLF

3 Probe.Label Genericnamefor the targetmRNAor Protein

4 Analyte.Type Indicateswhetherthe probedetectsan RNAor Proteintarget

5 Is.Control BooleanTRUBr FALSE

6 Control.Type Indicates whether a Control probe target has Exogenous(e.g., ERCQprobes),
EndogenougHousekeepingpr Negativecontrols

7 Related.Probes Semicolordelimited list of Probe IDs. Identifies probes for mRNAand Protein
counterparts of a gene. Probesfor splice isoforms or phosphorylatedvs. non-
phosphorylateccounterpartsValuesn this columnare necessaryo run the Related
Analytesmodule

8 Probe.Annotation | Semicolordelimited list of annotations.dentifies Probe sets characteristicof a
biologicalfunction. By default, this column defines the annotationsfor grouping
probesfor GeneSetanalysisand PathwayscoringModules.

9 KEGG.Pathways | Semicolordelimitedlist of KEG@athwaylDs;valuesin this columnare necessaryo
run the PathViewModule

10 Cell.Type Identifiescell typesin which target geneshave known characteristicexpressionBy
default, this column defines the annotationsfor running the Cell Type Profiling
module.

11 Official. Gene.Nam{ HUGQyenenamehttp://www.genenames.or@ LrépRcethisentirelywith: & h  F
genesymbolperb / . Théatldappenso be HUGCor humanbut MGlfor Y 2 dza S

12 Fusion.probe.type | penoteswhether the probe identifies a junction (fusion),p @xpression(5p) or o {
expressior{3p)

13 Fusion.base Thegroup of fusionproductsto whichthe proberelates.Forinstance the oncogene
related to an imbalanceprobe or set of fusions(like BCRABL)to a specificfusion
junction

14 SNV .probe.type Denoteswhetherthe probeidentifiesreferenceor variantbases

15 SNV.LocID Anidentifierlinkingall relatedvariantandreferenceprobesfor analysigpurposes

16 SNV.annot Namefor eachprobeto be displayedjntendedto be more readerfriendly than the
namein the RLF.

17 Addadditionalcolumnsstartingat columm 12. Whenpresent,thesewill be available
asa customannotationcolumnfor specifyinghe columndefiningprobe setsfor Cell
TypeProfiling,GeneSetAnalysisand PathwayScoring.
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GeneralOptionsMenu

If & 2 dz@HdSento run a Custom Analysis you can start

. . The question mark button
customizingon this tab. quest u

reveals additional
Choosethe appropriate Experiment Type.Sandard refersto a information.
singleRLF experiment. A MultiRLF Merge is a multi-RLF
experimentcreated by combiningmore than one precreated ' | The exclamation mark

button revealsan alert and
brief explanationasto why

Chooseanannotafon for definingprobesetsusingthe dropdown an prglon m;‘yt be
menu Thiswill impactthe GeneSetoptions availablein some unavailablegreyedout).
modules Bydefault, Probe.Annotatiois selected.

experimentin nSolver.

Chooseadditionalimagetypesto create The defaultimageformat is .png. Usethe dropdownmenuto
specifyadditionalimageformatsfor eachimage

TheOmitLowCountDatacheckboxpermitsthe softwareto removegeneshat fall belowagivenlow count
level Youcanusethe AdjustParametersutton to changethe thresholdoptionsfor the different analyte
types.TheOverviewheatmapgepictthe probesprunedfrom analysisvith abluebelowthresholdbar (see
the OverviewModulesection).

Choosemodulesto run. Clickthe modulecheckboxesto displaythe correspondigtabson the left under
AnalysisType Clickthe appropriatetab to reviewsettingsand options.Someoptionsmaynot be available
(maybe dimmed)due to incompatibilitywith analytetypesdetectedin the dataand/or limitationsin the

probeannotations.

(=] Advanced Analysis

nCounter Advanced Analysis - Options
Options

nanoString

VXSS
AN\ .

Experiment Type: =
*®  Standard MultiRLF Merge (standard experiments merged)

Analysis Type

General Options Choose modules to run: 2
¥ Qverview Choose an annotation for defining probe sets: ?
Normalization | Normalization Probe.Annotation v
¥ Differential Expression Choose additional image types to create: ?
Differential Expression ¥/ pathway Scoring None v

) Cell type Profiing ¥ Omit Low Count Data 2

‘j‘\\}:\:‘;_;:.l e v ) Pathway Scoring ¥ Probe Descriptive
Cell type Profiling
Probe Descriptive mRNA
¥ Auto Threshold Count Value 20 Observation Frequency 1
Summary / Save Settings
protein
¥ Auto Threshold Count Value 20 Observation Frequency 1

FigurelO: GeneralOptionsmenuand
AdjustParametersutton options
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CustomAnalysisModule Menus

Seeindividualmodule sectionsfor information on CustomAnalysianenu options. Theyare listed here:
Normalization Differential ExpressioifincludesGSAand PathViey, PathwayScoring ProbeDescriptive
CellTypeProfiling and Rdated Analytes CustomOptionsfor SNVand Fusionare includedon the General
Optionstab.

Summary/Sav8ettings

TheSummary/Sav8ettinggab providesinformationaboutthe currentanalysiandallowsyouto savethe
settingsand apply them to a subsequentanalysisfor data derived from an identical CodeSetThisis
especiallyusefulwhenlookingat the effectsof differentannotationson analysis.

Tosavethe settingsfor a subsequenanalysisvith a commonCodeSetselectthe SaveSettingsbutton on
thistab.

Tousethesesettingsin asubsequentainalysisvith acommonCodeSet,sethe LoadSettingsbutton in the
AnalysisTypewindow(seethe AnalysisTypesection).

e _

Analyte types in data: mRNA, protein
Total number of samples to be analyzed: 12 2
Selected annotations:
Categories
Treatment 2

Summary / Save Settings

Data from NanoString panels: NS_CANCERIMMUNE_RNAPROTEIN_1.1
List of modules to be run:

Overview

Normalization

Differential Expression

Figurell: Summary SaveSettinggab

Backto the nSolverdashboard
SelecfFinish.

Youwill be retunedto the nSolverdashboard.Highlight your analysign the list and selectAnalysifatato
viewyour plotsandoptions.

Thiswill openan HTML windowanddynamicalhdisplaythe LINR 3 statUQ &/hencomplete,asummary
screenwill appear.Clickthroughthe different plots and optionsfor viewingdata.
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OverviewModule

The Overviewmodule providesa generaloverviewof the data through descriptiveplots, organizedinto
four categoriesHeatmapsPCA(principalcomponentanalysis)StudyDesignand OtherQC.Heatmapand
Overview SNV Normalization Diff Expr GSA PathView Analysis Parameters Share

PCAplots canbe drawnasa summaryof all probesor in just the specificgeneset of interest.Note: Fusion
and SN\Watado not producean overviewmodule.

Summary

Heatmap of Raw Data Heatmap of All Data

R € More Plot Infomation
Driver Gene:

JAK-STAT Signaling
KEGG Cytokines and Cytokine Receptors.

MAPK

Cell Cycle - Apoptosis

Non-canonical JAK-STAT Signaling

Other Cytokine Genes

PI3K

PI3K-Akt Pathway

Ras

Figue 12: Overviewnodulewindowandoptions

BeforeYouStartOverview

Thismodl_JIeis notintendedto be usedin in-depth oo PR The More Plot Information
analysesit shouldbe usedasa QCtool andwayto button provides a
getageneralimpressiorof your data. descriptionof the plot.

Designationgor SNVand Fusionvariantstatusas
well as covariateswill appearat the top of the

heatmap.Somecovariateswill be usedto perform
prmmpa;l componetntt a.nalystl.s. tCon dSLd erwhat The DetectedUndetected Callsbutton opensa
covariatesyou want to investigateand how your .csv data table that can be viewed, edited,

covariateconditionsoverlapwith each other. A printed,andsavedYoumayalsoSaveor Saveas
potentialpredictorshouldbe analyzedseparately. thresholdand 1 indicatesdataabovethreshold.
Allfactorsto be investigatedn the presentstudy

shouldbe annotatedandselectedfor analysis
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InterpretingResultsof OverviewPlots

RawDataHeatmap

Thisheatmapisgeneratedrom raw dataandallowsquickidentificationof samplesandgenesetswith low
signal Eachrow of the heatmapis a singleprobe, and eachcolumnis a singlesample.Coloredhorizontal
barsalongthe top of the plot identify SNVor Fusionvariantstatus,if applicable aswell as QCflag status
and covariatecategorization.The blue bar labeledbelow thresholdon the left indicatesprobeswhose
counts have fallen below thresholdin all samples(seethe GeneralOptionsMenu section)and will be
trimmedout of further analysidor allmodulesexceptProbeDescriptiveandRelatedAnalytesUnlikeother
plots, clickinganywhereon this imagewill initiate the interactiveheatmapin a browserwindow; clicking

againwill return youto the originalview.

o DarkBluebars:counts<background?25)
0 LightBluebars:counts<50

0 Greybars:counts<100

0 Brownbars:counts<500

o0 Tanbars:countsx500

Heatmap of Raw Data

IR +— Detected/Undetectedtalls

SNV/Fusiorariants
Datasets with exclusively QCFlags .

Sample Annotations
GG Flags

= Twe O False

ERAF.Genatype
B oww B mutmut

Treatment
= Duso B vEM

low raw counts(e.g.,counts ~ Covariates
< 100) may arise from
experimentalfailure or low Pttt
input. Datawith expressions Bluebar =%
near backgroundmust be indicatesow =%
interpreted carefully. You signaldatato be -
may considerusinga higher trimmed out =
effective amourt of input l -
target.
I
Samples
Figurel3: Overview Heatmapof RawData
Thedetectedundetectedcallsbutton linksto a.csv A B < ok oG

file stating whether each probe is above
background, with O indicating below and 1
indicatingabovebackgroundIf youdid not specify
a detection threshold (see the GeneralOptions
Menu sectior), probesfor mRNAwill be called
detectedif they havemorethandoublethe counts
of the mediannegativecontrol.

\ [Tps3
mRNA

IL22RA2 L2
mRNA mRNA

CCR5
mRNA

PRLR
mRNA

LIF
mRNA

SKMEL2-DMSO-8h-R1_04.RCC
SKMEL2-DMSO-8h-R2_04.RCC
SKMEL2-DMSO-8h-R3_04.RCC
SKMEL2-VEM-8h-R1_10.RCC
SKMEL2-VEM-8h-R2_10.RCC
SKMEL2-VEM-8h-R3_10.RCC

9 SKMEL28-DMS0-8h-R1_04.RCC
10 SKMEL28-DMS0-8h-R2_04.RCC
11 SKMEL28-DMS0-8h-R3_04.RCC
12 SKMEL28-VEM-8h-R1_10.RCC 1

above background detection call +

@~ (o s W N =

PR PR RRERRR
OO0 00 o0o0o0o oo
cooooocoooo
cooooooooo
OroORrOROOOO
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Figurel4 :Overview detected/undetectectcallstable
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Heatmapof All Data

Thisis a heatmapof the normalizeddata. Thisdatais plotted by z-scoreandis meantto providea high
levelviewof the dataandpossibleassociation$o covariate®f interest.Eachrow of the heatmapisasingle
probe,and eachcolumnis a singlesample.Coloredhorizontalbarsalongthe top of the plot identify SNV
or Fusionvariantstatus,if applicable aswell asQCflag statusand covariatecategorizationTheblue bar
labeled below threshold on the left indicatesprobeswhose counts have fallen below thresholdin all
sampleqseethe GeneraDptionsVienusection)andwill be trimmedout of further analysidor allmodules
exceptProbeDescriptiveandRelatedAnalytesClickinganywhereon this plot resultsin azoomedin image;
clickingagainreturnsyouto the originalview.

Thisplot is scaledwith relationto the averageprobe performanceacrosssamplego giveall genesequal
meanandvarianceHierarchicatlusteringis usedto generatedendrograms.

0 Blue:lowexpression
0 Blackaveragesxpression

o Orangehighexpression

Clickanywhereon the normalizecheatmapto openaninteractiveview.

Heatmap of All Data

Sample Annotations

QG Flags

B Twe O False

BRAF.Genalype

H owiwt W mut mut

: : S Tresment

SNV/Fusiorariants st corlrs o6 g = puso @ vEM
QCFlags
Covariates

Probe Annotations

Bluebarindicatesow
signaldatato be
trimmed out

3-21
z-sc0r8s

Nagiprune
| yes
B o

Samples

Figurel5: Overviewg Heatmapof All Data
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Highlightan areaon the selectionbarsto the right andbelowto zoomin. Clickon the mainimageto zoom
backout. Clickwithin the mainimageto open a window which allowsyou to adjustthe plot and label
settings.Rightclickto savethe HTMLfile or page.Usethe Xin the upperright corner of the windowto
return to the originalview.

~ HSPEOB1 - mRNA

= JAKT -mRNA

— MAPZICT - mRMA
NA

—{nodsta}

Analyte Type

~ mRNA

- protein

Column Z-Score
—2%

Figurel6: Overview Heatmapof All Data- zoomview

eukocyle Functions

Macrophage Functions

FigurelT:
Overview gene
setlist

Selecbneof the genesetsalongthe left sideof the windowto viewanormalized
dataheatmapspecificto that setof genes.

When you selecta particulargene set from the left-hand tabs, a heatmapof
normalizeddatafor justthe genesin that genesetisdisplayedExpressionalues
are centeredand scded. Orangeindicateshigh expressionplue indicateslow
expression.
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PrincipalComponeninalysigPCA)
Usethe dropdownmenuin the PCAheaderto choosewhichcovariateto analyze.

Principal component analysistransforms data with multiple variablesinto a linear set of principal
componentsPrincipacomponentl (PClrapturesthe highestlevelof variance PC2he nexthighest,PC3
next,andsoon. Theresultingimage(seeFigurel8) plots eachPCvs.anothertwice and colorsthe points
by the selectedcovariate(once on one side of the diagonaland once on the other). The boxeson the

diagonaleachcontaina PCname;all plotsin the samerow will havethis PCon their y-axisandall plotsin

the samecolumnwill havethis PCon their x-axis.Viewingthe PCAplot for one covariateandthentoggling
to anothermayhelpidentify clustersin the dataassociatedvith a covariate.

Heatmaps PCA: BRAF.Genotype Study design Other QC

Summary

Cell Cydle - Prindpal Components of Al - SEEEEE Covariateso
. CITD

Apoptosis BRAF.Genotype choosefrom

Driver Gene

JAK-STAT PCl(y-aXiS)VS
R PC1-0.57 PCA4(x-axis)
KEGG Cytokines
and Cytokine )
Receptors «— PC2(y—ax_|s)vs.
PC2-0.1 PCA4(x-axis)
MAPK BRAF Genotype
WT.WT
Mon-canonical mut mut
JAK-STAT PC3(y-axis)vs.
Signaling PC3-0.09 PC4(x-axis)
Other Cytokine
Genes Use the PC
. PG4 0.06 d_eS|gnat|onsnn the
diagonal to
PI3K-Akt Pathway L s — determln_e the x-
ke ot c et and y-axis for each
Ras PC1-057 plot. Threeplotsare
022 Tbe ¢ b *2s .4 labeled, above, as
° ] . 1T examples.
Y L] L ™ P
* PC2-01 . o
. 8 ’ 1] : . ] o.. ° Treatment
In the 3D Bio Data Example(see A . . = oiso
AppendixA), a clear separationof [~ ][, i ..
BRAF.Gengpe data points canbe  |* |0t ||Pes-oos o
seen in the PClvs. PC2results, L AL e b * ¢
meaninghat changesnthisvariable AT e
causeclear, consistentchangesin =~ [ ° | * || ¢ *7, [||Pc4-008
the data. Treatmentdoesnot have i P 1N
the sameeffect. Figurel8: Overviewc PCAplotswith different covariatesselected
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In the exampleshownin Figurel8, the first three principalcomponentsdertify the variabilityin the data
associatedvith BRAFenotypestatus.Onceyou havereviewedthe PCAplots for your data, you should
then reviewthe covariategplot underSudy Design(seebelow)to recognizeanycovaratesthat are highly
correlatedwith the biologicakovariate Then reviewthe PCAplots by that confoundingvariable Identified
confoundingvariablescanbe adjustedfor in DEanalysior pathwayscoringanalysislf specificgenesets
are selectedfrom the Geneset tabsalongthe left side of the window, the sameplots will be shown,but
only the genesdefinedin the specificgeneset will be usedin the analysisA genecanoccurin multiple
genesets.

Outliersmay be biologicallyinterestingor causedby technicalartifactssuchasfailed reactions.Samples
that were initially flaggedby nSolverand now appearasoutliersin AdvancedAnalysishouldbe treated
with caution.Repeatthe analysisafter excludingoutliers and confirmthat anyimportant analysigesults
hold evenwhenthesesamplesareremoved.

StudyDesign
TheStudyDesigrtab allowsyouto lookat all the covariatesandtheir relationships.

Examingheseplots before viewingthe mainanalysigesults. Comparesomeof the technicalcovariates
(BindingDensity for exanple) to biologicalannotations(Subtypefor example) Seeinghe distributionof
samplesamongthe covariatesand conditionsmaygivecontextto an observedresultor suggesthanges
neededto the experimentaldesign.If one covariatewholly overlapswith another, it will be difficult to
discernif oneis a predictorandthe other a confounder.Forexample,in an experimenttestingdifferent
subtypesijf eachsubtypewasscannecn adifferent date, the scannedlate covariatecouldconfoundthe
effect that subtype has on the samples.As an additional example,if samplesbelongingto different
genotypeswere correlated with binding density (which is a surrogatefor sampleinput quantity), any
conclusionglirawnshouldbe basedupon adjustingfor bindingdensty asa confounder.

Distribution of BRAF.Genotype Distribution of Treatment

BRAF.Genotype vs. Treatment

wtwt
Lt
DME0
VEM
wtwt
mutmut

Figurel9: Overview StudyDesign
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OtherQC

OtherQCprovidestwo typesof analysigraphshistogram®f p-valuesandmeanandvariancescattemlots.
Thehistogramsrovidea goodwayto seewhatvariablesare havingabigimpacton yourdata(seebelow).
This knowledge,combinedwith what the experimentalcovariatestell you about what variablesare
correlated allowsyouto separatehesevariablesn DifferentialExpressioanalysisndavoidconfounding.

Histograms

Covariateswith no associationwith gere expressiondisplay
mostlyflat histogramsandcovariatesvith widespreaceffectson

geneexpressiorhavepeaksnearzero.Technicatovariatesvith

such left-weighted histogramsmay have biologicalrelevance,
and it is sometimesadvisableto adjustfor them in differential
expressioranalysego avoidconfounding.

In somecasesa covariatewith no effect will be correlatedwith
a covariatewith a powerful effect, producinga left-weighted
histogram.In datasetswith larger samplesizes,there is little
harm in adjusting differential expressionanalysesfor likely
unimportanttechnicalvariabledike Scannedate,but in smaller
datasets, including irrelevant variableswill reduce statistical
power.

In the 3D Bio Data Example(see AppendixA), the conclusions
drawn from the PCA(above) are reinforced by the p-value
histogramsunder the Other QCtab, which showsa clear left-
weightedplot for BRAF.Genotypsamplesmeaningthere are a
number of p-vaulesin the signifcant range,closeto zero. The
Treatmentp-valuesare more evenlydistributed,indicatinglower
significance.

p-value distribution plots

Treatment

Frequency

T T T T T 1
0.0 0.2 04 0.6 [uk:} 10

p-values

BRAF.Genotype

100 5 1M

80 —

Frequency
@
2
|

B
=
1

(5]
=
1

o
L

T T T T T 1
0.0 0.2 04 0.6 e 1.0

p-values

Figure20: Overview OtherQCp-value
DistributionPlots
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TheMeanandVarianceScatterplot

Thisplot showseachgene'svariancein the log-scaled,normalizeddata againstits mean.Highlyvariable
genesare indicatedby gene name. Housekeepingenesare color coded accordingto their usein (or
omissionfrom) normalization.The plot confirmsthat the selectedhousekeepingenesare stable(given
their low variability and moderate expressionlevels).This plot highlightsgenesthat are expressedat
moderateto highlevelsand showgreatvariability;thesemaybe of interestfor further study.

Variance vs. Mean normalized signal plot across all targets/probes
CEID T
Endogenous genes
* Housekeepers used in normalization
Housekeepers - unused
A IL12RAZ mRNA
High o
variance
=
=}
@
@ o 4
g -
&
o
@
2
@
c
] SPP1 “mRNA
5 o
oHk B mpla
LIF - mRNA
SPRYMAFRRNIRNA
LOW Wﬁm- o Prospho S5 RiosaatEro iR gE 225228 - poten
variance = ‘;] e
T T T T T T T
2 4 6 8 10 12 14
Mean(log2 expression)
»
L
Low High
expression expression

Figure21: Overview OtherQC- MeanandVarianceScatterPlot

More Plot information The More Plot Information
button provides a
descriptionof the plot.

Mean and Variance statistics across all genes ‘

The Mean and Variancestatisticsacrossall genes
button opensa .csvdatatable that canbe viewed,
edited, printed, and saved.Youmay also Saveor

Saveas without opening.It providesthe average
normalized count and the variance normalized
countfor eachprobe.
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NormalizatiorModule

Overview MNormalization PathView

Pathway Score

Diff Expr GSA Cell Type Profiling Probe Descriptive Related Analyles Analysis Parameters Share

Datanormalizationseeksto eliminate run-to-run and sampleto-sampletechnial vainability in the raw
counts,whicharisedrom inconsistencies effectivesampleinput andfluctuationsin the overallefficiency
in capturingandcountingtargetmoleculesThismodulenormalizesachanalytetype separatelyresulting
in clickabé analytetype tabs whichrevealrespectiveplots.

FormRNAdata, the Normalizationmodule displaystwo plots. the PairwiseVarianceDuringHKSelection
plot, detailingthe selectionprocesf the geNormalgorithm (Vandesompel€002) andthe Normalization
Summarywhichsummarizeshe performanceof thesechosemormalizatiorgenes.

ForProteindata the Normalizatiormoduledisplayghree plots. Thefirst isthe ProbeStabilityplot, which
ranksthe stability of all proteins in the datasetand selectsthe 15 most stableprobesfor normalization.
Secondjs the NormalizatiorSummarywhichsummarizeshe performanceof thesechosemormalization
genes.Thethird plot is the ProteinExpressioThresholdlot, whichvisualizeshe backgrounesubtracted
normalizedcountsfor eachof the analyzedroteins(countslowerthan zeroafter backgroundsubtraction
arethresholdedto zero).

ANALYTE: [JEGTEY  orotein

Pairwise Variance during HK Selection

Normalization Summary: mRNA

More Plot Information mRMNA Normalization Summary Data ‘All Mormalized Data
Dot e

Genes selected using geNorm
Normalization summary: mRNA

* gelected

unselected
0.045 Samiple_2

045 +

20.040

=}
[
m
|
=
-
=}
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o
|

almvise g’a m aflon'guri ng ET&DW’IS e S%e ction
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[y

|
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[=]
[
o
1
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.
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Figure22: Normalizatiormodulewindowand options
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BeforeYouSart Normalization

AdvancedAnalysisdioesnot automaticallydetect whether input data is raw or normalized.Rawdata is
usuallythe preferredselection asthe built-in algorithmshelpto determinethe bestnormalizatiorprobes.
Pleasenote that normalization performed using the AdvancedAnalysismodule will override any
normalizatiorpreviouslyperformedin nSolver.

BecausemultiRLFMerge experimentsoriginate from multiple nSolverexperiments(whose data has
presumablyalreadybeennormalized)the Normalizatiormodulewill not be available(will appeargreyed
out).

Most commercialCodeSetcome with pre-identified potential reference genes.The built-in geNorm
algorithmwill determinethe bestperformingof thosereferencegenesandusethem for normalization.

CustomOptionsfor Normalization

The Normalization Parameters tab allows you to spedfy The question mark button
parameters to normalize mRNA and Protén probes reveals additional
independently information.

Foreachanalytetype detectedin the data, selectautomaticor
manualmethodsfor choosingNormalization/Referencgenes. !
Automaticnormalizatia is the default; checkthe Refinethe list : :

. . . brief explanationasto why
box to customizethis list. Manual normalizationallowsyou to an opton may be
specify candidatenormalizationprobes and refine it to a list unavailablggreyedout).
consistingof at least5 normalizatiorprobes

The exclamation mark
button revealsan alert and

Analysis Type Normalization Parameters

¥/ Normalize mRNA ¥ Normalize Protein
General Options
® putomatically find good normalization probes * Automatically find good normalization probes
Refine the list Refine the list

Normalization
Manually select normalization probes Manuzlly select normalization probes

Differential Expression

Summary /[ Save Settings

Figure23: NormalizationCustomAnalysisnenu
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InterpretingResultsof NormalizatiorPlots

mRNAPIots

FormRNAin the PairwiseVarianceduring
HK Selectionplot, the ideal normalization
genesare determined by selectingthose
that minimize the pairwise variation
statistic. We seethe order in which genes
havebeeneliminatedfrom the list of stable
houseleepers(HK)aswe travelalongthe x-

axis. The y-axis depicts the measure of

pairwisevariation,whichisre-calculatedas
the housekeepe pool gets smaller and
smaller. The final two genes are not

displayed sincethe statisticcanno longer
becalculatel. Pairwisevariationwill dropas
the lessstable reference genes are
removed.At a certain point, the program
will determine that removing any more
reference genes will begin to increase
pairwisevariationagain;this signifieghat it

hasreachedthe maost optimalarrangement
and that the most stable referencegenes
havebeenidentified.

Pairwise Variance during HK Selection

Genes selected using geNorm

* selected
unselected

0.045

0.040
|

0.030 0035

Fairwise variation during stepwise selection
0.025

0.0z0
|

00145
|

Order removed

Figure24: Normalizationr mRNAPairwisevarianceplot

All Normalized Data

Download HK Genes

The More Plot Information
button provides a
descriptionof the plot.

Eachbutton opensa .csvdata

table that can be viewed,

edited, printed, and saved.You

may also Save or Save as

without opening. Respectively,
they provide all normalized
data, mRNA normalized data,

and a list of the housekeeping
genesand the order in which

theywere chosenby geNorm.
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For mRNA the NormalizationSummary
depicts samplesby their normalization
factor on the x-axis and their Mean

Squarederror(MSE on the y-axis.Asthe

normalization factor for a sample
increaseson the x-axis, the standard
error of the referencegenesdecreases.
Samplesvith lower countswill therefore

havenoisierdata

4

The overall quality of the normalization
decreasesisthe MSEncrease®nthe y-

Lowquality
normalizatior

Normalization Summary: mRNA

More Plot Information J mRNA Normalization Summary Data J All Normalized Data J{ mRNA Normalized Data
Download HK Genes

Normalization summary: mRNA

016 SKMEL28-VEW®h-R1_10.RCC

=
=
1

A ®

012 4

0.10 4

0.08

axis

Sampleswith MSEvaluesfar outlyingthe ~ Highd
other samplesare designatedwith their
sample names on the plot. For these
samples, the chosen reference genes
might not be effective in their
normalization The list of selected
housekeeperscan be downloaded by
selectinghe DownloadHKGenesbutton.  Figure2

ProteinPlots

In the Protein Stability plot, a measure of

stability, the Mean AbsoluteDeviance(MAD),is
determined ldeal proteins for normalization
havelow MAD Stabilityin this contextis defined
in terms of how closelyeachprobe follows the

sample average fold change. The intuition

behindthismethodisthat the averaggacrossll

Protein probes) up/down fold changefor a
samplerelativeto the medianexpressiorprofile

(across all samples) roughly estimaes the

normalizationfactor. In this setting, an ideal
normalizerprobe in any sampleshowsa small
deviationfrom the averagefold changeof that

sample,andthis is usedto rank Proteinprobes
on how closely they resemble ideal
normalizationcandidateprobes.

normalizatior

MSE of reference mRNAs from mean profile

0.06 4

088h-R3_04 RCC

0.04 o

uality

T T T T
-1.0

Normalization factor

Lowcounts, » Highcounts,
Highstd. error Lowstd. error

5: Normalizationr mRNANormalizatiorSummaryplot

Probe stability: protein

Mean Absclute Deviance by protein

* selected
unselected

3.0

MAD
1.5 20 2.5

1.0

05

Figure26: Normalization ProteinStabilityplot
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For protein, the NormalizationSummary
depicts samples by their normalization
factor on the x-axis and their Mean
SquaredError (MSE)on the y-axis.Asthe

normalizationfactorfor asampleincreases
on the x-axis, the standarderror of the

referencegenesdecreases.Sampleswith

lower counts will therefore have noisier A
data The overall quality of the
normalization decreases as the MSE
increase®n the y-axis.

Lowquality

Sampleswith MSEvaluesfar outlyingthe
other samplesare designatedwith their
sample names on the plot. For these
samplesthe chosenreferencegenesare
not effectivein their normalizationThelist
of selected normalizers can be
downloaded by selecting the Download
NormalizeiProteinsbutton.

High-quality
normalizaton

normalization

Normalization Summary: protein
Ve Pt et
P et i

Normalization summary: Protein

0.10 o

0.08

0.06

004

WSE of reference proteins fram mean profile

0.02

T T T T
-05 00 05 1.0

Normalization factor

Lowcounts, » Highcounts,
Highstd. error Lowstd. error

Figure27: Normalization ProteinNormalizatiorSummaryplot

For protein, the ExpressionThresholdplot depicts log-
normalizd expressiorthresholdedto zero basedon the
by-lane backgroundevel. Thisplot relieson the meanof
the negative antibody results and an estimation of
error. To estimate error, the module uses either the
standarddeviation(if there are three antibodiesto work
with) or the deviationfrom the PC1lbestfit line (if there
areonlytwo antibodiesto work with).

ion thresholded: protein

Protein Expression
Background Thresholded

Samples

mpie Data_01_08 RCC -

rnple Dota_07_DS ROC-

sin Sample Data_01_04 ROG

ein Sample Data_01_03.RCG-

0in Sampls Data, 07,02 ROG-

Ri,_Pratsin Sampls Data_07_01 ROG-,

MmAE-IgG2A "

M

proteins,

Figure28: Normalization ProteinExpression
Thresholdlot
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NormalizatiorAlgorithmDetails

Asboth sampleinput andreactionefficiencyareexpectedo affect all probesuniformlyt, normalizatiorfor
run-to-run andsampleto-samplevariabilityisdoneby dividingcountswithin alaneby the geometricmean
of the reference/normalizeprobesfrom the samelane (i.e., all probes/countlevelswithin a lane are
adjustedby the samefactor)?.

geNormselectionof housekeepingenes

Normalizr probescanbe specifiedby the user.Whennot specifiedby user (default),normalizerprobes
are selectedusing the widely used geNormalgorithm (Vandesompele2002) as implementedin the
BioconductorpackageNormgPCRWhile expressionof a good housekeepinggene may vary between
samplesn non-normalizeddata, the ratio betweentwo goodhousekeepershouldbe verystable In other
words,good housekeepersire expectedto rise andfall togetherand at the samerate. geNormrelieson
this behaviorto iteratively remowe candidatehousekeepersvith the least stable expressia relative to
other candidatesgeNormisimplementedn the Advancednalyssmodulethroughthe functionselectHKs
in the NormgPCRpadage. Thisfunction, usingthe geNorm algorithm, ranksgeneson the V number
(variationbetweensuccessivaorm factorsasreferencegenesare removed).Genesare excludedwhen
their Vnumberis equalto or lessthan the smallestv numberfor all the genesplusone (Vmin+1).

Tounderstandthe how geNormisimplemented considerthe casewherewe have

0 nsamples
o pcandidatehousekeepingenes

0 geneandgeng, whicharethe raw expressiorof any pair of genes; andj, respectivelyfrom this
setof p genes

Foreachof the n samplesve couldcompute log(gene/gene). Takinghe standarddeviationof the n log
ratio valuesgivesa statisticthat captureshow thesetwo genesin our sampleset deviatefrom perfectco-
expressior(asperfectco-expressioracrosssamplesetwouldresultin the standarddeviationof zero).We
cancallthis valueV.

For gene, we can calculateVi through Vi, and then take their averagevalueto representthe average
degreeof dissimilarityin expressiompattern betweengene andall the other genesin the setof candidate
genes.ThisvaluewascalledgenestabilitymeasureM;, by Vandesompelandcolleages

! Thisassumptiorholdstrue from empirical observationsvhenexpressionsre not nearthe background
counts.Deviationfrom this assumptiorbecomesstrongerfor expressiomearingthe background.

2 Thisnormalizationdoesnot accountfor anybatcheffectthat mayexst if datafrom multiple Code &t
batchesare beinganalyzedogetherin the samestudy.In the caseof multiple batcheswe recommend
the useof referenceor calibrationsampledo quantifyandadijustfor variabilityin probe efficiencyacross
batchesof Code®t beforeanysubsegentanalysiss performed.Someof the modules(e.g.,DE)allow
adjustmentfor technicalvariablessuchasbatcheffect, however,whenthe experimentakonditionsand
batcheffectare confoundedwe cannotcorrectfor the batcheffectanduseof arefererce sampleis
needed.
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Thelarger M;, the more dissimilarthe pattern of expressionof genei to the other candidate
housekeepepenesn the set.

M canthusbe usedto rankthe candidatehousekeeperfrom the best(lowestM) to worst (highest
M) in termsof their similarity(co-expressionjo other candidatenousekeepers.

We couldsubsequentlychoosethe top 5 or 10 or howevermanyhousekeepegeneswe believe
will be optimal.

If the optimalnumberof genesto be selecteds not known,we canuseaniterative procesgo selectthe
optimalnumberof housekeeperérom amongthe candidates. Tracinghe variationstatisticasgenesare
removediterativelycanallowusto find the point at whichvariationis minimizedandrelativelystable;
thisis the point with the optimalnumbergenes Givenn x p matrixof n samplesand p cardidate
housekeepegenesthe housekeepeselectionproceedsasfollows:

(0]

Computethe normalizatiorfactor (NF)asthe log geomeanof the p genesfor eachsampleto get
NFR.

Gompute M; throughM;.
Removehe genewith highestvalueof M.

Recomputethe normalizationfactor as the log geomeanof the remaning p-1 genesfor each
sampleto getNFp-1.

Evaluatethe stability of the new normalizationfactor, Nk, by quantifyingthe changebetween
NFR andNR.1. Thisis by variationstatistic Vp/p-1 = standarddeviation(NFk ¢ NF-1).

RecomputeM for eachof the remainingp-1 genes
Removehe genewith the highestM.

Repeatuntil all but the lasttwo genesareremoved

Normalization

Considetthe graphplotting the (raw) log count of normalizingprobe in eachof the samplesagainstthe

(raw) log geometricmeanof those probes.In this context, points correspondingo eachsamplefollow a
trend line with slopel and an interceptthat capturesrun-to-run variability.In this setting, adjustingfor

run-to-run varibility simply involves subtraction of the intercept, which should bring the values
correspondingo any of the normalizingorobesacrossall samplesvery closeto one another (with some
variabilitydueto noise).Thisis what we mayexpectwhennormalizaion is workingwell.

If there is largedeviationfrom the expectedline of slopel, substantialvariabilitywill remainevenafter

subtractionof the intercept. Thiscanbe anindicationof poor normalizatiomquality. In Figure29, sampleA
hasa positivenormalizatiorfactor (indicatinglargerthan-averageexpressiorevelsof normalizinggenes)
and sampleB has a negativenormalizationfactor (indicatingsmallerthan-averageexpressionevelsof

normalizinggenes) Additionally we observethat the meansquarederror, MSE pf sampleAislargerthan

the MSEof sampleB, which may be taken as sampleA not conformingto the describednormalization
adjustmentmodelaswell assampleB.
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Sample &
Sample A
MSE
‘,.-'A'\.nerage samplein experiment.
Sample B
Sample &
Mormalisationfactor
(positive)
Sample B

Sample B MSE
Mormalisation factor
{negative}

Figure29: Diagrammaticepresentatiorshowirg how the valuesfor the Normalzationsummaryare generated

ProteinExpressioiThreshold

With the mean and error known, the backgroundthreshold for eachline of the Protein Expression
Thresholdplot is equalto the meanof negativeantibodiesfor the lane + 1.96* estimatederror. Inthe
heatmap,anyantibodyvaluebelowits estimatedbackgrounds setto zero.
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DifferentialExpressioModule

Overview SNV

Normalization

Diff Expr | GSA

PathView

Analysis Parameters

Share

The DifferentialExpressioffDE)moduleis usedto identify the specifictargetswhich exhibit significaly
increasedr decreasedxpressiorin responseo the chosencovariate Thismoduleprovidesthe basisfor
the GeneSetAnalysi§GSAjlnd PathViewmodulesand shouldbe viewed prior to both. GSAexplores

differential expressionof particular pathways and
PathView shows that differential expressionin the | ==
context of pathway figures. The DE module lays the
groundwork for this, which canbe seenin the volcano

plot andthe significantgenetable.

The DE volcanoplot displayseach targets -logio (p- 2
valwe) andlog. fold changewith respectto the selected
covariate Highlystatisticallysignificantargetsfall at the
top of the plot, andhighlydifferentiallyexpressedjenes 2
fallto eitherside.Greenpoint colorsandhorizontallines
indicatevariousFdse DiscoverRate(FDR}jhresholds. =

The40 mog statisticallysignificantargets are namedin °° ) ?ﬁ

the accompanyinghart.

Download CSV Data

The More Plot
Information
button provides
a description of
the plot.

TheDownloadCS\Databutton opensa .csv
data table that can be viewed, edited,
printed, and saved.You may also Saveor
Saveas without opening.The name of this
button will vary with the type of data

availablefor download.
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BeforeYouSart DifferentialExpression

Multivariate DEanalysisequiresthoughtfulsetup.Samplecovariatesncludepredictors,variableghat are
scientificallyinteresting or at the heart of the study, confounders,technical variablesthat impact
expressiorbut are of no interestto the study,and uninterestingvariableshat do not impactexpression.
The linear regressns treat predictors and confoundersidentically, but results are only reported for
predictors.lt is recommendedhat you baseyour covariateson factorsthat are scientificallybelievedto
accountfor (explain)geneexpressiornn your system.n additiorn

o Ensurghatanyvariablesyouincludedo not stronglycorrelatewith eachother, andsimilarly ensure
two or more categoricavariablesk 2 yh&@éredundantcategoriegseeFigure32). Thisessentially
nullifiesthe effect of both variablesandthe DEanalysiswill randomlydrop one or both from the
model. Correlationand levelredundancycan be detected using the Study Designtab of the
Overviewnodule.Seethe StudyDesigrsection.

o0 At leastone variableneedsto be chosenas a predictor (if using CustomAnalysis);additional
variablesmay be selectedas predictorsor confounders Seethe CustomOptionsfor Differential
Expressiosection

o Modelswith fewer variablesare preferable. GenerallyJinear regressionweakensas the ratio of
variablesto the number of samplesgrows sinceincludingtoo many covariatesin a model can
diminishits abilityto detectthe effectsof the variableyou caremostabout.

o Smilady, when working with categoricalvariablesmodelswith fewer categoriesare preferable.
Comparisorof eachcategoryto the referencecategoryis treated as another variable;adding
categoriesis equivalentto adding additional variables,weakeningthe ability of the model to
determinethe effecton expression.

Inthe examplein Hgure 32, the normalcategoryin the Typecolumn -
overlapscompletelywith the normalcategoryin the Subtypecolumn. Type - Subtype
Not only is the Typeannotationlessinformative than the Subtype | 1 @< typel
annotation, but DEmodule may have a difficult time with this. To i cenest frpel
i 3 cancer typel
remedythis, the Typecolumnshouldbe dropped. 4 lancer type2
5 cancer type2
o cancer type2
7 normal normal
& normal normal
2 normal normal
10 normal normal
11 normal normal
12 normal normal

Figure32: Annotationexample
- redundantvariadesmay
causeDEanalysigo fail
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CustomOptionsfor DifferentialExpression

Custom Analysiscan effectively isolate the effect of multiple
covariateson gene expressionand avoid confoundingdue to
technical variables by allowing multiple predictors and
confoundergo beincludedin the multiple regressiormodel.

Highlightthe AvailableAnnotationsof choiceand move at least
oneto the SelectedPredictorsvindowwith the greenarrows.You
maydesignateSelectedConfoundersaswell, if desired.

TheFast/Approximatenethod for estimatingDEcanbe usedfor

most datasets,but Optimal although more time consuming,is

moreaccuratefor low countdataandshouldbe usedfor datasets
with low input samplesor a highdegreeof low counttargets.

Analysis Type

Available Annotations ?

BRAF.Genotype
Treatement

General Options
Normalization
Differential Expression

Summary [ Save Settings

* Optimal Fast/Approximate
P-value Adjustment ?  Benjamini-vekutieli ¥
¥ Display Results Using Pathview
* Display top |20 ¥ | pathways
Color Plots by Fold Change v

¥| Calculate DE vs SNV Status

Figure33: DECustomAnalysisnenu

The question mark button

reveals additional
information.
1 The exclamation mark

button revealsan alert and
brief explanationasto why
an option may be
unavailabl€greyedout).

Differential Expression

Selected Predictors

Selected Confounders

¥ Run GSA (yes/no) 2

Pick pathways I want displayed

P-value Threshold 0.05

< Back Mext Finish Cancel

SincenCounterdatais multiplexin nature,we providethe option to applyan adjustmentto the p-values
beforeplottingthemin DEto correctfor the highnumberof comparisonsY a canselectnoneif youwould
preferraw p-valuethresholdsthroughoutDEplots. Thereare three methodsfor P-valueAdjustment

o TheBonferron correctionis a very conservativeapproachto multiple testing:it multiplieseachp-
valueby the numberof genestested.Althoughgeneswith low Bonferronicorrectedp-valueshave
verystrongevidencdor differentialexpressionmanygenesworth consideratiormaybe ruled out

by this method.

0 TheBenjaminiYekutielimethodreturnsmoderatelyconservativeestimates of falsediscoveryrate
(FDR)but, importantly,makesthe assumptiorthere maybe somebiologicalconnectionbetween
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genes.FDRis the proportion of geneswith equalor greaterevidencefor differential expression
(i.e. equalor lower raw p value)that are expectedto be & F I R A4S0 2 @ue MNIcHarEcE.For
examplejf agenehasp =0.02and FDR=0.25,then 25%0f the geneswith p XD.02are expected
to be falsediscoveries.

o BenjaminiHochbergis a method of estimatingFDRthat assumesghat the genesand variable
studieddonot haveanimpacton eachother. Thiswouldbethe bestchoicewhenit canbeassumed
that the majority of targetsand covariatesstudiedR 2 yh&véa commonbiological/functional
focus

Asintroduced earlier, the DEresultscan be viewedthrough the optional Gene Set AnalysiSGSAxnd
PathViewnodules.Torun those,selectthe RunGSAandDisplayResultdJsingPathViewboxes.

0 GSAwill resultin summaryheatmapsaswell aslabelingof the DEvolcanaplot, suchthat the genes
of eachpathwayare highlighted Seethe GeneSetAnalysifGSAgection.

o Selectingo displayresultsusingPathViewwill then allow you to displaythe top 20 pathwaysor
choose a different number (the analysistime will increasewith the number of pathways
requested).You may also chooseto displaya handpicked selectionof pathwaysto view. The
softwarewill overlayDEinformationovereachpathwayfigure.

o Youmaychooseto ColorPlotsbyfold changeor T-statistic,and choosea P-valueThreshold
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Interpreting Resultsof DifferentialExpressioPlots

VolcanoPlots

Thedifferentialexpressiomesultsare displayedasa volcanoplot for eachvariablechosenasapredictorin
the regressioranalysisandtable. A volcaro plot visualizeghe resultsfor the chosencovariatein the DE
model. If usingQuickAnalysisyou will only haveone O 2 @ | Nanaly8is® Qiéw. If you choseCustom
Analysisand chosemultiple covariates,you can click on the buttons abovethe plots to choosewhich

O2 &I Ndndlydisd Aei.

Thegenesof greatestinterestwill be both highin the graph(correspondingo a verysmallp-value)andat
eitherthe right or left side(correspondingo greatlyincreasedr decreaseaxpression)nRNAprobeswill

be displayedassolidcirclesand Proteinprobesastriangles.Note the following:

0 Note where the p-value thresholdslie and how much of your data is above the significance

threshold for your study (and is therefore appearingsignificant).If you selected a p-value
adjustmenton the CustomAnalysismenu, your thresholdswill reflect the adjusted p-value,
whereasthe axeswill be basedon raw p-values.

Pointsaboveyour p-valuethresholdwill be shownin color (MRNAN purple, proteinin gold). See
Figure34a If all pointsare uncoloredandthere are no thresholdson the plot (asin Figure34b),
thisindicatesthat noneyour datapointshavep-valuesat a significantevel.

Data points should often be fairly spreadacrossthe plot (and not clusteredto one side, for
example)jf not, checknormalizationsettingsand exploreif there is a biologicalreasongfor this

Voleano Plot: BRAF.gencotype: mut.mut vs.wt.wt Volcano Plot: Treatment: vem vs.dmso
— adj pvalue <0.01 * mRNA — adj. pvalue <0.01 * MRNA
ad,.pvalue <0.05  BRAF genotype: differential expression * protein 7o adlpvalue <005 Treament differential expression * protein
ad). p-value <010 inmutmutvs. baseline of wtwt | adj. pvalue < 0.10 in vem vs. baseline of dmso
ad). pvalue < 0.50 -~ a0 pvalue < 0.50
b " 30 o
° e FIAST
HR
e Picics s 4
8 sTATI PlkeRs
sTAT2
s LikeEINIR2 o "
o e
on ofir 20 SPRYZ eonpy P
KoEpa00 R o rakEr
= 6 TERALIFRAT e = a nrvc ‘&Ewn
2 eor 2 fosshe-S6 Ribosomal Protein Ser235/208 . et
x TR " 3 2 AT
i TR TIRe Yt £ 154 . IL12RE2 HEI2
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Figure34: DE- VolcanoPlots

In the 3DBioDataExamplgseeAppendid), the VolcandPlotfor the covariateBRA.Genotypelepictsthe
differential expressiorof genesin mut/mut samplegrelativeto the wt/wt sampleslt showsmultiple p-
vaule(significancéevel)thresholds(Figure34a,above) Onlyprobeswith p-valuesin the significantrange
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are coloredand named. Viewingthis plot underthe Treatmenttab showsa colorlessplot with no p-value

thresholdg(Figure34b), indicatingTreatmentdid not resultin signficantgeneexpressiorchanges

SignificantGenesTable

The correspondingtable presentsthe geneswith the lowest p-valuesfor differential expresgon with
respect to the selectedcovariate.Theestimatedlog fold-changerepresentsthe averagemagnitudeof a

gene'sdifferentialexpressionNote the following:

o Forcategoricatovariatesa geneis estimatedto have2'°s™d-changetimesits expressionn baseline

(0]

(0]

samplesholdingall other variablesn the analysisonstant.

The95%confidenceantervalfor the logfold-changes alsopresented alongwith a p-valueandan
adjustedp-valueor FDRf requestd.
Forcontinuouscovariatesfor eachunit increasen the selectedcovariate,a gene'sexpressions

estimatedto increaseby 2'°9™ldchangefp|d holdingall other variablesn the analysisonstant.

Log fold-changevalues have a slightly different interpretation for continuous variables.For
continuousvariablesthe fold-changemustbe readin the contextof the rangeof the variable.If
the variablehasa smallrange,a unit increases a hugedifference,andlargelog fold-changesare
to be expedted. In contrast,if we studiedthe covariatecdrugdosein Y A f £ A @dNdoultaxpect
verysmallestimatedogfold-changesnot becausehe drughasasmalleffectbut becauseanextra

1 mgof the drughasasmalleffect

DE Results: BRAF.genotype: mut.mut vs.wt.wt

More Plot Information Download CSV Data

Show
10 -

Search:

Lower Upper N Lower Upper
o =] confidence confidence = confidence confidence
fold Error - o fold o . P-value BY.p.value method Gene.sets probe.ID
s (log?) limit limit A= limit limit
(leg2) (log2) (linear) (linear)
MAPKT- B . mRMNA, PI3K- o
mANA 303 0.0692 29 317 6.18 745 8,99 8.08e-11 521e-08  Im.nb Akt Patimway MM_138957.2:430
JAK-STAT
PIK3CD- I . Signaling, .
j— 1.85 0.0456 1.78 184 38 339 3.83 1.52e-10 5.27e-08 Im.nb RNA, FI3K- MM_005026.3:2978
Akt Pathway
mRNA, Other
SPP1- . . . Cytokine .
MANA 4.68 012 444 491 256 21.7 30, 207e-10 5.21e-08 Im.nb Genes, PIK- MM_000552.2:760
Akt Pathway
JAK-STAT
PIK3CB- Signaling, P
mANA 148 0.0514 138 158 278 26 2,99 2.33e-09 43907 Im.nb AN, PI3K- MM_006219.1:2945
Akt Pathway
L13mAZ JAK-STAT
mRNA B -8.25 0336 -85 -8.59 000165 0.00104 0.0026 3.25e-09 4.81e-07 Im.nb Signaling, MM_000640.2:400
mRMA
STATY JAK-STAT
) zm 0.0852 1.64 217 4.02 3.58 4.51 1.13e-08 142e-06  Im.nb Signaling, MM _007315.2:205

mRNA

IL18-
mRNA

Figure35: DE- SignificantGenesTable
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DifferentialExpressioilgorithmDetails

Datamodel

Letw bethe countof probein sample after
normalizatiorto the housekeepingrobes,j=m >JX =
We assumew isthe sumof the backgrounchoised
andthe true expressiormw, whered andw follows
negativebinomial(NB)distribution:

ax 0 6 _ Mo |
W 08 Mo,
iic or.

The negative binomial model contains a dispersion
parameter%o. It accommodateghe varianceof probe
expressionwithin biological replicates,which is not of
interest in differential expression(DE)analysisWhen
%o T, the negative binomial model reducesto the
Poissormodel.

Estimatiorof modelcoefficients
Model 1: Mixture negativebinomialmodel

Notations

%o :

mean of background noise.
Estimatedusingall negativecontrols
in all samples.

dispersion of background noise.
Estimatedusingall negativecontrols
in all samples.

meanexpressionn samplg.
dispersion.

XP matrix for the sample
annotation. P is the number of
covariates including the intercept
term. Jisthe numberof samples.

the j" row of & , annotation of
samplg.

Px1matrixfor the parameter.

o Parameteestimation Let"Qcs %o be the probabilitymassfunction (PMP of the negative
binomialdistributionwith meanparameter anddispersiorparameter¥%. Themarginal

probabilitymassfunctionfor w canbe derivedas

Do MR Mo

Theloglikelihoodfunctionis

0 1 7B@H OR Mo

QOQ Mo Q0O Gx Mbo

Theparameter and%.are estimatedby maximumlikelihoodmethod:

T Fbo

@i Qb o

Thiscanbe obtainedviathe MLEfunctionin R/stats4

o Inferenceandp-valuecalculation If the MLEexists the hessiarmatrixat MLEis evaluated:

T
B

andthe variancecovariancematrixis 'O

o0 $

Thetest hypothesigs:

T Fbo

%k
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(d mnO0d m
wherep isthe indexof the covariatein the designmatrix.

TheWaldtestis conductedandthe test statisticis:

where’O isthe p" elementon the diagonabf 'O  matrix.

Model2: Simplifed negativebinomialmodel

Thecomplexityof algorithmin modell is proportionalto the total countof the probe,whichcanresultin
longcomputationtime for probeswith largecounts.Model 1 canbe simplifiedto the followingform
whenw is signficantlygreaterthan the backgroundnean_ :

DOl Qo _ Q Mo

Themaximumlikelihoodestimateoff isthen obtainedusingthe gim.nbfunctionin R/IMASS

Model3: Loglinearmodel(linearregression)

In casethe algorithmsin 1 and 2 fail to convergeandleadto unstableestimateof the parametersjog
transformationis takenon the counts.Assumenormaldistributionof the logtransformeddata:

1T _x. ®rh,

Themaximumlikeihood estimateoff isobtainedvialm functionin R

Flowof algorithm

Theflow of the algorithmworksasfollows:the meanof the geneacrossall sampless comparedagainst
the threshold wherethe thresholdis 10-fold of backgroundhoise.If the gere meanis abovethe
threshold,the mixturemodelin 1 issimplifiedto 2. If mixedmodelin 1 doesnot conwerge,the simplified
modelin 2 isappliedinstead.If model2 doesnot corverge,the loglinearmodelin 3 isused.
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Mixture model

Not

Mean < threshold converge

y

Simplified model

Not
converge

3

Loglinear model

Variables

If your variableis categorical you will be askedto assignone level of the categoryas the baseine or
referencelevel. If a categoryhas a referencelevel (normal)and levelsA, B, Cand D aswell asanother
covariate BindingDensity(whetherconfounderor predictor) alinearregressiorwill be run for eachgene
usingthe followingmodel:

Elog,(expressiony [3,+ B3,(la) + 3,(ls) + 35(Ic) + 3,(Ip) + B;(binding.density)

Dependingon eachsamplelabel (whetherNormal,A, B, Cor D), only one of Inomas Ia, Ig, lc, Io will take on
valuel andthe restwill be 0. (Notethat Inorma iS DOt in the modelandits coefficientvalueis absorbedby
[3,term). binding.densityhereis a continuousvariable.

OptimalMethod

Foreachgene,the Optimalmethod(seethe CustomOptionsfor DifferentialExpressiosection)infers
differentialexpressiorwith respectto specifiedcovariate(susinga negativebinomialmixture modelfor
low expressiorprobesor a simplifiednegativebinomialmodelfor highexpressiorprobes.TheFast
methodusesthe simplifiednegativebinomialmodelfor all probes.In situationsof algorithmnot
convergingthe linearregressiormethodwill be usedinstead.Highor low expressions determinedby
how highthe probemeanis acrossall samplegelativeto the negativecontrols.At leastone covariate
mustbe selectedasthe predictor. Analysiwill takeinto accountthe selectedconfoundersbut resultswill
onlybe displayedor covariatesdesignatecaspredictors.

Runninghe Optimalmodelis computationaly intensiveandrun time is proportionateto datasizeand
numberlow expressiorprobes.lt maytake severall Osof minutesdependingon the datasizeandcount
distribution.
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GeneSetAnalysidModule

Overview SNV Normalization Diff Expr GSA PathView Analysis Parameters Share

GenesetanalysifGSAyummarizeshe changein regulationwithin eachdefinedgeneset (selectedalong
the left sideof the window)relativeto the baseling(or in the caseof continuousvariable per unit change
invariable) Thevaluescalculatedarethe globalsignificancecoreandthe directedglobd significancecore
andare expressedn heatmapsandor adatatable.

BeforeYouStartGSA

Sincemuch of GSAoriginatesfrom Differential ExpressiorAnalysisseethe BeforeYouStart Differential
Expressiosectian.

Gene sets: ‘Global Significance Scores Directed Global Significance Scores

Summary

Cell Cycle - Apoplosis

Driver Gene

JAK-STAT Signaling

KEGG Cytokines and Cytokine
Receptors

MAPK

mRNA

Non-canonical JAK-STAT
Signaling

Other Cytokine Genes

Color key
“
wtaorow

Thereis no custom menu for GSA. The Differential Expressiommenu, however, features a checkbox
indicatingwhetherto run GSAseethe CustomOptionsfor DifferentialExpressiosectian).

RI3K

PI3K-Akt Pathway

protein

Ras.

Figure36: GR modulewindowandoptions

CustomOptionsfor GSA
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InterpretingResultsof GSAPlots

Summary GlobalSignificanc&cores

Global Significance Scores

Globalsignificancescores(alsocalledundirectedglobal
significancescore$ measure the overall differential
expressiorof the selectedgenesetrelativeto selected
covairates,ignoringwhether eachgeneis up- or down-

regulated.

Thechosencovariatesare listedalongthe bottom of the
heatmapand the variousgenesetsare listed alongthe
right side.

Figure37: GSA UndirectedGlobalSignificance
Scoregplot

Summarny, DirectedGlobalSignificanc&cores

Directedglobal significancescoresmeasurethe extentto
whicha givengenesetis up- or downregulatedrelative emmmm
to a given covariate. It is calculatedsimilarly to the

undirectedglobalsignificancescore but it takesthe sign “

of the t-statisticsinto account

Thechosencovariatesare listedalongthe bottom of the — 1
heatmapand the variousgenesetsare listed alongthe
right side.

In the 3DBioDataExampl€seeAppendixA),
we seethat the BRAF.Genotypis associated
with more variableresultsamongthe genesds
than Treatment(Figure37). We canseefrom
the DirectedGlobalSignificanc&coresgplot

(Figure38)that the P13KAlt Pathwaygeneset
hasthe highestscorein the BRAF.Genotype Figure38: GSA Directed GlobalSignificance
category. Scoreplot
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If only a singlevariableis chosenas
a predictor, then a table will take

the place of a heatmap, showing snow

globalsignificance.

Undirected and Directed global significance scores table

More Plot Information Download CSV Data

Search:
H H 10 -
valuesfor directed and undirected

Undirected Undirected Directed Directed

BRAF.Genotypemut.mut TreatementVEM BRAF. mut T VEM
NS 4015 1.015 2872 0867
Apoptosis
Driver Gene 4295 0.986 -3.672 -0.979
J}.‘K-STAT 10,133 187 7442 0371
Signaling
KEGG
Cytokines and
Cytokine 6.637 1.702 0.867 -1.383
Receptors
MAPK 5454 1173 1.936 -1.168
Mon-canenical
JAK-STAT 4766 2141 2692 0.613
Signaling

Genesetof choiceg covariateof choice

Selectinga pathwayalongthe left side of the window resultsin volcanoplot and table of vdues. The
volcanoplotisareplicateof that drawnin the DifferentialExpressiomodule,but alldatapointsaregreyed

Figure39: GlobalSignificanc&coresTable

exceptthosein the selectedpathway(thosedatapointsare colored).

Selectingthe P13KAIt Pathway
gene set results in the

Differential Expressiorvolcano
plot, overlaid with colored
pointswhichreflect the probes
in that geneset. We can see
that there are a number of

probesfrom this geneset with

significantesults.

Gene sets:

Summary

Cell Cycle - Apoptosis

Driver Gene

JAK-STAT Signaling

KEGG Cytokines and Cytokine Receptors

MAPK

Non-canonical JAK-STAT Signaling

Other Cytokine Genes

PI3K

PI3K-Akt Pathway

Ras

BRAF Genotype
differential expression
v

Treatment

Volcano Plot: BRAF.Genotype: mut.mut vs.wt.wt

— adj.pvalue <0.01 © mRNA
77 adipvalue <0.05  BRAF Genotype: differential expression * protein
ad. prialue <0.10 in mutmut vs. baseline of wtwt probe set
-~ ad] pvalue <0.50
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Figure40: GSA Volcanaplot by genesetandcovariate

nanoS_tr_i_ng

55



nCounterAdvancedAnalysi®.0UserManual MAN-1003003

GSAAlgorithmDetails

Differentialexpressioranalysicalculatesa t-statisticfor eachgeneagainsteachcovariatein the model. A
genea S glébalsignificancescorefor a covariatemeasureghe cumulativeevidencefor the differential
expressiorof genesin a pathwayand is calculatedasthe squareroot of the meansquaredt-statistic of

genes.
7

08 £ & d0E QS @8 ‘&”m§ 0% R

wheret; isthe t-statisticfrom the i'" pathwaygene.

The directed global significancestatistic is similarto the glabal significancestatistic, but rather than
measuringhe tendencyof a pathwayto havedifferentiallyexpressedjenes;jt measureghe tendencyto
haveover or underexpressedjenes.t is calculatedsimilarlyto the undirectedglobalsignificancescore,
but it takesthe signof the t-statisticsinto account:

QT 0 WA £ ¢ WMNE "QUAQD D& Qi SHTWS¥s 7
whereU= -B i "QQ¢ D
andwheresign(Uequals-1if Uisnegativeand1 if Uis positive.

A pathwaywith both highly up-regulatedand highly down-regulatedgenescan havea very high global
significancestatistic, but a directed global significancestatistic that is relatively closeto zero. Thetwo
statisticswill be equalin a pathwaythat containsgenesregulatedin only onedirection.
Foreachgeneset,the volcanoplot isredrawnandtable producedasdescribedn the DEmodule,with the
exceptionthat the genesin that pathwayare highlightedon the plot anddisplayedn the table
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PathViewModule

Overview SNV Normalization

Diff Expr GSA PathView Analysis Parameters Share

The PathViewmodule overlaysthe Differential Expressioranalysigesultswith variousKEGGathways.
Elementsthat are overexpressedn this pathwayare coloredgold, those that are underexpressecare

coloredblue, andthosethat areunchangedaregray.
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Figure41: PathViewmoduleview

BeforeYouSart PathView

PathViewplots are simplyDEresultsoverlaidwith KEGGathways. See the BeforeYouStart Differential

Expressiosection.

CustomOptionsfor PathView

Thereis no custommenufor PathView. TheDifferential Expressiomenu, however,featuresa checkbox
to choosewhetherto displayPathViewdropdownsfor how manypathwayso offer andwhetherto color
plotsbyfold-changeor t-statistic aswellasaboxto enter a p-valuethresholdfor plotting. Seethe Custom

Optionsfor DifferentialExpressiosection.
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InterpretingResultof PathViewPlots

Throughouteachof the KEG@athwaysoffered alongthe left side of the window, nodesassociatedvith
genesare coloredblueif the datasuggestshat they are down-regulatedor goldif it suggestshat theyare
up-regulated. TheKEGGQathwaydistedarethosewith the highestlevelof differentialexpressiorior your
datasetithe numberof top pathwaywffereddependsonthe numberchoseronthe CustomAnalysisnenu
(20 is default; seethe CustomOptionsfor DifferentialExpressiosection)and how manyprobesin your

datasetmapto thosepathways.

Notethat the defaultp-valuethresholdis an un-adjustedp-value,sosomecolorednodesmayrepresent
falsepositives Also,beforeinferring significancérom the abundanceor paucityof differentially
expresed genesin a particularpathway,considerthe percentageof genesfrom that pathwaythat are
actuallyrepresentedn the CodeSetStudyinghe impactof the dataon the overallpathwayin additionto
its effecton the individualpartsresultsin amore holisticanalysis.
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Figure42: PathViewplot

Asanextstepto the GSAanalysisn the 3DBioDataExanple (seeAppendid), we canviewthe pathways
that includeour geneset(s)of interestin the PathViewnodule.Here,we selectthe P13KAIlt Pathway
(Figure42)to seewhereour genesof interestlie in this particularpathway.Coloredboxesshowthe
specificelementsof the pathwaythat were differentiallyexpressec@ndwhetherthey are up- or down-
regulatedin our data.If we decidedto later run the ProbeDescriptivanodule,we mightenterthese

genesfor analysis.
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Pahway ScoringModule

Overview Normalization Pathway Score Diff Expr G3A PathView Immune Cell Type Profiling Analysis Parameters Share

Justas Differential Expressioranalysisof individualgenesor genesetsis usedto researchthe effect of
covariaten adatasetthe PathwayScorecanbe usedto summarizeéhe datafromalJ (i K @énésfté
asinglescore.

Atleastone covariatemustbe chosenagainstwhichto plot the scores whilethe effectsof other variables
that may be highly correlated with geneexpressiorcan be removedfrom the analysishy adjustingthe
scorewith respectto thosevariables (seethe CustonOptionsfor PathwayScoringection) Pathwayscores
are calculatedasthe first principalcomponentof the pathway3 S y i ém@lizedexpression.

Summary: score »  Covariates

Choose a Pathway: Heatmap of Pathway scores Heatmap of Correlation Matrix of Pathway scores

More Pio nformation Y Downiosd Patiway scores More Pt nformation
Summary

Color Key

Adhesion
Antigen Processing o0
correlation

B-Cell Functions

TNF Superfarmlly

Cell Cydle

: Treatment
Gell Functions. Unstim

Stim
Chemokines
Complement
CT Antigen

Cytokines

Cytotoxicity

Interleukins

Leukocyte Functions

cT anigen
Macrophage Funciions | Bcel Functions
i T-Cell Functions

Microglial Functions

NK Cell Functions.

Pathogen Defense

Figure43: PathwayScoringvindowandoptions

Whenthe software generatespathwayscores there The More Plot
can be someambiguityin the directionality of those _‘“"'“'“"5“' ore °

: . Informationbutton
score.s.The softwarewill attempt to orient them such provides -
that increased score corresponds with increased description of the
expressionin a majority of the pathway genes.In plot.

pathwayswhere the first PCis somewhatbalanced
between up-requlated and downregulated genes, SR A ‘
however,the direction of the pathwayscorecan be
somewhatunpredictable.

TheDownloadPathwayScoresutton opens
a .csvdatatable that canbe viewed,edited,

Like any complex statistical metric, PathwayScores  printed, and saved.You may also Saveor
shouldbe interpretedwith caution.Althoughthe first ~ Saveaswithoutopeninglt containspathway
principalcomponentof agenesetmayreflect pathway el (e et o e W ey
activity or deregulationin some settings,the scores

may be confounded by biological effects (i.e.,
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proliferationor immunecellabundance)pr technicaleffects(i.e.,sampleinput or preparation)unrelated
to the pathwayactivity.Forthesereasonspathwayscorescanbe a usefultool for understanding/ourdata
in some settings, but misleadingor meaninglessn others. Interpretation of scoresshould never be
performedwithout correlatingthem to other analysigesults(suchasdifferential expressiortesting),to
ensurethat they are placedin the correctbiologicalcontext.

BeforeYouSart PathwayScoring

To run the PathwayScoringVlodule,you must chooseCustomAnalysisisyour Analysid'ypeandcheckthe
appropriateboxonthe GeneraDptionstab. Onceyouhavedonethat, the PathwayScoringab will appear
in the list andyou will be ableto selectit for customizationseethe CustomOptionsfor PathwayScoring
section)
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CustomOptionsfor PathwayScoring

Youravailableannotationswill appearon the PathwayScoringab. The question mark button
Usethe greenarrowsto moveoverthoseannotationswith which reveals additional
you would like to plot the PathwayScore(to the Plot Pathway information.
ScoreVsfield) and thosefor whichyou would like to adjustit (to
the AdjustPathwayScoreForfield). ; The exclamation mark
buttonrevealsanalertanda
Adjustingfor covariategemovegheir signalfrom the databefore brief explanationas to why
pathwayscoringis performed.To be precise whenthis option is an option may be
selected, each gene will be regressedagainst the selected unavailablegreyedout).
covaiatesandpathwayscoringwill be performedon the residuals
of theseregressions.

Itisusuallyadvisablg¢o AdjustPathwayScorgForvarioustechnicalariableghat are suspectedo influence
geneexpressionThesemaybe neededto accountfor (e.g) datageneratedby different operators,from
different labs,or usingdifferent lots of Nand3ring reagents.Adjustingfor biologicalvariablesis a more
difficult decision.In somecasesyou may want to score pathwaystatusindependentof one biologica
variableto isolatethe effectof anotherbiologicalvariable Forexamplejn datawith multiple subtypesand
multipletreatmentgroups the signalfrom asubtypemayexceedhe signafrom atreatmentgroup.Inthis
case adjustingfor subtypewill help the pathwayscorescapturethe effectsof the treatmentgroup.Even
if there isonly one biologicalvariable jt cansometimesnakesenseo adjustfor it. Forexample adjusting
for the treatment group can encouragepathwayscoresto reflect treatmentindependenttumor state,
whichcouldbe desirabledependingon the biologicalguestionof interest.

Probe Annotations Pathway Scoring

Available Annotations 2 Plot Pathway Scores Vs

Analysis Type

Treztment ERAF Genotype
ERAF Genotype Treztment
General Options
Mormalization Adjust Pathway Score For

Differential Expression
Pathway Scoring
Cell type Profiling
Probe Descriptive

Summary / Save Settings

Figure44: PathwayScoringCustomAnalysisnenu
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InterpretingResultsof PathwayScoringPlots

Foragivenpathway,PCanalysiscoressachsampleusingalinearcombination(aweightedaveragepf its
geneexpressiornvalues,weighing specificgenesto capturethe greatestpossiblevariabilityin the data.
Thus,the first PCwill reflect whateverfactor(s)emergeasthe main driving force of variabilityin gene
expressiorfor that dataset.

Summanplds

TheHeatmapof PathwayScoress a hightleveloverviewof howthe pathwayscoreschangeacrossamples.

Pathwaysre listed on the horizontalaxisand samplesare listed vertically.Usingthis plot, you maybegin
to understandhow pathway scorescluste together and which samplesexhibit similar pathway score
profiles.Orangéandicateshighscoresplueindicatedow scores Scoresare displayedn the samescalevia
a Z-transformation.

Heatmap of Pathway scores

.
In the RNAProtein

dataset used in this
example(Figure45), we
can see that the six

samples in the Hl-ﬂ
unstimulated  group

exhibit high scoreswith
T-cells and B-cells but

Binding Density
Low

Myerage

low scores with all - i
others. The Stimulated Treatment
group tested opposite -

theseresults.

Figure45: PathwayScoring Heatmapof PathwayScores

62

nanoStrin

_a N



MAN-1003003 nCounterAdvancedAnalysi®.0 UserManual

The Heatmamf CorrelathnMatnX Of Pathwaﬁ:ores Heatmap of Correlation Matrix of Pathway scores

is a heatmap showing the correlation matrix of

pathway scores. Pathwaysare listed on both the Fedid

horizontalandverticalaxes. Orangeindicates positive laaan

correlation,while blue indicatesnegativecorrelation. coreiator

Sincethe valuesare mirroredacrosghe diagonalyou —

may limit your observationsto either the upper or -

lower triangularmatrix. -
Similarto the previousheatmap the RNA cors
Proteindatasetusedin this example(Figure w
46), showsthat T-cell Functionand B-cell
Functiorhavenegativecorrelationswith all
other pathwaysbut positivecorrelationwith [

T-Cell Functions

eachother.

T.Cell Functions

Figure46: PathwayScoringnodule- Correlation
PathwayMeasurenentsvs.OtherPathwayScores matrixof pathwayscores

Onthe Summarytab, you mayselectan individualpathwayof interestalongthe left side of the window.
Thiscreatesa collectionof scatterplots, eachwith the selectedpathwayof intereston the x-axis.Oneach
scatterLJt 2yias8 an alternativepathway.If you havemore than one covariate,you will seea scatter
plot collectionfor eachcovariate.

Thiscombinedview allowsyou to see how the scores for each pathwaycompareto scoresfor other
pathwaysandhowthe different experimentatonditionsare distributedacrosseachcomparisonYoumay
identify pathwayswith highlycorrelatedscoresin this plot, whichmayindicate that theseare drivenby
the sameunderlyingfactor(s). Othersmaybe almostcompletelyuncorrelated,ndicatingthat they reflect
verydifferent biologicalevents.

Inthe RNAProteindatasetusedin this example(Figure47), we selectB-CellFunctiongrom the list to see
this LJ- K cor@l@ianwith other pathways Asin the heatmaps above,it showspositivecorrelation
with T-CellFunctionsand negativecorrelationwith all other pathways.

Choose a Pathway:

i, : i
Summary B B H H
E} ¥ g
. b v i I - 1y =
Adhesion r 2 1 1@ i » L 22 4 0 E R I ] s 2 ¢ 1oz o2
E-Cl Funsizr B-Za Funzizre BCa] Fanaiany SCwl Fardion E-Call Fusciem Treatment
i i Unstim
Antigen Processing o E 3 T =
: ) . : C E stim
B-Cell Functions £ 3 ' E
e il F E i,
Cell Cycle N 1 . s = 3w 1y el
||||||||||||||||||||||||||||

Cell Functions

Figured7: PathwayMeasurements.OtherPathwayScores
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Covariate®lots

PathwayScoresss.Covariate

Selectinghe Covariatedab andthe Summaryof all pathwaysesultsin a plot of all pathwayscoresagainst
the covariatechosenearlier on the CustomAnalysignenu (seethe CustomOptionsfor PathwayScoing
section) Thereis a separategraphfor eachcovariate;pathwayscoresare plotted to showhow they vary

acrosdifferentexperimentakconditions

In the RNAProteindatasetusedin this example(Figure48), we seethat scoresfor T-Cell Functionand B-
CellFunctionincreasebetweenthe unstimulated and stimulatedgroups,while othersdecrease.

Pathway scores vs. Treatment

More Plot Information

signatures
[=]
1

Adhesion

Antigen Processing
B-Cell Functions
Cell Cycle

© Cell Functions

Chemaokines
Complement

CT Antigen

Cytokines

Cytotoxicity
Interleukins

Leukocyte Functions
Macrophage Functions
Microglial Functions

* MK Cell Functions

Pathogen Defense

* Regulation

Senescence

T-Cell Functions

TLR

THF Superfamily
Transporter Functions

stim 4 &~

Unstim —

Figure48: PathwayScoringnodule- All PathwayScores/s.covariate
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Pathway of choice vs. Covariate

Slecing the Covariatetab and a Specific  B-call Functions pathway scores vs. Treatment
pathwayalong the left side of the window

results in a separate box plot for eac
experimental condition Each depicts

pathway scores on the -gxis vs. the *7 o
experimentatonditiors for the covariate on , .
the xaxis.

In the RNAProteindatasetusedin
this example(Figure49), we select
B-Cell Functionsfrom the list and

B-Cell Functions score
(=]
|

see, again, that the unstimulated 24
treatment group exhibts low
pathway scores (which often 3

indicates downregulation of the
pathway) while the stimulated
treatment group exhibits elevated
pathway scores (which often
indicatesup-regulation)

Unstim —
Stim

Treatment

Figure49: PathwayScoringnodule- Pathwayof choicevs.
Covarate

PathwayScoringAlgorithmDetails

Thisapproachof extracting pathwaylevel information from a group of genesusingthe first principal
component(PCf their expressiordatawasestablishedy Tomfohr,Lu,& Keplerin 2005
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Prole DescriptivdModule

Normalization Diff Expr GSA PathView Probe Descriptive Analysis Paramelers

TheProbeDescriptiveab providesmultiple plots which are focusedjust on the probesof interest, which
you designateon the CustomAnalysisnenu. Univariateplots showthe distribution of the probe results
accordingto the variableof choice. Correlationplots illustrate the relationshipbetweenthe probesof
interest.PCAiplotsdisplaythe impactof the expressiorof probesof intereston the clusteringof samples
contrastng principalcomponentgPCs}wo at a time, for the variableof choice.ParallelCoordinatePlots
allowyouto viewthe expressiorievelsof the probesof choice;the experimentaH NB desifisoverlay
each other, eachdisplayedin a different color. The Interaction network plot visualizesa conditional
dependencynetwork amongthe selectedprobesthat best describeghe observeddata. The TrendPlot
visualizeghe expressiortrajectory of a trending variable(e.g.a patient ID, a cancersubtype)typically
acrossanordinalvariable(e.g.time).

7
Univariate Plots: Time Correlation Plots — PCA Biplots — Parallel Coordinate — Interaction Network — Trend Plofs -
Plots
N
Univariate Plots for Time Univariate Plots
men
’ BCL2 \ Expression of BCL2
T8
CXCLS =
IKBKG
IL13RAZ .
.
L ]
s s
L ]
ILs
Tz L
JAKZ
L]
JUNE : [} a
- L]
PIK3CG -
—e~—— - ___ =
X L
PK3RZ 0 T T T T T e e e »
[ ]
. ]
sPp1 ° H $
L]
VEGFA L1 [ ] *
L]
L]
L ]

Time:

Figure50: ProbeDescriptivevindowand options
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BeforeYouSart ProbeDescriptive

Dueto the highlydescriptivenature of this analysisyou mayconsideraddingone or onlyafew covariates
to thisanalysis.

Tochooseprobesto usefor descriptiveanalysis:

o0 Runaninitial Advanced\nalysisvithoutthe ProbeDescriptivenodulesothat youcanidentifythe
mostdifferentiallyexpressegrobesfrom the DEmoduleplotsandtables.

o List5-15probeswhichappeadifferentiallyexpresseacrosshe different groupsbelongingo the
annotationthat youwishto analyzeMakesureyour listincludes geneghat are both inducedand
repressed.

Retun to the nSolvedashboardandrun asecondAdvancedinalysisselectingCustomAnalysisThistime,
onthe Generalptionstab, selectthe ProbeDescriptivébox. Inthe ProbeDescriptivenodulemenu,enter
the probesthat you identified in the first andysisand movethem over to the SelectedProbeswindow.
Selecthe groupingannotation(sthat you usedto identify differentiallyexpressedjenes.
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CustomOptionsfor ProbeDescriptive

Usethe checkboxeso searchfor probesof the analytetype of interest (RNAprotein, etc). Probenames
will dynamicallyappearasthey are typed and canbe movedoverto the SelectedProbesfield usingthe
greenarrow buttons. Youmay enter up to 15 probes(if five or more are entered, PCAplots will alsobe
generated. Probesusedashousekeepersr removedfrom the analysissiaa low countthresholdwill not
be includedin the output. Toidentify probesof interest, consultthe BeforeYouStart ProbeDescriptive
section.

Move anyannotationsto be usedin Groupingthe expressiordatausingthe greenarrow button. At least
oneannotationmustbe selected.

Youcancheckthe box to GenerateTrendPots if you havecovariates to designateas IntervallD and as
SeriedD. TheintervallD canbe an orderedcategoricabr continuousvariable Additionally trendsacross
distinctsampleannotationgroupscanbe examinedy specifyingan optionalstratifyingannotation.

o IntervallDisthe variablethat defineshow the datapointsare ordered alongthe trend (horizontal
axisin plots). Typicakovariateghat would be specifiedasintervallDsare Time(asin the example
below ¢ Figure51), Concentrationand Dosage there shouldbe three or more groupsin this
variable.

o SerieslD definesthe groupsinto which we wishto separatethe samples(for example,patient
cohortg. In generalthe definition of groupcouldextendto the casewhereeachgroupconsistsof
onlyoneobservedentity (for example pne patient). TheexamplebelowusesBRAFRsenotype

o StratifyingAnnotationallowsyouto separatethe seriesiDinto groupsto seeatrend. Sincewe are
interestedin how Treatmentaffects each BRARgenotype(chosenas SeriesID, below), we will
selectit asour stratifyingannotation.

Selectinghe GeneratelnteractionNetworkbox generatesa network that best describeghe conditional
relationship betweenyour selectedprobes.Youcanadjustfor a covariatethat is expectedto influence
theseprobes Inthis context,the relationbetweentwo probesis definedastheir statisticaldependencen
oneanotherafter accountingor their dependenceon other probes.

Probe Descriptive

Search for: ¥ mRNA ¥ Protein Selected Probes
IKBKG
MAPK1
MTOR
Probe Descriptive PIK3CD
SpPp1
Grouping Annotations
Time BRAF Genotype
Treatment Treatment
BRAF Genotype .
? The question mark button
¥ Generate Trend Plots I‘evea|S add |t|ona|
Interval ID Time v |nformat|0n
Series ID BRAF Genotype v
Stratifying Annotation (optional) Treatment v
Generate Interaction Network ] The eXCl amatl on mark

button revealsan alert and
brief explanationasto why
an option may be
unavailablggreyedout).

Figure51: ProbeDescriptivenodule CustomAnalysisnenu
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InterpretingResultsof ProbeDescriptivePlots

Thismodule provides detailed descriptiveanalyses of the genesof your choice Theanalysiswill always
includeunivariateplotsandcorrelationplots.Whenat least5 probesare selected PCAiplotsandparallel
coordinate plots will also be generated. Interaction network plots will be generated, if selected.

Additionally,when trending parameters(SerieslD and Interval ID) are defined,you may generatetrend
plots.

UnivariatePlots

For categoricalvariables a box plot is overlaidwith a violin plot providinginformation on both the log
expressiomjuartilesas well as the estimated expressiondistributionsfor eachlevel of the categorical
variable(spf interest.Foreachboxin the boxplot:

0 Thehorizontalblackline onthe boxplot representghe medianexpression.

o Theboxdepictsthe 2" quartile of expression.

o Thegreendots displayeachd | Y LlbgseQptessiorfor the specificgeneselected(on the
left).

0 Thegreyshadingepresentghe estimateddistributionof the expressiorvalues

Univariate Plots: Correlation Plots PCA Biplots Parallel Coordinate Interaction Network Trend Plots
BRAF Genotype Plots

Univariate Plots for BRAF Univariate Plots

Genatype men:

BCL2 Expression of BCL2
wa

CXCLS

IKBKG

IL13RA2

L5

[LE:]

JAKZ

JUNB

PIK3CG

Expression level

PIK3R3

SPP1

VEGFA

mut.mut
BRAF.Genotype

Figure52: ProbeDescriptivenodule- Univariatebiplot for categoricalariable
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Fora continuouscovariate a scatterplot is generated showingeacha | Y Lifodn@izedlog expression
levelplotted relative to the continuousvariable.

0 Thedotted linerepresentshe leastsquaredit, drawnalongwith the 95%confidencenterval(Cl).
o Thegreendotsdisplayeacha I Y L#xBesiorior the specificgeneselected(on the left).

0 Thegreyshadingepresentghe estimateddistributionof the expressiorvalues

Univariate Plots: Time Correlation Plots PCA Biplots Parallel Coordinate Interaction Network Trend Plofs
Plots
Univariate Plots for Time Univariate Plots
meruz
BCL2 Expression of BCLZ
T
CXCL5
IKEKG
IL13RA2 o
ILS
L3
T2
JAK2 ]
&
<
5
JUNB ]
2
=
PIK3CG B B
a8y & T T TTmem=———ao_____
PK3R3 o T s e e __ 3
SPP1
VEGFA i

i 2 El
Time

Figure53: ProbeDescriptivemodule- Univariateplot for continuousvariable
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CorrelationPlots

The correlationplot allowsvisualizatiorof two setsof information: distribution of gene expressiorand
correlationof geneexpreson. Whenthe covariateof interestiscontinuousthe valuesare categorizednto
low, averageand high.Eachfield belongsto the genelistedat the top of its columnandthe genelistedon
the right sideof its row.

o The distribution of expressionfor each gene is drawn on the diagonal(note this effectively
replicatesthe violin plot from the univariateanalysis)segregatingxperimentalgroupsbelonging
to the chosencovariateby color.

o Thecorrelationof geneexpressiorior eachpair of genesis expressednumericallyin the top right
fieldsasthe overallPearsorcorrelationcoefficientand correspondingp-value Pearsornvaluesof
correlationof geneexpressiorsegregatingovariategroupsis alsogiver groupsare separatedoy
color.

o Thecorrelation of geneexpressiorior eachpair of genesis expressedyraphicallyin the lower left
fields,plotting the expressiorvaluesand separatinghe groupsby color.

Correlation Plots

Pairwise expression associations color-coded by BRAF. Genotype

BCL2 CXGL5 IKBKG IL13RAZ s s ami2 Jung FIKICG FIKIR SFF1 VEGFA
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Figure54: ProbeDescriptivemodule- correlationplots
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PCABiplots

PCAbiplotsalsoallowvisualizatiorof the relationshipbetweenthe geneschosen for probe descriptive

analysis.

Eachbiplot showsthe spreadof the probe data alonga pair of principalcomponent(PC)axes.Youmay
choosethet / 61 éaterestfrom the PCABiplotsmenuon the left sideof the window. Theplot includes:

o Samplesead point in the PCAbiplot correspondgo one sample.Thecoordinatesof eachpoint
indicatethe & I Y LIPriBdipalComponentscores.Sampleswith similar PrincipalComponent
scoreshavesimilargeneexpressiomprofilesandclustertogether.Pointsare colared by covariate

o Ellipseseachcategoryof the chosencovariateis representedby a coloredellipse.Thisrepresents
the estimatedregion where the majority of the samples(68%)of that categorytype would be
expectedo fall,assuminghe analyzedanplesrepresentthe populationwell. Theextentto which
the ellipsesoverlapindicate that gene expressiondifferencesare not enoughto differentiate
amongcategorie®f the covariate Whenellipsesare non-overlappingthe different categoriesof
the covariateof interesthavedistinctlydifferent PCscoresandgeneexpressiorprofilesclusterthe

categoriesapart

0 Vectors eachvectorin the biplot correspondgo one gene.Thedirectionandlengthof the vector
indicate how eachgene contributesto the principalcomponent.Vectorspointing in the same

directionindicateco-regulaed genes.

In Figure55, we canseethat PClclusters
the WT (blueellipse)andMUT (goldellipse)
categoriesapart. IL-5, CXCL5and BCL2
displaylong projectionson PC2and short

projections on PC1,toward either BRAF
genotypegroup,indicatingthese genesdo

not havea majorimpacton the differences
betweenWTandMUTgroups.

VEGFA (left) and JUNB (right) display
projections in  opposite directions,
indicatingthat VEGFAs upregulatedwhen

JUNBs downregulatedandviceversa(see
the patterns of gene expressionon the

diagonabf the correlationplot).

JACK2, PICK3RRand SPP1 have long

negativeprojectionson PC1,while IKBKG,
IL13RA2IL 8and PIK3C®avelong positive
projections on PC1, meaning that they

contribute in high degreeto the clustering
apart of WT and MUT samples.Because
they display projections in opposite
directions,they have opposite patterns of

regulation (see the patterns of gene

standardized PC2 {21.3% explained var.}

expressioron the diagonalof the correlationplot).

PCA: samples on 1st and 2nd PC plane

G HEY
oKD Wh!
MRNA BCLz

K 0 1
standardized PC1 (54.5% explained var.)

BRAF Genotype
B wtwt

mut.mut

Figureb5: ProbeDescriptivenodule- PCABiplot
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ParallelCoordinatePlots

Theseplots provide a simpleway to see up/down regulationof eachgenerelativeto the covariateof
interest. Theexpressions scaledfor eachgeneacrossall samples.

Thisviewletsyoucomparethe patternsof geneexpressioramongthe different categorieof the covariate
of interest. Whena continuousvariableis selected jts valuesare splitinto averagehighandlow.

Figure56: ProbeDescriptivenodule- ParallelCoordinatePlot
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