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1.1. What is SoFi

TheSource Finder (SoR§ a powerful, usefriendly software package for source apportionment
and environmental data analysis. Developed firstlyhet Paul Scherrer InstitutéPShand now
being actively maintained and further developedDatalystica Ltd. in Villigen, Switzerland

SoFi is a software package that runs within the software environment IGOR Pro (Wavemetrics
Inc., USA). Solsiwidely used in atmospheric science and environmental chenftipitiating

and controlling the mdilinear engine algorithm (MR, (Paatero, 1999 that solves the positive
matrix factorization algorithm (PM@Raatero, 199)), as well as analyzing tiMF results in all

its details for extracting mathematically and environmentally reasonable PMF results.

1.2. For whom is it meant?

SoFiis intendedto facilitate and acceleratehe source apportionmenganalysis While SoFwas
originallydevelopedfor analysis of aerosol chemical speciation monitor (ACE&H (Ng et al.,

2011z A G Q& OSNEIFIGAfAGE SEGSYyRa TFTIN 6Sé2yRo L
dimensionality reductioror factor analysis is of interest.

With its highly paneloriented and use#riendly structure, SoFiguarantees a seamless source
apportionment analysis from the data input to the data outpuith basically no interaction at all
with the software environment IGOR making ShHly suitableevenfor data analystsith no
programming or knowledge skills lEORThe algorithm can be applied to wrkind of data for
which dimensionality reduction analysspotentially interestingSoFis intellectual property of
Datalystica Ltd. and can only be used under the terms and conditioDatafystica, the official
distributor of SoF{consult the homepage of Datalysticatips://datalystica.con) for the terms
and condition$ The sameerms andconditionsare visualized when SoFi is launched and the user
mustread and agree to them, before being able to use the SoFi software.

1.3. What is required?

Make sure you already possess an official k@M E-2 (must be purchaseftom the homepage

of Datalysticahttps://datalystica.con), full administrator rights of your P@ead and write) as
SoFi will create, modify and execute script files on the operating syastehan officialicense for

the software IGOR or 10 (can be purchased through us in combination with a SoFi Pro/RT
purchase, otherwise must be purchased directly from Wavemetrics,
https://www.wavemetrics.con.
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1.4. More details aboutthe structure of SoFi

SoFis available aSoFi Prqcommercial key that enables all advanced functionalities of So#i)
SoFi RTrealtime module to SoFi for fully automated and in réiale source apportionment
solutions that also includes all SoFi Pro functipr&oFi Prand SoFi RReys can be purchased
from Datalysticahttps://datalystica.con). Consult the homepage of Datalystica for more details.
Thismanualcovers althe functionalitiesof the SoFi software.

This manuscript does not provide a detailed description of the theory behind the PMF algorithm
nor on the ME2 solver and its script code but rather the operation of the abovementioned
software. Nonetheless, a small general theoretical introduction on RB\Fesented in the next
chapter.Interested readers are referred to the original paper of the multilinear en{ffaatero,
1999, the papes introducingthe positive matrix factorization algorithrfPaatero and Tapper,
1994 Paatero, 1997 Paatero, 2004 the paper that provides an overview over the different
rotational toolsof the ME-2 algorithm(Paatero and Hopke, 20p&nd the recentmethodological
papersabout ME2 (Brown et al., 2015Paatero et al., 2014 In addition, the reader is also
referred toPaatero (1997for a discussion on the robust mode and(®aatero and Hopke, 20D3

for a detailed discussion on the reweighting strategy.

The reader is also referred ©anonaco et al(2013), (2015 and (2021Jor the introduction paper
of SoFiandits application on ACSM data, respectivatywell as tcCrippa et al.(2014), where
the a-value approach washoroughly testedfor many EuropeanAMS case studiesveraged
profiles for the primary organic aerosol (POA) were retrieaad a general strategy using the
value approach for AMS data is presented and discus&esimilar study for European ACSM
datasets using the rolling PMF technique was presenteChgn et al., 2022

1.5. Differences between the SoFversion®

There are currentlywo commercialversions of SoFi that are operational in IGOR, i.e., HoFi
IGOR? and SoF10for IGORLO. The descriptiosof the features of SoFi contained in this manual
refer tothe latest versioni.e., SoFL0. Many of the features presented here are also available
previous SoFi versionBlease nte that we officially discontinued from SoFi 6 since2021 and
that since then SoFi 6 has not been updated anyméfe are planning to deontinue the support
of SoFi 8 somewhen during 2028e therefore stronglyrecommendupgradingto SoFB or SoFi
10. If you are still using SoFi 6or SoFi 8 consult the history file
(https://datalystica.com/downloadsf and make sure that you are not suffering frogerious
unresolved bugs in SoFi 6!

Generallyjt is not guaranteed that Sogfor IGOR or SoFLOfor IGORLOor crosscombinations,
e.g., SoM in IGORLOwill run errorfree all the time. There might be cases and conditions that
have not been tested or encountered during our tgétases, and that might cause some
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unexpected problems on SoFi or IGOR. We apologize for this eventuality and strongly rely on the
bug report of all SoFi users toinimize such eventualities but also for improving SoFiyour

needs! Thanks already in advance for your feedback! Any feedbazknatter what, is always
highly appreciated!

Your Datalystica Team!
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2.1. The bilinear modelc general considerations

2.1.1. General bilinear equation

The measurement of a sef variablese.g.UMRmM/z intensitiesfor the ACSMas a function of
time can be represented as data matriXXwhere the columngare the variables and each raw
represents one single scan.

In socalled factor analytical models, where a dimension reduction occurs, the vagiaée
grouped in a few factors that can be further investigated rather than dealing with all measured
variables A commonly used approach is to group variables into two matusey) theso-called
bilinear model Few examples of bilinear models dhe principal component analysis PQAold

et al., 1987, chemical mass balance approa@liller et al., 1972 or the positive matrix
factorization PMF (Paatero and Tapper, 1994A bilinear factor modelin matrix notationis
defined as:

X=GHE 1)

where the measurednatrix X is approximated byhe product ofmatricesGandF. p, i.e., the
number of columns athe modelled matrixcand the number of rows dhe modelled matrixis
called the number of factors€achcolumnj of the matrixGrepresensthe time series oeach of
the p factors whereaseachrow i of Frepresentsthe correspondingactor profile or fingerprint
(e.g. mass spectrumiNote that by definition of (1) factor profiles are static aae not allowed
to vary over timeThe matrixErepresents the model residualhe differences between PCA and
PMF aremainlydue to the restrictions of theemodels. PCA imes orthogonality nthe factor
profiles, i.e, the scalar of two different rows df is zeroand does notrequire non-negative
entries In contrast,PMFrequire nortnegativeentriesthroughout G and F. PMR2 and ME-2 are
solvess capable of solving the PMF algorithBoth solvers fithe entries inGandFusing a least
squares algorithm that minimizes iteratively tig@antity Q main Q™ i.e., thetotal sum of the
squared modetesidualsej weighted by the uncertaintys; for all input pointsj (2):

2
Qm :'a a & 8 )
. &i 0

Here, the uncertainties; typically contain the measurement uncertairfiyr the input pointij.

Data pointsfor which the ratioej / sij >> lcongitute a large fraction ofd™ and consequently
these pointsawill have ahigh impact during the model iteratioiNormally thisconditionensures
that data withhigh signatto-noiseratio is considered more thadlata frommeasurementslose
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to the detection limit. Howeverfor some data points a case wh#he ratioe;j/ sij >> 1lmay also
occur due to dominantocal events or electronic noise within the measurement equipment
neither ofwhichshould be considered by the model

2.1.2. Robust mode

To preventasolution to be driven byhese eventsthe modelis generallyunin aérobust mode,
in which pulling of the solution by outliers is reducéd each step of theteration process,
outliers are defined based on thratio of residuals tauncertainties

Cij

outlier := >a (3)

sij

a is the userdefined threshold value. A value fafur is recommended as a defining criterion for
outliers within the robust modgPaatero, 199y Theresiduals are reweighted dynamically to
remove thedependence othe change o™ with regpect tothe change of theutlier residuals

_E Heesioo @)
AmvioHin
This prevents the model solution to be driven by few dominant points in the datakeits.
NEO2YYSYRSR (2 If gl &@a Ndzde, wihkrSrearig datd prona tfe.gl K S
rare transient sourcesspikes, electronic noisar low signal to noise ratidypically the case for
ambient data.

2.2. Normalizing Q by the expected value of Qg§)

Normally, monitoringand comparindotal Q among various PMF rums not meaningful because
the expected value depends on the size of the data mainck on the number of chosen factors
One therefore normalize®™ by theremaining degrees of freedom thatbheth a function of the
size of the data matrix and of the numberfattorsand iscalledQexp.

0 £ Nno¢ a ()
In past,AMS studieseported typical values fahe ratio of Q/Qxp betweenl and5. Sometimes
values below 1 were reportedote that when running PMF in the robust mode with a robust
mode value 64 to highest value of Q/&»is ~16 For an ideal PMRinthe Q/Q:xpwould decrease
down to~1only if the employed uncertainty considers both the measured as well as the modeled
uncertainty. The latter is very difficult to assess andemainsoften unknown, especially for
ambient data.In addition, downweighhg procedures (seé.2.3 may have an impact on the

value of Q, depending on the amount and magnitude of weak / bad variabtesefore, the
absolute value cannot be strictly used as a metric for judging model rekdtead,one should

-13-
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investigate the relative changef Q/Qexp across different model runas guidancen choosing
reasonable model solutions.

2.3. Rotational ambiguity of the model solution

General bilinear modelsossess a hugaumber of solutions, a& andFcan be transformed with
T and T, respectively (see equatiof®)). Bilinearmodels with restrictions as orthogonality or
non-negativitydecrease this numbesf rotations @lso callediegree of rotational ambiguity), but
it remainshigh (Paatero et al., 2002 There are two diffeent kinds of rotationghat are allowed
occur, the pure and the approximate rotations. For pure rotations, the object fundii8istays
invariant with respect to rotations in space

G=GTandF=T!F (6)

where Tis a nonsingular matrix of dimensigrx p, T is its inverse and andé¢ are the rotated
matrices. The matrix multiplication éf and€ leads b the same product as fanultiplication of
G and F, and thereforeQ™ remainsunchanged If the transformation matrix does not fulfill
eqguation(6), the rotation is called an approximate rotatioim case of whickQ™ changes.

2.4. Rotationaltechniquesin ME2

2.4.1. Sedal runs

Initializing the PMF model matrices with random or pseudo random idatalled a seed run, as
the modelmatricesare sowed / populated with data. This is typicgigrformed when looking for

the global minimum in the @pace. However, as seed runs have various starting points, they will
also fall at different locations at the global minimum, given that the global minimum is very likely
to occur and the data has a higlegree of rotational ambiguity. Therefore, seed runs alkiw

for a partial eploration of therotational ambiguity. However, this technique doast allow for

a systematic exploration and it is recommendfd this purposeto use one of theechniques
described below

2.4.2. Global fpeak

For the PME and the ME2 enging there is a usespecific parameter called fpeak, denoted by
for the global control of such rotations. For positife elementary rotations or aseries of
elementaryrotationsare performedthat increasecolumns of the matrixcanddecreaseows of
the matrixFwhile conserving masd he opposit@ccursfor negativef. However, the fpeak tool
explores only rotations in one dimension of the multidimensional space and if the entr{&s of
and F are positive and more than one factor is chosémen the rotational space is

14
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multidimensional and the corresponding ambiguign be very large (e.g. for three factors, the
rotational space is nindimensional).

For PMF2 users\ote that the fpeak value in MEis proportional to the fpeak of PMF2. They are
not necessarily equgPaatero and Hopke, 2009

2.4.3. Individual fpeak

An advantage ahe ME2 solvercompared to the PMBolveris improved rotational control, e.g.
selected factors can be summed / subtracted together rather than transforming the entire matrix.
Thus, the rotations can be studied in a more controbedironment.

The analysthas toexplore thesolutionspaceto provide the range of environmentally reasonable
PMFrunsupon the use of rotational tools.

Rotational ambiguity can be vehygh, in particular fodargedatasets with manyariables long

measurement timeshigh number of factors, low signal to noise ratios, etad hence, it is
advantageous to introduca priori information into the PMF model to reduce th@mount of

rotational ambiguity. This can happen form of known rows ofF (factor profiles)and/or of

known columns ofG (factor time series(Paatero and Hopke, 2009Thisa priori information

prevents the modeiatricesto rotate, resulting in~uniquesolutions. In ME2 two different main

approachesare implemented the a-value and the pulling technigsewhich will be briefly
discussed in the following subchapters.

2.4.4. a-value approachfPartially constrained matrix F and/or G

In a-value approacthe elements of the=matrix (factor profilespr of the G matrix (factor time
series) can be constrained by the user. The user inputs one or more factor profiles (rBws of
factor time series (columns @) and a constraint defined by the scatathat can be applied to
the entire profile / time series or to elements of the profile / time series only. @walue
determines the extent to which the outpoiution/ Gsolution IS allowed tovaryfrom the inputFinitial

| Gnitiat, @according to:

fj, solutilm = fj ° aC"ﬁj )
9i. solution =9i ° aQ; (8)

wherefi andgi representthe row and the column of the matricdsandG, respectively. The index
j varies between 0 and the number of variables andaries between 0 and the number of
measured points.

The scalaa ranges between 0 and 1. Setting thevalue tozero for all the factor profiles, one
can fully constrain the factor profile matrix similar to themethod of achemical mass balance

-15
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(CMB) On the contrary, setting tha-value to one for all entries of a profile or time series allows
it to similar as in an unconstrained situation.

2.4.5. Pulling approachPartially constrained matrix F and/or G

The user has the possibility to introduce pulling equations into the model that pull profile factor
elements towards target values, ®alled anchors (here shown ftire row j of the matrixFonly):

aj:fj+rj (9)

In equation(9), a_j represents the anchor to which the model has to pull the iterative vélle
and i represents the residual. The anchor sesme known value introduced as priori
information by the user. The pulling equations create an additional auxiliary @¥hthat is
added apart from QM. Thus, if pulling equations are inttoced, the model will minimize the
argument ofQwith respect to all entries in the matric&sand F
argmin (Q=argmjin @™ +Q*"™) (10)
G,F

GF

The term ofQ®**has a conceptually similar aspect@3:

K 2
QaUX= a (s
k

ki=1

Qo

11

o)
|-COO

The index from equation(9) has been replaced by sincek denotes the index of the pulling
equations added to the model (over many factor profiles / time series). The pulling paraseter
specifies theisoftness of the pull. The smallesk becomes, the higér the impact ofQ?"* of the

k-th pull during the iterative process. The pulling approach is a sensitive technique in that if the
pulling equation is not compatiblwith the specific data matrix.e.,adecrease of &*obtained

as"Q reaches itanchor valuea_j (9) will be negligible compared to a larger increase 8f Qen

the pullis neglected Generally, the user provides the acceptable limit€QBfdenoted asdQ.
ChanginglQand the pulling parametesk allows monitomgachange irQ™ andjudging abouits
acceptability.

The anchor can be any entry of a factor profile / time sersasathematical combinatiowf one
or more entries of a factor profile / time seriesad dsoinvolving externaflata.

-16-
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3. hOSNIJASSH
3.1. Installation of the HDFf%nterface (Igor 8)

The storage®f the model results is based dime object oriented HDF5 file systei@ince thdGOR
software doesnot load the procedures for the HDF5 file systegndefaultbefore IGOR ,9the
user needs to link the required procedures manuadlthe operating systerflOSYor IGORB (not
needed for IGOR & IGORLO).

Create a shortcut of the following files

l. C\Program FiladVaveMetric$igor Pro FoldaMore Extensiond=ile
LoaderSHDF5.xop

Il. C\Program FilegVaveMetricSlgor Pro FoldaMore Extensiond-ile LoaderdHDF5
Loaderipf

Il C\Program FilesVaveMetricslgor Pro FoldeWaveMetrics ProceduréBile Input
Output\HDF5 Browser.ipf

Place theshortcuts in
l. C\Program FilédVaveMetric§igor Pro Foldatgor ExtensiongiDF5.xop
Il. C\Program FilédVaveMetric§lgor Pro Foldaitgor ExtensiondgiDFS_oaderipf
[I. C\Program FiledvVaveMetric§igor Pro Foldatgor ProcedureddDF5 Browser.ipf

3.2. General structure

SoFihandlesall ME-2 implementations discusseth the previous chapter. Theoperational
frameworkis presented irFigurel.

call L

. ME2.exe uses prepared .ini fi .

SoFi |:' —~ <{————> | SOFi
and performs PMF

The results are

modify instruction file temporarily stored
for ME2 in SoFi

import and inspect results

SoFi <:| results stored orOSin HDF filesit the end of

each PMF call

Figurel The general procesBom the model call to the storage of the modebutput. Blue rectangles
describeSoFtasks red rectanglerepresensthe ME2 execution. Afteall modelruns finishedthe
results are storedn an HDFSile (green color).
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3.3. First steps

The first stepyvheninitializingthe SoFi softwares to open a new IGOR experiment. Thereatter,
the user needs to import th&oFprocedure file(doubleclick on the SoFi procedure Sler drag
and drop the filsinto IGOR) witlthe name:

SoF10.ipf (main file)and SoFi_key.ip{SoFi Pro/RT license key, do not change the name)

Once theSoFprocedure is compilech new tab appears ithe main menu inGOR.

SoFi Help
Initialize SoFi
Delete unused data (e.g. closed plots)
Recreate panel, i.e. close graphs, tables, panels only
Recreate settings except folders 'External_data’ and 'Reference_ts ' _pr’

Recreate Sofi, i.e. entire SoFi folder

SeFi panels to top 4
Main settings

Open cluster panel Ctrl+Shift+8

manual

history

terms and conditions
credits

license information

close SoFi package
close Sofi key

perfoerm communication tests
)

Figure2 The tabdSoF appears once the procedure is compiled.

3.4. SoFi menu

The tabdSoFé contains several main options

3.4.1. |Initialize SoFi
GAYAGALFEAT S {2CAé¢ fl dzyOKSa GKS {2CcA O2RS I'yR

Before launching SoRhe first time in a new Igor experimentthe user must readi K S dza SN a
agreement and agree to the terms and conditions. Only then SoFi can be used. The terms and
O2yRAGA2ya OFy 6S R2gyft2FRSR a | LIRFT 2NJ o6S N
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3.4.2. Delete unused data (e.g. closed plots)

SoFi deletes all waves from previous plots that are not in use anymore.

3.4.3. Recreate panel, i.eclise graphs, tables, panels only

GNBEONEB I (S chieylSyfaghs dndrEsksthie main panel This button leaves thEMF
input, external data and themported PMF resultdatauntouched.

3.4.4. Recreate settingexceptfolderst 9 EG SNy I f yRF Gl ¢ YR dw
GwSONBIFGS aSitiAry3aa SEOSLI T2t R SddBionaly feset®INY | f ¢ R

variabks and stringselated to SoFiThis buttonleaves theimported PMF input data, external
data andPMF results untouched.

3.4.5. Recreate SaFi.e. entire SoFi folder
This option isimilartoa LY AGA L t AT S {2CA¢ o, a0 @B NBhekaleted oA f f

3.4.6. SoFi panels to top

A helpful option when many graphs, tables and panels are open. Open panel can easily be brought
back to the front via this menu or via the indicated short cuts. The panel must be open in the back
or being minimized, it cannot be built through this menu.

3.4.7. Open cluster panel

Opens the cluster panel. The cluster panel cannot be opened from the main SoFi panel or any
other panels but only here. Note, Ctrl+Shift+8 opens and closes the panel, Ctrl+8 brings the panel
to the front if already open.

3.4.8. Main settings

Allows the user to modify main setting&urrently the following settings are available and
modifiable from here:

GD9b9w! [ 2ehablé/disgbieéthe progress bar, enable/disable pgp about the
windows position colors of the PMF factor positiondefault unit for the
PMF results, RT settings

G5! ¢! 2 LI As@nAlita noise used in SofE/N) downweighting and robust value for
results,S/N threshold for the (un)explained variation plagsolution for
the daily cycle plgtaveaging threshold for cycle plots

GC! aL[ , ¢ lugesdéfined families for HRata. Details can be found $14.9

-19-
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main_settings =1 main_settings E@
GEMERAL options DATA options FAMILY wave GEMERAL options DATA options FAMILY wave
General settings 52N calculation options
progress bar (main panel) |enable progress bz * Calculation 52N cellwise abs(data_ij) / error
(re)open panel - disable window pc ¥ Calculation S2N averaged sum{data_i) / sum{ ~

ask for window position

Data representation
Graph settings

downweight val. for results apply downweight ~
Customize colors for factor position(s)
robust val for results | apply robust value ~

unit |pg / m\S3 calculate expl. var. use effective time «

S/N threshold for -
RT settings the unexpl.var., | -

beep forRTruns | enabled = =

Resolution (h) in daily cycle 1

autosave for RT runs|enabled v store datapeint for daily -
cycleplotbasedon  10UNd

Figure3 Main settingspanelfor SoFi

3.4.8.1. General settings

There are two main settings the user has to option to enable or disable. The progress bar in the
main SoFi panel is enabled by default. It has been shown, that this can also use some
computational power, therefore there is the option to disable it.

By default, SoFi reopens closed panels at their last position (as long as they are not connected to
another panel). If experiments are opened on a different screen, this might get messed up and
the panel is opened outside of what can be seerttmscreen. In this case, the (re)open panel
should be enabled so the panels will be opened at the position as they were opened in a new
experiment.

3.4.8.2. Customize colors for the factor positi@n)

The user has the possibility to define colors for the factor positions up to 100 positions. Pressing
GKS a{lLC¢é¢ 1Se& asStsSouta FR2lIOSyd FIFO0l2NJ LIRaAd
non-adjacent factor positions. Once the factorsarechpge LINBaaiAy3a 2y a{ G NI
color palette, in which the colors for the chosen factor positions are defined. This process is
additive, i.e., the user can define a second or third step other coloexisting factors or new

colors for other factors.
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m IENER PN [=] = [&3]
Dt S Choose color(s) for the factor position(s)
S2N cellwise abs{data_ij)[err. |~ -
S2N averaged | sum(data_i) / sum_| Sl
:;Wf’;‘:’fg:;s apply downwei ght.| lizzial
fact
ot ooy ropustvatue 7| [ |act 8 %
fact Grundfarben
o Eund
$/N threshold -
ez S o IRT [
b I 0.
act
Customize colr s ne N N N NN
e O
HEEEENNN
1 1 1 0 I I
Benutzerdefinierte Farben
I
EEEEEENEN P[0 ] R |
EEEEEEEN )
sat0 | Gun[0 |
Farben definieren >> FarbelBasis  penfo | Blau[0 |
Abbrechen Farben hinzufiigen
. 2 ~ A v A 7 LR A x A& & x &
Figured4 hLlA2ya LINBASYU F2N aOKIy3AS YIAY &aSuuAy3Iaée LI ySH

specific colors for the various factor positions.

3.4.8.3. RT settings

By default, SoFi beeps for a RT run and also autosaves the experiment. The user can disable these
options.

3.4.8.4. Signal to noise (S/N)

The user defines which method of S/N calculatstrould beemployed in SoFor the cellwiseor
averagedapproach This affects the variable S/N plot (s&3) or when estimating the
(un)explained variation in the result plots (s&5). In case of activation of the celise
calculation, S/N ratios are estimated for each cell/entry of the PMF input separately, whereas the
averaged treatment provides an averaged (over time) S/N ratio per variable.

Celtwise

abs(datali,j) / error_i,j

data i,j/ error_i,j See supplement iBrown et al. (2015)
Averaged

sum(datai) / sum(error i)

sum(abs(datai))/ sum(error i)

sgrt(sum(datai®2))/sqgrt(sum(error i*2)

data_ i/ error_i

sum(datai) / sum(error i) See supplement iBrown et al. (2015)
¢ 0SAy3 GKS AYRSEjE§ NIZYYY 3
the index for the variables.
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3.4.8.5. Downweight values for results

The error matrix foa PMF result can either contain the downweighted values (default case) or
be shownwithout the downweighted values (se&2.3. The former has the advantage that the
user sees what the ME solver tried to minimizeluring the iteration The lattershows the
residualswithout the downweighted values that is relevafa@nd gives also more realistic values
for Q) in casemany variablesvere classified as weak bad and downweighted.

3.4.8.6. Robust values for result

The robust mode truncates the dependency of the iterative process fineracaled residuals (see
2.1.2, preventing e.g. outliers to drive a PMF solution, by rescaling and henoedifyingthe
corresponding errors. The user has the possibility to see the result incltiisgodification
(default case) oto remove this effect from the error matriXhe advantage of applying the robust
mode is that the minimization process as solved by2vifan be inspected. Removing this option
reveals which variablesr points in time are better or worse explain@anongall points that hit
and remaineduntil convergence at the robust limit.

The last two points3.4.8.5and3.4.8.6 can be performed while inspecting the PMF resuitss
allows the user to compare the result with and without the application of these threshold limits.

3.4.8.7. Calculate explained variation

By default, the explained variation is calculated over the effective time series (excluding
blacklisted time points). If the whole time series should be used for the calculation of the
explained variation (e.g. for rolling PMF), this can be changed here.

3.4.8.8. S/IN threshold for the unexplained variation

Paatero (2010 introduced a metric based on the estimation of the measurement variation
explained by the factors. The explained variation (EV) is a dimensionless quantity that indicates
how much variation in time or variation in each variable is explained by each faktoan
example, the equation for the explained variatiBvfor the i point in time for thek!" factor is
given by:

B o7

Ow B B o) T (12)

Similar equations can be formulated for the unexplained variation (UEV) by replacing the product
"Q OQ in the numerator withQ . Expressing the explained and the unexplained variation for a
variablej as EY is done by simply replacing the expressioithe sum ovelj with the sum over.

If all variation is explained by the model, then EV = 1. AccotdirRpatero(2010 a variable
should be regarded as explained only if the UE\WHar variable is less than 25.%
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The UEV is further separated into the real UEV for data possessing a high S/N value and UEV for
noisy data. This separation is performed using the S/N threshold defininils section(default
value is 2).

3.4.8.9. Resolution in daily cycle

The resolution for the daily cycle plots supported in SoFi can be changed here. The default value
is one that leads to the classical daily cycle resolution between 0 and 24. This option is interesting
and necessary, in case the PMF input data or exterata gossess a lower resolution than one
hour.

3.4.9. Userdefined families for HRlata

For HRdata, the user can define custom families based on a list of crit€hes. is not limited to a

specific instrument type but it requires as input the chemical formula information. The user
defined families can be created after the initialization of the d&td)(. @ Of AO1 Ay 3 2y &
FILYAf@E Yy AYOGSNIOUGAGS RAFE23dzS Aa o0SAy3 Lk LI
(what should be shown in the legend later, starting with a letter, no space or special characters),

a criterion (see below for detailg)hd a colorSoFi automatically creates a family for ions where

0KS yIYS O2yaraia 2F ydzYoSNBR 6ay20PARSY(GATASF
6020 KESE ©O@f dzYy daydzYoSNI 2F QI NARFofSae¢ gAff o6S
the family assignment is created.

CIrYAfASa OFry 0SS dzLJRIFGSR o0yl YSZT ONRGSNAR2Y | yR
is asked for which family that should be updated and is asked to provide the position (row, starting

from 0), afterwards an intective dialogue is popped. The user can also delete single entries in

the table or the whole table. Furthermore, the list of families and their criteria and color can be

saved and loaded (via .itx files).

/I tA01TAY3 2y GKS &/ w9! ¢9 WALISOASATI YittwaleSE G Q¢
with the family assignment for each iohhe ions assigned to a specific family can be inspected
o0& aStSOGAYy3a GKS FrYAft&@ Ay GKS RNRBLIR2gYy YSydz

3.4.9.1. Define a family based on a chemical formula

One way to define families, ® categorize chemical formulas according to their elemental
composition(similar tothe default forHRAMS data) The criterion is essential to determine the
family assignment. It follows the format of an element (case sensitive) followed by round
brackets. If the round brackets are left empty, it means that any number of that specific element
is accepted. If a numdy is specified within the round brackets, it means that only thacex
specified number of that element is accepted. SoFi also accepts > and < before the number in the
brackets if the number of that specific element should be larger or smaller than the following
number, respectivelyNote: only chemical formulas with only the specified elements will be
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assigned to the familydowever, it is possible to define multiple criteria for one family. If a certain
element should be ignored throughout the whole family assignment process (e.g. Na for EESI
data), it can be added to the list of ignored elemenf(sK N2 dz3 K (G KS aA Iy 2NB St S
NBY2@S A3ay2NBR StSySyidas OtA0O|l 2y GUKS aOKSOl .
delete the element therein.

LF GKS dzaSNJ RSTAYSR GKS RIFEGF +ta ta{ RFEOGF Ay i
asked whether SoFi should check for some ions in the list that are assigned by the Aerodyne
RSTlLdz G G2 | FrYAfez S@OSy AT (KS R2y Qi ¥FdzZ f &

CHN, CO being assigned to CHO1 eh€idg assigned to CHOgt1). If the user wishes to do so, a
window is popped where the critical ions are listed and the family can be assigned via a dropdown
menu. SoFi will try to suggest families but it will fail if the default Aerodyne names are differen
from the userdefinedfamilies. In this case the user has to select the family him/herself.

main_settings = || &3
GENERAL options DATA options FAMILY wave
DEFIME families
Accepted: Elements (case sensitive), check HELP for syntax,

Update family Save/

Remove | | Remove Load
family all

Add new family

MName Criterion Color | Nb. of var.
cH COHO | B A
CHO coHoory I 53

CHOgt1 COHOOE=1) 63

CHN corong [ 2
CHNO coHonpoo I 1+
cs COSOHO 1 v
Ignore element Check ignored element(s)
CREATE ‘speciesfamilytext’
family other = inspect 'other’
Figureb Sample criteria list for defining families based on the chemical formula. For the criterion, an

element should always be followed by round brackets. If the brackets are left empty, any number
of this element is accepted (e.g. C)H() will include all igitis the formula GHy). If a specific
number of on element is expected, that number should be written inside the brackets (e.qg.,
C(OHOO(1) for:&O1 or COH()O(>1) fordgyOs1).

3.4.9.2. Define a family based on a number of a specific element

Another way to define families, is to categorize based on the number of a specific element in the
chemical formula. The syntax for this kind of defining the families, the syntax is hashtag (#)
followed by the specific element and in brackets the numbethi$ element. For example,

assigning families based on the numbers of nitrogen in the chemical formula could loeilike

60 b20S GKIG GKS FlrYAf@ G20KSNE A& +dzi2YlFGAOL €
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main_settings EI@

GENERAL options DATA options FAMILY wave
DEFIME farnilies
Accepted: Elements (case sensitive), check HELP for syntax.

Update family Save/

Add new family Remove Remove Load
family all
Name Criterion Color | Nb. of var.
N1 #N(1) 227
N2 #N(2) B
N3 #N(3) I

other 223

Ignore element Check ignored elementis)

CREATE “speciesfamilytext’

family M1 v inspect ‘M1’

Figure6 Sample criteria list for defining families based on a number of a specific element. In this case the
families should be assigned by the number of nitrogen (N) in the chemical formula. For the criteria
use # followed by the element and a number in bracKetg., #N(1) for all ions that contain exactly
one nitrogen).

3.4.10. Manual

The optiond a | yédidwhloads the latesBoFi manuads a pdf from the Datalystica server. An
internet connection is required for this.

3.4.11. History

SoFi downloads the newest history file from the Datalystica server (internet connection required).

The history file contains all bug fixes and improvements since SoFi 6.5 (2018). It is strongly
recommended to always use the newest SoFi version. If oldsiors are being used, it is the

dza SNNa NBalLRyaAoAtAdGe G2 YIS &dzZNS NBadz da | N
versions.

3.4.12. Terms and conditions

Thisoption downloads the terms and conditions as a pdf from the Datalystica server. It is the
samethat the usermustread andacceptbefore launching SoFi.

3.4.13. Credits
GONB R A (0 a érovidlesJin/eajfaddrdssanda phone number fofurther support
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3.4.14. License information

Get information about what type of license and for how long it is active. Furthermore, the licensee
as well as the license serial number are displayed.

3.4.15. Close Sofpackagékey procedure

The SoFi procedure files are hidden and cannot be closed (killed) manually. If there are e.g.,
problems with SoFi and you wish to reload the procedure files, the SoFi procedures can be closed
with this option.

3.4.16. Perform communication tests

SoFichecks the communication between Igor and the operating system as well as between Igor
and the Datalystica servelf. there are problems with the activation of the SoFi license, these
tests shouldbe performed and the results sent to our supposgupport@datalystica.cojn The
results are printed in the Igor history (Ctrl+J).

3.5. SoFi license activatiostep

Pressing on any tab or button on the main SoFi panel will automatically connectDathlystica
server and validate your SoFi Pro licenstake sure you are connected to the Internet.
Otherwise, the validation process fibnd you will be asked to use Swekthout the license, i.e.
very limited optionsas long as the license canris verified

The license button turns green for successful license authentication and shows how many licenses
of your SoFi Pro packagee curentlyin use On the left sidethe number of days left for the SoFi

Pro license is shown in green. Below in gray the panel reportethainingtime prior to the next

server connectionKigure?).

To log off from the server press on the license button (green butfBimkoption is useful in case

only a few licenses are purchased, and SoFi Pro shoukkdpgentiallyused on several PCs.
Thereafter, IGOR must be recompiled manually. The simplest approach is to save, close and
reopen the IGOR experiment

SoFi requires the Internet for the license validation andaeitinect to the serveevery 24 hours

once being logged in. During these 24 hours SoFi Pro works perfectly offline. Hence, if SoFi Pro
mug be used offline, make sure you validate your license first while being connected to the
Internet.
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SoFi_panel = | [B] || &3

Dafalqsﬁca?:l SOFi ""[%_'Eﬁ ™

version 8.00

Import data Pre-treatment Run Result

1) Import data

Import data

2) Define PMF input

Data matrix My_da ~ Error matrix | Mx_err ~
PR (nb) |lamus_| ~ TS (nb) |Org_ts ~

PR (&) | amus_t =
Data type select | AMS specific | select =

SofFi license:

logged in
min. left |0 RT-382 days 9 of 10 licenses

next connection in:  23.49 hrs.

Figure7 SoFi license panel with one SoFi Pro license activated (green panel). The example shows 61 days
left for the SoFi Pro license (green text on the left of the button) and SoFi will attempt the next
connection to the server for the license validation in droar (gray text below).

3.6. Data hierarchy in IGOR

Once SoFi is launched the folder SoFi with all its subfolders are createdthedeot folder (see
Figure8). The data folders contain:

49 EGSNYI f R IRaw data loaded by the user.
Gwl ¢ @AYy Lz ¢ The raw PMF input

a w I pEY External reference profiles together with the associated variable
bases (must be in txt format, s&2.1for more details)
Gwl gygiacé The time series of external data together with the associated time

stamp (seeb.2.2for more details).
y O S Y MIkreference profiles that contain the same variables present in the
PMF input matrix.
y O S y Tdefxternal information that matches the time of the PMF input
(default resolution) SoFi Proin addition, hourlydaily, weekly,
monthly and yearlyesolution are also evaluated.
Note: The user should not be concerned about the length (time series) / amount of variables
(profiles) of the external datalhere is a matching algorith(seeb5.2) that makes sure that the
external information is harmonized to that of the PMF input
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G 9 FF YA Y LIzl ¢ The PMF input used for the current PMF run.

GwSadz Gacé Once the model results are imported by the user, they will be stored
Ay GKS F2f RSNJ & MBhaG Y { ZC 0B §aAdzAi KSBY v
the userdefined HDFS5 file.

Gt NBI yI f & &A ®Data related to the préreatment part (tab 2 in the main SoFi
panel).

G+ NRI of Saé Alvariables are necessary for teeftware The user is not
supposed to modifanythingherel!!

GLYRSLW! yI f a\kvariatles and waves required for independent analysis panels
(bootstrap, marquee and clustering panel).

Data Browser EI@
Current Data Fnlder:|mnt:SnFl:Ef'F71nput: "l
Display B | root ™

Waves
Name
[] variables - @ root
D Strings v Sﬁ Sofi
Info ~ [ External_data
Plot B Raw_input
MNew Data Folder L] Raw_ts
Save Copy Ij Raw_pr
Wl Variables
Browse Bxpt.. B Graph_macro
Delete Bf Reference_ts
Execute Cmd... B8 Reference_pr
hd $8 Eff Input
B Results
M Preanalysis
M Variables
M Indep_Analysis
Ml Packages
Figure8 Data structure for SoFi.

3.7. Newer SoFi versions

SoFi checks for newer SoFi versions on our homeplatjes:(/datalystica.com/downloadsy

every time the SoFi software package has been successfully compiled. This is typically the case
when, for example thelgor experiment is opened for the first time. Whenever a newer SoFi
version is found (for SoBiand SoF10independently) on the homepage, the user gets a unique
warning message (sdegure9).
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SoFi_panel \EI@
Dafalqsfica}} S o F i m‘ﬁ%‘j‘“ Bz

version 9.3.0.1
Importdata  Pre-treatment  Run  Result

1) Define path, nb. of .exe and name of HDFS file

Path of exe. | CG\ME2 engine\ Select
Solver|ME Igor Pro wants you to know...
HDF file nam There seems to be a newer Sofi version on the homepage:
the current
*hittps:/ [datalystica.com/ downloads/*
2) Definen| . . . .
Em— | Consider updating your current Sofi version using the
Define se| credentials from the latest email notification.
3) Call sok
Start

SofFi & solver information

min. left |0 679 days - Sofi RT logged in
next check: 16.19 hrs | ME-2 exe, R-PMF ples

Figure9 Warning for a newer SoFi versiamailableon our homepage.

There are several different ways to update your experiment to a newer SoFi version. If all SoFi
experiments are closed, it is easiest to simply replace the-&gfifile in the original location.

When the experiment is opened again, it will automaticathad the newestversion. While
working with SoFi, the current SoFi main package can be closed via the main menu and the new
SoFiX.ipf can simply be dragged, dropped and compiled in the opeergmpnt.
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4.

L YL MR RGRASY BIz] |

SoFi is structured in task-dependent panel systenT.he main panel is shown kigurelO. This is
the panel that controlall majortasks in SoFi, such as defining the PMF input, creating various
PMF cases, launchitige ME-2 solver,importing and visualizing the results.

{ dzo LJ v S &

aKz2dzZ R 68

2LISYSR

YR Of 2aSR

08 Of A

panels and/or graphs using X (top right) could cause unexpected behavior of some features.

Figurel0

4.1.

SoFi_panel

Import data Pre-tre

1) Import data
Im
2) Define PMF input
Data matrix | Mx_da ~

PR (nb) lamus_| =

PR (bd) amus_i =

Data type |select =

min. left |0

nex

E

e |

Da‘ralqsﬁca}} S 0 F i “.I%ﬁ W=

version 8.00

atment Run Result

port data

Error matrix | Mx_err

TS (nb) Org_ts ~

AMS specific select =

SoFi license:

logged in
9 of 10 licenses

t connection in: 23.38 hrs.

al Ay {2CA
FYR SEGSNYI f
input.

Import data

LI ySt z
GAYS

A Y L2 NI
ASNM Sa

ilrod ¢KS

YR LINRPFAE Sao

aL YL NI

RI G €
' YRSNJ a5

The first step is to import the data into the proper folder of the current IGOR experiments. This
can be done manually or automatically. SoFi currently supports automatic data import for the
PMF input from IGOR text files (.itx) and excel files (.xIsxdsx),. as well as external time series
and external profiles from IGOR text files (.itx), excel files (.xIs and .xlIsx), eseparated values

FTAf Sa

OPO0aPguET RIGLF

FAE Sa o

®RIF G0 YR

i S Eti

FAES

panel where the details for the automatic import can be specified. For the manual import, please
consult the subchapters for the locations where the data has to be copied to.

Please contacsupport@datalystica.corf you experience problems with importing your data.
We are always happy to expand the import function.


mailto:support@datalystica.com
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4.1.1. PMF Import

The PMF import needs to be stored undeN2 2 (G Y{ 2 CA Y9 E (i S NJyhe PMFRripui | Yw!I &
should contain at least the data and error matrix, as well as the time series and profile (variable)
vector. The error matrix can also be calculated by SoFi if the user imports from an exEgjdile (

11, left) details below.

Import_external

PMFinput  Extenalts
Choose the external file type

PMF input data type |.itx

Choose specific import options

File

External pr

Combine matrices

EI@ Import_external

PMFinput  Extemalts  Externalpr
Choose the external file type

External data type |.xls v

Choose specific import options
oose file File Choo!

Please define the input within the excel file

Combine matrices

E@ E‘ Import_external

PMFinput  Externalts

e

Externalpr ~ Combine matrices

Combine matrices for multi-time, C-value approach etc.

Direction in which the matrix should

be combined

Data A

PR (nb) amus_ ¥

diagonally ~

se file Data matrix | Mx_dz ~ Error matrix Mx_er ~

Please note: SoFi anly supparts column-wise import

Spreadsheet | define Header row | 1

Time series | StartCell, Stop Data | StartCell, StopCell

PR (xt) amus_ ¥
Data B

Data matrix | Mx_dz ~ Error matrix Mx_er ~

PR (nb) amus_ ¥ tseries Org_t: v

PMF input unit | pg/m\S3

Please close excel file before import

PR (bxt) amus_ ¥

o comme

IMPORT xls files
under root:SoFi:raw_ts'

IMPORT PMF input (it format)

Figurell Import panel for the PMF input (left) from an IGOR txt file and for external time series from an Excel

file (middle) and for combining matrices (right)

By the dropdown menu on the top, the user can select the data file type from which SoFi should
import the PMF input. For .itx files, the required matrices should be stored as separate 1D or 2D
waves, so that it can be importeautomatically,and no further information is required. The
GLYLR2NILE¢ odzid2y 2LSya | FAES RAFE23 G2 asSt SO

For PMFY LJdzi & FNRY |y SEOSt FAESsE (G(KS dzaSNJ FANAI
button) and then specify the cells in which the data matrix, error matrix, time series and profiles

can be found. In addition, the spreadsheets have to be specifaa. iDatrix and error matrix are

allowed to be in separate spreadsheets. For excel files, SoFi imports the profile vectors based on

the row names as a text wave and generates automatically a corresponding numeric wave, as
needed to define the PMF inpuft.the field for the error matrix is left blank, SoFi assumes that

there is no error message and gives the option to let the error matrix (later named
GONNRNWpaEpP{2CA¢0 065 OFft OdzZ I § SR I taritppesiofierkod| £ & ®
matrix calculation:

dPolissar et al., 1998 In the approach describedy Polissar et al. (1998yata matrix and
error matrix are composed di&ed fractions of themethod detection

limit (MDL):
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"0t B¢ BADWLE BOAQOI 01 O 'Q%ib’@O(M)

o o - . U, ., .
"Oéabésaoiubésdga’oh, o0 00 (13)

Gb2NNRA& S Ihthi® appreactmuses an equatibased uncertainty and an error
fraction for concentrations laove the MDL. For concentrations below
the MDL, the approactitom Polissar et al. (1998 followed. This error
matrix calculation islso used irePA PMF

"O¢ ME 8GO, Q110 OOABEED 0 00 (16)
- ~ V)
"O¢ Wé 8O, p 00D (15)

Both error matrix calculatioa require the input of themethod detection limit (MDL)for each
element/species/ion/etc. as illusttad in Figurel2. The equatioAbased uncertainty accordirg
Norris et al. (2014)additionally requires the input of the error fraction. SoFi accepts an error
fraction for each element or one error fraction for all elemerBath, input valuesand error

fraction, need to be separatedybsemicolons.

=+ Error calculation according to Polissar et al.,... ? X

Please give detection limits for Al;Si;Cl;Ca;Ti;Mn;Fe; Use semicolons
to separate your input values.

I"35;6.3;0.61;0.10;0.056;0.050;0.061"

Help Cancel
Figurel2 Interface to enter the detection limits for eadiement/species/ion/etc.

. & OKSOlAy3a (GKS o62E a! SN IS GAYS aSNnSaés {2
time resolution (in minutes), storing both, the original input and the averaged input under
GNR2GY{2CAYOQEGSNY I f gRI G Ywl ¢ (PMyihpdtiiadwibdow fopsS NJ (i K
up where the user has to define the desired time resolution (in minutes). For the import from an

itx file, the user has to additionally define the datatnrg error matrix and time series.
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£ Average PMF input ? X

Desired time resolution (in minutes):
60 |

Data matrix:

Org_tseries -

Error matrix:

Mb_err -

Time series:

Org_tseries -

Help Cancel
Figurel3 Interface to average the PMF input. The desired time resolution needs to be entered in minutes.

The definition of data matrix, error matrix and time series is only required for import from .itx files.

If present, the minerrlion wave will be automatically averaged too. However for PMF, SoFi will
GF1S FYyR FLILXe& G2 GKS SNNBN YFGINRE GKS 61 @S &6
must remove a resulting suffix manually and make sure that the nmanerrlion wave with

default resolution has a differe name or is removed from the raw input folder.

4.1.2. Time series import

The external time series need to be stored undeNR2 2 (i Y{ 2 CA Y9 E (i Swhichi$ ¢y R G |
R2yS ldziz2zYFdAOlIftte AF (GKS GLYLEZNIL SEGSNYyIFf
required, is a time series and a corresponding numeric value series. In a first step, the user has to
choose the file type from which the data should bepornted. In the following the specifications

for the different file types are explained:

itx files: Y2 FdZNIOKSNI AYTF2NXYEGA2Y AldpeNSilpdalloyE RS U
to select the .itx file and all waves in this file will be imported.
Xls/.xIsx files: AY 0 FANRG aGSLIE GKS dzaSN) KFa (G2 asSts

user needs to define where to find the time series (only one column at the
time), by giving the start and end cell, e.g. A2,A40. Similar for the data
(concentrations). Theser has to again give the start and end cell, however
here more than one column is supported, e.g. B2,H40. The spreadsheet name
also has to be deed. SoFi will import the data colurwise.

Row-wise import is not supported.

csv,.dattxtfiles: 6§ KS dzaSNJ Kl a (G2 OK22aS (GUKS TAf{S oe& Of
to define in which column the time series can be found.
Please note, the column number starts from®the following three options,
0KS dzaASNJ aK2dzZ R RSTAYS (G4KS GAYS F2N¥yI
RFGS F2NXYIFGZ 6KAES GfFé AGO KA BK G & S
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ALISOATFASR Ay a5 0SS &aSLINIYG2N 6fF0¢
contains a time information and if so in which format, has to be selected
dzy RS NJ & tha nédstep, the golumns which contain data need to be

ALISOATASRD® amald O2fdzyy 2F RIFGFE Aa

0o

0K

imported (ote, column numbers start from0® G b o 2F O2f dzYy aé

many columns should be imported. It can be either set to a certain number
or to import all columns after the 1st data columns, set it to Ondme the

AYLRNISR 61 gSa O2NNBOGfesr asSi G4KS a1 S|

(note, row numbers start from )0 If there is no header, Igor will name the
O2yOSYyUuNY GA2ya ¢ @Sa aol @S- 63 6A0K

NEgad G2 ailAlLl¥ RSTAYySa K26 YlIyeé NRgaA

Fdzi2YlFGAOlIEt& AyOf dzRSR® Ly a/ngetsdzyy
to be defined. In case the columns are separated by tabs, pleasé&t.use
G5SOAYLlIf OK-tefidedns &Nkt cahn e chaNffento comma.

If data waves with the same name are being imported at different steps, they are not ever
written, but a continuous number is added to the end of newly imported wave.

4.1.2.1. AE33 data import

SoFi offers the option to read multiple AE33 files automatically, extract the valid data and perform
source apportionmen{Sandradewi et al., 2008In a first step, the raw data has to be imported.
SoFi offers the option to only import (a) the date and total eBC (BC6), (b) date, all wavelengths
and some diagnostics and (c) all available data. Note that with optigmo&)processings not
possible (as the status is not imported) and depending on the amount of imported files, option
(c), although recommended, can take quite some time. The imported waves will be saved under
root:SoFi:External_data:Raw_ts:AE33 raw, a separate folderalVimported raw AE33 waves.

All waves and folder names should be kept as imported otherwise further processing of the data
might fail.
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=] import_external = | &l | &3 || [-t] AE33_treatment E@ [-£] AE33 _correction = =] =3

Import PMFinput  Import extemalts  Import external pr
Date considered for recalculation

Choose the external file type

Bxtemal datatype | AE33 files  ~ (fu" :’.ﬁmy Yes, total eBC only ~ Start date 11.1.2018

Accept only valid data (status code) | Comection End date measurement end  ~
Choose specific import options

les in the popup window
Diagnostics and data validation Data correction

Please define the import options for the AE33 files
data treated data - Histogram Usedflow| AMCA  ~|  Newflow| [UPAC  ~
Selected datato import all data available ~
BC7 -] | New Add

Used Cvalue 157 |$|  MNewCvalue|13

IMPORT AE33 data

under ‘root:SoFiraw_ts"

UsedZvalue 007 || NewZvalue|0.1

Perform correction (overwrites waves)

I Valid data is automaticat

Data treatment for AE33 files

| oo 000 00:00 0n:00 000 |
10012018 11012018 12012018 13012018 1401.2018

SA based on J. Sandradewi ct al. (2008)
alpha,, 0.5 +| alphay 166

waovelength, 470 v wevelengthy, 950  ~

SOURCE APPORTIONMENT

with chosen alpha values

Figurel4 Interface to import and treat AE33 fileBE33 files can be imported, treated (valid measurements
extracted) and corrected and displayed for a short checkup.

The data treatment is performed in a separate panel that opens through the "Data treatment for
AE33 files" button. Typically, the raw AE33 data consists of the full time series, also including also
filter tape advances, etc. calibrations besides valid mesasents. For the data preparation, SoFi
filters out all valid measurements (status = 0, 128,)26@&l changes the units to what is commonly
used. The valid data is saved under root:SoFi:External_data:Raw_ts:AE33 treated. As this folder
is not accessed by SoFi when treating external data (yellow panel), the user has the option to save
a copy of (a) tml eBC (BC6), (b) all imported waves or (c) no waves under
root:SoFi:External_data:Raw _ts for later.

Under diagnostics and data validation, some key parameters (eBC from all wavelengths, total
flow, k parameter from all wavelengths as well as BCx vs Al)da&an be plotted for quick visual
validation (normally or as histogram). The user can access the raw as well as the treated AE33
waves. The attenuation for the BCx vs ATNx_1 plot are ATNO corrected. The AAE can also be
plotted after source apportionmens performed.

SoFi also offers the option to perform source apportionment on the eBC. For more information

on the source apportionment approach please consult the work publitly¢8andradewi et al.,

2008 or (Zotter et al., 201Y. SoFi performs the source apportionment using the tR&8 F A y SR h
values and the corresponding wavelengths. The source apportionment results are directly saved
under root:SoFi:External_data:Raw _ts so that they can be easily used in SoFi later on.

It is possible to correct theltier tape settings (multiple scattering parameter (C) and filter leakage
(2)), as well as to recalculate the floWhese calculations can be performed over the whole
imported data set or from/to specific dates. The dates refer to filter exchange dates (based on
status code for tape change procedure). For the flow, the user can select frofivéhéow
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reporting standards in the AE334dble 1). For the used flow reporting standard, multiple
scattering parameter (C) and filter leakage (Z) value, the user should check the setup files
oa! 9yY{9¢dhpxad ®oo

Tablel flow reporting standards in the AE33.

Standard| Pressure | Temperature

AMCA | 101325 Pg 21.11 °C

EPA 101325 Pg 25 °C

ISO 101325 Pg 20 °C

NIST 101325 Pg 0 °C

IUPAC | 100000 Pg 0 °C
. @ LINBaaAy3ad ALISNF2NY O2NNBOGAZ2Y O020SNBNRGSE o
waves in the AE33 raw and AE33_treated data folder that are affected by the correction. The
original .dat files are not changed.

4.1.3. Profile import

The external profile series need to be stored undeN® 2 (i Y{ 2 CA Y9 E (i Swaich i$ Yy R G |
R2yS ldzi2YIGAOFtte AF GKS GLYLERNIG SEGSNYIf LI
required, is a profile series (variable vector) and a corresponding intensity series. In a first step,

the user has to choose the file type from which ttiata should be imported. The required
specification for the import is similar to the time series import, except that there are not
information about the timeF 2 NI & NXIljdZANBR® t £ S aS Oz2yadzZ G OF
AYLRNIE 2y K2g (2 aSai dzZJ GKS AYLEZNI FyR NBLX I
LINEFAES OFENRIOGES @SOG2NIFa I GSEG ol IOSZRIAR & K
option.

4.1.4. Combine matrices

SoFi can combine matrices diagonally (e.g., for aiatee PMF), horizontally (e.g., for combining
organic and inorganic matrices from the same instrument) and vertically (e.g., combining data
from different seasons from the same instrument). The matribagse to be imported first,
afterwards the user has to provide the name of the two matrices and the corresponding
profiles/timeseries that should be combined. If more than two matrices should be combined, the
procedure has to be repeatedseral times.

SoFi will automatically get rid of empty row/columns like during the initialization process as long
as the missing value is either nan or zero. This is most important for diagonally combined matrices
as these rows/columns would not be caught during theiahzation processlf SoFi find a
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YAYAYdzY SNNEN ¢ midBSrligrih I K{ I8 FAYES laa|i AF GKS YA
also be applied during the combination of the matrices.

4.2. Define PMF input

Theinternal string variables in SoFi must be linked to the just imported PMF datsi.is done

using thedropdownY Sy dz& €& HIFRINI (§ KS R¢ (ibrithe ¥riorimddixE PRI(Nb 9 NNE NJ
(for the profile (variables) in numeric formatPRx(txt§ (for the profile (variables) in text format)

anddTS (nbg (for the time series in numeric formafffrigurelb).

SoFi_panel = || &3

version 9.4.1.4

Import data Pre-treatment Run Result

1) Import data

l Import data ‘
2) Define PMF input
Data My _di * Error|Mx_er =
PR (nb) amus_ ~ T5(nb) |Org_t: =
PR (bt} amus_ *
Datatype AMS | ¥ | AMS specific| excluc =

SoFi & solver information

min. left 0 431 days - SoFi RT logged in
next check: 24 hrs ME-2 exe, R-PMF el
Figurel5 alAy {2CA LIySto ! YyYRSNI a5SFAYS taC AylLlzié GKS dz

4.2.1. The data and error matrix

The main matrices with the measured data and the corresponding error matrix. SoFi can calculate
simple error matrices during the data import (s¢4..1). The error matrix must contain the word
GSNNE Ay GKS yIYSd ¢KAa Fft2ga F2NI Iy AYGSNYI

Large names, e.g. more thd®-20 charactersshould be avoidedThis is restriction given by the
ME-2 solver.

4.2.2. The timewave

GTS(nbd contains the numericainformation of the time seriesThe dates do not have to be
continuous but it is advantageous for the plots later on to avoid jumping back and forth when
choosing line stylesin case of thermogram data, set define the temperature wave (either
continuous othermogram cycles) here are time wave, as PMF will performed over this dimension
(i.e. treating it similar as the time wave in traditional PMFs).
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4.2.3. The variable vectors

PRNbE O2y il Aya GKS ydzySNA OIHR (tgy Fdeadvl (R y2 B Ti SK
and typically contains the text information of the variable, e.g. the name ofeteenents for

elemental analysis or the name of the ions for-ARS analysigHdowever, even for unit mass

resolution variables botlectorsare required In such a case the information is in botctors

the same but with a different representatione.,y” dzY' S NA ®R(fib)é T2 NOR&G G SEG Ay 2
T 2 RR(txt)é @fter selecting a wave for PR (nb), SoFi will ask if a text wave with the same
information but in text format should be generated. This is useful for UMR data.

4.2.4. Data type

Thedropdown menu allowsspecifyinghe details of the PMF inputata, such as the type of data:
Q-ACSMQ-AMS (UMR), TofACSM/TofAMS (UMR)HRAMS, Xact, Figaero TDbthers.This is

important to define if the CQ-related variables should be excluded (ACSM/A{g&94.2.4.1and

4.2.4.2, for correct access to the spectral database (where availaddepell ago specifyunits

of the PMF input FOrACSM and AMS the uditg/m3, F 2 NJ - | OG (P&ald fodAfgeeio ay I Kk Y
0KS dzy A i & O 2 idattiorakcilly passgdiespectivelyFar the other cases the user is

prompted to define the units manuallyThe unitinformation is used in SoFi any time the
contributionisvisualized.

Currently, SoFi offers the following options for AMS/ACSM data:

Table2 Data typeoptionsavailable in SoFi.

Option type Comments

Q-ACSM Q-AMS (UMR | m/z16, 17,18, 19, 2@rebased on m/Z

44,
ToFACSM / ToRAMS| m/z16, 17, 18, 19, 20 and 28 drased
(UMR on m/z 44
AMS HR / TeACSM X m/z16, 17, 18 and 28rebased on C®
(CO=CO02) signal
AMS HR (CO fitted) m/z 16, 17, 18 araare based on C®
signal, CO isupposed to be fitted!
Xact -
Figaero TD PMF over Fagro-CIMSthermograms
other -
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4.2.4.1. Fragmentation table for UMR ACSM/AMS

Over time, different fragmentation tables have been used, leading to inconsistent data structures.

To make sure correction$ & LISOA Lt t @ (G K2a$S Ay ddafe@vayallesaiek S SEO
properly applied, the input data needs toe linked with thecorrect fragmentation table.

According to Aerodyne, only one of the two fragmentation tables that are showrabie 3

should be used, everything else is oaiteld.

Table3 Fragmentation tables confirmed by Aerodyrier HRAMS the corresponding ions are shown in
the brackets.
m/z Q-ACSMAMS ToFACSMAMS
16 (0O) 0.04*frag_organic[18] 0.04*frag_0Org[18]
17(HO) | 0.25*frag_organic[18] 0.25*frag_Org[18]
18 (H.0) | 1*frag_organic[44] 0.225*frag_Org[44]
19 0.000691*frag_organic[18],0.002*frag_organic[1| 0.000691*frag_Org[18],0.002*frag_Org[1
20 0.002*frag_organic[18] 0.002*frag_0Org[18]
28(CO0O) frag_Org[44]
44(CQ) | 44 44

The user hagshe option to choose between the two fragmentation tableSoFi checks
automaticallywhether the fragmentation table irthe input data matches the instrument type
that has been defined by the usdf there's a mismatch, SoFi aleth® userand adjusts the input
data, so it aligns witlthe selected instrument typeThis can also be used for better comparison
of data from different ACSM so that they all use the same fragmentation table.

4.2.4.2. Exclude Corelated variables (for ACSM/AMS)

Based on the fragmentatiorable (seeTable3), several ions are calculated based on the CO
measurement and are not real measuremerigcluding thosé h-iielated variables is essential

for obtaining a physically meaningful and stable PMF solution. Including them in the PMF input
introduces redundancy, which violates the PMF assumption that each variable provides
independent information.

This issue becomes especially critical when PMF is run in robust mode, which is standard practice.
During the iterative opmization, individual copies of m/z 44 can be treated differently: one copy
may be downweighted when its residdal-uncertainty ratio exceeds the robust threshold, while
other copies are not. As a result, identical signals are handled inconsistentty tfleMegh they
represent the same physical quantity.

For this reason, SoFi removes all@€ated variables prior to PMF and adds them back
I FGSNBIF NRaA dzaAy3a (GKS | LIINBLINRFGS FNIAYSYydGlraGaz
consistently and influences the solution in a controlled and physically meaningful way.
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Simply downweightig the CQ-related variables is not sufficient. Even with reduced weights,
these variables remain in the PMF inpuo the problem of redundant information and
inconsistent treatment of identical signal persists. Furthermocam bias the solution toward
explaining variability irCQ, particularly affecting oxygenated factors at the expense of less
intense but chemically important ions.

To guarantee that this exclusion is applied correctly, the fragmentation table in the data must
match the selected instment type. SoFi therefore enforces instrumerdnsistent
fragmentation tablesbased on the instrument that the user selected, ensure reliable and
reproducible analyses.

4.2.4.3. Minimum error for ACSMand AMS data

For theACSM and AM@&ata the user can further apply the minimum error to the error matrix, if
available It is important to passtheaveg A 1 K G KS SEF OG yIFYS aYAYy9NNM;
previous data analysis software SQUIRREKA or Tofware (ACSM) under
GNR23GY{ 2CAY9EUG S NPonbt ¢ghirigeithevhante 6fghis Wavdlz( Y ¢ ®

4.2.4.4. Figaero TD

Use this optionto analyze thermal desorption aerosol mass spectrometry diatan FIGAERO
CIMS to gain insights intessources and processes based on desorption temperature profiles
(volatility). Prior tothe PMF analysig1 SoFithe data must be processed witlaSPET(curtesy

of Dr. Angela BuchholZ)rst to ensure correct data structure, calibration, and uncertainty
treatment. Export following data from MaBH'.

Import all PMF relevant waves (data and error matrix, temperature, numeric amdviese with

variable information as well as idxSample) iftoNR 2 G Y{ 2 CA Y9 E G SNWheh R G I
selecting this option, the user also has to give SoFi the time stamp of the original filters. This will

later be used as theme the thermograms are averaged to. It needs to be a numerical wave with

the same length as idxSample.
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5. { 2CLANBBNEB I 0 YSY (i

5.1. Treat missing data in PMF input

Every cell of ta PMF data matrix representsn equation that is used during th&E2
minimization process.Missing information in thd®MF inputmust be treated accordingly and
excluded from the set of equation¥wo cases can be distinguished, a) entire row / column has
no information b) few missing data.

The two cases should be treated in this order a) than b) and the first step is to define the symbol
FT2N) YAAdaaAy3d A VSHANNS (@Ae2vyo 2dzy RRENNI GYsA a A Ay 3 RIEGF € @

a) Entire row / column has no information

Note that entire rows / columns are removed directly from the main imported input under
GNR2GY{2CAYOQEGSNY It yRIGFYwWlI gYAYyLHziéz 2y O0S

RFEGF¢ Aa LINB a aépRitive, ih khét if LaNAIOsSribals akedpresent for missing
information, e.g. NaN and O for AMS dathe symbol can be changed using the corresponding
button and the initialization process can be repeated. This action also creates a copy of the
currentt aC Ay Llzi dzy RSNJ aNR2GY{ 2CAYOFTF YA Y LIz ¢ P

GdKS

If more symbols representing missing data are present, the order matters and the user must start
with the one that is uninterruptedly present throughout an entire row / column. This allows to
correctly remove entire missing rows / columns.

SoFi_paneI = = | ¢S '

Da‘l‘algsﬁca?} S 0 F i ""[:T'_'Eﬁ - g

version 8.00

Import data Pre-treatment Run Result

1) Treat missing data in PMF input

M Igor Pro 10

‘ Select and / or medify effective PMF input ‘

Sofi license:

min. left |0

logged in
9 of 10 licenses

Define symbol Initialize PMF input &

for missing data check for missing data
Missing values are defined as those in the data matrix possessing this symbal:

2) Treat external data 3) Explore PMF input d

Treat external data for Explore trend

PMF run comparison of variables ‘

| Help Cancel

4) Prepare PMF input for run

next connection in: 21.62 hrs.

Figurel6 Main SoFi panel, prreatment tab, with the menuto definemissing data symbols.
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b) Few missing dat@oints

At this stage, only completelgmpty rows and olumnsare removed. Forthe tagging and the
exclusion okingle missing data points, pleasensult6.2.2dl. Missing data.

5.2. Treat external data

The external information is harmonized moatchthe PMF input data using the yellow parisi
clickingomd ¢ NBI & SEGSNY It RIFGF T2 XBighr&kd. t aC NXzy k NBad

5.2.1. Profiles

The algorithm extracts the PMF variables present in the external vector(s) and stoiaspthef

the external vector(syvith the same length as the number @ériables in the PMF matrinnder

G NP2 2 (iRefesy/ ©OSY) LINE ©  a A i thd et@rnalvechoi(d) BB SB S ™NaNsSTRe | &  a
extractionworks by comparinghte text information, e.g. name of ions for HRMSof the PMF

input with that of the external dataTherefore, thex-axisfor the external data mudbe linked to

the text information (Figurel7 left panel).t NSaaAy3 (GKS a{l LC¢¢ 1S& I f
SYGNARSE gKAES GKS a/ ¢w[-dadjadeBéntriesf £t 2 6a (GKS dza SNJ

It is possible that the reference profile does not include all variables that are present in the PMF

Ay Ldziz SallSOArtte Ay GKS OFaS 2F Iw RIEGI® {AY
A2yaé | NB f Sgiddedpiofiieg. If suthyissitigk&iabde., NaNs) are detected,

SoFi asks the user whether a missing ion wave should be created. This missing ion wave will have
values for all variables that are NaN. The value is based on a fraction of the variable with the
highest intensi. The user can define the fraction him/herself.

5.2.1.1. Online spectral database

Datalystica provides a platform for reference spectra that can be directly accessed from within

SoFiObviously, this requires an active internet connectiBased on the data type defined under

GHO S5STAYS taC AyLlzié RYIEARY aEXNPYNIRIRFOF&SE
2

NEFSNBYyOS LINRPFAfSE FT2NJ 0KA&a RIGIFHGeLIS SEAa
RFEGlFlolrasSé A& aStSOGSRxY (GKS ftAad 2F | @rAflofS
select theNSEFSNBY OS LINRPFAESa GKIFIG KS g2dAZ R fA1S @

A ¥ 4 A ~

AYVF2NXYIEGAZ2Y oX8¢é YR (KS aStSOGSR LINRPFATSA ¢
GNRP2GY{2CAYOQEGSNY I f yRI GF YNI g PLINE 062 NI Iey | £ NE
reference profile with the same length and number as the PMF input (and the same

FNYISYSyidlidAazy GlrotS Ay OFLasS 2F la{k!/{a0 Aa .
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|® | Treat_external_data E =] @ [ 1] Treat_external_data = =9 ER |® | Treat_extenal_data EI (=] @

Define the external data and the x-axis Define the external data and the x-axis

Define the external data and the x-axis

External data Time se..|
External data Profiles =~ I
x-axis number_...| ~ ::r:jﬂ‘z(iar-)ﬂ o] Led [V tee|AVERA- [V
| x-axis|from date ~

EXTRACT external information and store i REGRID external information and store
under ":root:SoFi:Reference_pr' EXTRACT external information and store under root:5oFi:Reference_tsts'
- under root:ScFi:Reference_pr'

selection selection provide units
factor | author, year information

Q0A_avg

Q0AI 7vg BEOA  G.Chenetal, 2022  COLOSSAL

= BBOA M. Crippaetal, 2013  Paris

EE0MN:vg BEOA  MCrippactal, 2014  EUCAARI

HOA_avg BBOA  NL Ngetal,2011  average

HOA _Paris CCOA  Tobler et al, 2021 Krakow

COA_Paris COA G.Chenetal, 2022  COLOSSAL
CoA M. Crippa et al, 2013 Paris
CS0A G Stefenelli et al, 2019 Zurich
HOA G. Chen et al,, 2022 COLOSSAL
HOA  M.Crippaetal, 2013 Paris
HOA M. Crippaetal, 2014  EUCAARI
HOA ML Ngetal, 2011 average
ShindOA B. Chazeau etal, 2022 Marseille

Figurel? Left panel: extraction of reference profildgliddle panel: reference profiles from databasRight

panel: regrid panel for collocated external time series.

5.2.2. Time series
The algorithm regrids the time series of the external dafBhe following options are available:

G9-¢w! / ¢ 063&l MrScasé thetiSie 3tamg of the external data equals that of the PMF
input with the presence or absence of certain points.

aLbc¢9wt h[ ! ¢ 9 élncasetime resolution of the external wave is similar but not equal
to that of the PMF input.

al! £+9w! D9 € In case the time resolution of the external wavéigher, e.g. PMF
input resolution 30 min and external resolution 5 min.

(start/middle/end savt.) defines where the data should be stored, either as 8tart /
middle / endsaving time Choose the option based on the saving
time of your PMF input dataThe time series of the PMF input
serves a the basis for the averaging, therefore the averaging
option should be chosen to match the way that the PMF input data
was measured.

Thehourly, daily, weekly, monthly and yearjveragegas shown irFigurel8) are aubmatically
evaluated.By default, the averages are not plotted. If for sanity purposes, the user wishes to get

GKS LX23Ga F2NJ It | @SNF3IASas (KS tThisSphidnds2ely & LI 2
useful, when
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0 comparing PMF results with hourlyaily, weekly, monthly and yearhgsolution

U quick inspectionsf PMF resultswhere the analysis with a higgmporal resolutiorwould
require too much waiting time.

U comparing PMF results to external data that has a lower time resolution, e.g. PMF on AMS
and 24 hours filter data as external data. Then the options hourly or daily can be used for

comparison
N =1 e P
[ raw [“Ihourdy  [] daily [“lweeky [ monthly [Jyearly
; wee @BC_F
120 - R — eBC_tr_raw
H HE eBC_tr_hourly
. eBC_tr_daily
100 — eBC_tr_weekly
— eBC_tr_monthly
" 80 - -

E 60
D
=

40 —

20

0 —
T T T : T T T
01.01.2018 01.03.2018 01.05.2018
date & time
Figurel8 Sanity plot of temperature over time for default resolution (black, instrument resolution), averaged

using the resolution of the PMF input (red, raw resolution), hourly resolution (green) and daily
resolution (blue)Various resolutions can be enabled/disabled from the control bar on top.

The algorithmstores a copy of the externalave(s), with the same number of points as in the

taC AyLdzi YI G§NRE dzy RS NJedchlBsE Xs{wall@dthe ederésfoNding f W R |
hourly, daily, weekly, monthly ad yearlyO2 LJA S& dzy RS NJ, caNER22(( YYRQFR 2AdENE &
alaairy3d @GFNRARIFIOfSA | N&xis R & feguarRimd seriegdimfdrnatioa ih ¢ K S
numerical representation.

It is convenient to add thenits of the external time serig&igurel7right panel). This information

is later used when the corresponding external time series is plotted in the result séet&ssing

GKS a{1LC¢e¢ 1S@& lftfz2ga G2 aStSOd IRe2lIOSyid Sydil
adjacent entriesAfter saving the externalavegs), a sanity plot pops and compares the raw time

series and the r@ridded time seriegFigurel8). This is performed faverychosen external time

series.

5.2.2.1. Wind data

Wind data (wind direction and wind speed) are treated specially when averaged in SoFi. Wind
direction is averaged by averaging the x and y components of the angles separately and merging
them back together after having averagediréction dependent averaging For wind speed
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information the normal average as well as ttieection dependent average as described above
for the wind direction is applied.

Note: wind direction is only averagelirectiondependent when the name of the wave with the

gAYVR RANBOGA 2wAd Aing 2 RIK Y RA A VIS &réttioh depehdenSwhinIng R
VIEYS 2F GKS 41 @S g A GK { Knd gk ViR a@ NB2HWBSIDS  AlyKTS2
dependent averaging forthewinddSf 2 OA & Aa yv20i RANBOGf & LJ2LIISR
graph $iows the normally averaged wind velocity), but the wave is generated and stored under
0KS O2NNBALRYRAYI ¢AYSwind SNKeéhdeg 2t RSN 6AGK (KS

5.3. Explore PMF input

It is highlyrecommended tgperform a variable exploratiomprior to the PMF analysis. The user

should get a feelinggspeciallythe key variables, how theyary over time. For thigeason,an
FRRAGAZ2Y I T LI ySt gla RSOSE2LISR (KF{G LRdue I FaGSH
16). The explore data panel (green pane€igurel9) has tvo adjacent subpanels that govern the

options on the graph and on the dafahe following options are available:

5.3.1. Options for the variable(s)

G LI 20 ¢ point plot, imageand HRfamily (for HRAMS data only)

G&I NIb¢ a list of all variables of the PMF input matrix including external
data

GBI NIbE time, a list of all variables of the PMF input matrix including
external data

GO20UR NX¢ normal (nowave), time, hours, any variable of the PMF input
matrix including external data

GRIEGI € all data, effective data (exclude blacklisted data = effective PMF
input data)

G 2 04 ¢ normal time series, diurnal cycle, weekly cycle, nmbntcycle,
yearly cycle

GieLISé abs, fraction (a variable normalized by the sum of all input
variables), signal to noise (S/N) (cons@li3 for the S/N
calculation)

<

GasSt SOG 0l &SR see53.20rmora iaformatidn A Y' S ¢
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GY2@AYy 3 6 AYR2 éndy working when cal is different than normal. The user can
use the slider to move through to better understand the
relationship at certain days, hours or concentrations.

5.3.1.1. Point plots

The point plots allow the user to explore the data, either as standard plot, i.e. variables or
externals vs date/time or as scatter plots. If a cedoheme is chosen for scatter plots, a dynamic
plot analysis is available, where one can scroll throughdtéte by moving the slider on the left
hand side.By default, the effective input data (without the blacklisted data) will be plotted,
however the user has the option to display all data.

Plotting the variables uses a string search algorithrihe backgroundind therefore the names

of the variables (in the variables texaive) mustdiffer. If for example elements from various size

fractions are present, then the element namaust contain the information of the size fraction

622> S®3IP abl & F2N GKS Bi SarBWTA QNS Yol KASE Ad (G2RIT
GbP2FNAESEé> 2NIJ I AAYAEI NI ALISOATAOLFIGAZ2Y ®

L¥ FTNIOGA2YyIE 1/ {a YkI nn @get¥x20nlman bedaddedf 2 i (i SF
automatically to the plotKigurel9).

Explore_data = | &3 E Exp... EI@ Explore_data_rep...| = X
] GRAPH DATA
‘ 08 Py [+ veres fiscitsvs 43, col date_time | -
i i pop graph plot point ~ MOVING v_.fINDow
+ + | for dynamic plot
+ | n analysis
close graph(s) y-type |variabl ¥
+ | from current tab
064 +% | ootz I yvar 44 44 = size | 10
+ |- 01012012 i repr.|mean v
- o1220m | -10
* R ] | - bl x-type variabl *
ot.1020m | -
| otoam0m a I axis | left - x-var 43:43 -
Eot.0azon @ -5
I-a1.07201 | -
108201 | type marker col-t|date_ti ¥ -7
[-a10s2a1 ! = _
0104201 | style * color i
I—m 03201 | size | ] -4 =3
effectir = 4
Linear fit
error-x (ODR=2) norma ¥ =3
through zero fractio * -2
T T
0.3 0.4 New -
______________________________________________ B-o
Add
Select based on
Remove last class / time
Figurel9 Panel forexploration ofthe input variablesLeft part shows the graph and the subpanels on the

right govern options of the graph and data.
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By default, gcle plots in SoFi report the informationdnd G NI &l @Ay 3 (xdanSé & ¢ K
cycle stored under 2 pm is representative for the data between 2 and 3his.can be changed
in the main settings.

5.3.1.2. Image plots
¢KS dzaSNJ Oly |ftaz2 LXz2G GKS SyGANB RFEGlE -YFGNMNE
down menu(Figure20). In case the data contains several outliers, the user can modify the color
scale using the slidgred rectanglep y (1 KS & dzo LIMofeédier, theDser haslthe &
possibility to select a region of interest from the image plot by either directly drawing a
marquee or by using the marquee limits from the variable options (blue rectangle) and then
popping this information using the options from the right use button (

H vl =H =R
D Explore_data ) | ,@ X" g (& || &3 Lj Explore_dat.. = = | &3
P GRAPH DATA
| e pop graph plot image ~¥|  MOVING WINDOW
! : 0.15 2 | for dynamic plot
E g E close graph(s) Snalyse
| £ 1 from current tab
: 8 L} . 1
| i type thin line ==
! | =100
H Expand | sael . -%
:@ Horiz Expand | use this color o
|G | . MARQUEE -
1> Vert Expand s KL - enter manual limits| -2
| Shrink | repr. mean ¥
! . : | — = left nan =
! Horiz Shrink | 6]
) | Vg -5
E Vert Shrink E o‘o OIS ’lo right | nan .
E Marquee AVG over ROI of image (using marquee) =
E — AVG over ROI of image (using limits) -
: 3 ‘ IRE NS R a3 - : Add -1
| | Select based on
| datestme ! e class / time »-o
=

Figure2l).
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variables

@
c
3
£
o

o
= 4
@
a

Explore_data Bl | [(H = | B ] &3
GRAPH|
ﬁ : pop graph

close graph(s)
from current tab

type thin line ~

size 1 v

use this color

Add

Remove last

| |
:] Explore_dat... | = | [ | &3
DATA
plot image = MOVING WINDOW
for dynamic plot
analysis
size | 1
- 100
-9
MARQUEE =%
enter manual limits -7
left nan e
-5
right nan
-4
=30
-20
-10
Select based on
class / time -0

Figure20 Image plot of the entire input matrix. The slider (red rectangle) can be used to vary the size of the
color-scale.
H Vel =5l (=R
Explore_data | @ X £ S =) ]| &3 [j Explore_dat.. = B | &3
EESEESEEESEEREEEESEESEEEE 1 GRAPH| DATA
o | plot image ¥/  MOVING WINDOW
! % { py s g for dynamic plot
E 2 E close graph(s) iy
! % | from current tab
| = 3 S size 1
) | type thin line ~
! | ) - 100
f 8 Expand | seze1 = -%
ZE Horiz Expand E use this color = =
) @ ) De -
1> Vert Expand E ve- I enter manual limits| -7
| Shrink | repr. mean v
| . . { i left | nan -8
! Horiz Shrink | '
) | A -5
! Vert Shrink | . a right | nan
) | | - 40
5 Marquee AVG over ROI of image (using marquee) =
E — AVG over ROI of image (using limits) R
E E Add -10
| ! Select based on
|  date8tme | Rerrove It class / time B
Figure21 Image plot of the entire input matrix including popped information over the region of interest.

5.3.1.3. HRfamily plots

For HRAMS data, the user can inspect tdV:OC, O:C, H:C, N:C and S:C of each measurement
point (Figure22) to easily identify special events or measurement periods before performing

PMF. As with the points plots, this figure can also be plotted as cycle plot.
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Explore_data | — ” ) | ExpE\@ E)(p| = ” b |
GRAPH DATA
pop graph plot HR-far =

close graphis)
from current tab
repr. mean ¥ Aiken- ~
type marker ¥
style + v
size| 3 v
blackli =
norma «
01.09.2018 01.01.2019 01.05.2019
MNew
______________________ Time series
Add
Select based on
Remove last class / time

Figure22 For HRAMS the OM:OC, O:C, H:C, N:C and S:C of each measurement point is plotted.

Furthermore, the mass defect plot can be inspected. More details on the mass defect plot can be
found in Sect8.5.6.2 Please note that if the user chose to exclude the-@{ated variables, they

are not added back into the matrix on which the calculation is performed, therefore the plot here
and in the analysis panel (where the variables are added back to the matrix) might differ.

E)(plore_data | — ” > | E)(p... E@ E)(p| = ” &3 |
F * """""""""""""" GRAPH DATA
i *
| average + CH -
: 000 _: : ; : + COHO aplamph plot HR-far
| ’ + * + + CHOgt1
| TS SEE
| rom current ta
| 0024 % +0*¢:+: +.| + cs
| ‘** *+ ++ other repr. mean >
** KRR I
|, 004 ++#+"'¢ V¥, L+ base CH2 ~
= + + %, +
< NI .
Ex 0,06 | * *, ...,,+: aore N - — color familie ¥
O NENES
+ ., “ style + hd
-0.08 4 o'l" "I'Q %
+ 4+ "" + size|log(int ¥
+ * effecti ~
-0.10 +
R * norma ¥
"N +*
T T T IR T
20 40 G0 a0 100 120 =
ew
NEMzyz
"""""""""""""""""""""""" Add
Select based on
Remove last class / time

Figure23

mass defect plot for HRata.
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5.3.2. Select based on class / time

This selection panel allows the user thasily andefficiently inspect data based on a multitude
of options summarized inFigure24. Here the options are discussed based on tteee tabs
separately.

G 0 AaySSt S Ol A 2sgldction of hours, days, months arelevantyears

G2 OSNIASH aserSal sélectsévéral regions of interest with the marquee (draw a
marquee around the period of interest (only points with bothard y
coordinates falling in the marquee will be considered), click on the right
Y2dzaS odziid2y |yR 02 yWwHANYNMISoky RIS NI (KS
option is addive, i.e., the user can seleand confirm variousegions
several times with thenarquee tool¢ KS dza SNJ Ol y &St SO
ssNAS&a ¢ @S¢ faz2 SEGSNYyLt 461 @Sad ¢K,;
based on the PMF input, but also on external waves, e.g. investigating
variables during episodes with high concentration of a tracer.

aOfl aac¢ All entries are selected as aiit, i.e., all points are usedlhe user can
specify points to belong to certain classes and selewdngthesewhen

present from this talk{see 5.4.1for more detailson the class)
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Explore_data_options = Explore_data_options EI@
time-selection overview over time class(es) time-selection overview over time class(es)
hour(s) day(s) month(s) year(s) ’tl_nje_ S-E-rI-ES-\?f?V-E- l_)M_F_ ‘TfS_E-T’i-E-S- — _v ________________________
o all Al [=an o all Al [&an 08
] 4 weekdays & January B4 2011 | |
&1 & weekends & February & 2012 | oe (e
62 4 su 4 March 3 . | p
[ B Mo b April = |
B4 M Tu B4 May | o 04 /
65 B We b4 June | T
M6 M Th B July i T
M7 A Fr b August | 02 | =
] [ bA September | | | 3
&9 M October | 00 i LA e
& 10 [Rf{Movembes : . I 01 35!2311 I o1 nslznﬂ I 01 31‘2312
M 11 Y [ December ¥ | .
< > < > < > < > . datedtime |
Explore_data_options EI@
time-selection overview over time class(es)

select class{es) (TS)

4 all

[ all entries

< >

Figure24 The three tabs of the selection subpanel based on time / class.

5.3.3. Options for the graph representation

at 2L IANF LIKE pops the current representation from the panel

A

a/ £ 2aS 3IANJI LIK O acloses all graphs related to the exploration panel

aieLiSe

aaArl S¢

a NB LINID ¢

Gdza$ G KAWS

user can choose between various default trace representations,
e.g. solid line, ddwed line, etc.

size of the trace

Option only available for cycle plots, where mean or median
and the corresponding spreads (standard deviation,
interquartile range (IQR), IQR with1@nd 90" %, IQR with
percentiles andnin/max can be addd to the representation

0@ 2 f2asétBarsdEfine color for the current trace. If nothing is specific,
SoFi uses colors from the color palette starting with red and
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moving rowwise and using every'2color (avoids using similar
colors twice)

Gf AYSENI FAGE performs a linear fit, makes only sense when performing a
scatter plot

& S NRI® &g error also assumed for thewave and least squares are not
vertical but rather orthogonal to the fit (ODR = 2 in IGOR)

G0 KNRdzZZK 1 SNER éfitis forced to go through zerag.,intercept=0

GbSéé Kk a&! RRéE Chosen data can be plotted using the buttbrb S,d€added
to an existing graphising thebutton & ! RR €

oRemove last The last tracés removed from the graph

Two graphical examples for this exploration panel are shovigare25.

[— ver_57 vs_cate_tme , col._normai | | ®  var_44_fraci_ts vs 43 col date_time
0.12
0.6 - -
0.10
0.5 L 01.01.2012
01112011
0.08 0.4 4 n
= " LA o1.0920m1
S . :
< — |- 01.07.2011
0.06 S 03 .
- - 01.05 2011
0.2 1 "
- 01.03.2011
0.04 —
0.1 "
0.02
0.0 1
I I I I
000 T TTTTTTTTTTTTTTI T T T T T TITIT] 0.00 0.05 0.10 0.15
} ;c:.r; ﬁﬁﬁﬁﬁﬁ nen fraction
Figure25 Daily cycle om/z 57 mass (left)scatter plot off44 against43 colored over time.

5.4. Selector modify effective PMF input

5.4.1. Class(es)
Variables or time points can be grouped together into classes. Classes are a powerful tool for:

Gt aC Ay Lzl ¢ PMF can be performed over certain classes of variables or time
points only, e.g. PMF over air masses affected by continental air
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(backtrajectory data would be a class waydéyework period vs
non-firework period

G/ £ dzS ¢ classes can receive different relative errors when performing PMF
(see6.2.4.9 for more details). This option is only available for
variable classes.

GwSadz G Ay aLIPUE fesils dver Profile / Time series can be shown for defined
classes onlyThis can be interesting if e.g. PMF is run over filter
data from PMo and PM s filter data and some results should be
inspected in detail for the respective size fraction.

Classes can be defined in two different ways in SoFi.

Import from preexistingtext file

Classes have already been defined beforehand and need to be read and linked in SoFi. Class waves
can exist for variables or time points and the us2rgdS Ny a GKS 2LJiA2Yy o6 AaSR
ASNASa¢ RNRLIR2gY YSydz 2y GKS a4t a Crogurg2e)diapa St ¢
RNRLIR2gYy YSydz aOflaa ylIYSa O6GEG o1 3S0é NBLR
GNR2GY{2CAYOQEGSNY It YRIGFYwWlI gpAyLIdziYéZ 6KSNB
rectangle onFigure26). The class waves must be in text format and possess the same length as

the PMF input (over variables / time points). It is important that all variables / time points belong

to a specified class, if a class wave is read. If not, the user must completmgee untagged

variables / time points directly in SoFi.

|t PME input_sel =8N X"

Load or save effective PMF input file and other waves, if available

Input file  Select

Visualize effective PMF input / Create, define or modify class(es) (alse for post-PMF)

Input Time series ~ Type graph

input data | class(es)
Visualize class(es) | Create / medify class(es)

Link to existing txt wave (same length as TS)

class names (&t wave) stationlist_short

select i
PMF_Error_Mx |
PMF_Data_Mx

minErriion 2
tseries

speciesfamilytext
speciesmasstext

speciesmasswave

stationlist_short
——
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Figure26 Create classes based on text wave. The text wave has the same dimension as the time series and
assigns each time point to a class.

Define classes directly in SoFi

If no classes are defined from external class waves, all variables poimis belong to the default

Ot Faa alff SYGNRSaéd ¢KS dzaASNIROISYW IRBNANYES AQtil2a

Index based blocks: dza & aF2NJ I NI} y3IS FyR aTéG2 &aSLI NFYGS
bONBIF GS ySé of201¢ U 2the@dMBk pofpedi KS 0 f
up window(red rectangle orrigure27).

Monthly blocks: dzaS GKS (Seg2NR aY2y i-wWisedThe biogks vaiNB | (1 S
automatically be named after the month and year of the corresponding
time point

Hourly blocks: use the keyword "hours" followed by the hours that should be used for

GKS o0f 201 a®H /OpI@A fAfK 20MNMBIMGTGS 2y S o0f 2
points that are between 5 and 8 pm.

Minutely blocks: use the keyword "minutes” followed by the hours that should be used
FT2N) GKS of 2 Ol-wme 9apdidf G IYNK/ Idili @si@yhS o f 2
points that are between minutes 10 and 20.

Fixed length blocks: dza S GKS {S@g2NR aof201¢ F2f{t26SR o8&
KFEgS 3INRdzZLISR (23SGKSNXY 903 ao6f201wm
points. Please note that this format is only supported for data with low
time resolution.

Instrumentwiseblocks dza S G KS (1 Seg¢2NR aGAyadNHzYSyiGaég F2ff2
you have in your data. The data of the instruments must be added
G623SGKSNJ Ff2y3 GKS RAI ceywbhlotksBmdI d &
the time series and the profiles automatically. For the instrument names
a window pops up, asking for the name of the instrument, i.e. group
name.

Thermogramwise blocks: for thermogram data, where PMF is performed over a series of

GKSNXY23INrYa AyaidSIR 2F | GAYS &SNS
Based on the provided filter index, a new group for each thermogram is
created.
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PMF_input_sel

Profile

Visuslize class(es)

0-10:12715

Figure27 Defineclass for the variables at positior1® including variables at position 12 and 15. This class
NEOSAGSR GKS Of | aréd coot. Colrs cadlbelctiadgadlby right ¥ligking on the
entry for which the color should be changed.
/| tA01Ay3 2y GONBFGS FYyR FRR F OflFaaé LINRYLIa
new classinthe exampleFigure27)i KS Of - aa Gl ff SyGdNASaég Aa ada
have been classified so far. As soon as all variables omptimés are members of useatefined
Of raasSasx GKS RSTFlLdAZ G Oftlaa alft SyGaNRSaed RAAL
timelLl2 Ay da dzyRSNJ 6KS {IFgured8 A adzt t ATS OflaascsSauv o
The colors are assigned by SoFi based on the number of classes. They can be easily changed by
clicking right on the class where the color should be changed and from the color pallet a new color
can be chosen. In case there are typos or wrongly chosen natoesle clicking on the class
name allows changing the name.

PMF_input_sel PMF_input_sel
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Figure28 LYaLsSouArzy 27

iKS edzi

RSTAYSR Ofl aa

GOf a8yl ¢

plot on the left colors the variables with the uséefined color. All other variables that currently

adatt oStz2y13

G2

i K e viRudlizdd deblack. Of | & &

al ff

SYUuNRSa¢

Defining classes should occur before the blacklisting process as the class txt waves always refer

to the entire PMF input. First blacklisting and then defining groups of variables or timepoints could

cause some unexpected problem&en visualizing the results later in the result panels.

5.4.2. Input data

Input data used for a PMF ruzan be modified using the blacklist function. This is advantageous,
when points in time (spikes due to traient events, electronic noise or a PMF over only specific
points issough) or some variables (problematic and/or unnecessary variables, e.g. very noisy
variables or varialels with very little variability or a PMF over only specific variablesugh)

aKz2dzZ Ry Qi

0 S 02 ythk RV MBuBrechamkl) showts theCcurieiiZyMF input,

whereas blacklisting iperformed on the adjacent subpanel (séagure 29). The selection
subpanel contains the same options as those already presented for the subpanebuB@and
the user is referred to this section for the overview of the options.

PMF_input_sel

Load or save effective PMF input file and other waves, if available

Input file  Select

Visualize effective PMF input / Create, define or
Input Profile Type graph

inputdata | class(es)

modify class(es) (also for post-PMF)

= [=]E3]

PMF_input_sel_options

=Rt

[ “h
20 40

60
variables

Figure29
or variables into classes.

PMF input panel useful for controlling the usayecified PMF input and for tagging points in time

The default case considers all points in time and all variables for the PMF input. Removing some
points or variablesrequires the useto select options either using checkboxes, the marquee
function or the cursor (fovariablesonly) on the subpanel. Once the selection is completed (it is

an additive procesand must be performed for the profile and the time series separaislye
Figure30for an example over timejhe user can blacklist the selectibyg pressing on the button
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a. [ '/ Y[ L{¢ k w9 armthe dhirdtdhpnAhe &djabebt $bpandseeFigure3l).
This will updatethe graphs and tables from the PMF input panel ahd blacklisted datas
supposed talisappearnseeFigure3?2).

overview over time class(es) APPLY SELECTION class{es) APPLY SELECTION

PMF tseries

[ weekdays
[0 weekends

B4 September
O October

[ Movember
¥ December
< >

b LA

T T T T
01.042018 01.07.2018 01.102018 01.01.2012 01.04.2018

dat

Figure30 Left: example wherepoints between 0 and 2 am during the weekends for the momasch and
Octoberfor 2019are blacklisted / removedRight:example wheremiddle period isblacklisted /
removedby marquee selection

APPLY SELECTION
of previous tabs (ONLY TIME SERIES)

RESET INPUT
initializes PMF input

Figure31 taC AyLdzi LI ySt &adzolld yStf aKz2gAy3d GKS G§KANR
GKS awoXocodzbtigygaod
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PMF,inpuLseI E@ PMF,input,seI [=EER]

Load or save effective PMF input file and other waves, if available Load or save effective PMF input file and other waves, if available

Inputfile  Select - Inputfile  Select

Visualize effective PMF input / Create, define or modify class(ss) (also for post-PMF) Visualize effective PMF input / Create, define or modify class(ss) (also for post-PMF)

Input Time series - Type graph - Input Time series - Type graph

:m ,H rWJMM |

| |
T T |
1801012018 01042019 |

datedtime

Figure32 Left: default PMF input, i.eall points over time and all variables are considefight:PMF input
after being blacklisted by the user.

Blacklisting removes the selection, j.the user is supposed tanselect what should not be

present later on in the PMF inpuf. some points have been erroneously removed, the only way
toNBai2NBE (KS t aC REIHIANPUFGN the third@ab XhiS buttoh BallLthe &
2LI0A2Y aLYAGAFEAT S t acC Fiueldznd reinitiflikes Bl entifePMF Y A & & .
input matrix (seeb.1).

Userspecific PMF input data can be stored and loaded from IGOR txt files directly from SoFi under
G Ly Llz( Fghré29 .&avingiHe 8MF input will also store usiefined values foFor G, if
already present and their correspondiggvalues (seé.3.1and 6.3.3. This allows the user to

store specific PMF input settings initial values and constraints that can be loaded and tested,
later, if desired

5.4.3. Blacklistsingle points based oiMIDL

Sd-i dfers the option toblacklist sine measurement points of selectedariables based on a
userdefined threshold. For thishe varable has to beselected and a threshold defined. By

clicking on thébutton éBlacklist all data below threshadd SoFi wilgo throughall measurements

of the selected vaable and all entries belowhe thresholdwill be set tomissing data threshold
valueminus one. e missing data threshold valuis defined inthe orange panel (seé.2.2. By

default it is set t0-99. This valueaswell as the error matrix replacement valughouldnot be

charged afterblacklisting any value here otherwigiee dataworQ i 6 S LINP LISNI & SE Of

Vaiables can Bo bedun-blacklisted by clicking on restorall data for chosen variables and all
data point will be reset to the original datnd error matrix.
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Time series b

0001 2]

Blacklist all data below threshold Restore all data for chosen variable

Figure33 blacklist single points measurement points of a varialdsda ona userdefined threshold é.g.
detection limit).

The graptshows the number adata points that are being excluded frahee PMF analysis. Either
because they were bladkted here based on a threshold vaJuw becausethere were empty
cellsthat weretreated in6.2.2 So ths graph noexclusivelyshowsdata below the threshold but
alsomissing data in generéhfter being treatedas missing data in the orange pandlpe grap
can be popped and alselabels yariablenames instead of numbers) aawailable.
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6. { 2 Ctha C ON&Hay

6.1. Define path, nb. ofexecutablesand name of HDF5 file

Thed t a C takHgyfudly dedicated to set a specific PM&ll using the PMF input and error
matricesdefined underthe G I 6 & & L Y LJ2 NI+G N8 14 & ¥ StoffigaRy chilyViRBee
Figure34).

SoFi_panel = | @ || &3
Datalystica g S oFi S

version £.00
Import data Pre-treatment Run Result
1) Define path, nb. of .exe and name of HDF5 file
Path | CAMEZ_engine’

MNb. of executables =

Folder of executable (< nb. of cores) -

HDF file name storing

Delete file
the current PMF run select

2) Define model options

Define settings pertinent to the current PMF run

3) Call ME-2 and perform PMF

Start run(s) Launch SoFi RT

SofFi license:

logged in
min. left |0 RT-381 days 9 of 10 licenses

next connection in: 7.83 hrs.

Figure34 Main SoFi panel, PMF run tab.

6.1.1. Path

The usergivesthef 2 O GA 2y HKSNB (KS aSHPSES FAES NBaAl
SESOdzil 6f S¢ o

The user need to have writing rights at the location where the ME2 engine folder is placed in, as

hdf files will be generated and written into.

6.1.1. nb. of executables

The user defines the number of MEnNstances that will rum parallel Thisnumbermust be less
than or equal to the number of cores in your PC.

Example:  If you chose 4 cores, SoFi will assign to any idik2 MiStanceout of four instances
a new taslduringthe solving process

It could happen that some taslase calculated &ster (or slower)than theothers. Therefore, the
DOS windows are not necessarily all popped at the same Moecover.the run numbersin the
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log file/ command historywill not necessarilye in increasing ordeEspecially with rolling PMF,
the initialization time for the ME2 engine might be longer than running PMF so that not all cores
will be taken advantage ¢é.g. with rolling PMF)

6.1.2. HDF5 file name

¢tKS dzASNJ RSTFAYS&a | LINPLISNI yIYS F2NJ GKS taC NIz
NHzy ¢ @ L¥F (KA & Sofilprorpts the & to fyith aldfhkriname

HHH ¢KS a5StSGS FAESE o0dziG2y NBsgiRra&stwamigS & LIS C
prompt, the user should pay attention not to delete important informationSoFi doeshot

control hiddenbackups ofthe HDF5iles !!!

6.2. Definegeneralmodel options

¢CKS 2NIy3S odzitd2y a5STAYS &S lEigugR)dpopsdehinaly Sy i
governingall PMF settinggHigure43).

6.2.1. Define number of factors

Gadl NI Ay 3defines@hé giNighal number of factors (p) investigated by the model.
GSYRAY 3 Tdeflhésthélidaximalnumber of factors (p) investigated by the model.

Gyoad 27F tiatBe mohbierfoficalls with the identical settingSoFi will automatically
adjust this value for fpeak analysis (s€€3.2 for more detail3, for
systematic avalue sensitivity analysis (s6€e8.3for more detail3 and for C
value analysis (se&2.4.9
Example: GadlrNIAYy3 FLEOG2NE ' ™M IwyiRurdsBMiBsy I F I
with 1, 2, 3, 4, and 5 factors.
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Figure35

PMF_options
GENERAL settings Model MATRICES

. Define number of factors

starting 4 a ending 12
factor ~ factor ~
Il. Missing data
Il.a) Data lower than threshold o9 -
value is not considered 7

e
bad|0.2|%| bad 10 |+

RESAMPLING strategy

nb. of =
PMF calls ~

Il.b) Define values for matrix cells
containing no data

Il Error weights, convergence criteria and miscellaneous

Down-weighting Error matrix (general) Convergence criteria Others
Meodel type to weight 3 Data type for 52N-
the error of the data step functio ~ based weight averagec -
apply weight undoweight| [
factor factor
z
- 3
Inspect signal =
to noise plot g 1@
5
thresheld weight =
| _—
weak|2 | % | weak 2 |% | i 2w W @ =

Pop weighted data

= | B ] &3

ROLLING mechanism

1

taC aSatGiday3az Gt

(@]]

6.2.2. Missing data

The ME2 solverneeds clear instructions on whas a missing valudn a first step, during the
initialization completely empty rows and columns were remoyasgdescribedn 5.1. Sincehere
might also be single measurements points that are migb#lgw detection limit, these must be

GDSYSNI

aSatiay3aoe

defined here At this stage the PMF input must contain only one symbol for missing data, e.g.

ablbe3

GAPPhSS amdzi 2 W2 @

/£ AO1AYIB dB/RBNY & S £ dzS 4

Y2NBE G(GKIy 2ySao
FT2NJ YFONRE OSf f

o

a

the symbol for missing data together with an uncertainty value for its error cellKgpee36).
Missing data that receives values that are smaller than the threshold value defined undénA.1l)

defaut -99) are automatically excluded from the minimization process in-MHEor safety

o2y il

reasons, their errors are also replaced by a very high value, e.g. 1000 times the highest error.

Figure36

PR

Drata matriz cells [missing values] containing this value:

Ha]
will be replaced with this value; [suggested value, -100]

100
and their errors are replaced with this value: [suggestion, 1000x highest eror]

478,659

| Cancel | [ Continue ] Help

Prompting the value for missing data, the negative entry and its corresponding error value.
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6.2.3. Downweighting

Briefly, if the estimated measurement errors are uncertain, typically the case around detection
limit and especially, if the systematic part of the error (background or blank) is not considered or
poorly estimated, one could consider increasing the errdoywnweight the error. The weight
strategy is based on the signal to noise ratio (3&g Following options are available for weighing
the errors Figure37):

Model type
dasSt SO0 ¢ the error matrix is untouched

GaidSL) ¥ dzy ditkosyggfunction proposed in Paatero and Hopi003) is applied to
the error matrix. The user defines the steps and their corresponding
weights.By default, a variable is considered weak if the S/N is smaller than
2 and is downweighted by a factor 2, a variable is considered bad if the S/N
is smaller than 0.2 and is downweighted by a factor 10.

GMk { Hb T dayieeiirdr B goéitinuously downweighted with the penalty function 1 / S2N
for S2N lower than 1 and untouched otherwise. This idea was first discussed
in Visser et al (2015

Data type
G I @S NI 3 S R weighing the data is based on the averaged S/N ratio
GOBABSE weighing the data is performed on each cell separately.
lll. Error weights, convergence criteria and miscellaneous
Down-weighting Error matrix (general) Convergence criteria Others
he o of the dota SE1ECt ewegnt | AVeragec ~
apply weight undeweight [
factor factor
Inspect signal ] )
to noise plot ]._E__‘“ o0 e |
""""" Popweigheddun |
Figure37 taC aSatiAay3aaszs GldavmaediggSNI £ aSGdAy3aés

The weighted data is shown in the small graph. For more detaigsSIN plot as well as the

I FFSOGSR SNNBNE OFy 0S AyalLISOGSR dzaAaymp (KS
g SAIKGISR RI ( IFHgire38) T kel dighil da Bef applied and removed with the

odzii2ya al LJJé& ¢gSAIKG FILOG2NE |yR adzyR2 ¢SAIK
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& S2N_plot:weak_line vs amus_nb;... E@ & S52M_plot:52N_cellwise EI@
35 Signal to noise (S2N) based on Sofi main settings
m weak
30 - m bad ®
1 82M_mean @
25— =
.8
Z 2 &
D 45 = m
10+ ‘ ‘ ‘ H |.|. i mmu
5_
||| |||||| i ..||||||| .|I|||‘|I ||||||| |||||||| .||||I|I|||.|||I||I.I|.
=T 1 — T 1 T T
20 40 0 100 120
variables
& downweight_plot:downweight_mean vs amus_nb \EHE”E| & downweight_plot:downweight_cellwise
30
Error matrix has been multiplied with the following values
° 2.5+ I downweight_mean ® il
t_:“" 204 %
> = kil
2 15 2 e o e s
% 48 | " o Pl A )
z 1.0+ 29I PR R TRy
L B e e B S B B B S
o5 10l WO I IE Emnnitmatnuttn et aimniitinaimg - 8 0= = =« = = = = = = ¢ = = = = = = = = oo
RREERRRARRRRRERRRRRARRKER
[ e e B B BB PN R R S S (R S o o\ = = QR LA P
o o0 o o0 o0 0000000 «- - - — OO
20 40 0 100 120 TEBHRERELEs=8HBREEREER
variables date&time
Figure38 Signal to noise (top) and weighted errors (bottom) for the averaged data on the left andisell
on the right.
LT UKS dzaSNBRA Aa UNBLFOAY3I ! af{ K

'/ { a

RI

al

excluding the Cf@related variable} the option for downweighing those variablesasailable

(Figure39). The user has the option to apply or remove the applied weight using the buttons
ddownweight CGNB f | 4 SR @ NIES A /KR £axdzyNRE LSO U A BS

lll. Error weights, convergence criteria and miscellaneous
Down-weighting Error matrix (general) Convergence criteria Others
Model type to weight = Data type for 52N-
the error of the data step functio ~ based weight ENCIaTCEEy
apply weight undo weight
factor factor
z
Inspect signal T
to noise plot £ 100 B —
threshold weight :
weak 2 |3 | weak|2 |3 2;,4::, E:;,alc.ul;.:. éo
bad [02|%| bad|10 |+
down-weight CO, related var. Pop weighted data

Figure39 taC aSaiAray

Many of the just mentioned free parameters have not been systematically tested and hence no

3az

0 IdavndeyRiggShaving thie Sgralated Hitios. >

e o

I Y R

recommendations can be given at this stage. There are plans for a study that will address the

sensitivity of PMF results with respect to these settings
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6.2.4. Error matrix (general)

IlI. Error weights, convergence criteria and miscellaneous

Down-weighting Error matrix (general) Convergence criteria Others

A) Matrix scaling factor B -
(applied to data and error matrix) -

B)singleweight 12:.C ~| [1 > apply weight | undo weight

Check for weighted data

C) Linear error (C3) based on 'input data’  Set C3 error disabled

D) C-value: error of group/var. is rescaled

during PMF with: select ~
Figlre40 taC aSddAy3as Gho aDSySNIf aSdidAy3aes SNNENI Y

6.2.4.1. Matrix scaling factor

If the smallest error that is passed on to the {2EBolver is too small, the solver will not run. This

can be critical for data sets with very low mass concentrations. In this case, a matrix scaling factor
can be applied, meaning that the data and errortmawill be multiplied with this factor when
sending the data to the solver. The input data in SoFi will not be affected. When importing the
PMF run, the sammatrix scalingactor is applied to the time series. So overall, the PhHult

will be the same (as the scaling is applied to the error and data matrix and the result is normalized
(profiles) and rescaled (time series), respectively)

6.2.4.2. Single weight

Single variables can be dowreighted using the droglown menu for the variables and the
weight value Figure40) and the applied weights always easily inspectadure4l). Apply single
weights with prudence and based on logical reasoning, e.g., uncertainties of a variable are not
well-characterized, PMF result is not effectively apportioning this variable, etc., as each weight
must be justified in the end. Ideally, a séivity analysis of these single weights is also performed

to assess the impact on the PMF result.

downweight_plot:downweight_single_var vs variable_nb = B [E3

uptom/z 100 x-label

20
|

Error matrix has been multiplied with the following values
15 I downweight_single_var

20 40 60 80 100 120
variables

Figure4l Overview over the usedefined weight values. Here the errorwfiz 44 was multiplied by a factor
of 2.
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6.2.4.3. Linear Error

In SoFi, the linear error expression (C3 expression) present-i ¢4k be added and enabled for
the PMF calculatiorHjgure40).

The current error matrix will be updated accordingly:

17

error matrix [i][ j] = error matrix[i][ j] + C3Clata matrix[i][ j]

[ ftAOTAY3 2y !0 [AYSEFNI SNNBNJ 6/ 00 ol aSR 2y WA
Once the C3 variable in IGOR is different than 0 (default), the C3 error button turns green and the
C3 value is considered.

6.2.4.4. Relative scalindGvalue approach)

Relative scaling is useful in case the analyst has reasons to believe that the error of certain
variables needs to be increased / decreased compared to others. Several causes could legitimate
this approach. Two cases where this might be relevant are piestussed.

GO NR 2dza NBf ldatd s vasidudBsNENEnts has different relative errors, e.g.
one instrument 0.1% and the other 10% errors. PMF will fit the
data from the first instrument more, as its Q cobttion is much
larger.

GRATFSNBY (I | YoeednstiumenfFhasZlloNvarables, the other 10. Variables from
both instruments have a proper error estimation, e.g. 5% error.
However, PMF will fit the data from the first instrument more, as
its Q contribution is much larger. This becomes even more
relevant, if cevariation between variables of the same instrument
is high.
Rescaling the error of certain variables is achieved using the definition of classes in SoFi. The
variables that should be rescaled nhlie part of one class (sée4.1). The following options are
available:

adasSt SOi¢ The error matrix is untouched

G ! asPedific @ f dzS AEhe user defines-Galues that should be tested on the adjacent
table popping after having chosen this option ($égure42). The
Gvalue is used to divide the current error, as shown in the
following formula:

(18)
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where s represents the error to be rescaled. Defauliv@lue is

one,i.e.,the new error stays untouched.

PMF_options

I. Define number of factors
starting - ending
factor - factor

Il Missing data

112) Data lower than threshold | o -
value is not considered >
Down-weighting  Eror matrix (general)

A) Matrix scaling factor
(applied to data and error matrix)

GENERAL settings Model MATRICES RESAMPLING strategy

ILb) Defi
o

Il Error weights, convergence criteria and miscellaneous

onvergence cri

1

nb. of

-
PMF calls. L -

antaining no data

-
-

=

ROLLING mechanism

ine values for matrix cells

iteria Others

B) single weight |12: 12 + | |1 B

apply weight | undo weight

£3

|I| Cvalue_panel EI@

C-values

Each col. correspands to one class. First
<ol is typically unweighted, i.e. Cval = 1.

Check for weighted data w

o (b on oo ot co =
|——

D) C-value: f : led e
Jdu:ar‘;ep’.j;xh,gm“p/“' s rescale user-specific C-val

Figure42 G dzasPebific @3 £ dzSa ¢ 2 LI A2y 6 Midles iitie Sabléoh MaNdgE.LJ2 Yy RA Yy 3/
A Cvalue can be specified for every defined class. If for example three classes have been defined,
the adjacent table will pop three columns to be filled. The number of entries also defines the
number of PMF runs. In the current example (Begure42) four runs are made, where the errors

of the first class are left untouched, whereas the errors of the second class are systematically
divided first by 1, 10, 100 and finally 10@8,,the second class receives 1, 10, 100 and 1000 times

more weight during these runs, respectively.

See alsd-ehler! Verweisquelle konnte nicht gefunden werdefexample of combined criterion)
for monitoring Gvalue runs using the criteria panel.

For further details on the manual technique of thev&@ue the user is referred to the paper
discussing the weighing strategy as@ue between AMS and gabase datgSlowik et al., 2010
Crippa et al., 2013

6.2.5. Convergence criteria

The parameters controlling the goodness of fit during the PMF run can be configured directly from
the table on the first tabKigure43). Model optimization is performed in three sequential stages;
each stage corresponds to a row in the table. Final convergence is achieved only if the parameters
of the third stage (last row) are fulfilled. These parameters can be modified by the usehigand

is necessary to achieve convergenceday.large datasets, strongly nexero fpeak values, etc.
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There are two convergence criteria. The first criterion inspects the stability of Q between steps of

the iteration processlf the difference in Q between the last and the actual iterative step is smaller
0KFy GaRSft<0.1 Vot the rumi@rdof consecutive steps provided in the column
GO2yaypaisSLlaeés GKS FfI2NRGKY O2y@PSNHSaA® ¢KS 24
the norm of the squared Jacobian matrix (matrix containing all partial déresatof Q with

respect to the model variables) i®ropared to the threshla value provided, e.gof 0.1. The

Yl EpadSLiaeg O2fdzyy Aa aAyYLX & alokeS atago2istagdNIf 2 T Y|
this maximal number of steps is reachddring stage 1 or 2, the model moves on to the next

stage and continues to search for a convergent solutiothisthoweveroccurs during the final

stage, the model returns a nectobnvergent solution. Noxonvergent solutions remain empty

after having been imported and this is also reported in the log file. The sisauld easily
recognize norconvergent solutions and can thereafter rerun the model using less restrictive
convergence criterigg.g.A Y ONB I aAy 3 o6& wmn 2Nl mann (GKS @It dzSa
the three stagegthey should be increased/decreased together)

Note: Most often there is a problem in the error matrix or with the PMF settings and therefore

convergence is not achieved. So before changing the convergence criteria, the user should double
check the error matrix and the PMF settings.

IIl. Error weights, cenvergence criteria and miscellaneous

Down-weighting Error matrix (general) Convergence criteria Others

| J1o |®

Point deftal cons_steps max_steps | 002_steps |
o 10 10 1500 10
1 1 20 2500 1
2 0.1 30 3000 0.1
3

Figure43 taC aStGAy3azr &lZo ORYISHNESy O6S IOINRYIAES NR |

6.2.6. PrePMF evaluation

A quick SVD analysis can be performed before running PMF. SoFi will show the singular value vs
the number of factor as well as the slope of the singular value change. This analysis can give some
insights on thamatrix rank of the PMF input, which could help to support the determination of

the ideal number of PMF factars
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Ill. Error weights, convergence criteria and miscellaneous

Down-weight Error matrix Converg. crit. Pre-PMF eval. Others

perform SVD
(for factor number estimation)

singularwvalue
adojs

-

upper x limit | 10 G

2 4 -] 5 10

pop/close graph & of factors

Figure44 taC aStGiAay3aaz Gl o-PMFR&NSon t aSGdAy3Iaér t NB

6.2.7. Other various options

6.2.7.1. Robust model threshold (A)

PMF is run in the robust mode to safeguard the PMF run from drifting awayto outliers (see
2). The user can enable or disable the robust mode and define the threshold for the robust
criterionin section A Figure45).

Ill. Errer weights, convergence criteria and miscellaneous

Down-weighting Error matrix (general) Convergence criteria Others

A) Robust mode | enabled ~ value 4 = robust mode enabled

B) normalization | disabled ~ precision | 0.01 = normalization disabled
C) mass closure |select - precision | 0.01 = mass closure disabled
D) multi-time disabled = multi-time disabled

Tip: use the 'combine matrices' option in the import panel to generate the input.

Figure45 taC aStGiAay3aszs Glo aDSYSNIft aSidAay3aaséds 20KSNa®
6.2.7.2. Model normalization (B)

The user can select whether the sum of each factor profile is normalized to one during the
iteration (enabled) or factor profiles are left unnormalizei@fault casedisabled).

6.2.7.1. Mass closure (C)

There isthe option to fit the sum of all factor contributions to a certain mass, e.ga1,FNib 5,
PMyo that can be chosen with the pojpip menu. The massvave must be present under
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GNR2GY{2CAY9EGSNYI f(apriRitisectionsR P .SSEENNY & Ppassibie Nilnes &
waveOK | y3Sa GKS NBR odzid2y Yhaa (@fy2 &Y RAA I0d 25K
This adds mass balance equatidns@** and those aresimultaneouslyfitted with all other

equations defined by the regular PMF algoritkdf (Figure45).

This option should only be used, when the mass difference is very small. The user is not supposed
G2 NBIdzZ I+ NI & TitAsialsodesoyhidended o fuGhe model dvishdut fitting the
missing mass and to compare thessdifferences.

6.2.7.1. Multi-time (D)

The multitime feature offers the possibility to run the PMF algorithm on a dataset containing two
and more classes of data that differ in temporal resolut{@uulei et al., 2006 The goal is to
utilize the native resolution of each of the classes of instruments without being forced to average
beforehand but rather consider and taking care of the differerdotations when performing
PMF. The PMF equation that is solved instea@.)is the following:

X : : Q Q Q
© o o p 19

where @ represents a single point of the model matiXor the instrumentsamples and the

variablej, 0 ando are the start and end time of the sampderespectively;Q is the mass
fraction of variablg from factork, "Q is the mass contribution of factdfor a given timepoint

i for the variablej and'Q is the normodelled part of the residual matrik for samples and

variablej.

The sample with the highest temporal resoluti@presents the main equations ¥ For the main
equationsd and 0 are identical and the inner sum disappears, as well as the normalization
fraction at the begining. For the other samples, the poiat is represented as the average over
all points from the main equations present during the sampling pefied betweeno ando |,

as stated in equatiofil9).

In case the measurement for the classes with lower time resolution contains some gaps, then it
is extremely important to pass the information of thag and end time for these classés.order

to passthis information,the user MUST pass the PMF input time series as a 2D matrix, where the
first column contains the start time and the second column the end time. Note that the start time
for the main/default class is not used, hence for this class the time series inputoaa{i@ case

it is easier for the useontain two times the same information

In order to perform multtime, the user is supposed to prepare and read the input and error
matrices n SoFi as described with the following schematic:
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Instrument 1

Final PMF matrix

(data and error)

timestamps

Figure46 Input data and error matrices for muitime

where sample 1 has the highesig-resolution and sample 2,, 2tc. have always lower time
resolution. The emptyvhite parts in the final matriXright Figure} NS £ ® KBSy GAYS
of all samples are pasdin their native timeresolutiors. This means that the time series wave

will move back ad forth, as the samples 2, 8tc. are supposed to cover the same tinaage as
sample 1 SoFi will then find the proper index valugsd pass them to MR for the additional
averagindor the equationgo for the samples 2, 3, 4, etc. given in the exampleigure46. The

points of the higher lasses are expected to be within the main time series, i.e., that of the first
class. If that is not the case, SoFi aitomatically not consider these averaged points (gafe).
Moreover, the multitime code is also safe when used in combination with the bootstrap
resampling technique (se&4.1).

¢2 LINBLINB GKS RAFI2YyIE YIFIGINREZ GKS dzaSNJ OF y
panel @.1.4). The user is supposed to define the rdiagonal elements in the data and error

matrix as missing values (please con$ult 2. In addition, he user must define a class for each
instrument sample over time and over the variables (consut]), the multitime equations are

not properly passed otherwise.

The resulting adjustment factors RSE ONA O SR 06STF2NB | NS NBLR2NISR |
in the corresponding result folderoot: SoFi:Results:HDF filename:Solutions:rin3X F 2 NJ F dzNIi
manual inspectionNote that adjustment factors close to unity indicate a good agreement
between the different measurements.

x
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6.3. Define options forthe model matrices

6.3.1. Seed

The seed option populates the model matrig@snd F. Random initializationtypically explores
the amount of local minima, where the finah@lue is still high, compared to the global minimum
or regions in the €pace with almost identical minimak@lue (otational ambiguity see2.3).
Increasing the number of PMF runs witbmpletely randomvalues forG or F augments the
changes tdind these regions.

PMF_options — 8@

GEMERAL settings Model MATRICES RESAMPLING strategy ROLLING mechanism

Settings of the model matrices seed -

Settings.

Choose model matrix | Profiles v type|table -

Rof model_te_pr_j model_td_pr_t model_txd_pr_t model_bd_pr_{ model_td_pr_

0 1 s 3 4

0 0.0044195 0.0081828 0.020027 r r =
0.00096232 | 0.0028718 0.0098059

2 | 000025294 0.0091143 0.07195

3 | 0.00070105 | 00014514 | 0.00071388

4 0.00197023 0.002804 0.0080728

5| 001918 0.021092 0.025909

[ 0.036497 0.085535 0.052348

7 0.044949 0.05936 0.073093

8 | 0.00098892 0.0012059 0.001608

9 0.0017614 0.0045547 0.019168

10| 0.002199¢ 0.005829 0.0084708

11| 0.0037692 0.0091655 0.015027 r r v
< >

Figure47 t aC &S0 {ModeiMATRICESTREd &

¢KS G 0f SModeMWATRICES (FI20NJdi KS aSt SOGA2y daaSSRé aKz
model entries for the matrifad t N &riGHi 8 A ¥ S RighriW0Sda ¢ KOS RS F I dzZf O QI f
random. The user governs the various possibilities with the subpbhatehkppears after pressing

2y SHFYS Y2RSt SYyGNARSa¢ o

6.3.1.1. Settings

GClF OO0 2 NE For which factor position a seed value should be-sgk factors or a
single factor position, e.g. factor @an be chosen

GLYAGALFf Y2 Btbn of hdwdeSsétéhe seed valuean be one of the following
options:

- random (r):always completely random entri€default)

-72-



Dafalusﬂca}}

- pseudo random (pryandomly initialized at théeginningof a PMF
call, and the same random value is used through all other runs
belonging to thesamePMF call

- zero(0) sets the seed value for the entire factselected variable
to zero(works without external reference data)

- from vector (fv) solution matrixF/ Gis populated using external
AYTF2NXYIEGAZ2Y  FTNRY GKS T2alvRENI da NP
root:SoFi: ReferencéJNE & 5.2 fgr Pprépfaning external data
directly in SoFi.

G+ NRI of Sa&é Whether the seed value for all variables (all entries), all variables of
external vector or single variables should be set

Gb2NXI f AT S TdctOriugeddr setting seed value can be normalized (set sum factor
below, by default 1) or not.

42 NRAGS Ayil2 UpdaRiBetmodélmathid tabke in the main PMF settings window will
update accordingly.

GNB&aSG o0X0 Yesel(MdkaBdom) either entire matrix or the current factor position

model define =1
Settings variables
Factor factor 1 v J 4 l
Pol pr_mean_3j pr_mean_{ usable_vay unspet
" 5 ) -
Initial values from vectol = o 12 12 0.002358
1 13 13 0.000881 p
External vectar| HOA_Cripp ~ 2 15 15 0000226 o
P
Variables all variable = 3 24 24 0.00082T:
4 25 25 0.001784 t
Normalize factor normalize ~ 5 28 o8 0.010874 c
Sum factor= |1 B 6| 27 27 |0.032891 !
o
T pei:} pei-} 0.040261 5
write into model matrix 5 20 20 0.000885 e
v
- a noAnaETT
reset current position < >
reset entire matrix l All model var, of factor defined l
graph of anchors
up te m/z 100 x-label
80 |input—related entries from HOA_Crippa_Paris
'@
=2
. ‘ |
20
o : I‘ || |I|||I ..|.|||| |.|I|||I| |.||.|..I Lads
20 40 B0 80 100 120
______________________________ variables ]
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Figure48 Panel for initial model values from vectétOA_Paris profile normalized to 1 is going to be written
on factor position Xor the profile matrix F.

6312. hLJIA2ya FT2NJ GFNRY @SO02NJ 6FQ0 ¢

2 KSy OK22aAy3a aFNRY @S0 2 RpuedBMaddition GotiondragSt a Y
available. For each external vector one can either choose all variables of the vector or a specific
variable to populate the model matrix. The chasariable(s) of is (are) shown in the left table

Gdzal 0t S OFNAFIoftSa FTNRY SEGSNYIt @SOG2NE® ¢KS
dzy RSTAYSR IINBE RAALI F@SR Ay NRIKG GFrofS adzyallS
time some infornation is passed to the model matrix by clicking the button (write into model

Y I (i NWriingy épformation to the model matrix is additivéf. the vector of the matrix/ G

O2y il Aya &a2YS dzyRSTAYSR SyidNRARSasz GKS NG iAava
eStt26d 1a az22y +ta |ttt SYGdNAS&a INBE RSFAYSRI i
RSTAYSRE O

¢KS dzaASNJ KIFa (KS 2LIiAz2y G2 y2NXYIFEATS GKS Sydn
This option is linked with the information that is written and not to the final vector present in the

model matrix.

Example

The user wants to normalize the sum of a profile ve¢toatrix F) to one andthe information of
this vectoris storedin two independent external vectorgyandB. Then the félowing calculation
should be commuted:

w@sun(A) + sun(B)) =1 (20)
w representing the weight value.

nor.value(A) = wGun(A) (21)

nor.value(B) = w&un(B) (22)

with nor.value(A) and nor.valueB) 6 SAy3a GKS @I fdzSa SyiSNBR dzyR
FLOU2N) I N»¢ 2y O FiGurettd). y St aY2RSt yRSTAYSE 6
Writing the information of one or more external vectors to the model ma@irr Ffrom the
GaSSR¢ 2LJiA2y R2Sa y20 YSIy GKFG GKAA AYT2NY
represents the starting condition for the PMF run(s). Constraining this information or data that is

derived upon this information is performed ing the other two techniques ind {3 f deS ¢
G LJdzt £ Ay 3, s&6.313and 6. 24fodnore details
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6.3.2. fpeak
The followingfpeakoptions are available:

GRA &I 0f SRé¢ fpeak rotations are disabled.
a3t 20l f F LIBnalles rotations that affect the entire model matrices.
GAYRADA RdzI BnabifekSthtibré that affect only chosen contributions, profiles.

For these fpeak options the following types of analyses are supported:

dexact fpeak exact fpeak value is used.

dsensitivity fpeak fpeak values are systematically tested between an initial and final fpeak
using a usedefined fpeak resolution.

dgrandom¥ LIS I | ¢ fpeak values are randomly tested between an initial and final fpeak with
a userdefined fpeak resolution.

6.3.2.1. Global fpeak

The global andhe individual fpealare thosedescribed earlier unde2.4. The usemustenter the
initial andfinal fpeakand the fpeak step interval’he range of fpeak values should be seleated
a way that allowso fully investigate the range of solutions thexie environmentally interpretable
andat the same time aref mathematically similar quality.€., similar Qvalue) (Figure49).

Example
One might explore the range of fpeak that leads to a 10% increase of the normataést

residuals Q/Qexp). A number of past studies have simply investigated a predefined fpeak range,
e.g. fpeakvalues betweenl andl, regardless of its effect dQ This approach should be avoided,
since the fpeak rotation is a function of the model and theref@éQex, will vary based on the
input data and the model result.

-75



Dafalgsﬂca}}

r_ﬂ PMF_options |7£‘@

GENERAL settings Model MATRICES RESAMPLING strategy ROLLING mechanism

Settings of the model matrices fpeak 4

Settings
fpeak cptions select A

nitial fpeak | -1

Final fpeak | 1

@h| O O

Fpeak delta | 0.1

L . H Fpeak rotations
IR disab o i v bl ’

disabled

Enable global fpeak

Enable individual fpeak

Figure49 taC &SiiModeiMATRIOBESD ®BLISI| | @

Selecting one of thetwo optiong Af 206 I f  FLISI | ¢ ,énhdblesitheypRak WBtatiBrazl f T L.
for the PMF rua(s).

6.3.2.2. Individual fpeak

The user defines the initidiinal fpeakandthe fpeakstep interval as for the global fpeak the

cellsof the matrix Figure500  LJ 3 4Ay 3 dabl bé¢ GStta {2CA G2 LI &
run(s).Conceptually, it can be regarded as the scalar with which time series of one factor is added

or subtracted (based on the sign of fpeak) from another factor time series. The notation follows

the rules of linear algebra.

Example

If for example the entryf [0,1] =-5, this implies that the time series of factor 1 is subtracted by
magnitude-5 from the time series 2. Vice versa the factor profile of factor 2 is added to the factor
profile of factor 1 by the same agnitude with opposite sign, 5.

However, a zerentry in T does not prevent addition/subtraction from occurring, but rather
indicates that this rotation, should it occus neither fawred nor penalized by the model.
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BPMF_options ‘ = l

GENERAL settings Model MATRICES RESAMPLING strategy ROLLING mechanism

Settings of the model matrices fpeak 4

Settings

éfpeak options select Y
R S =
exact fpeak
sensitivity analysis

random fpeak

0

| & &

Ro{ fpeak_indiv| fpeak_indiv| fpesk_indiv| fpeak_indiv| fpeak_indiv

4

o o ole
o o oln
o o o|w

1
0
0
0

o o o

Aln|=alo

fpeak rotations Enable individual f ¥

Figure50 taC aSiiMetadMEATRICESE & Y RA @A R dzhvith tReldSamfle fdd ¥[0,1 &sS R
Gblbé F2NJ GKS FLISFH] O fdzSo

6.3.3. a-valueconstraints
a-values can only be selected AFTER the seed values have been defined.

Thea-value option allows constraining one and more entries of the profile m&taxthe time

series matrixG (see2.4.4). The constrained information can be monitored on the tabigaphs

2T GKS LI y St Figuteal)C Adding(oA chafiging the constraints is done using the

I R2F OSy (i &adz LJ y SFigue2yaGNI Ayid RSTAYySE

To enable the-value constraints, use the dropdown menu below the taBleea-values are only

used by the ME solver wherthe buttond @ £ dzS  O2 v & (i NJ thrysagraen(Figule® Sy I o f
50) and seed values are set first

a-value option combined with dsplacement for the seed

In case the avalue strategy fails in providing sufficient variation within the udefined avalue

range, for example the case when always the same result value is reached, independent-of the a
value range, then, the user has the possibility to disptheeseed value in combination with the
a-value settings.The difference compared to classical a value approach is hikin the
displacement option, the seed value is perturbed based on the setthgse avalue, but then

the current/new seed values locked during the PMF iteration. This allows to explore values
aft A3KGte 620S 2NJ o6St2¢g 3IAADBSY | yOK2 NI-valket dzSa
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exploration otherwise Anchor values can be perturbed systematically, for example using
sensitivity analysis (supported up to 5 independent dimensions) or using random exploration (as
typically the case in EPA PMIFhe reader is referred t®aatero et al. (2014pr more details
about this technique.

PMF_options = X |
GENERAL settings Maodel MATRICES RESAMPLING strategy ROLLING mechanism
Settings of the model matrices a-value bt
Settings
Choose model matrix  Profiles b type table bt
Roy constraint_tet_| constraint_tc | constraint_td | constraint_td | constraint  bet_|
0 1 2 3 4

0| exact0.2 | 1dim. sens0:C - - - &

1 exact0.2 | 1dim. sens;0;C

2| exact02 | 1dim.sens0:C

3| exact0.Z | 1dim. sensi0;C

4 exact0.2 | 1dim. sens;0;C

5 | exact0.2 | 1dim. sens;0;C

g exact0.2 1dim. sens;0;C

Ed P ) L Tre— b4

£ >

Enable / Disable -

a-value constraints enabled -
Figure51 t aC asSu iModel MATRIOBSSvalde.
6.3.3.1. Main settings
aCl Ou 2 NE all factors or a single factor position, e.g. factor 1

Pl

G¢ellS 2F Oa¢Ea&dlitAdrdig
GWMRAY® aSyaArldAgries
& ' - 51 dim. sensitivitg
GNI yR2YE
& LI & & direcllyYoAME® ¢
G+ NXI of Sa éllmodel variablesall variables oxternal variablesall entries,single
variables, e.gn/z 44

The user has the option to choose which base of variables is used to pass
the information of the constraintConstraining variables is additive, as
for defining the variableésee6.3.1).

Some more details on the optiomse the following.
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6.3.3.2. Exact avalue (exact)
An exact-value, e.g. 0.1 is used to constrain the defined information (profile / time series)

6.3.3.1. 1stdim. sensitivity (1dim. sens)

The a-value is systematically changed framiA y A-@ IA fl, dsthg the stegh y i S NID I fa- IA OSY
RSt U &ifatiahdlugé 2This allowstudyingthe PMF outcome as a function of thevalue in

one dimension.

If you erroneously define two different settings for sensitivity analysis in one dimension, SoFi will
only use the settings that are encountered first.

Example
First factor has a fina-value of 1 and second factor a firmlvalue of 0.5 and both factors have

the constraint: one dimensional sensitivity analyster the onedimensional sensitivity analysis
the finala-value passed to ME will be 1, since the first factor is internally evaluated before the
second one.

6.3.3.2. 2" dim. sensitivity (2dim. sensfo 5" dim. sensitivity (5dim. sens)

This option should be used if tleevalue combinations should be tested individualiea-value

is systematically changed fromA y A-@ IA fl, dzthg the steph y 0 SNIBI fa-RBX GF ¥ @I d
difal a-valuet. This allowstudyingthe PMF outcome as a function of thevalue ina 2" up to

5t dimension.

If only a sensitivity analysis in one dimension should be performed, the first dimension must be
chosen(see above)Usinghigherdimensiors and keepingprevious dimensiongmpty or non
defined generates an error message in SoFi.

Example
The first factor has a fina-value of 1 and a-delta of 0.2 and performs a orgimensional

sensitivity analysis. The second factor has a finadlue of 0.5 and a-delta of 0.1 and is linked
with the two-dimensional sensitivity analysiall possiblea-value combination will be ruroFi
will perform

p @ o 23
E p Oﬁ p o@ O¢€l
6.3.3.3. Random avalue (random)
Randoma-@ | f dzZS& FNB LI aaSR FTNRBY | dzy A Fa®W{ &S & 06K 0K
I LINBOAaAaARRSIINESY o6& a
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6.3.3.4. Pass limits directly to ME (limits)

If for a specific source, e.g traffic ource the range of the profile is known, this range (limits)
could be directly passed to MEusing this option. Two vectors representing the lower and the
higher limits of the profile / time series are provided and NEoptimizesthe profile during the
PMF run within these limitdNote that a seed vector must be defined too. Use the lower or higher
vector as starting condition when defining the corresponding seed information.

6.3.3.5. All model variables

This option uses as base the variables defined in the model nkdtx This leads to the sanze
valueconstraint throughout all variables.

6.3.3.6. All model variables of external vector

This option uses as base the variables of an external vector. This is useful, whenaraabies

should be used within a constrained vecfeaoming from various external profiles.g. if some

variables of the constrained vector are more accurate than otberthe profile that should be
constrained does not contain all ions that are present in the PMF input and the missing ions
should be constrained with a loogevalue toa In such a cagée less accurate onesuld receive

a highera-value.

Similartod KS a Y2 RSt YRiguRessy Sié K EJ ¢ S2 v & (i NJtha valdaids ha A y S¢
can beconstrainedleft tabled @ NA | 6 £ Sa ( KI {jas @ell fs the SneQtatyae 8tiNd A y S |
dzy O2y aid NI AYSR ONRXRIAKG 0 I)orheSattan tabfe kydtstupddryd@acly'ting NI A y
some information is passed to theonstraintmatrix. If the vector of the matri¥/ G contains
someunconstrainedentries 0 KS o6dzi 02y G { 2 Y 8ncoddtraided 2 X3 Té Ol AP ¢
soon as all entries areonstrained 1 KA a odzid2ya Gdz2Nya G2 3INBSy
constrained @
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constraint_define EI@
Settings variables
Factor factor 1 > J l
Poj pr_mean_J pr_mean_{ ussble_va{ uncon:
5 2 A
Constraint type exact a-vall * 0 12 1z 1z
1 13 13 13 B
Variables all model v * 2 15 15 15 o
P
3 24 24 24
Ea-value 0.2 ¥ 4 25 28 25 y
27 27 27 I
0
7 29 29 29 s
write into model matrix s 20 20 . e
- v
reset current position < >

reset entire matrix l All model var. of factor constrained l

graph of anchors

up to m/z 100 x-label
: |Doundaries based on seed value(s}|
0.08 { [ {] {
-:):-:):) i E il'{ ijj
20 40 B0 80 100 120
variables
Figure52 The HOA_Paris profile defined on factor 1 of the matrix F earlier Kgree48) is going to be

constrained with a fixea@-value of 02.

¢KS o0dzitizy aoNARGS Ayid2 Y2RSTtdtheluseMchnEronitar b G S&
changes on the main pandfigure510 ® L ¥ Iy Sy GdNEB 61+ & SNNRyS2dzaf @
flad aénbdusgdIWBEY20S (GKS fFad gNARGAYyId ¢KS o0dziiz
current constraintmatrix to default,i.e., empty entries 6 -a €or the entire matrix Figure52).

9PSNE GAYS (GKS dzaSNJ ¢l yida (02 €oNARGS Ayilz Y2
information is going to be constrained and constraints only existing informgaitenseed values

need to be set beforehand

It is recommended to constrain an entire profile / time series. Wvave is only partially
constrained, its unconstrained part could grow during the RiMFand become dominant upon
normalization in SoFi.

6.3.4. Displacement

The displacement approacim SoFiallows the user to introduce random and/or systematic
perturbations of selected anchor elements across up to five independent dimensions. Initially,
the anchor values are modified according to the chosewmalae constraints. Once the
displacement is ap@iRX K2 ¢ SOSNE GKSaAS | yOK2NAR | NB (| SLI
model explores variations around a defined configuration rather than continuousdgjtesting
the constraintsDisplacement helps probeolw sensitive the solution is to small, controlled shifts
in key anchor positionsBecause anchors are frozen after displacement, there is a risk of over
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constraining the model, additionally, only a limited portion of the rotational space is explored,
and relevant alternative solutions may still be missed if the chosen displacements are not
representative.

6.3.5. PFulling equations

Pulling is aother method used in MR to introducea prioriinformation into the factorization. In
addition to fitting the measured data, the model can be guided towards predefined values or
relationships between variablas the profile matrixFor the time series matri (see2.4.5.

This is achieved by adding additional equations that penalize deviations from the specified targets
during the optimization. Pulling therefore allows the user to incorporate external knowledge
while still allowing the model to adjust the solution accordilogthe measured datand is
therefore regarded as a soft constraining technique.

Pulling equations can be written manually or with the help of Soké& ME2 solver is very
sensitive to the form of the pulling equations and its limits, so the equatibosld be defined
carefully.To enable the pulling equations, use the dropdown menu below the tadliie.pulling

equations are only used bythe ME a2 f OSNJ 6 KSYy (GKS odzidzy dat dz f

turns green(Figure53).

PMF_options o | = pulling_define [E=R
GENERAL settings ~ Model MATRICES ~ RESAMPLING strategy ~ ROLLING mechanism Define pulling equation(s)

Pulling method | auto pu\ling - constraint weight (dQ limit) | 10 |+
Bt pulling - = tolerance (allowed deviation) 0.1 |+

Constraint mode | exact pulline =

Pulling type variable M
Settings 9 typ

Choose model matrix| Profiles M

Factor factor 1 - Variable| 12:Ni - targetvalue (0 |+
Fai pulling_txt_pr
o factor_priMn][1] - 1.5 * factor_priFe][1] = 0; [MAN; 10; 0.1];
1 factor_priN11==0; [MAN; 10; 0.1];

current pulling
INFORMATION
UPDATE current information
reset last entry
write into model matrix reset entire matrix
reset user-defined entry
Enable / Disable e . Lt T e
pulling equations | ENabIe are enabled
. x A& 4 4 x e _ Py . A , . .
Figure53 taC asSutuAy3daaz 0l @uling¥eg®Riéht Tha tabienshaw® the defined pulling

equation, the newly popped panel next to it should be used to define the pulling equations.
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SoFi offers a wide range of options for different pulling equatidrteey are described in the
following. Not all combinations of mathematical options are compatible with each other.
Additionally, some information has to be added manually.

6.3.5.1. Pulling method

SoFi (and the ME solver) distinguish betweerwb types of pullingautomatic pulling and
manual pulling In automatic pulling, the user specifies a target value together with a constraint
strength and a tolerance. The strength determines how strongly deviations from the target
influence the optimization, while the tolerance defines the acceptable range artlm target
value. This approach provides a flexible way to guide the solution without strictly enforcing the
constraint.

In manual plling, the constraint is treated as an additional equation with a defined uncertainty.
The user specifies the target value and an expected deviation, and the model minimizes the
difference between the calculated value and the target during the optimizatibenual pulling

is therefore typically used when reliable prior information is available and a more explicit
constraint is desired.

6.3.5.2. Pulling typeand following pulling equation

The first part of the pulling information is dedicated to the actual pulling equation and the target
value.Depending on the type of what should be pulled, the pulling equation can look slightly
different, but the main format is:

model variables to be pulled = [pulling value];[pulling strength];[pulling uncertainty] (24)

For more usefriendliness, SoFi offers templates for pulling single variables, sums, differences
and ratios.Especially for the ratios, the usshould make use of them as the equation syntax of
the ME2 solver is quite rigid, and the ratio has to be written as a difference equal to zero, division
in the pulling equation is not allowed/recognized, the {ESolver only accepts aus or
differenceof terms, where terms are either single terms or produgtgure54).

For manual pulling, only equal equations are allowed, for auto pulling, the solver also accepts
unequal pulling equations (>= and <=), as the2vdblver has access to different-salled error
models that allow onesided pulling where as for manual pulling only symmetrical pulling is
allowed.
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pulling_define E=m pulling_define [=x
Define pulling aquation(s) Define pulling equation(s)
Pulling methed | auto pulling = constraint weight (dQ limit) 10 |+ Pulling method |auto pulling  ~ constraint weight (dQ limit) |10 |+
Constreint mode meact pulling (£ - tolerance (allowed deviation) 0.1 |+ Constraint mode| exact puling ({ = tolerance (allowed deviation) [0.1 |+
Pulling type | sum - Pulling type | ratio
Varla|b|E 10:Mn
Factor | factor 2 - Variable|2:5i - targetvalue (4 |2 Factor factor 1 + | (numerator} ] 1.5 |~
Veriable
(denominator) - ©
current pulling I e current pulling 15 -0 . 10: 0.11:
INFORMATION factor_pr[Al][2] + factor_pr{Si][2]=4; [AUTO; 10; 0.1]: INFORMATION factor_prMn][1] - 1.5 * factor_pr[Fe][1] = 0; [AUTC; 10; 0.1];
NEW current information ADD TO current information UPDATE current information
reset last entry reset last entry
write into model matrix reset entire matrix write into model matrix reset entire matrix
reset user-defined entry reset user-defined entry
. o I A A “ A A . P A , A, - A
Figureb54 C2NJ adzy 2NJ RAFFSNBYOS 2F USN¥Yaz 0KS abSg OdaNNBY

Oy 6S IFRRSR @Al GKS aFRR (2 OdzNNByli AYyF2NXNIGA2
of two terms that is equal to zero, where one term includtes multiplication with the target value.

6.3.5.3. Pulling strength

The influence of a pulling constraint on the solution is controlled by its associated paranseters
the second part of the pulling information ddicated to these pulling details.e. the pulling
method (AUTO or MANihe weightstrength and thetolerance/uncertainty

The constraint weight/strengthdetermines how strongly the model attempts to satisfy the
specified constraint. Increasing this value increases the contribution of the constraint to the
objective function (Q), thereby fomg the solution closer to the target value. Low values result
in weak constraints with little influence on the solution, whereas very high values may dominate
the optimization and reduce the influence of the measured data.

For automatic pulling the tolerance defines the acceptable deviation from the target value.
Smaller tolerances enforce the constraint more tightly, while larger tolerances allow greater
flexibility. The tolerance should typically be chosen in accordance with the expected variability or
uncertainty of the target valueFor manual pulling, theincertainty plays a similar role. It
represents the expected error of the constraint and determines how strongly deviations are
penalized. Smaller values correspond to stricter constraints, while larger values reduce the
influence of the constraint.

6.3.5.4. Constraint mode

Similar to the avalue approach, SoFi offeexact, random andutomatic sensitivity analysisf
several dimensiong his can be applied to the target value and/or the constraint weight/strength
and or the constraint tolerance/uncertainty. For any sensitivity analysis or random pulling value,
the notationis the following:

- - N e - PR -

OOUPAGh OEI EOEAI OAl OA6h Ofgml Al OAI

-84



Dafalusﬂca}}

These three parameters, i.@rget, weight andoleranceare treated as independent parameters.
Therefore, the user can perform independent sensitivity analysis for these three parameters, if
desired. This results in three independent sensitivity analysis dimensions, i.e., one is 1D, the
second is 2D and the itld one is 3D.

6.3.5.4.1.Exactpulling (EXT)

An exacttarget valueis used to pull the current information (profile / time series) during the
iteration towards this anchor valué&o square brackets need to be defined, for easy readability
the exact value is just passed to the pulling information.

6.3.5.4.2.1* dimension sensitivity analysis (1D)

The userdefined information {arget or weight ortolerance is systematically changed from an
initial value, using usedefined step intervals to a final value. This allows studying the PMF
outcome as a function dhe pulling information in one dimension.

For the target value, the user can make use of menus for the minimum and maximum value as
well as the step size. For the weight/strength and the tolerance/uncertainty, the user has the
option to add a template intahe pulling information and has to change the information there
manually Figureb5).

If you erroneously define two different settings for sensitivity analysis in one dimension, SoFi will
only use the settings that are encountered first

pulling_define EI@

Define pulling equation(s)

Pulling methed | auto pulling constraint weight (dQ limit) | 10 |+ V| add templ.

Constraint mode| 15t dim. sen ~ tolerance (allowed deviation) | 0.1 |+ V| add templ.

Pulling type variable e

min. target value | 1 -

Factor | factor 2 = Variable| 10:Mn = no sens. max. target value | 3 =

stepsize |05 |+

current pulling — . . . ) . .
INFORMATION factor_priMn][2]=[1D,1,3,0.5]; [AUTC; [xD,min,max,step]; [xD,min maxstep]]:

UPDATE current information

reset last entry
write into model matrix reset entire matrix
reset user-defined entry

Figure55 Define pulling equations. Sensitivity analysis for the target value can be chosen through entering
the desired values for minimum, maximum and step size. For the weight and the tolerance a
template will be inserted and the user has to manually enterthedaSa Ay (KS & Odz2NNB
AYVF2NNIGA2YE FASERO®

-85



Dafalusﬂca}}

6.3.5.4.3.2"4dim. sensitivity (2D) tosdim. sensitivity (5D)

The usetdefined information {arget or weight ortolerance is systematically changed from an
initial value, using usedefined step intervals to a final value. This allows studying the PMF
outcome as a function of a pulling information in™ @p to 5" dimension.

If only a sensitivity analysis in one dimension should be performed, the first dimension must be
chosen. Using higher dimensions and keeping previous dimensions empty eatefioad
generaes an error message in SoFi

Example

The first equation has min. target value of 0 and fnal target value of 1 and atep szeof 0.2
and performs a onelimensional sensitivity analysis. The second equation hasamum and
maximumweight of 10 and 50, respectivelyand step sizeof 10 and is linked with the twe
dimensional sensitivity analysis. SoFi will perform

(26)

P oL ™ G 6 &
® © pn’

6.3.5.4.4.Random pulling (RND)

Random pulling values are passed from a uniform distribution between initial value anafimal
with resolution of deltavalue.

6.3.5.5. Write pulling information

Once all the pulling parameters are defined, thelipgl information needs to be written into the
Y2RSt YIFIGNREZ QAL GKS odzit2y GaéNARGS Ayid2z2 G(KS
remove either the last or a specific pulling information from said matrix as well as to reset the
entire matrix.

52y Qi F2NHBSG G2 SyrotS GKS Lzt f Ay3 SldzZ GAz2ya

6.3.1. Factor specifications
91 OK FI OG2NJ NBOSA @ Ypostionk 30 RKTSI dza S N IOY §/  cOKIH @ ({BHZSNJ
G Tl Ol 2 (RiguiebBRaldgive proper source names instedtie factor names in the analyze

PMF plots are based on these names and it is also important for averaging PMF solutions with a
different number of factors.
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[® ] PMF_options E =] @ |® | PMF_options E =] @
GENERAL settings Model MATRICES RESAMPLING strategy ROLLING mechanism GEMERAL settings Model MATRICES RESAMPLING strategy ROLLING mechanism
Settings of the model matrices factor specs e Settings of the model matrices factor specs 7
Settings Settings
factor 1 [ = [ =
Po model_tit_factor_specs ‘ Po| model_txt_factor_specs ‘
4} factor 1 ~ 0 HOA A
1 factor 2 1 COA
2 factor 3 2 BBOA
3 factor 4 3 QOALV-00A
4 factor 5 4 SV-00A
5 5 |
- W
< > £ >
Give a name to each factor. Give a name to each factor.
This allows to IMPORT and AVG over runs with various factors. This allows to IMPORT and AVG over runs with various factors.
Figure56 taC aSuuAy3aaz 0 lfactorspedsiRetfdefault Mamds,/(rigHt) &iafined names.

When averaging PMF results in SoFi {&&e€l), factor possessing the same name will be averaged
together. This allows the user to import various HDF files with various sources. The averaged
result will then be based on all factor names defined by the u&sra consequence, the final

factor specs list of the averaged solution might be larger than the factor specs list of a single HDF
file.

If an HDF file contains mufthctor solutions and the various factor solutions at the same position
aK2dz RyQid ySOSaalNE 6S @SN ISR (23SHUKSNE GKS)
for a factor positonCl QU2 NJ VI YS& &aK2dzZ R y2i4 Ay OfdzRS abée
falsely mistake it as two factors that should be added.

Example

Averaging thee different HDF file together, where only HOA and COA is a common factor
between all of them.

Tabled factor specifications of three HDF files ambat that meandor the averaged solution.

HDF 1 | HDF2 HDF3 avg. solution in SoFi

HOA HOA HOA HOA form all files
COA COA COA COA from all files

-87-



Dafalusﬂca}}

BBOA | SVOOA | BBOA | BBOA from HDF1 and 2
OOA LVOOA | SVOOA | OOA from HDF 1

LVOOA | SVOOA from HDF 2 and 3
LVVOOA from HDF2 and 3

Example

An HDF file with 4 and 5 factor PMF runs, where tlepdsition in 4factor runs represents
something different then the B position in 5factor runs. When averaging over dnd 5factor
solutions, SoFi will use dedicated factor positions for OOA ar@QA. This leads to a gactor
solution for the averaged solution, since OOA andD®A are separated from each other.

Table5 factor specifications for one HDF file containing 4 and 5 factor runs and the averaged solution.
HDF avg. solution in SoFi
HOA HOA
COA COA
BBOA BBOA
OOALV-O0A OOA
SV-O0A SVVOOA
LMVOOA

If this was not done prior to running PMF, so the information on the-dséined factor names is
not stored in the HDF filehe user can alsmanuallychange the factor names before averaging
the solutions. The factor specs list can be found here:

root:SoFi:Result&NAME_OF HDF_FitFarameter:model_txt_factor_specs

6.3.2. Considerationof the priority of the rotational tools

The explorative techniques for the rotational ambiguity are additive. The fpeak rotations can be
enabled besides other techniques, such as thale or pulling equationsr Gvalue approach,

etc. The fpeak rotations have least priorityg., rotations are not allowed, if the resulting values
are for example outside the limits given by theaue constraints.
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6.4. Estimaton of the datistical uncertainty

The final PMF result / solutiomust also contain a quantitative measure of the statistical
uncertainty. For ambient aerosol data tinghest contributors to thestatistical uncertaintyare

mainly randomchanges of the emission sourcésast studieg(Paatero et al., 2004and (Ulbrich

et al., 2009) typically employedi KS NB al YLI Ay 3 @adviNdn and Bigkleyy T0R72 G & (0 N.
to address and quantify this typs error for AMS data

6.4.1. Bootstrap resampling strategy

he bootstrap methodgenerates a new set of input matrices for analysis by randomly resampling
from the original datase(Efron, 1979. This resampling strategy involves duplicating some data
points while omitting others, which effectively perturbs the input dédaeFigure57). Given that

a sufficient number of resamples has bgsrformed the variation within the identified factors
across all bootstrgped runsallows to estimate thestatistical uncertainty.

Figure57 Schematic of the defaulPMF input matrix (left) and a resampled one (right sideé)e colors
represent the resampled rows. Note that the dark green color appears twice, whereas the olive
green present in the default PMF matrix is absent.

Main Settings
Gdzyof 2 O1 SR ¢individual time points are randomly sampled

Gdza Ay 3 RS T Aalf foRts keforgi@agitGtheésame class are grouped (blocked) together.
Check5.4.1 for how to create classes. Classes can be created on
external text waves, indices or keywords.

In theunblocked bootstrap individual data points are randomly sampled with replacement from
the original dataset to create new, resampled datasets. Each new dataset contains the same
number of data points as the original, but certain data points may appear multiple times, while
others may not appear at alh crucial point when applying the bootstrap strategy on the PMF
model is the presence of sufficient variability for retrieving the expected sources. If for example,
the data covers a special periodcsuas a fireworks event, it might happen that after resampling,
the points reflecting this specific period are eventually missing and little variability is available to

-89



Dafalgsﬂca}}

separate the specific sourc&heblocked bootstrapaddresses the limitations of the standard
bootstrap for timedependent dependent data. Instead of resampling individual data points,
blocks of data are resampled together. These blocks can be defined by thebukd). (These
blocks preserve the natural dependencies within the ddti@e choice of block size should align
with the natural variability in the data. For example, in traffic data, daily blocks or blocks of rush
hour vs nomrush hour might capture diurnal patterns, while smaller blocks would be
inappropriate.

Bootstrap repeats play a crucial role in ensuring that the uncertainty estimates are robust and
reliable. A higher number of repeats typically improves the accuracy of the uncertainty
assessment for the identified factors. This is because each repeatiites a differat sample

of the data, helping to capture a broader range of variability that might exist in the dataset.
Insufficient bootstrap repeats can lead to misleading uncertainty estimates, as the resampled
datasets may not capture all the relevant patterns oratilities, particularly in complex or noisy
datasets. The number of bootstrap repeats is controlled by the number of PMF calls under
GD9b9w! [ ForStanddrd/PME andlysis (static PMF input), it is generally recommended
to perform at leas600- 1000 bootstrap repeatsout in the end choosing the appropriate number

of repeats is often a balance between computational feasibility and the need for accurate
uncertainty estimation. In rolling PMF, the number of bootstrap repeats per window can be lower
than in standard PMFue to the smaller size of the data window that is rolled over the dataset
which also lead to additional repeats for each @@hen et al., 2022

PMF_options E\@

GEMERAL settings Model MATRICES RESAMPLING strategy ROLLING mechanism

Bootstrap settings

Choose size of block | unblocked 4

Enable / Disable

bootstrap resampling enabled v

Input perturbation settings

Input matrix perturbation random within ¥

-

error scaling factor | 1 -

Enable / Disable

input perturbation enabled v

Figure58 t aC &S i iRBEFAVPEINGIStaiégy
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6.4.2. Input perturbation

The input perturbation will randomly perturb the input matrix with a value withix* the error

matrix. The scaling factor x can be defined by the user, by default it is set to 1 so that each value
is randomly varied within + its erroihis technique is used to assess how sensitive the PMF
solution is to variations in the input data and to estimate the robustness and uncertainty of the
factorization results. By perturbing the input data multiple times, a range of PMF solutions can be
generated. The variability across these solutions helps to estimate statistical uncertainties in the
factor profiles and contributions. This provides a more realistic view of the robustness of the
identified sources, taking into account the inherent uncertes in the input data.

6.5. Rolling mechanism

The main limitation of PMF is the modeling of static factor profiles that stand in contradiction
with a dynamicsystem, wheresourceprofiles are supposed to vary over time. To account for a
possibletemporal variation othe factor profiles a rolling approach was suggested (Parworth et
al. (2015, Canonaco et al. (2021fpr ambient AMS/ACSM data.

Unlike traditional PMF, where the entire dataset is analyzed at once, rolling PMF applies the PMF
model to small, overlapping windows of data that move across the timeline. This approach allows
for tracking how factor contributions evolve over timseé Figure 59). To maximize the
effectiveness of rolling PMF, it is essential to follow some best practices and guidelines:

- The PMF window must be smaller compared to the entire datasetsevgral daylsveeks
if the total PMF inputcomprisesseveralyears More importantly,the window length
should be chosen as such that thesumption of static factor profiles is legitimate.

- To avoid sharp transitions between consecutive windows, it's important to overlap the
windows which ensures that the factors identified in adjacent windows evolve smoothly
over time rather than abruptly changing from one window to the next.

§

Figure59 Schematic of a rolling PMF window.
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Main Settings

GoAYR26 o A Biekf¢he PMF window expressed in days

GoAYR26 &K Ahiitioféhe PMF window expressed in days

Gy od® 2F NIB kdfrate dfthe nb. of repeats due to the overlap of windows

|I| PMF_options = | = || &3
GEMNERAL settings Medel MATRICES RESAMPLING strategy ROLLING mechanism

Rolling settings

window width
(days)

window shift ]
(doys)

nb of repeats due |
torolling only  |”

Enable / Disable Rolling mechanism

rolling mechanism €Nab1ed | isema bled

Figure60 t aC &S i iRorANG:ES GiK oy Ada Y €

Ideally the rolling PMF approach is combined with the bootstrap resampling strategy to estimate
the uncertainties in rolling PMF. Because each window contains fewer data points than the full
dataset, fewer bootstrap runs are typically needed. Furthermdrany factors are constrained,

the rolling PMF approach should also be combined with the randemlue strategy. For more
details please refer t€anonaco et al. (202anpdChen et al. (20229nd analysis therein.

6.6. Call ME2 and perform PMF

SoFi calls ME and passes the PMF inpwith the current instruction filetogether with the
defined and constrained information, if present, to ME

Before the ME2 solver is called, SoFi will give a short warning on how many PMF calls will be
performed and whether the user wishes to contindéhe progress can be monitored with the

t NEPINBad oOFNIfEdad i (KS Bgiie34dE qKS LINPAINRIE & Sa I M
on calculations performed in IGOR for SoFi only.
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7. { 2 Ctha QB dxfoi

7.1. Import result files (HDF file(s))

7.1.1. Define pathof ME2.exe file

The user givethe location where the ME®PSES FAt S NB&aAARSa o0& LINBaa
S E S O dziFlg@rd6 B, & thedPMF run(s) were performed from the same experiment, this path

is already defineddowever, KS &t aC NB&adz G¢ (G 6 A dtheQewoust SG St &
tabs and PMF results can be consulted even if they have been generated from another IGOR
experiment or from another P'he only restriction is given by the existence and the structure of

the ME2 folder under the OSf the user wants to inspect some PMF restiftat was run on

another PC, then the HDF5 file containing the PMF results must be stoddEid Resultsof

the AME2_enginefolder: X\ME2_EngineME2_Results

SoFi_panel = |[ =] |[ &2
-
Da-‘—algs"—ica?} S 0 F I FAELSERCRMEE INSTTRWD J’f\\ . -_::T:
version 8.00
Import data Pre-treatment Run Result

1) Define path of ME2.exe file
Path | CA\MEZ_enging'

Folder of executable
2} Select HDF3 file(s)

Il.a Select HDFS file(s) Il Import chosen
containing PMF result(s) HDF5 file(s) in IGOR

3) Select and analyze PMF runis)

Ill.a Select PMF run(s) lILb Analyze chosen
from HDF5 file(s) PMEF runis)

Sofi license:

logged in
min. left |0 RT-381 days 9 of 10 licenses

next connection in: 7.81 hrs.

Figure61 Main SoFi panel, PMF result tab.
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7.1.2. Select HDF5 file(s) containing the PM(s)

Thecurrent SoFi versioaupportsanalysisof multiple PMFruns of a single PMF calbne HDF5
file) but also among various PMF cd#ieveralHDF5 filels

¢KS odziti2y aLL®F {StSOG I15Cp FA{So6a0 O2y il AyA)
decides whiclof the HDFS5 filesvill be consideredFigure62). The list contains all HDF files under

the previously chosen solver locatiochK A & gAY R2¢ Ydzad o6S Of2aSR o6&
button again.

Multiple PMF runs can behosen by pg & & A y 3 (i ke seléc(s hdjatehtPMF runs or by
pPNBaaAy3d GKS &/ adiapeht PMSrans. WiseldctBdRPME rauiinot present in

IGOR or if previously present, they will be remoedigr having asked the user with a prompt
messageThis imecessaryo keep thel GORexperimentsmall to avoid possiblé 2 dzi 2 F YSY2 N
errors.Removing the PMF runs from IGOR will obviously not atfieat storage place on the HDF

file(s).

[2H] HOFs_files = | B ] 3

Choose PMF run(s)

RT_test_||_CMB

Consult grand log file
(for all HDF files)

IMPORTANT: close by pressing on the Il.a button

Figure62 Subpanel showing the list of HDF5 files to be chosen for the PMF analysis.

¢CKS 2LIiA2Yy a/ 2yadzZ G INIFYR €23 FA{S oF2H) Ftf |
nb. of factors, nb. of timepoints, types of constraints, étceach fildisted. This allows the user

to keep the overview over the conducted PMF runs without being forced to import each of them

for visual inspection.

7.1.3. Import the chosenHDFS5 file(s) into IGOR

t NBaaiAy3a 2y (GKS 0dzid2y dLL®O6 LYLERNI GKS OK23
information of the HDF5 file($) the corresponding folderd\ith this, only a subselection of the
results, necessary for the plots i2.2is imported, not the full HDF file.
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7.2. Manual selection of PMF run(s) form a HDF file

hy GKS o6fdzS LIySt G(KIG LiZdnia ¢ FTUNNY LENGg@ERE)A Y E! $id
the user browses through the HDF5 files and selectsrtimés) that should be kept for the
subsequent PMF analygisigure63).

7.2.1. Settings
G/ K2A0OS 0 Mandl cBoite (default casegutomated selection (se@.3)
G{ St SOU | BEsmpimporied HDES files to choose the PMIhsfrom

GF @3 o t a CWhidtwf BMFUUhs should be averaged. For more information7 gedhis

option is useful for the finalization and should only be used in combination

with the criteriad 8 SR aSt SOUA2y ® 5SFldA G Aa ay
GE EA & (& LiSsér defines the:-label for thegraph (seeFigure63) from the list: run nb.,

nb. of factorsfpeak valuea-value, pulling valueGvalue

7.2.2. Choose PMF runs(s)

As a small overview, the user has four different types of graphs to decide which PMF run(s) can
be interesting for further inverstigation: Q&Q, absolute values, relative values, explained
variation plot. Whereas the Q& graph shows the Q/&pfor each run, the otheplots show a

bit more details on how the factors are distributed: in absolute values, in relative values and also
taking into account the (un)explained variation.

For selecting one or several PMF runs, the user bestisahe Q/Qxptab, where an overview

graph of the Q/Q of each PMF run in the current (chosen) HDF file is shéenselecting a

PMF rurthe user drags a marquee around tharand confirms the selectiobyOf A O] Sofid 2y 0
marque€Eh G { St SOGA 2y 2 LI AnZhgcbritextmend df g rihOniousd blaidNS v G €
ThechoicedUNSELeaturrentt I 'y RINSELedt f résétsthe option for the current HDF file or

for all HDF files, respectivellhe gray bars (only xalue) representing PMF runs thadtaild be

further investigated must be in the marquee!

Chosen PMF runs are highlighted in the f@raph in blueThemarqueeselectionis additive

andcan be performed oany of theA NJ LK & LINBaSyd 2y (GKS LI ySt af{ !
the popped graphsBut only in the Q/Qp graph the chosen vs necthosen runs are
distinguishable by color.
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[_.J Select_PMFruns [i L@,

Settings
Cholc‘ b”‘d - manua] Chojce -
avg. PMF run(s) no average

log file (actual HDF file)

Select HDF5 file Dummy

x-axis type run nb. avg. settings || factor specs

Choose PMF run(s)
Abs. values Rel. values (Un)expl variation

Horiz Expand
Vert Expand
Shrink

Horiz Shrink
Vert Shrink

WITD @6 3 -aE e~

-]

Sofi marquee * Selection options r SELect current
Marguee analysis tool UNSELect current
| SELect all
UNSELect all

Figure63 (St 800GAYy3 I &S0 27 Danimil MAYiK TNESY YU KNSj deS55Cp FA L S

7.3. Qiteria-based selection

When a PMF analysis involves several hundred or even thousands of individual runs, as for
instance durindpootstrapping(see6.4) or arolling window analysigsee6.5), it quickly becomes
impractical to review each solution manually. To simplify this process, SoFi prowdésria-

based approachthat condenses the information from all runs into a few representative metrics,
referred to ascriteria

Instead of examining every single PMF run, the user can define specific criteria that act as proxies
for the overall model behavior. These may include, e.g., a correlation coefficient, a ratio between
selected variables, or the sum of certain parameteduakced statistical tests for more objective
selection of the proper PMF runs are also accessible. Moreover, 1D array,pagicalar factor

profile or diurnal cycle and 2D arrays in form of scatter plot with wefined x, y and color can

be explored as a function of each PMF run (see below for more details).

Each run is then assigned a set of scores for the chosen criteria, which can be visualized and
compared directly within SoFT.0 access the critedlbased selection the user must select the
2LA2Y al dzi2Yl 0 SR-RREYS TSNV A &/ KFHDGSH. 0o RRBEIR 2y YE
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Select_PMFruns

g

Choice based on: automated selection v

avg. PMF run(s) compute average (only averag ~

x-axis type run nb.

Select HDF5 file Test_bootstrap h.s

log Yl'\ e (actua H !!!IE

b avg. settings | factor specs

_ Choose PMF run(s)

Abs. values

o/,

Rel. values (Un)expl variation

iterations

Figure64
It AO1AY3

Select_PMFruns panel showing the critdsased selection button.

2 \Oitefiaf0$ 4 Sl BB SOG A2y ¢

f I dzy OK S a

z

idKS

Figure 65), in which the criteria will be defined, the ruriespected,and environmentally

reasonable solutions chosen.

= |53

log file (actual HDF file)

Select_PMFruns

_ Settings

Choice based on: automated selection v
avg. PMF run(s) compute average (only averag: ~
Select HDF5 file Test_bootstrap

x-axis type run nb. ¥ | avg. settings | factor specs

_ Choose PMF run(s)
v,

Abs.values  Rel.values  (Un)expl variation

PMF_criteria

1) Define the criteria  2) Inspect score plot(s)  3) Inspect selection

1. Define set of criteria

criteria file

NEW

~ define criterion to be d per run

reset last

type point average ¥

reset pos
move pos

reset list ||

- list of criteria

Figure65

o-
-~
(0p))

ddzo LJ y St
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7.3.1. Type of criterion

¢KS FTANRIDG

GFo Ay (GKS dat aCyPONR G SN idéfined @ira N/ a

(seeFigure66). Point criteria can be used for sorting.

GLRAY(E

single point is monitored for each PMF run

single valuetbe final wave that could be sum, productyratio, etc. of
other wave$is averaged

single value is the sum of the final wave

multilinear regression on PMF results. Uptéo independent variables
can be defined

R-Pearson value useful for linear relationships
also rank correlation, useful for any type of relationship

rank correlation coefficient that analyzes concordamidadiscordant
pairs

cosine similarityuse for profile information
1Darray is monitored for each PMF run

2D array with usedefined colors, i.e., a colored scatter plaot
monitored for each PMF run.

The various types of criteria are coloonded to allow to user to easily distinguish between them
Ay GKS 20SNIASHFiguraed).0 af Aad 2F ONARGSNAI ¢

25| PMF_criteria = =R

1) Define the criteria  2) Inspect score plot(s)  3) Inspect selection
1. Define set of criteria

criteria file

NEW

define criterion to be monitored per run

= et last
type image ~ =t
reset pos

move pos

reset list

list of criteria

criterion 0 4 factor_1; ext_EC_tr'Time series;default resolution;nor ~
criterion 1 [ explvar_factor_3[60]"Time series;default resolution;nc
% factor_5[44]';Profiles;-;-

criterion3 B var_[44]% var_[43]"; hours; Time series;default resolutic
criterion 4 B4 var_[55]% var_[57]'; hours';Time series;default resolutic
criterion 5 B4 var_[44]' var_[60]'; hours';Time series;default resolutic

citerion6 [ factor_1:Time series;default resolution;diumal cyclea .,

< >l

G F
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Figure66 Different colors for the different types of criteria help to easily distinguish them.

7.3.2. Criteria list

Several different criteria can easily be defined in SoFi and the risk of losing track of which criterion
was defined for which factor is high. Therefore, a small overview table, including thecooler

of type of criteria, showing the defined criteriaalsvays visible from the first tab. A more detailed
batch table containing all information to a criterion, like exact time point chosen, type of data
(abs or fraction) or resolution, can be consulted from the second tabRgpee78).

[E% PMF _criteria [= == rmFec. (= ][ =
1) Define the criteria 2) Inspect score plot(s) 3) Inspect selection DATA
l. Define set of criteria
criteria file Time series e
NEW default resoluti ~
define criterion to be monitored per run y-type |variable ~
" reset last y-var| Zurich_ ~
type point - average -
reset pos
factor_S[44] move pes
reset list
list of criteria
citerion0 [ factor_1" ext_NOx'Time series;default resclution;diur diurnal ~
criterion 1 [ factor 1" ext EC_tr'Time series:default resolution;diu T -

criterion 2 [ factor 2" ext EC_wb":Time series:default resolution:di
comparison with
all other factors

criterion 3 %) explvar_factor_2[60]";Time series;default resolution;dii

criterion4 B factor_1'+ factor_2"; ext_EC":Time series;default resolu
%' factor 4[44]"/ factor 4[43]'Time series;default resolut)
criterion 6 [ factor_5[44] Time series:default resolution;diurnal oyt

Select based on
class / time

Evaluate list of criteria

Figure67 Several criteria visualized in the criteria list with the proper colwde. Criteria in bold are those
that contain a temporal suselection. Highlighted criteria are used for repositioning unconstrained
factors.

Criteria that must be evaluated are check#d criterion has already been evaluated in a previous

round, there is no need to revaluate it agairfbesides when it is used for sorting)his saves a

lot of computational time and makes the criterion analysis fagBeiteria that should be usedr
repositioning (sorting) of unconstrained factors must be selected and are highlighted in the
criterialist 6 SS 06Sf 26 dzy RSNJ a¢KS ONARGSNAI | LILINRF OK 2y
LI 88 A DS ONR G SNAR I Eigurge)NFutherin@e, doissiiiaints liiaysovedE&ver

sorting criteria meaning that constraint factors cannot be sorted but are fixed in the position that

they were constrained inCriteria that containasulh St SOG A2y FTNBY (GKS LI yS
Of aa «k GAYSdddintheBrite@adisi.dzl £t AT SR Ay
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7.3.3. Active (sorting) versus passive (monitoring) criteria

In case many PMF runs with several unconstrained factors are run and the solutions are not
inspected manually, the problem arises that the positions of the factors will most likely vary.

Table6 Example with 4 factors and 2 PMF runs
PMF run 1
position 1 2 3 4
factor HOA COA BBOA OOA
PMF run 2
position 1 2 3 4
factor HOA BBOA COA OOA

Swapping occurred for position 2 and 3 between the PMF runs 1 and 2. The factors need to be
repositioned based on certain conditions / criteria, to guarantee that position 1 carries always
HOA, position 2 COA, position 3 BBOA and position 4 OOA.

¢CKS LINPOEfSY 2F NBLRAAGAZ2YAYT FLOG2NER 2y | @I A
NEBLX I OSYSyGé¢ LINRofSY (KI G nimbdréf pasitiomsAidigkfor GKS T I
unconstrained positions there are 6! or 6*5*4*3*2 = 720 possibilities. SoFi ctespall
combinations and evaluates all defined criteffdne scores are then internally weightedsgore

followed by gaussian rank transformation), so that they all hsiw@lar weightand range SoFi

Pro employs the Hungarian algorithm to optimally sort factors. While the Hungarian algorithm is
highly effective, its computational cost increases rapidly with the number of unconstrained
factors. E.g., for 10 unconstrained factors there are alreddg 3y Qy nn O2YoA Yl (A 2Y
constraining known and vg stable factors (e.g. fixed elemental ratios) reduces the
dimensionality of the sorting problem and allows SoFi Pro to focus the computational effort on

the remaining unconstrained components. Teé@mbination with the highest sum of scores is
returned as chosen combination for ordering the factors. This guarantees that the unconstrained
factors are scorsorted in the best possible way.

A criterion used for repositioning an unconstrained factor is-gaated active criterionk-or each
factor, only one ative (sorting) criteria can be defined, unless it is a constrained factor, then the
constraint overpowers the sortingh passive criterion, will simply give the score for the current
position, without affecting its sorting?assive criteria are typically used for constrained factors,
where the factor position is already fixed and known in advance, or as further criteria for factors
that are being sorted.
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The user governs whether a criterion is active / passive directly from the criteria list by selecting
GKS I OGAGS 2ySa ¢gA0K GKS Y2dzaS o6& Of AOlAy3a 2y
Figure67).! £ f aLRAYy(G¢ ONARGSNRAI o0S&aARSa GKS Ydzt GAf A
active criteria.

7.3.4. Criterion syntax

¢ KS ¢Subphnelsee) provides all options required to define specific critefiie following

list is shown for demporal criterion ¢s). Options for criterion on pfiles are characterized by

(pr). Each data type is internally distinguished by a characteristic prefix or suffix (shown in bold
brackets in the list below). These identifiers are essential for SoFi to correctly recognize and
evaluate the respective criterion. It is therefore importantathusers doNOT modify these
prefixes or suffixes. When criteria are entered manually, the appropriate prefix or suffix must
always be included; otherwise, SoFi will not be able to process the criterion proNetly that

the features from this subpanel are typically additive. This means that existing information in the
criterion line is not overwritten but new information is rather appended to the preexisting one.

G¢AYS &SNRSa: toddiid tha tipd &f éata (contribution@s) or profiles(pr))

GRSTI dzf G K2 dziedaine th&ktemipbral reddiBtiaind &

G & -(6eR.us ¢ solution(ts, pn), variable of solutiorftsT [vr.]), external(ts, pr,
ext ), variable(ts, var ), res. (ts, RES), abs. res. (tsSABSRES,_
scaled res. (tSRE8V ), abs.scaledres. (ts,ABSRBS ), Qres.
(ts,QREYS), explained variatiorfts, explvar ), hours(tsz [h&ur])

G & -2 ENE P NASa RSLISyiRABRE AGI BOS ARY

Gy 2NXYIFE X O Of ®dadfine whether normaldaily, weekly, monthly or yearly cycles
should be used

Gl oax FNI OGA 2 6define whether absolw data or fractioni.e.,data normalized
to the sum should be used

G O2 Y LI NR acthgré ¢ Adiifional palues from significance tests and information about
highest other score (in different factor) can be calculated

GasSt SOG o1l aSRopfoyi toCelvaluatel eritérfa Yb&s€éd on class or time. Note, the
computational timeof the criteria will increase when a specific

class or time has been chosebheck 5.3.10or 5.3.2for more
information about this time/class selection
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There are only few rules to the criterion line:

1) ¢KS LINB FyR adzFFAESSA

RSAONAOSR SINIASNI AYy @ ¢

2) EACH term containing a wave specification, e.g. factor 1 or RESW([total] as well as at the
SYR 2F SIOK ONARGSNAZ2Y fAYyS a!{¢ SyR gA0GK I 2

3) EACH term MUST start with either a space (the case for the first term) or some

YIEGKSYFGAOIE advYazZt & ¢®P3d a0V € 3

This is essential, as the evaluation of each term has the following architecture:

GFye aéySRNE

d@Ye6z26EGA2Y YI NJ ¢

abexz a

GGSNNYAYI

If those rules are not followed, SoFi will fail when treating the individual strings and this causes a
bad evaluation of the criterion or unspecific IGOR error messages. Therefore, make sure you know
the criteriasyntaxbefore changing andefining new manual criteria from the criterion line.

In addition to this subpanethe usercan directly changeadd or removetermsfrom the criterion
line and performsimplemathematical operationghat are also typically supported from the IGOR

command line.

Mathematical operations currently supported from the criterion line

Table7 mathematical operations for criteria definitions.

mathematical operation examples

addition, subtraction multiplication, division wavelor waveRwavelwaveXs I GSmQF 4 |
51 GSMQk 6 BSHQ

exponentiation exp(wavel), wavem?2, 10’wavel

square root sgrt(waveX)XQ

min, max min(wave QwaveZ)XQ max(wave QwaveZ)XQ
histogram(x min xmax nb. of bins, wave) histogram¢5, 5, 1@0, waveX)XQ

rules with brackets (wavel3waveXy(waveIwavedpwave)

constant values G OSMQb@pI FSIHAEM QB 6 S H Q
Some combined examples 06 ISMQb G BSHQU Kk B)A lj NI 0

min(histogram¢5,5,100, wave®, histogram{5,-
5,100, wave®)Q
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In these examples wavel, wave2, wave3, wave4 and wave5 can be anything from the options
LINBEAaSY(iSR dzy RSNJ LINSASY(iSR dzy RSNJ d¢KS adzm Ll ySt
For the expressions min(wavel, wav2) and max(wavel, wave2) the comparison is performed on

a pointby-point basis for the two waves. The result wave has the dimension of wavel or wave2
(they must have the same dimension) and contains for each paim¢ smallest valuei.e.,
min(wavel[i], waveZ2][i]) is performed for all poirits

histogram(x min, x max, nb. of bins, wedy creates the histogram for the specified wavel with

GKS LI NYYSGSNBZ E YAYZ E YIE YR yood 2F 06AYyao®d
of the histogram to 1Note that the histogram optiorncan be appliecdbnly once per criterion.

Moreover, histogramis interestingwhen comparing the residuals of the classes on alijbin

basis in combination with the option min@eewith the examples a few pagéslow.

A combinedcriterion

The user has the possibility to combine two and more criteria & new one. This is important

when for example one criterion is not enough to capture the desired expression. This is typically
0KS OFaSs: ¢gKSyYys Sd3ad @I NAR2dza GAYS 2NJ Of I aa asi
be combined.

Thecombinedcriterion has the following syntax: ONR G SNA 2y - Q b ONARG S

where X and Y stand for the positions of the two criteria. This example shows the sum, but any
mathematical combinatioras well as combinations between normal and GRAND criteritnare
theory possible
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7.3.5. Examples on how to set up the list of criteria

Some examples that illustrate how to set up a criterion follow here.

7.3.5.1. Correlation between the contribution of factor 1 (hypothetical traffic) anbOy (see
Figure68)

1) | YRS NI eéléctallI®Rén v S I NBR2NJESW NI . Ngteythatthe box turns
greenas this is the colecode forthe Pearsoroption.

2) INtKS & dzo LI ys8lécti KS! @ILE A 2 Yy csoltitore B2 RISSMASSE A 15y R (0 K
the first entry,i.e.,factor_1. In addition, selecexternat ¥ 2 NJj &ilHS ¢ «HayaR b h

3) At this stage, the criterion line showsl O 2 Ny mMQTSEGYbhEQ

4/ tA01TAY3 2y a2NRGSe gAft GNARGS GKA& ONRGS!
temporal subselection was chosen) is usedt the evaluation.

5 ¢ KS adz00SaafdzZte oNAGISY ONRGSNRA2Y A& NBLRI

[m | PMF_criteria E =] @ (=1 IR =1
1) Define the criteria 2) Inspect score plot(s) 3) Inspect selection DATA
|. Define set of criteria - -
criteria file Time series |~
NEW hed default resoluti | v
define criterion to be monitored per run y-type solution
-vartest_Il..|
type point ~ R_Pearson |~ reset last g =
Write TS x-type| extern |~
factor_1" ext_NOx'

- sl x-var| NOx |
list of criteria normal |
factor_1"; ext_MNOx'

abs |V
p
o
p

Select based on

class / time

< >
Evaluate list of criteria
Figure68 Gt aCPYONRKGSNAF YyRSTFAYSE adolld ySt sAGK GKS SEI YLX S
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7.3.5.2. Ratio between certain hours of the day for factor 2 (sBegure69)

1) ! YRSN)I ateliSe¢ aSt SO0 aLRAYyGE FYR al @SN 3ASé @
code for the average option.
2) LY (KS &ddzoBSYSOGa8KE! 2 LInK2WzNE €iRES Ba SINIRS aliéke
aSt SO0 M) OG2NYH®
3) At this stage, the criterion line shovector_2[hr12]Q
The user can directy add the remaining information,i.e., +
factor_1[hr12])/2)/((factor_1[hr6]'+ factor_1[hr7]'+ factor_1[hr8])/3Q2
This expression will evaluate the ratio between the peak at nddnam and 12 pm)
compared to the average value 6f 7 and &m.
4/ tAO1TAY3I 2y GA2NAGSE GAff GNAGS GKAA ONRGSH
temporal subselection was chosen) is used for #naluation
5 ¢ KS adz00SaaFdzZte oNAGISY ONRGSNAZ2Y A& NBLRI
PMF_criteria EI@ | PMF_cr..|?||?|
1) Define the criteria 2) Inspect score plot(s) 3) Inspect selection DATA
l. Define set of criteria
i Time series =
NEW default resoluti =
define criterion to be monitored per run y-type hours  ~
. reset last y-var|ACSM_ ~
type point = average -
reset pos
(tfactor_1[hr11]'= factor_1[hr12]%/2)/({factor_1[hr move T“s
reset list
list of criteria
criterion 0 V| ((factor_1[hr11]'+ factor_1[hr12])/2)/{(factor_1[hrb] + diurnal -
comparison with
all other factors
Select based on
class / time
Evaluate list of criteria
Figure69 Gt aCPYONRGSNAL YRSTFAY SE hdamtidlbafén thé lunch peak KoSone E | Y LI S

morning hours for factor 2.
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7.3.5.3. Monitoring the massfraction of m/z 60 (f60)of the third factor (seeFigure70)

1) ! YRSNI aiiellS¢ aStSOG aLRAYyGE YR al gSNI IS¢ o
code for the average option.

2YLY (UKS 8dzaBtySoOl abK$! Z L A 2§ dzaaké2 YFS RILGBNEA Slaye R
GKSy &St SeBaLayT CRIRANQA 2y s aSt SO0 faz2z a¥NF Ol

3) At this stage, theriterion lineshowsfactor_3[608.Q
This expression will evaluatiee mass fraction of m/z 60 of the third factor.

4/ ftAO1TAY3 2y aGa2NARGSe gAfft GNAGS GKAA ONRGS!
temporal subselection was chosen) is used for the evaluation

5) The successfully written criterion is reported undef A &G 2F ONRK G SNA I €

[® | PMF_criteria E =] @ = || B || 3
1) Define the criteria 2) Inspect score plot(s) 3) Inspect selection DATA
|. Define set of criteria - -
criteria file Time series |~
NEW hed default resoluti | ~
define criterion to be monitored per run y-type varia..| v
type| point | v average | reset last yrverfest Il [
Write reset pos
factor 3(607 reset list
list of criteria normal |
factor_3[60]' -
fraction| ~
p
o
p
Select based on
class / time
< >
Evaluate list of criteria
Figure70 @ aCYONRGSNAI yRSTAY S¢ H6driolthe yhifdifactorA § K G KS SEF YL S
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7.3.5.4. Monitoring the correlation value R upon a multilinear regression (deigure71)

The linear regression is between the time series of factor 1 (hypothetical traffic) and factor 3
(hypothetical biomass burning) to black carbon EC, assuming only traffic and biomass burning to
contribute to black carbon.

1)

2)

3)

4)

5)

' YRSNJ aieLiSée aMuttibeadiregiessiBaidy (k2 - §/ R Kl drangeK S 6 2 E
as this is the colecode for theMultilinear regressioroption.

Ly GKS &adzoLJySt 5! ¢! ¢ aStSO0 -08BS2LIHYRY (&
4SSt SO0 1A ORRN A2y T & Sited OB FRISERIGCNY | £ ¢ F2 NI
At this stage, the criterion line showactor 1O S E. Thie ugecan directly add the

remaining informationj.e.,+ ¥ I O (i & MBbforsQpart of the string. The final expression
reads¥ I O 2ZINYOMIRENIPp o QT SEG W9/ Q

This expression Wiperform amultilinear regressiorand find the optimal values for the
slopesaandb¥ 9/ ' i1 ¥ Od2Nym b oi FI Oltadtapdd 9/
and factor_3 are the twindependent variableg he current option allows the user to add

up to 5 independent variables and always only one dependent variédolesorting, this

criterion is only useful to a limited exterfor sorting, all factor combinations should be

tested. However, SoFi can only iterate over the-fasntioned factor in the combination,

meaning that with the current criterion, factor_1 remains fixed while combinations with

other factors are evaluated. Hee we recommend using alternative criteria for sorting.

I fTAO1TAY3 2y a2NAGSeE gAff GNAGS GKAA ONRGS!
temporal subselection was chosen) is used for the evaluation.

¢KS adz0O0SaaFdzZdte gNARIGGSY ONROSNAZ2Y Aa NBLRI

[#7] PMF_criteria E =) @ il || @ | 23

1) Define the cri 2) Inspect score plot(s)  3) Inspect selection DATA

I. Define s¢

NEW e defaultresoluti |~

define criterion to be monitored per run y-type solution ~
-var test_I

type| point |~ Mulilinear r... ~ reset last ¥ al
Write | reset pos + type| extom [0

factor_1'+factor_3; ext EC'
reset list wvar| EC

list of critedia . |homal 1~

factor_1'+factor_3’; ext EC'

Evaluate list of criteria

Figure71 Gt aCPYONRGSNAL YRSFAY SE  Fhdanultilingas regregsior betweri BC aSdE | Y LI S

factor_1 and factor_3
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7.3.5.5. Monitoring the ratio between thefraction of m/z 57 andm/z 55 for the second factor
(seeFigure72)

1) ) YRSNI aiellSé aStSOG alLRAYyGE YR al gSNI 3S¢ o
code for the average option.

2) LY UGUKS &adzoLd ySt aProfteE s HERE CiIBDKE HFPMI &ES Y
G F I Q&R5NIY

3) At this stage, the criterion line shovactor_2[576 Q ®
The user can directly add the remaining informatine,,k ¥ OG 2 NJpH wp p 6 Q@

This expression will evaluate the ratio betweaafez 57 andm/z 55 for the second factor.

4/ tA01TAY3 2y a2NRGSe gAft GNARGS GKA& ONRGS!
temporal subselection was chosen) is used for the evaluation.

5) ¢ KS adz00SaafdzZ e gNAGISY ONRGSNRA2Y A& NBLRI

[® | PMF_criteria E =] @ = =1
1) Define the criteria 2) Inspect score plot(s) 3) Inspect selection DATA
|. Define set of criteria
criteria file Profiles ~
NEW hed default resoluti |
define criterion to be monitored per run y-typesolution >
type| point | v average | reset last yrvarfest L. [
Write reset pos
factor_2[57]'/ factor_2[35]' reset list
list of criteria
factor_2[57]'/ factor_2[55]'
p
o
p
Select based on
class / time
< >
Evaluate list of criteria
Figure72 Gt aCPONRGSNRAI WRSTAY S¢ thedmtioBf g5 to w/x 56 for tlieksesond E | Y LI S
factor.
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7.3.5.6. Correlation on the diurnal cycle between the contribution of factor 1 (hypothetical
traffic) and NQ for the weekdays only (se€igure73)

1) ' YRSNI adeLiSé¢ &St SIONE yid8 A eyWwWy Rdaw2GS G KI
green as this is the colaode for the Pearson option.

2) LYy GKS adzo L} ySt a5! ¢!l é¢ asStSOuG -0BBISELIYRY (K
the firstentry,ie., T OG2NYmMd LYy | RRAGANBRYIS ¢4 38R0 ha SE i &

3) At this stage, the criterion line showsl OG 2 NYyMQTSEG YbhEQ®

4) { St SO0 RAdaNYyIf 0eo0ftS FyR ¢gSSTRIFIea FTNRBY (KS
5/ tAO1TAY3 2y G2NRARGSE gAftf GNAGS GKA& ONRG SN

for the evaluation.
6) ¢ KS adz00SaaFdzZ te& oNAGIHISY ONWNOSNGtBeyritekian NI LI2 N
isbold, asatemporalsth St SOGA 2y FNBY (GKS LI y Bapplied St SO

[® ] PMF_criteria EI = @ mio | @O || 83
1) Define the criteria 2) Inspect score plot(s) 3) Inspect selection DATA
1. Define set of criteria
ciiteria file Time series [+
NEW v defaultresoluti |~
" [ | PMF_criteria_options (=]
define criterion to be monitored per run ¥-type solution = = \EI @
wpe|  point > R_Pearson & = y-var test_ll..| v time-selection overview over time class(es)
Write | | resetpos x-type| extern | hour(s) day(s) month(s) year(s)
factor_1" ext_EC_tr'
=S x-var| EC_tr |~
b all ~ O an B al ~ B all
list of criteria — Mo A weekdays A January B 2011
P TR T B4 1 O weekend: [A February b 2012
or-red 2 abs | 2 O su [ March
[ ! B Mo B april
P B4 B Tu & May
: M5 M we [ June
Select based on e B4 Th B July
class / time b 7 M e M August
< > [ ] O sa B4 Septembe
B9 4 October
M 10 " [ Novembe w
Evaluate list of criteria R 14 | N VR,
< > < > < > < >
. I3 = LA = A A& ~ ~ & p < i A & A
Figure73 Gt aCYONRUSNAI YRSTFAYSE adzo LI ySf 6AUK 0UKS SEIFYLIX S

a specific temporal subelection.
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7.3.5.7. Monitoring the ratio between the mass fraction ain/z 44 for the fourth factor to the
scaled residual of m/z 44 (sdeéigure74)

1) ) YRSNI aiellSé aStSOG alLRAYyGE YR al gSNI 3S¢ o
code for the average option.

2) Ly (K addzo LI y St & Simé deries & S & Sd@iadzii K FyRAIBEA 2y Ry
GKSYy aSft &4d4 aFl Ol 2Ny

3) At this stage, the criterion line showsctor_4[448 (Tlde user can directly add the
remaining informationj.e.,/RESW_[44]'

A

This expression will evaluate the ratio betwetbie mass fraction ofn/z 44 of the fourth
factor that is supposed to highly contribute 'z 44 and the scaled residual wf/z 44.

4/ tA01TAY3 2y a2NRGSe gAft GNARGS GKA&A ONRGS!
temporal subselection was chosen) is used for the evaluation.

5 ¢ KS adz00SaaFdzZte oNAGISY ONRGSNAZ2Y A& NBLRI

[® | PMF_criteria E =] @ = | 3 | 2]
1) Define the criteria 2) Inspect score plot(s) 3) Inspect selection DATA
|. Define set of criteria - -
criteria file Time series |
NEW hed defaultresoluti | ~
define criterion to be monitored per run y-type|scale.. |~
type|  point ~ average | ¥ reset last yvarfest Il
Write reset pos
factor_4[44]'/ RESW_[44]' reset list
list of criteria normal |~
factor_4[44]'/ RESW_[44]'
p
o
p
Select based on
class / time
< >
Evaluate list of criteria
Figure74 Gt aCPYONRGSNRAF YRSTAY SE & dzmask fyaion oin/k d4fof thie fobrth SE Y LI &

factor to the scaled residual ofi/z 44.
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7.3.5.8. Monitoring Gvalue runs with a combined criterion

When data from two different instruments, e.g. AMS and IR are combined, a relative
rescaling is performed using thev@lue approach (seé.2.4.4. Ideally, the scaled residuals for
each instrument should be comparable (same mean value and spread), i.e., their histograms
should have maximal overlap. This can be monitored using the following scheme of criteria as
example:

1) ! YRSNI aGellsSé¢ aStSO0 aLRAydé IYyR dal @SN I3SEd
GE¢EAYS ASNRASEE =0 &ADI S R YN aldES yF 2ANS faRO00 a¢ G2 0
ONARGSNA2Y NBIRE wo{2i20FftyYYIGNREBQO®

2) Add the histogram options (min, max and number of bins) to the criterion line, so that it
reads e.ghistogram¢p Tp =mnann w9 { 2 ¢fiSX Sy I FINIIGHESERYED | v
(eg. AMSFNRY (KS aaStSOG oFaSR 2y Ofl aakiAyYSe
list.

3) Repeat, but this time, seleclass 2 (e.g. PTRSE. FNRY GKS aasSt SOG ol a
option.

4 b2 ONBIGS GKS ONARGSNR2Y H6KSNBE {2CA | O dz f
aSt SO0 aLRAY(dé IbofhRlassamozenecked/ KSO]1 G KI

5) Manually writeY A y 6 ONJX G S NA 2 ¢nd ada thechtBrionSd\tedisy. M QU Q

[E3 PMF _criteria L= [ = [ pmrc. [=][= ]
1) Define the criteria 2) Inspect score plot(s) 3) Inspect selection DATA
|. Define set of criteria
criteria file Time series v
NEW default resoluti ~
define criterion to be monitored per run y-type ~
R reset last y-var ¥
type| point - sum
reset pos
Write
move pos
reset list
list of criteria
criterion 0 [ histogram(-5,5,3000,RESW._[total_matrix])":Time serie normal ~

criterion 1 M histogram(-5,5,3000,RESW_[total_matrix])Time serie
criterion 2 [ min(criterion 0' criterion 1'):Time series:default resolt

comparison with
all other factors

Select based on
class / time

Evaluate list of criteria

Figure75 Gt aCPYONRGSNAI YRSFAYSE &dzoo LI yStf g AvakeRAMRS SEI YLX S
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7.3.6. Evaluate the criteria

t NBaaAy3a 2y GKS odzid2y a9@lftdza dS tAad 2F ONRG
to the current HDF file and to evaluate the useefined list of criteria (se&igure76). SoFi will
(re-)evaluate all criteria that have a checked checkbox. To save time when updating only one
ONAGSNA2YS>S (GKS dzaASNJ OFy dzy OKSO1 Ittt ONRGSNARLI

In addition, the dropdown menunderd ONR G SNA I FAf S¢ O2y iNRfa al gi
criteria.

ab92¢g creates a new criteria list. If the current list is not empty, it will be
deleted

G h!5 fA&0G 2 FAciddkaligt Stodddlasiel GOR txt file can be imported

G h!5 fA&0G 2 FAcddAligt Bldinhgs scgrds (makes only sense if the criteria

SOl tdzr GA2y ¢ fileto be loaded belongs to the same HDF file) stored as an IGOR
txt file can be imported

6SAVE A &l 27F ONAciitSiallstiwil be saved in an IGOR txt file

OSAVHist of criteria and A criteria list including its scores will be saws@n IGOR txt file

SOl tdz2 GA2YE

ax Qx

If a criteria list is loaded, it should be from the same experiment, as indices are loaded as well. If
those do not match, the evaluatestores will be NaN.

PMF_criteria | — ” 3 | PM... E"EI
1) Define the criteria 2} Inspect score plot(s) 3) Inspect selection DATA
I Define set of criteria
criteria file Profiles s
NEW default resolut =
define criterion to be monitored per run y-type solutio

type point average reset last y-var| Zurich: ¥

pe - -

reset pos

factor_5[44]' move pos
reset list

list of criteria

criterion 0 [A factor_1" ext_ ECTime series:default resolution;norm:
criterien 1 B4 factor_2[12]'/((factor_2[8] +factor_2[10])/2); Time ser
criterion 2 [4 exphvar_factor_3[60];Time series;default resolution;di
criterion 3 [A factor_1'+ factor_3": ext_EC"Time series;default resolu
' factor_4[44]Profiles;-:-

criterion 5 [4 factor_5[44];Profiles;-;-

Select based on
class / time

Figure76 Gt aCPONRGSNRI ¢ &K2 g A ydafined kriferiafORla dheck®dF criterdd wilibeo t S dza
evaluated. Bold criteria are taking into account class/time, highlighted criteria are used for sorting.
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7.3.7. Inspect criteria score

SoFi reports the scores for each criterion and PMFruninthé2 6 anH 0 { St SO0 t acC
Gt aCyPONIR (i S NRigure78)LIhe/defawult cageSeports the scores for all PMF runs as is,
i.e.,the PMF runs are unsorted. Using the adjaception subpanelsllows the user to control

various aspects of the scores to better judge which PMF runs are worth being further investigated
as a whole.

¢KS o0dziG2y & Ll bperdaltabl® whicli dortdin$ &l the information on what was
selected in the previous tab for the selected criterigeeFigure77). Note that the first 8 entries

in the batch file are reserved and the batch file is not removed, as long as the experiment stays
imported into IGOR and the criteria are not removed. Therefore, the user can use the cell of the
8™ position to enter usespecific notes, if required.

ﬁ criteria_vect:sol_crit_batch_3,... \EI@
RO | | [point =
Point sol_crit_batch_3 | sol_crit_ts_data_3 |Sﬂ\_cmt_tsJSﬂl_cm_prjso\_cnt_pd ‘
0 point| 04.02.2011 19:50:37 0 12 0 A
1 R_Pearson| 04.02.201120:52:02 1 13 1
2 04.02.2011 21:22:45 2 15 2
3| factor_1; ext EC tr'| 04.02.201121:53:27 3 16 3
4 Time series| 04.02.2011 22:24:09 4 17 4
5 default resolution| 04.02.2011 22:54:51 5 18 5
] normal|  04.02.2011 23:25:33 6 24 6
7 abs| 04.02.201123:56:14 7 25 7
T T 8|user notes onts/class | 05.02.2011 00:26:54 8 26 8
= 9 05.02.2011 00:57:37 9 27 9
1) Define the criteria ~ 2) Inspect score plotfs)  3) Inspect selection| 10 05.02.2011 01:28:18 10 29 10
11 05.02.2011 01:59:00 11 30 11
12 05.02.2011 02:29:42 12 31 12
13 05.02.2011 03:00:24 13 37 13
14 05.02.2011 03:31:06 14 38 14
e i asraon tactor 2 ext L 15 05.02.2011 04:01:49 15 41 15
16 05.02.2011 04:32:32 16 42 16
| 17 05.02.2011 05:03:14 17 43 17
18 05.02.2011 05:33:55 18 44 18
19 05.02.2011 06:04:37 19 45 19
% 20 05.02.2011 06:35:19 20 48 20
E 21 05.02.2011 07:06:00 21 49 21
; 22 05.02.2011 07:36:43 22 50 22
§ 23 05.02.2011 08:07:27 23 51 23
| 24 05.02.2011 08:38:07 24 52 24
25 05.02.2011 09:08:48 25 53 25
26 05.02.2011 10:10:14 26 54 26
27 05.02.2011 10:40:58 27 55 27
28 05.02.2011 11:11:41 28 56 28
29 05.02.2011 11:42:25 29 57 29
30 05.02.2011 12:13:08 30 58 30
Bl 0502 2011 12°43°52 A 59 3 hd
< >

Figure77 Batch table for criterion number 3. The first column contains the batch file with information on the
criterion. The remaining columns represent the effective time series, its time series index, the
effective variables and its index, respectively.

¢KS adzmlJ ySt a5! ¢! ¢

ccriteriag defines which criterion should be investigated

AFl OG 2 NA ¢ If PMF call contains runs with different number of factors
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Gsortingg d02NBa 2F ONARGSNARLI OFy o685
2NJ d RS & OS y(sRehbgl@v fa? INdrReSI&tEils)

plot the score okither the 2 highest(if score is highejtor tatal
highest (in case score is naghest compre to allothers)
classifiedscore(see below for more details)

plot p-valuesbased on a fest, andalso pvaluesfor the
correlation coeficients, if available This information can be
directly used to exclude correlation coefficient that are not
statistically significant

useexact limits ingead of the marquee selection in thdqgb

G dzy & 2 NI

cother highest

Gidl t dzS4a¢

oX MARQUEE selectiofe
G C APMIRNIzy & X € SoFi findsiie PMF runs that fulfill the user selection on all
criteria. This option icrucialwhen selecting on@ted scores

Gyoad 2F 02 YY ZTife ndkdizgt af ¢ dmmon PMF runs is visualized here

14 w v A A A r - - .
al! LILJX e a St SOurkheyhsin common are directly passed to the marquee selection
(seeFigure63) ready to be further analyzed in SoFi
PMF_criteria = || ] | &3 E @ PMF _criteria_re...| = =] | &3
1) Define the criteria 2] Inspect score plot(s) 3) Inspect selection GRAPH DATA
pop pop graph CRITERIA|  FACTORS 2nd HIGHEST
batch table =7 all - on/off
close graph(s)
: [P from;current tab -5 SORTING p-val. (T-TEST)
| point; R_Pearson; factor_17 ext_NOx';Time series;default 1) to factors
| repr. mean <~ —F unsor = 2) uncorrel.
: typesquare ~ -1 1) on/off
| size|? - 2) on/off
| -3
| dat: -
| gelnemal -2 enter MARQUEE selection options
=
|e p-value
|2 —y bottominan (Ho=ident)
:g top |nan pe=0
:9 Lt it nan SCOres>=
H right | nan 2nd high
| Apply Remove
selection selection
Find PMF runs
b.
Update satisfying all : M.l?funs 3720 .
criteria
T T T
01.05.2011 01.08.2011 01.01.2012
unsored

Criterionf43 for the profile of factor 5 (gray line). The adjacent subpanel governs all options related
to the selection of a PMF run.

Figure78

The task of the user is to seleatsing the marquee tool, scores (PMF runs) that should be
investigated as fulPMF resultTo better visualize the range and density of the scores, the score
plot can be sorted either in ascending or descending order. When e.g. high scores are expected,
the user can more easily select the proper scanes sorted plot.
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PMF _criteria = | B | &3 PMF_criteria_re... | = = | &3
1) Define the criteria 2) Inspect score plot(s) 3) Inspect selection DATA
CRITERIA|  FACTORS 2nd HIGHEST
=iF all - on/off
-6 SORTING p-val. (T-TEST)
1) to factors
—F unsor - 2) uncorrel.
5 -4 1) on/off
5 2) on/off
|z -3
g —3 enter MARQUEE selection options
|o
{a p-value
: s bottom | nan (HO=ident)
top | nan p<=0
-0 .Ief't nan scores> =
right | nan 2nd high
Apply Remove
selection selection
T T T T T |
500 1000 1500 2000 2500 3000 3500 I Find PMFruns | .\, oc
satisfyingall | ppF s 3720 u
criteria

Figure79 Criterionf43 for the profile of factor ggray line)including the slope of the score plot (red curve)
Drawing the marquee and select the points around a region of interest highlights them in blue.

The crucial question is where to stop with the selecti@inis can either be based on absolute
values known froma priorithresholdsor derived from other statistical analysésee stability of
criteria7.3.90r BS9.2). Another option is tarely on statistical measurement§&or this, alpoint
criteria have the option of usingyalues ¢ a Ttest. For average type criterighe pvalues are
derived froman ANOVA tesacross all factors, for correlations itrraultiple-testing-corrected p
values(p values to factory For corelations, thep-valueof the correlation (p value uncorrglare
alsoavailable and for thenultilinear regressionthe MLR coefficients are also availablae p-
values that shaold be plotted an be selected via the checkbox. Andteadof using a marquee,
the p-valuecan be usedor the selection of the good runs. Forighthe user needs to define the
maximumvaluebelow whichthe runs $iould be chosen @ale (HO=dent)).

Another possibilityis to only select solutions for which the highest score compared to all other
factors can beachieved For this, the optiortother highest can be usedlf selected SoFi pts

the next lowe (if the score of this run is already highest) or the highest (if the scoreofuhiis

not the highes}. This can also be used for automated selection (scores >= other high).

Furthermore, the shape of the ae plot, when sorted can also bevestigated As first metric
strong decreases of the score plot sugges$tighdegree of mixing within the factoseeFigure
79). Note that the user can select PMF runs to be further investigated using the marquee tool
(just presented) or by directly passing the limits on the subpanel (see red rectangigura79).
W STGQ FYR WNAIKGQ N&E Ieseicauld befeidher he iddgxRaluedy Sga 2 Y
0 and 100 for left and right, respectively. In case a rolling PMF run is performed, then the user can
also pass théime information e.g.21/04/2019 and 21/06/2019or left and right, respectively.
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In addition, the user can also filter out score points based on thalpes from gnificance tests
as well as the "? classified scores values (se8.9for more details).

Some impressions on the score plots for various criterissaoavn in thenext few plots.

a) Point representation b) Point representation
type of critericn: | | | 0
point; R_Pearson; factor_1%; ext_EC_tr';Time series; | |
0.8+
type of iterion:
point; average; explvar_factor_3[60];Time series;default resolution;normal
| -2
0.6
E 0.4 E 7
E 0.2 § il
0.0
_B_
0.2 ‘
T T T T T -10- i | i | -
01.05.2011 01.09.2011 01.01.2012 | | 01.05.2011 01.09.2011 01.01.2012
________________________________ woseed |\ wsomes ]
c) Image representation d) Movie representation
301 """""""" e LI nt B LA
| I image; factor_1"Time series;default nesnluhnn;diurnalr.ycle;ahs| . .................................................................
o 207 L 20
& I 53
o 10- Ls =t 5:|
ol > 1o
24 iz 0 5:‘
| 6 00
P | I|‘ ! 20
3% 16 - 15
n -4 Ff
fg: i 10 =
£ o k Pl
:E I . (mlelzl:uimle range)| L}
| 4 LR T edion valve
0 L 20 B ol l | ‘ I I ,
01.05.2011 g 1ol “ows :5. i
----------------------- = ' + T T T T T T T
10 H* | H 0.2 04 05 08 10 12 14
**M “*hnﬁ B B | vargaay |
e
hours.
Figure80 a) RPearson between factor 1 and EC by Explained variation of m/z 60 in factor 3. Note that for

missing values the default {9.99.c) Diurnal cycle of factor 1 over the PMF runs. The user can
marquee regions of interest and pop the corresponding statistics. d) Scatter plot of m/z 44 vs m/z
43 for PMF run 719. The slider or variable menu can be used to roll over thaious PMF runs.
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Once the regions in the score plots for all criteria are chosen the runs fulfilling all selections are
ARSYUATFASR YR KAIKEAIKGSR F2NJ FAdzZNIKSNJ Iyl fea
YR a! LILX & EigeROA(&GRINEADRAYS 2y a! LI & asSt SOiAz2
whethera quick scan over the selected PMF rahsuld be performed to estimate the-Qatistics

and the amount of missing days, a relevant quantity for rolling P#d€6.5) runs EeeFigure82).

|1 | Select_PMFruns =l B[S | 1 EEIFCEYED O E e
Setti
s 1) Definethe criteria 2) Inspect score plot(s)  3) Inspect selection GRAPH DATA
Choice based on: automated selection ~ Criteria-based criterion|  sorting
selection — pop graph
Select HDFS file test_l ~ batch tabl
Detils: file close graph(s) -3 |unsort| v
re e fun nb. - settings & log file from current tab
= slope!
avg. PMF runfs) no average v avg. seftings repr.| mean |2 B
025 Con/off
Choose PMF run(s) type thin line B smooth|10
se| 3 |v
fo7[o TN Abs. values Rel. values (Un)expl variation =0 2nd score.
0204 [onseft
t § Bootsirap
u K] analysis
v s
n 5
R 4 g s Find PMF runs fulfilling
H G H 7 selection for all criteria
g " v
a3

nb. of runs 238 |l

Apply

Update h
selection

010

7
8
s
4
a
2
1

0

T T T T T
01.052011 01.09.2011 01012012
unsorted

iterations

Figure81l PMF runs fulfilling the selection for all criteria are visualized and selected for further analysis.

7.3.8. Inspect selected PMF runs

The selection (se&igure81) together with the effectively chosen PMF runs can be visually
AAAAA 0KS GKANR GF 0 doU0 L\ortHe)lScordé &St S

histogram of all PMF runs (gray histogram), with the tsdection (blue histogram) and the

effectively chosen PMF runs (green histogram) (Sgere82). This visualizes which score range

is effectively chosen, as the chosen region of PMF runs from"thtal (seeFigure79) sets only

the boundaries. However, the effective score limits may be even smaller.
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PMF_criteria = [ Z23| Edem.. [= [ E3 | Efpm.. (= || 3]
1) Define the criteria 2) Inspect score plot(s) 3) Inspect selection ERAR DA
pop TPEEET criterion|  factor sol.
batch table I he) =T all b
close graph(s]
from current tab - Q-statistics
4000~ verage] distr_tot_6 _5
m distr_sel_6 repr.\mean ~ —4
m distr_ef_6 _3
data histogr ~
-2

s -0
0 10 10

nb. of histogram bins non-modelled ts-points
nb. points (abs) |0

(36) [0

histogram

considered PMF runs
nb. runs (abs) | 8193

(%) | 36.91

Apply

Update selection

Figure82 All PMF runs (gray histogram), ussiected PMF runs (blue histogram) and the effective PMF runs

(green histogram).

Available options on the adjacent subpamel

GRIEGI € select between normal (score plot), histogram (normal) and
histogram(pdf)
GazNIOAyYyIE Ay OFasS 2F y2NXIFfY &d02NBa 2F ONX

Gl Aa0SYyRAY3I 2NRSNE 2N aRSAOSYRAY3 ;
Gyod 2F KA ailia sdéé of histagyammsslider for the number of bins for the
histograms
0 SNA 2 y ¢ defines which criterion should be investige
0 A &l A Oa& £Q statistics on the effective PMF runs after a quick scan over the
PMF runs
onon-midelled tspoints€  statistics m the missing timepoints
GO2y aiRSNBR statisics Ndiitye &ansidered PMF runs

7.3.9. Inspect criteriastability

The degree of stability for the sceohoice in SoFi can be judged by comparinghighestscore
of another factor, independent from whether a factor was constrained or not. If the score of
another factor is higher than for theurrentfactor (wherethat scorewas supposed to be higist),
this solutioncould be regarded as mixed and discarded. In addition, to the score vatags
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valuesfrom significance testsan beinspectedtoo 6 2yt @8 6KSy OKSO1062E a02°

20 KSNJ FI Ol 2 NEFgurdes). TKoptior] v8IIRpErforen E-fest for comparing two
regular waves, e.ghe explained variatioor a relative lunch peak or@hiTestfor a correlation
coefficient. If the p value is low, the scetend to bestatisticallysignificant(seeFigure83). Note

that for factors with higher score values higher than for that under consideration, an arbitrary p
value of one is passed pointing towards mixed/bad PMF solutions.

m = ER <R R RSN BTN <R LR = | =] &3
1) Define the criteria 2) Inspect score plot(s) 3) Inspect selection GRAPH DATA
criterion|  sorting apply values for
pop pop graph marquee selection
batch table -3
close graph(s) uns..
" from current tab bottom | nan
r top | nan
L}
highest score
07 . Fo7 repr.| mean | v ngntharfactnr g nan
H = = - »-: right | nan
- [ ] . g type thin line| [#] onsoff
06 [ ] L [ ] L os —0g i [Juse p-values
™ n size|] 3 ~ .
g N [ 2, u%n L p-val. (T-test) limit |0
P 1 .;I. Tt _, 1) to factors
L] @ Appl
c 054 ' L al - LI I od Zunconel, | e | Undo
s L
5 TR - 1) on/off
£ 1 2| = score slope
g 0.4 - g 0 £
o type of ariterion: § —0 s [ | on/off
§ point; average; explvar_factor_3[43]; Time series; default resolution; normal Lo smooth | 50
H
034 - ;‘:g"r:efw—z Sloa Bootstrap analysis prp——
B neighbor_score Find PME runs D on/foff
B | o Update fulfilling selection | pp, of
02 02 forallcriteria | PMFruns 0
014 ‘ ‘ ‘ . [l U 0c
26.12.2017 31122017 05.01.2018 10.01.2018
unsorted
Figure83 Criterion scoreexplained variation of m/z 60 for factor(gray line) including the score bighest

other factor (black) and the-palues from a Test (black line)Mainly only the gray points at the
beginning of the plot are statistically significant and should be considered. For all the other points,
the score of the other factors is mostly higher and these PMF runs should be discarded, as they are
mixed.

7.3.10. Different number of factosin one HDF file

This option is relevant whemmspecting multifactor solutions with the criteria panek.g. PMF
runswithin one HDF filavith e.g. fiveandsixfactors When defining criterion for thesixthfactor,
the score plot for this criterion will bempty half of the time, namely faall five-factor runs.This
will cause all fivdactor PMF runs to be missing in the final solution as they have alafined
value (NaNyand they would be all discarded when finding the Pkns that fulfill all criteria
selections Therefore SoFi passsa zero tothese nondefined valuesllowing the user to select
these runs (zero values kigure84).
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VR Ry

0.6

044

scare of criterion

type of critetion
point; R_Pearson; factor_6'; ext_BCWBreal’; Time series; default

score of eriterion

024

0.0+

T
01.09.2017 01.01.2018

unsorted

T
01.05.2017

08

064

type of miterion:

point; R_Pearson

; factor_6'; ext BCWBreal’; Time series; default

044

024

0.0+

T
10

T T T
20 30 40

dﬁcending order_date&time unsorted

T
50¢10°

Figure84

Moreover, inspectng specific factoruns from a multfactor solution e.g. the correlation
coefficient between a factor and its tracer foif&ctor solutions onlput of all PMF runsis difficult
on the entire score plot. The user can specify which fastdution should be extracte¢red
rectangle inFigure85a)). The resulting score plot is visualized faggh runs allowing the user to
make selections based on score values for a specific faotation,e.g. score values forfactor
PMF runs onlyFinally, # userselections are stored andhé score plot over aPMFrunsreports
all selectionsin the discussed exampléd blue pointan Figure85 b) are the selecte&-factor
PMF runs They arealternated by the norselected gray pointthat represent the éfactor PMF

runs

SoFi prevents averaging PMF runs with different number of fac@irenever the user selects

2 NJ T NP YigureR % somedBME 2uys, tiieh PMBE &
runs with unequal number of factors within the same PMF window or in case of rolling for the
same rolling windowg.5), are automatically disabledn(case a selection of PMF runs in an HDF
file with multi-factor solutions leads to overlap period, SoFi will only consider the factor solutions

gAlK

with the highest occurrence.

When averaging PMF runs from various HDF files, then the factors with the same name

0KS YI NJjdzSS

specification (seé.3.1) are grouped and averaged together.
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Scoreplot for the sixth factorin a rolling PMF witfive- and sixfactor solutions The score curve is
unsorted (left) and sorted in descending order (right). Note half of the score points haalaeof
zero. These points represent PMF runs Witle factors and therefore no score was evaluated for
the sixthfactor, as it is inexistent.
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[ PMF_criteria_r.. E@
GRAPH DATA
pop graph criterion| factorsol.|  apply values or
PNt marquee selection;
batch table —& 5-f .

type of criterion: =£ top |nan

i ~
point; average; factor_4[43T; Time series; default mnm|| 'EP'- . . -Igﬂ nan
| andhighest|  79At [nan

»: [Jon/off [ use p-values
size imit[0 |
p-val. (T-test),
-2 1) to factors Apply
2)uncorrel. | | selection
-1
1) onvof _core slope

-0 [Jon/eff

i,

b pens

Find PMF runs [Jon/eff
satisfyingall | nb. of
e PMFruns 18655 1

1) Define the criteria  2) Inspect score plot(s)  3) Inspect selection

=
®
:
2
l

score of criterion

I
01.05.2017 01.09.2017 01.01.2018
unsorted

[ PMF_criteria_r... EI@

1) Define the criteria~ 2) Inspect score plot(s) 3) Inspect selection DATA

criterion|  factor sol. apply values for
pop marquee selection
batch table —s 3
AR EEEEE . bottom | nan
sorting
: =3 top [nan

et nan
' andhighest|  fight[nan

»-: [Jon/off [Juse p-values
p-val, (T-test] timit[0 |

-2 Ntofactors | [ Apply
2)uncorrel. | selection
-1
] onvoft  Scoresiope

type of citerion
point; average; factor_4[43T; Time series; ion; normal

score of eriterion

T
01.052017 01.09.2017 01012018
unsorted

b)
Figure85 a) score plot for 5factor PMF runs only. The user has selected all-RME within the marquee
(blue points) b) score plot for all factoisolutions. Thepreviously selected -factor PMF runs are
the blue points, whereafor the same period marked in &#)e gray points are the noaelected 6
factor PMF runsAll other gray points laying outside of the marquee) are 5- and 6factor PMF
runs, respectively.
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7.4. File settings and logfile

The usercan popthe main settingofthe PMF caltlzA A y 3 (0 KS  o(akiiial BDF filég)f 2 3 F 7
(Figure86)./ £t AOT Ay 3a 2y (KS &/ 2yadZ G 23 Fhénstory 6dzi G2
of all PMF rungME2 readout) belonging to the current PMF cdligure87) is shown (same as

typically printed in the Igor history)

i settings_ win o || = || g2

Main file settings:

running settings
-PMF runs: 22
-nb. of factors: 4tob

-general settings

-convergence criteria: cons_steps deltaQ gg2 max_steps
10 10 10 1500
20 1 1 2500
30 01 01 3000

-robust mode value: 4

-threshold for missing data: -99

-C-3 error value: 0

-weight model: step function;2:2:0.2:10

-weight type: cell-wise

-52M model for averages: sum(data_i) / sumf{error_i)

-52M model cell-wise: abs(data_i,j) / error_i ]

-CO2 weight disabled

Consult log file

Figure86 Main file settingof the actual PMF call.

| logfile_win EI@
ILog file for the file sensitivity Il -

PMF run at position : 1 of 22 run{s) has been imported
Convergence achieved.
Gradient norm 0.7112E-01 is below its convergence limit 0.1000 at position 180

PMF run at position : 2 of 22 run{s) has been imported
Convergence schieved.
Gradient norm 0.8804E-01 is below its convergence limit 0.1000 at position 180

PMF run st position : 2 of 22 run{s) has been imported
Convergence schieved.
Gradient norm 0.2727E-01 is below its convergence limit 0.1000 at position 180

PMF run st pesition : 5 of 22 run{s) has been imported
Convergence achieved.
Gradient norm 0.4202E-01 is below its convergence limit 0.1000 at position 150

.

L4 3

Figures7 Log fileof i KS OdzNNBy i tacC OFffs KSNB daSyardAiaAgaideygLLé

7.5. Options on how to import thechosen PMKun(s)

2 A0K AGLL®0 LYLERNILI OK2aSy 15Cp FA{So0a0v Ay LDhy
imported, enough to create the overview graphs. For further inspection, all information from the
selectedPMF ruifs) from 7.2 or 7.3 is/are imported ino IGORand evaluated after pressing on
GLLL®6 ! yI f &uinda KEKredl)SIy., far eaCh PMF run the residual matrices

explained variation matrix, relativenatrices over profile and time seriefor the profile
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(contributionweighted) and the time seriesetc. are calculated. There is also the option to
calculate different time resolutions and to average PMF runs.
7.5.1. Averaging

SoFi Pro allows the user to average oseveralPMF rurs. This is controlled via théropdown
menud g3 d t.aC NHzy o &auv

Available options:

Gy 2 I @S NI 3 Sonly single PMF runs are imported and evaluated

G O02 YLzt S | @sihgle PME lud 8nd average over these runs is computed and
aAy 3t S NMzy astored in SoFi. This optionrislevantfor a small number of PMF runs

only
G 02 YLlzi S | Cedetagedof BMF &uns is computed and stored in SoFi only. This
I S NI IS¢ option isrelevantwhen averaging over amy runs that would cause an

G2dzi 2F Y S Y2 NE ¢ stokeyd asdinBld RVMF auhs$yGORE & 2

Note that when averaging over bootstrap runs (séet.l) the repeats per run are first removed.

7.5.2. Averaging(resolution)and data options

The user can control the tyga whichresolutionthe result shall be importedThe default case

Oz2y il Aya (GKS | @SNI3IS FT2NJGRNRAd&G s SBYSES e NBaaaz &
G & S I résbliidn can be added and will be performed for each single PMF run and also for the
average over the single runsloreover, the user can control which data should be evaluated in

SoFi (se€igure88).C2 NJ CA I SNR ¢5 RIFI(GFYX GKSNBSRE I ¢y KISREA
data is averaged per filter (thermogram) and matched to the provided filter timestamp.

By default, all data is imported, including all statistics.

Note that averaging over lots of PMF runs could cause the averaging process to be very slow.

2 KSy RA&lLOoftAYy3d GKS OKSOl102E 4SOl tdzr 6S ljdzZ yiat
list, the quantile statistics is not evaluated. The result will contdhre average and the standard

deviation onlyand lowers the computational time by a facto2-3.
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Select_PMFruns

R B wtirems L= LS|

Abs. values Rel. values

Q.

1.4

124

1.04

0.8

Q/Quyp

0.8+

0.4

0.2+

00—

iterations

type of rsolutlonl
Settings
’7 O an ~
Choice based on: automated selection b B raw
O hourly
avg. PMF run(s) | compute average (only averag ~ O daily
Select HDFS file = log file (actual HDF file) O weekly
H [0 monthly hd
x-axis type run nb.
data stored ofl
_ Choose PMF run(s) B all "

(Unjexpl variation

o=
W TT e =g 3= e

o

mw oo —n
-

-

%) input data (MX)

B solutions (T5 & PR)
[ fractions (REL)

[ residuals (RES)

[ variation (EXPL VAR)

[ constraints (a values)
If mlimbin il

Figuress Avg. options grange NB Ol | y

& S G 4, xedractasgle).

7.5.3. Factor specification

3f S

Iy R

6 L2 LILISR

I g3

4dzo LI y St

Factor specificatioiffor more details consul.3.1) can be accessddr the current HDF file also

FNRY GKS a{StSOluyt a

added, e.g., S®OA and LMDOA can be combined to OOA on a new fowf

C Nz & ¢

LIMygréoter, Bmioks\Eah alsoeS 6 dzi
GKS aFl OG2N

wave Figure89). After averaging the PMF run(s), these combined factors can be used in the red

result panel for further analysis.

Note that the combined factors MUST follow the list of real factors, i.e., they MUST be at the

end of the list.
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[E% Select_PMFruns [= ][ = [ factor_specs_panel EI@
=7 | @
Settings |factor 1 Ei | ik
) Pg model_td_factor_specs
Choice based on: gutomated selection - Criteria-based
selection factor 1 P
Select HDF5 file Zurich_10BS - factor 2 e
" " o]
log file (actual HDF fil
avg. PMF run(s) compute average (only average ~ og file (a S — factor 3
!
x-axis type nb. of factors = | |avg. settinglf factor specs | factor 4
; factor 5

Choose PMF run(s) factor 4 + factor 5

factor 1 + factor 2 + factor 3

Abs. values Rel. values {Un)expl variation

N RO N = O

mow 0 o=

Madify factor names
Combinations, e.g., addition of factors is supported for AVG only!

Figure89 factor specs option for the modification of the factor names. Combinatidwofand morefactors
are also possiblen this example e.g. for SOA (factor 4 + factor 5) and POA (factor 1 + factor 2 +
factor 3).

7.6. Technicalmformation on the result folder

The next lines describe the structure of the result folders, the two main parameter files that keep
all main settings of the current PMF call as well as the information stored in thé felsler of a
single PMF rurilhis is just for a better understanding, no waves should be changed here as it can
cause fatal errors.

7.6.1. Structure of the result folders

root:SoFi:Results

GY+Il NR I 6 f Slariables pertinent to the main result panel. The useistnot change,
delete or add anything in here.

G Yh@SNIIA SBhéwavesrelevant for the averaged ressi{see?.5)

aYCAYLIl f € This folder contains the final time series and profile matrices as mean and
standard deviation, as well as median and quantiles. This data is useful for
postSoFi analysis, e.g. wind and trajectory analysis using Fsfitret al.,
2017)

aytft2a¢ plotted waves
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G Y DNJ LIK Y inaorNsfar the recreation of the plots from the result panel tabs

Gl 5C FEA t By testiSfélders are listed here, e.g. sensitivity |, abbreviated as sens_|

hereinafter (sed~igure90)

G[MDF filenamef t | NJ Wiei{p&anieter files (general data and error matrix, time series,
variable informationparameter files, convergence criteria for ME, name
strings, unit string, log file, group information)

G[MDF filenamef h @ S NJAlkr&pgesentations relevant to the PMF call (3e®

GY®l 5C ¥{2Z Sozicandiesitie individual PMF runs of a PMF call, if these runs have

been selected for the analysis (Sé)

Figure90 51 G

7.6.2. Parameter files

7 | Data Browser EI@
Current Data Folder:
& root:SoFi Eff Input:
Display |ruat =
| Waves
/| Variables -
/| Strings ﬁ%’% Sofi
j :;‘E i -7 Extemal_data
459 Reference_ts
New Folder... + {9 Reference_pr
=— * +@ Eff_Input
-ave -op) =[] Resuts
Browse Expt... + {49 Variables
" Hep | + {53 Overview
= [ Finl
— {59 sensitivity_|
Preferences... | {9 Parameter
— -3 Ovenview
= - B9 Solitions
+ {4 random_|
+ {5 random_||
-3 sensitivity |l
ONRGaSNI aK2gAy3d UKS wSadzZu adzo¥2f RSNARZ

There are two main parameter files that declare all relevant information of the PMF cal
solution_para and batch_file. Both are stored undeot:SoFi:ResultlRUNNAMEParameter.

7.6.2.1. Solution para

Solution_para is a textavewith 17 positions reserved for various general information:

2t
2t
2t
2t
2t
2t
2t
2t

M M~ M~ M- M~ M~ M~ M-
QD¢ D¢ D¢ D¢ D¢ QD¢ QX

QX

dzii 2 § ¢ LI
dzi A 2 y @ LI
dzi A 2 y @ LI
dzd A 2 y ¢ LI
dzd A 2 y ¢ LI
dzii 5@ § y LJI
dzii 76& § W LJI
dzii &7@ § y LIl

Balver information
hdrmaliz&idn during the PMF iteration
Mbuei m@deand its thresholdralue
tdeshadévalue for the missing data
Matroe scdlisgfactor
N3 value
tndigtit model type including the parameters
tndigtit application type
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M M M M M M s M M M. M- s

2t
2t
2t
2t
2t
2t
2t
2t
2t
azt
azt
azt

D D D¢ D¢ D¢ D¢ D¢ D¢ QX

dzii 78@ § W LJI
dzii 708 § Y LJI
dzii X@ByE P LI
dzi A BByE Y LI
dzdi A 28y& Y LIl
dzdi A ZBE Y LI
dz(i A 88yE Y LIl
dzi A BBYE Y LI
dzii A @8yE Y LI
dz(i A BBYE Y LIl
dzi A 2 y @ LI
dzd A g& w LI

7.6.2.2. Batch file
Batch_file is a numerical matrix containing the informationgeeryPMF run

NO®2celated weight

Mdssoclosure

Nelative weighing (@alue)

fvdakowalue

Alaloemype and avalues of constrained information
Nesevad for pulling type

B\erdgrd S/N formula

bEHwdse S/N formula

Nelerved for statistical error propagation
Nllingmaechanism

Milltictime 6 €

Matrdment type

batch_fileflnumber of PMF runsjarying, depending on the nb. of constrairjts

batch_file[0][0]
batch_file[0][1]
batch_file[0][2]
batch_file[0][3]
batch_file[0][>4]

nb. of factor

iteration index for a fixed nb. of factors

rolling index

total index,i.e.,row dimension of the batch_file

information of constraints (over time and/or profile). Each
constraint (time series, profile) receives a separate column

7.6.3. Main information

¢KS dzaSNJ RSTAySa
lylrfel S OKz2aSy

GKAOK taC NYXzya akKkz2dzZ R

following name, e.g. for the first PMF run:

where the zero stands for the run nh.e., the first run for this case. A result folder contains

G[MDF filenamef { 2 f dzG A 2 Yy & Y NXzy ¢ n €

typicallythe following information:

G OdzNNJ f 2 3 élog file of the current PMF run (log file of N2

G Ly LJdzi

R I (iShaws the PMF input for the current PMF run. This is relevant for e.g.

the bootstrap strategy@.4) or the rolling mechanisn6(5).
GAYAQPTAL S ETextwavecontaining the instruction file passed to ME
4 F LIS 1 ¢ Yl (ReBvan, if fpeak runs have been performed

0S 02y3
t aC NHzyaoaové 8liKTe rashlyfoltiér Sasthe C Nz

The next result waves are stored in the corresponding resolution foldersg NI ¢ € = , & K 2 dzNI
GRIAf@ESS|1fees aY2yiKEeéd | yYRKk2NI a&SI NI &¢
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Gazft i ak LINEEe the PMF results

G LINX (0 & ¢ O 2 yCéniag the information of the-aalue constraints. It is a 3D matrix with
nb. of factors iry and the lower and highea-value limit inx for the first
two layers. The third layer contains thevalue for every constrained
model entry.

Gw9 [ PLINK ( Reélative matrix for the time series and the profile matrix. The relative
profile matrix is contributiorweighted.

6RE® Y E ¢ residual matrix

Gw9{ 2 ¢gYEE$¢ scaled residual matrix

Gw9 {! . { @Y Eabsolute residual matrix
dw9Y 2{ Y E ¢scaled absolute residual matrix
Gv PYEEé Q-matrix

49 -t [ YYE$¢ Explained and unexplained variation matrix factor with #@ver time,y
over the variables andover the nb. of factors.

a w a/pug averagal residualmatrix over time/ profile for all type of RES
G9 -t [ wiaS Nxphmed and unexplained variation over time

G9 -t [ wLINE TEXplaBed and unexplained variation over profile
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8. {2Ctha@Inya 0 Yyl faaAa

8.1. Select a PMF run

The PMF_analyze panéligure9l) displagthe results thathavebeen calculated when pressing

2y AGLLL®O ! y ruhoddlBureGilk and Beyice it reaBtvery fastupon changesThe

panel is divided intéhree maintabsfrom which the variougraphscan beplotted.

GDSYSNIf Ay P2NNHANVAYF2dz2N] 4SO0GA2ya affSdr&lIOG t acC
PMF run(s) in adjacerit A 3¢ 3 aaSadidAay3aa F2N OK:
GExportt aC a2f dziA2yé

Gh @SNIASH LiFacidbriime series, profile as well as overview residual plots (absolute
residualsscaledresiduals, absolutecaledresiduals, Q)

G5SalF Af LI 2 (Fraction plots, factor plots, scatter plots, residual analysis, residual
histogram, correlation matrixHRdata plots

G! GSNI 3SR & Pibtddvrie2aiidting the PMF error, tintependent factor pofiles,
time-dependent avalues. Only available for averaged solutions.

[E] PMF_analyze [= ] 2]

General information Overview plots Detail plots Averaged solution

Select PMF run for exploration Info of the PMF run(s) (AVG.) in adjac. list

 boot_230418_run_4 nb. of runs considered (abs) | 158
| boot_230418_run_5
| boot_230418_run_10
boot_230418 run_18 P
| boot_230418_run_19 RS 0. 147
| boot_230418_run_35 median | 0.142
| boot_230418_run_38 025/ 0.129
| boot_230418_run_46
| boot_230418_run_56
| boot_230418_run_58
 boot_230418_run_B1
| boot_230418_run_B5
| boot_230418_run_75 Settings for chesen PMF run from adjac. list

| boot_230418_run_79

 boot_230418_run_85 Consult log file of selected run

| boot_230418_run_86

| boot_230418_run_87 Swap factor position of single run

| boot_230418_run_89

| boot_230418_run_93
| boot_230418_run_100
| boot_230418_run_103 Export PMF solution

| boot_230418_run_103

nb. of runs considered (3] | 19.2

P10 0.126

Update family colors of single run

| boot_230418_run_106 Export selected run(s)
| boot_230418 _run_107 or average of run(s)
<

Figure91 Gtacylylfedsed ADSYWINI & AYyT2NYIGA2YVE O
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8.2. General information

8.2.1. Select PMF run for exploration

The user selects the PMF run (one run at the time) that should be inspéctpdown menu

GAGK GKS alYS tAad Aa tftaz2 F@rAtrofS FNBY GKS
several PMF runs should be investigated.

When nothing is selected (pressing SHIFT on the selection removes the current selection) and if
GO2YLIzi S I @S NI Féhier! VedveisquelR ddinfe nichi gefiinden werdgnthe

averaged solution is presented as a result.

8.2.2. Info for all PMF run(s) in adjaceitist

¢CKAA LI NI aK2ga az2yYS 20SNWASg adl drAadada 2F 4l
chosen (seé&ehler! Verweisquelle konnte nicht gefunden werdgn.

8.2.3. Settings for chosen PMF run from adjacelnt

GO2y ad# G f 2 3pops the log file written by MR forthe currentrun.

dSwap factor positiod €  If swapping occurred for unconstrained or loosely constrained
factors, the user has the possibility to efthe the order of the
factors.Swapping affects only the current/chosen PMF run in IGOR

(Figure92).

Define new order for
factor positions

Swiap factor(z)

[ Jo

g cld_pos [new_pos

[CREEREE (=]
W= o

ENE R R ]

Figure92 Swapping subpanel showing the old positions (left column) and the new positions (right column).

G! LRI GS T YAThs buiehfolyNahpéars if useefined families are detected by
SoFi (se8&.4.9. If the userdefined families are defined or updated
after running PMF, the family colors can be updated hdreis
affects only the current/chosen PMF run in IGOR.
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8.2.4. ExportPMF solution

The set of environmentally reasonable PMF runs, defined as final PMF solution eapdoted

to .itx, .txt and .dat files. Depending on whether the user has selected a single solution or the
average (no selection) in the overview, the corresponding solution is expdftée: user chose

to export an average solution as an .itx file, it is possible to choose between exporting only the
mean time series/profiles or the solution with all the statistcsNS a aAy 3 2y (KS aG9E
orl SN 3S taC Nilzyaoave odzidzy 2LSya | RAFf23X
file format. Profiles and time series are exported in separate filbs.time series is exported in

the time resolution as selected in the data subwindow of the analyze (red) paftet.pressing

continue, a dialog for the file path is openegth option for exporting the data in a Zefitendly

format (inclusive averaging) will be added soon.

8.3. Subpanels graph and data
hyO0S (KS taC NBadzZ G LIySt O6NBR LIySto Aa LI2LIL
too.

& DNJ LIK LJcoftdifiséaptions related to the graph, e.gnean or median representation
mode of representation (line, point, cross, etc.), size of representation, etc.

G5 G LI dhiaids ptions related to the type of data, e.g. time series or diurnal cycle

ThesesubpanelgFigure93), once popped, remain constantly available, even if the user changes
tab. Changing tab will load them autmticallywith the new options forthe current graphThe
same subpanels were already presentediB.1for the data,5.3.2for time-dependent options
and5.3.3for the graph options and the reader is referred to those sections to learn more about
these subpanels.
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pM... | = | &3 pM... | = | &3 PMF_analyze_options E@
GRAPH DATA time-selection overview over time class{es)
Average v
pop graph S hour(s) day(s) month(s) year(s)
Time series v
close graphis) -
from current tab default resoluti = b all B all M all M all
. B0 M weekdays M January b 2018
R AN ¥ y-type|solutio ~ M1 B weekends B February B 2019
v M2 M Su B March
- y-var | averag v B 3 B Mo B April
axis | left - [ B4 Tu B May
- v M5 M we B June
- norma
type|line b6 B4 Th B July
style 16: — ~ e - b7 M Fr M August
ize[2 - [ M sa M September
- other | M9 M October
win |CUIren’ ¥ b4 10 B Movernber
BS mean > ! (m Decembe)r =
MNew
Add Select based on
Remove last class / time
Figure93 Thetwosul Jl y St & ¢/ RNIGIRK & | ¢ € 2 | Ri& B.g. @ lindeeriés Ktdndaxddivti A y 3 &

andthe time-dependent options for the factor time series (right).

The top dropdown menu of the DATA panel allows to select the PMF run or in case the average

gl & Ol £t Odzt F 6SRE GKS @SN} 3IS GKIFIG aKz2dzZ R 0S5 LIX
aSiiaAry3asg Groo

Note:52 y24 F2NBHSG G2 LINBaa 2y aOf2aS GKS 3INI LKA
a particular tab. Otherwise, SoFi accunetatoo many waves and becomes slow.

8.4. Overview plots

Factortime seriesprofilesand the overview residuatan bevisualized SoFi will use thdefault

Igor colors if not defined otherwise (s&€24.8.9. The residuals graphic contains the residual,
absolute residual, scale residual, absolute scale residual and Q residual over time or variables,
respectively Figure94 shows some possible graphs that are governed from thisThb spread

of the average solution, e.g. standard deviation or quantile statistics, as shown for the residuals

A~

shown inFigure94O'y 6S O2y iNRftf SR FTNRY (GUKS &adzoLl ySt al
For constrained informatio® | y 0 S @A a dzI f Ad | S RdzSpaEctoOp@biiéalekey 3 G |
constrained in the solution shown kigure94; the shaded area spans the area between lower

and higher constrains with the center of the area representing the anchor (constrained profile).

A comparison between this gray area and the resulting profile (colored bar) shows in which
direction (up or downjhe solution was pulled during the in MErun.
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040 | test_li:run_2 | factor_1 BU’”U [test_n_run_of
. oogd factor_2 - 40
S o4 factor_3 g o { 4”
= ood | ‘ | factor_4 0]
002
bl

0.00—

a0 0.08 ] | |
3 VRN T S
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5 ] i
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5 27 § 10_'
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g I
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3
Figure94 Factor profiI:::Teft) and residuals over the variables (top rigr::;tBThe residuals over the variables

are represented by the mean and interquartile range (IQ&)td¥ contributiong(bottom left) and
daily cycleresiduals (bottom right) representedith the median, the bars for the IQR and the
whiskers for the 10 to 90" %

8.4.1. Time series specific options

If imported into IGOR (see5.20 3 G KS dzaSNJ Oty &agAiOK 0SisSSy
GK2dzNI @€> AGRIAfe@ér oSS 1teéds avY2ylaKteéinkyR a¢
addition, temporal information can be represented as cycle plots, i.e., daily, weekly, monthly and
yearly cycle.

If the data resolution allows it, all time series plots can either be plotted §s2 MY l&fycle
plots. Theavailablecycleplots arediurnalcycle, diurnal cycle ovea week(i.e. the diurnal cycle is
splitinto weeldays to better understand thaverage diurnabehavia on different days of the
week),weeklycycle monthly o/cleandyearly cycleFor all cycle plots, thérét value is repeated
at the end. Wee#ay related plots start with Sunday.
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ForFigaero TD PMR default resolution (i.ethe time series is the temperature dimensiort)ese
cycle plos are obviously not available. Instead, thermograns can be averagkto intoasingle
thermogram representing the averagelatility behavie of a factor using the optiorddesorption
temp.£.

C2NJ CAIFSNR ¢5 t-@alCZSK KSE221ide@N2 0EFAXASING a2 | O
individual thermograms (i.e. each measured filter) are averaged into one point. With the time
series now representing the given time series, defined in thmutinand not temperature
anymore.Here, all thecycle plot fom cnormalé PMF are available again.

The user can switch between absolute and fractional representation of the time series.

8.4.2. Profile specific options

¢KS FANRG GKNBS 2LJA2ya +@FATFo6tS TF2-dks LINETA
representationinthegrap. A 1 K aE RAY 02y i haxisi®wssdwhichlis uely G A y d
for data where no mass is included in thaxs, such as e.g. metal or traditional offline PMF and

where certain elements/variables were blacklistedK Sy OK SO a §H¢é BEAYyaid S R
numeric representationonthex EA 8= { 2CA 6Aff dz&aS GKS GSEG Ay T¥F
GCHaidBmas oAttt IRR GKS RSTAYSR FILOG2NI ylYSa i
5SNE RSTAYSRX (KS FILOG2NAR ¢Aff 2dzad oS OFffSR
¢CKS aO2y iGN ¢SAIKISR OFNE 2LIGA2y gAff | RR (K
axis with black markersF{gure 95). This is especially interesting when the intensity of the
different variables of the PMF input differ a lot (e.g., Xact data where there can be an order of
magnitude difference in between the different elements). While the sum of all variables in profile

by default to 1 are normalized, the sum of the contr. weighted var. of one variable across all runs
equals 1 (i.e.., the sum of th#ack markes at m/z 44 over all runs is 1).
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" -

PMF_analyze =< M. | = | 23|
General information Overview plots Detail plots Averaged solution GRAPH
1 pop graph

| x |
|5 8o{Test run o] ! factorpr? ' close
=] L run_| <! graph(s)
= 60 - o !'i - factor_pr_2 L | from current tab
=S x X % factor_pr_3{~ - 5|
o ] x factor_pr_4|" - = repr. mean ¥
| = Qg_ : iﬂ.|.ﬁﬂlﬁ! LT 1 ractorprs| O : ’

0.10 :!t x x | axis | left v

0.08

006 4 up to my/z 100

x dim continuous

Tprnor
Jou Jea

x-label
a-values
pulling eq.
factor specs

R A T o
Sl :-rﬂ'ﬁ‘ﬂ“ﬁx M

pr nor

=]

Jou dea

o
| o

+/ | contr. weighted var.

pr nor
JoU JeA

Update / New
Add

Remove last

Jou Jen

Figure95s Overview plot with contribution weighted variables.

fusebkRSTAYSR FTFYATfASE INB ALISOATASR FT2N 6KS OKz2
available. Similar to the HR family pl8tg.6.]), the variables are colored based on their family
affiliation, however the variables are not stacked (UMR resolutsnj the HR family tab

8.5. Detailplots

8.5.1. Fraction

Fractional representationn form of bar and pie charts @svailable over time and profile for
contribution and (un)explained variation dat@ar graphs can be binn&ither over quantiles or

over mass (including information of how often a certain mass bin is registdoednass
dependent graphs. For pie charts over time series, external data can be added to the pie chart
(e.g., inorganic species so that the pie chart represents total PM niesgover, the user can

plot HR family information fdor-wise as pie chartsThe user can choose between band
piechart representation.
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factor_4
u factor 5| 08

1.0 - 1.0 -
test_lll_run_0 |‘ var. 55 | | | ® factor_1 test_Ill_run_0
. : <

T factor_2|
[T
0.8

factor_3)
06 05
20 40 60 80 100 120
variables

fraction
fraction

0.4 0.4

Figure96 bar plot ofdaily cycle for variable m/z 55 (top lefgontribution-weighted bar plot of profile plot
(top middle), masslependent bar plot of contribution, binned over quantiles (top right),
(un)explained variation as pie chanter a useidefined episode (bottom left pie chart oftotal NR
PM, including organic PMF results and inorganic and pie chart of family contributions to factor 1 in
a HRAMS anaylsis

8.5.2. Standard

The standard tab allows plotting the information over time (time series mogver theprofile
(variable plot)for a multitude of useiselected tracersFigure97 shows some possible graphs
FTNRBY (KS a arbeluseRdisdliag thelbptiondrere to plot the diurnals over a week, i.e.
the diurnal of a variable/external/etc. for each day in the week in a single plot.

The user can add several traces form the current PMF run or from any other PMF run, by simply
goingback to the selection tab, selecting another PMF run and adding to the existing graph.
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204 test_|I|_run_5 factor_1_ts = test_|I|_run_0 factor_1_ts
-EC_tr ts test_IIl_run_1 factor_1_ts#1
0.75 - = test_|I|_run_2 factor_1_ts#2
m—test |I|_run_2 factor_1_ts#3
154 0.70
0.65 o
< o H
= < 0,60
0.55 4
0.5+
0.50 4
El-u_IIII\IIIIIIIIIIIIIIIIIII"] [ T T T T T T 1
S mmEaer eSS T NI E I EZERAES F 2 I £ [ s @ -
hours davs
12 - m test |I|_run_5 factor_3_ts I test_lll_run_0 factor_1
-var_80_abs ts - HOA_avg
0.10 -
10+
0.08 —
8_
E |
> 6 0.06
4 - 0.04 —
i l 4 ] I
24 L I "I F1 0.02 |
I bbb : ' ]
0- 'J“—u!% ILMS "-*.l' i _|‘ [ w ‘. ..I'[“ |...|1[r‘ .....L |I...,JJ‘I|..,"|J.|.|.. uhL,
21.022011 13.03.2011 02.04.2011 000- ' ' ' ' N
o o o 20 40 60 80 100 120
dat
Figure97 daily cycle of factor 1 (hypothetical traffic) and its tracer EC (top left), weekly cycle of factor 1 from

several PMF runs (top right), time series of factor 3 (hypothetical BBOA) with its proxy m/z 60
(bottom left) and profile of factor 1 with an adjaceexternal traffic profile (bottom right).

Moreover,d 2 0&a 3ASYSNIGSR FNRY (KS Aah@OSNIBASGg LI 204a¢
0KS a{dFyRFNR¢ GlFlod ¢KAA |fft2ga GKS dzaSNI G2 |
visualization and congrisor® / K224S SAGKSNI a20SNWPASg LI 20¢ 2
win temp. for adding the plot from the overview or fraction plot. Pressing either on the tab
G{GFrYyRIFNR¢ 2N 2y (KS dabSg¢ o dziREigugo8)sSelect theF A y I £ §
GNF OS G2 6S FTRRSR FTNRY (GUKS F@FAtlFIofS 2LIA2Yya
0N} OS® Lathwe¢! beyY GKS 2LIA2Yy agAy (GSYLID 4 Ydzai
cannot be addedKigure99).
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8.5.3. Scatter

h@SNBASH

e G2

The scatter tab allows plotting the information as a scatter plot@wsldr-coding itbased on other
information over time (time series plogr over the variables (variable plotpr a multitude of
L2aaAot S 3IANI LKA

userselected tracersFigurel00a K 2 g a

az2vys

LI 2 0

I LIN.

TNRBY

The user can compare traces between the current PMF run or also between various PMF runs,

dza A y' 3

constant to the previously selected PMF run.
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pg'm

+ test_lll_run_5 factor_1_ts ws- EC_tr, col: - 55 + test_[ll_run_0 factor_4_ts vstest_lll_run_8& factor_4, col: - normal
— fito — fit0

g
w-Bi

linear fit - factor_1_ts linear fit - factor_4_ts
. - 4
{035 + 0) s + (0 + 0}, R=0.44 (1.03 +0) x + (0 +0) , R=1

I I o
I T T T T
2 4 B 8 0 1 2 3 4

12

3 test_I_run_8 factor_3_ts vstest_Ill_run_& 2, col: - date_time T test_Ill_run_8 factor_32 vs- BBOA_avg, col: - normal

10

— it

80—

60 —

10

40 —

20—

linear fit - factor_3
(107 + 003} x+ @+ 0) , =091

T T T
20 40 60

10 " fraction

Figurel00

factor 1 (hypothetical traffic) vs. its tracer EC catoded by its proxy m/z 55 (top left), factonvd.

factor 4 from another PMF (top right), factor 3 (hypothetical BBOA) vs. the explained variation of
its proxy m/z 60 colecoded by time (bottom left) and factor 3 (hypothetical BBOA) vs. an external
BBOA profile (bottom right).

8.5.3.1. Option model subtraction

SoFi Pro offers the possibility to comparspecifianodeledoutcometo the measured quantity

that the model shoulddeallyreproduce. In the case of ACSM data witimary and secondary
organic aerosol sources the experimentalist can e.g. remove the primary contribution of specific
variables and compare the modeled fractions of the secondary so(tgeisally the entries of

the factor profile)to the secondary measured contribution. Consult Canonaco ef28l15 for

more details on its application.

Example
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The fraction of m/z 44 and 43e., f44 andf43 of the modeled secondary factors should be
compared to the contribution of measurdd4 andf43 from the secondagsonly.

y-type and xtype mustread @ Y2 RSt & dzgniaMdndsivak argm/z 44 andm/z 43,
NBaLISOGAGSte FyR (KS 2LJiA2y aFNF OloARgyrél01a K 2 dzf R
contains the group names for each factor, here POA and-SPR a | Ol dzl £ (& LIS¢é¢ A&
group of factors that will be used for the comparison. The contribution of all factors that do not
0St2y3a (2 GKS 3ANRdzL) alF OQldzr £ GeLISé¢ Aa | dzi2Yl GAC
on the variables yype and xtype.

m = | B || &3

DATA

Time series |~ | |1
fscml_l factor_sol_chosen
default resoluti...| 1 FOA

2 POA
y-type mode... 3 POA
[hold |4 S0A

-war b
y avera... SoA

S0A
x-type mode...

[Jhold
X-war (avera...| ™
col-t normal | ~
[Jhold
color =
fraction| ~ "
normal | < >
o508
Figure101 M2RSt adzoidNI OGA2y LIyYySt gAGK GKS FTANRIG GKNBS TI
GKNBS G2 GKS 3INRdzLI a{h! é¢d ¢KS Tl OG2NER 06SAy3 TFdzNI

i.e.,SOA.

Given the linear relationship in PMF, the variability of the measured points (red poiRigure

102) is supposed to be captured by the linear combination of the modeled factor profiles (green
points inFigurel102). This implies thathe measured pointshat are properly reproduced by the
PMF model are those that are on a line if e.g. two factor profiles are mod€&led.is the case
here, as light and dark green points represent two SOA factors form a rolling PMF rérbfeee
details on the rolling strategy).

-140-



Dafalgsﬂca}}

m ] = | = | &3

General information Overview plots Detail plots ~ Averaged solution

Fraction Standard Scatter Residuals Correlation

0.30 4

0.25

0.20

0.15

0.10 4

0.05 =

-0.05 0.00 0.05 0.10 0.15 0.20
fraction

Figurel02 Outcome of the model subtraction option fdd4 vsf43. The POA contributioof f44 andf43 has
been removedeading to the red points.he light and dark green points are the fraction of the SOA
factor profiles.

b2GS GKIG 6KSY LISNF2NX¥AY3I aY2RSt adzoGNI OGAz2yé
of the factor profiles cannot be compared to the measured contribution. Hence, only the

measured variables after having subtracted the contribufim@m the factors that should not be
further inspected arelotted.

Moreover, inspecting the shape of contribution subtracted measured points (red poikigtine

102) might also reveal information on how many factors should be used for the PMF model. If for
example these red points lie on a line, only two factors are enough to capture their variduality.

the case where the shap# these points is triangular, then three points are requiréthe shape

of the points is more spherictike, then only one factor suffices.

8.5.3.2. Option multilinear regression

SoFi Pro offers the option to perform a multilinear regression between externals and PMF factors

or externals and PMF factors plus externaltis could be used e.th perform a multilinear

regression of eBC versus PMF combustion fadidcedraffic and biomass burning-type and x

G@8LIS Ydzad NBI R & Ydz Gyiype, FobiliskslaleBendBx-type thg useb C 2 NJ |
has to select (check) the factqand externalshhat should be used for the multilinear reggsion.
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For easier navigation, the user can select in the dropdown menu fortae &ither only solutions
or solutions and external§&oFi supports multilinear regressions with up to 10 variables.

SoFi presents the result as a scatter plot where the external is plotted versus the sum of the fitting

parameter times the factors. The fitting parameters are displayed in the bottom right carher.
multilinear fit can either be forced through zero or can be allowed to have an inte(ckptkbox
Ga[ w (KNEP ieAtich dase ki éné is also listed together with the fitting parameters.

8.5.4. Residuas

This tab hosts features relevant to the residual matrix. On one hand, the éatiadedYesidual
matrix is accessible. On the other hanesidualhistogramscan be drawrfor the total as well as
for single variables oclasses if previously defined In case of the @alue approach, the
histograms of the different instrument classes can be inspected and compared here.

8.5.4.1. Entire residual matrix

The entire(scaledyesidual matrix can be visually inspected. Thaeehnt slider that controls the
color-code of the matrix allows to dynamically inspect various regions ofsbaled)residual
matrix and to verify that theentries of the matrix areandom i.e., unstructured over time and
over the variableshroughout all rangegseeFigure103). Furthermore, the explained variation
can be visually inspected here as well, following the same principle as for the residual matrix.

P snayze = | [ (= &3] e [=]E3
General information Overview plots Detail plots Averaged solution GRAPH DATA

Fraction Standard Scatter Residuals pop graph v

Time series >

close graph(s) -
from current tab default resoluti
T e | .
LAy | entire | ~

Scaled ~

A ok s b b

SS— var. |tota A
SCAN of residual matrix

Select based on

Update class / time

Figurel03 Subsection of the scaled residual matrix cetoded between-0.4 and +0.4, based on the user

RSTAYSR atARSNI Ga{/!b 2F NB&ARdzZ f YIGNAEE @I f dzS
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8.5.4.2. Residual histogram

Residual histograms arean easy and fast method for investigating whether the PMF result
contains some systematic under overestimation(seeFigure104for some examples)deally,

GKS tacC NBadzZ § R2Say Qdaled@sdyals|i.a. he beylad resid@ais G S Y I (0
considering all input cells scatter around zero in a noisy way. This leads to a unimodal distribution,
ideally Gaussiashaped(the internaly performed Chi squared statistical tesils the user the

likelihood to the Gaussiaourve).

Following histograms are accessible

& NB &8k Rdzl f the residual only is taken. This revehtswy good the data is modeled.
The shape is supposed to be unimodal. It is not expected to be Gaussian
fA1ST a taC R2 Sidugl ®ithékstadeB ©didiiad(se€ A (0 {
below)

Q
(@]]
QX
©
Z
&
Q)¢
>

Rbddliufe éresidual histogram. The histogram will be on the positive
guadrant only.

Q

Qx
(@
(0p))
X«
=z
&

dcaléd dekidudl histogram. This quantity reveals how well the PMF model
fitted the data. Ideally, thgprobability density functions unimodal and
Gaussiadike. In addition, according to Paatero and HofRaatero and
Hopke, 2003 the scaled residual histogram is supposed to mainly
scatter between +/3.

Gl oad &ol f SbkolutéBcalddRedituél histogram. The histogram will be on the positive
quadrant only.

Gv NBaA Rdz Qhistogram. The histogram will be on the positive quadrant only.

test_lll_run_8 a0 | test_II_run_8 RES_44

RESW_total
mean =-0,0013841
std.dev. = 2.3098
Gau:

200

150

40 —

histogram
histogram

100

50

Figurel04 Histogram for totalscaledresidual(left) and residual of variable m/z44Note the extreme high
bars at +f 4 due to the robust mode. These lines are not considered for the Gaussian fit and its
subsequent statistical significance test.
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If the actual residual varies from this shape in that it tsobimultimodal or showing some high

spikes at negative or positive sides, further investigation of the PMF model is required. It might
be that the number of factors is too high/low, if consyfail & ¢ SNB F LILJX A SR (KL
the natural variability of the datasets, etc.

Relative weighting of classeSyalue approach
In case the analyst has performed relative reweighting of the errors of certain classes, their

(scaledyesidual histograrmare plotted separately and proper statisticistscan be performed
to judge, whetheiit is likely that the (scaled) residuals have the same underlying distribution.

The following statistical analyssdirectly accessible fronsoFi:

G! bh+! 0685l dzI faomewayANOYASsh with the assumption of equal variance and
the underlying normal distribution for all (scaled) residual
sampling distribution (classical ANOVA testing with the F
distribution or T distributiorfor two classes)in addition, Bar (i ( Q &
test for the equal variance is also computed and the result
represented in the adjacent text box.

G! bh+! dzb dzy Bl NToheywdy SANGVA test with the assumption of the underlying
normal distribution for all (scaled) residual sampling distribution

(Welch tesj

G! bh+!-LJ6NRYS GaNdorépargmetric or rank oneavay ANOVA test is performed.
(DunnHollandWolfe test is performed that accounts for various
classes with a different number of class members)

[ 15 ResiduatRESW.class .- = eN " |

0.4
®m RESW_class_| test_VI_run_0 m RESW_class_|
m RESW_class_|I m RESW_class_|I
) RESW_class_Il

nnnnn =

mean = -0.005458 000486
sid dev. = 0003796
Gauss fit

test_VIl_run_0

04

Gauss fit .
center = -2.856 +- 0.0179 03 enter = -0.223 +- 0.0056
width = 2 823 +- 0.0291

sum chi’= 0.137

crit.val. (a=0 05)= 391.44
fit accepted, p = 100%

RESW _class_|
mean = -0 000371
std dev. = 0.003121

c
width = 1.968 +- 0.014
sum chi’= 0.186

crit. val. (a=0.05)= 391 44
fit accepted, p = 100%

RESW_class_|
mean = -0.000802

0.3

pdf
df

s fit

r = -0.122 +- 0.0085 0.347 +- 0.0055
316 +- 0015 +- 00111
0.804
=0.05)= 391 44

0.2
center

0.1 014

y ANOVA isti i Welch test)

y ANOVA istics (unequal vari Weich test) q
+—|HO accepted on a significance level of a = 0.01 HO accepted on a significance level of a = 0.01
mean values identical, p = 24.3% mean values identical, p = 95.99%

I T T 1 T T

v o ° o~ - ¥ o °

~ -

Figurel05 dataset split in two classes and errotmweighted (left), the scaled residual of the two classes is
optimized using the ®@alue approach (equilibrate group scaled RES)
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Based on the reported p values for each statistical test the analyst can judge how likely the test
hypothesis Hlis true,i.e., the mean valus of the (scaled) residual distributionf®r eachclass
arisesfrom the same underlying distribution.

An example is given figurel05, where a dataset is artificially split into two classes (class_|I in
green and class_II in orange) and the errors of class_Il maraially increased b$ orders of
magnitude. The left panel shows the PMF run whaeess_1l is underestimatg@rrors are 100
times larger than for the variables of classal their scaled residuals are almost all positive. The
green and the orange distribution are likely to occur from the same underlying normabdtsin

with ~2%/% probability(from a statistical point of view still satisfactory, as typealalues are in

the range 5%, 2% or 1% jowever,applying the dynamic equilibrate group schRES (®alue
approach) made the scaled residuals for both clagses moresimilar with ap valueof ~96%
i.e.,both distributions arise from the same undgrig normal distribution with 96% probability

8.5.5. Image

From the dropdown menu on the first window nexo the analysis (red) panel, the user can select
the type of the image plot. Crently, SoFi offers correlatiorwind analysisand hierarchical
clusteringimage plots.

8.5.5.1. Correlations

Factortime seriesas well as factor profiles can be correlated to emtd dataand/or variables
and within each other. The following options are available:

Gwyt SFNBR2Y 0 RPdarsdhilvdué gseful for linear relationships
Gw{ LISF NXI y cabdjraizk dedeRtiog, useful for any type of relationship

GYSYRLIEf Gl dzrank Ipaizeldtidh Rapéfficient that analyzes concordant and
discordant pairs

Gwpdzy OSy (i NI 0 &tjsie shidBaiRty £
G CA&aKSNI (NI y FsNNhstorknatignof a Pearson correlation coefficient

For all these options the representation can be eitildmage in atable or in a combinedormat
(Figurel06). For the Pearson and Spearman correlation coefficients an additional table contains
the p-values as well, to better judge on the significance level of the correlation.
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|1 | [
test_lll_run_4 |—1.U
== = Row |PR_RZ_Pea PR_RZ_Fea PR_RZ_Fea PR_RZ_Fea PR_RZ_Fes PR_RZ_Pes PR_RZ
0 1 2 2 4 5 5 L.
factor 1 0 1 0.74 0.48 0.27 0.02 0.8 0.9¢
os 1 0.74 1 0.55 0.2 0.07 0.82 0.7¢
factor 2 2 0.46 0.55 1 0.54 0.26 0.91 0.4€
factor 3 3 0.27 0.2 0.54 1 0.02 0.84 0.2
o 4 0.02 0.07 0.28 0.02 1 0.2 0.0
factor 4 06 5 5 0.8 0.83 0.91 0.84 0.2 1 0.5¢
factor 5 e 8 0.99 0.78 0.45 0.23 0.02 0.58 1
& 7 0.78 0.99 0.58 022 0.07 0.87 0.7¢
BBOA_avg S 5 0.18 0.28 0.45 0.12 0.28 0.48 0.1€
HOA_Paris 04 ,S ] 0.81 0.8 0.69 0.52 0.28 0.84 0.58
COA Paris 10 0.97 0.74 0.43 0.19 0.01 0.55 0.9¢
- 1 0.9 0.87 0.41 0.08 0.02 0.58 0.8¢
00A_avg | 0o 12
QO0All_avg
HOA_avg
HOA_avgl 0.0
A
_____ = = = = = o
m m @ m @ z
##### g g il
S8 8883 528«
833685¢%¢ v
T O < >
Figurel06 Correlationimage plot and correlation tableetween the factor contribution and external tracers

RSTAYSR dzyRSNJ G KS LI ySt a5l alé
¢c-ofSa 2y GKS adzomlLl ySt as5Falée +rft2e GwS dzaSN
variables Figurel07). Default value is that aéintriesare used for the correlatioh 2 A § K (1 KS a
dropR2 6y YSydzz GKS dzaSNJ Ol y -do@n rdefuitheluselcant sttt ®@ 2 A
between external data and variables (only time series). Y_list and x_list are independent of each
other, so externals and variables can be clated. SoFi will plot the correlation according to the
position of the factor/external/variable in the list. To change the order, the entries can be dragged
and dropped to the desired position. The selection and order of the externals/variables is saved,
t2 NBaSd Ad GKS awSaSd traad FyR aStSOdGA2yé 0 dzi
¢ KS & dzo LJ yaSdcontailstyjpe lofikittie representationt@ble R values, tablep values,
image, image+Ralues, image+palues) andhe critical value for a significance test based ba t
threshold. The user can vary the threshold on the same panel and can check immediately for
acceptable minimum R values. This test is only available within the opfreaRorand Kendall
tau.
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8.5.5.2. Wind anaylsis

SoFi offers the option of wind rose, pollution rose, joint probability and-parametric wind
regression (NWR) plothe plots for the joint probability and the NWR are similar as they can be
found in ZefirPetit et al., 201Y. All these plots require wind speed and wind direction. SoFi will
look for waves named as they are generated in the treat external (yellow) panel. So by default,
the wind_vel and wind_dir_degdep (direction dependent averaging, preferred) or wind_dir
(normal averageajot direction dependentare used. If these waves do not exist, a agpappears
where the user can select the wind speed and direction walke.wind speed can be in either
m/s or km/h. The result plot will be plotted in the same unit. The wind direction data needs to be
in degrees with 0° representing the North azimutheuser has the option between five different
color gradients.

In general, a nonparametric regression is a method of estimating the mean value of a dependent
variable given the value @he or more predictor variables. In the caseNdVR, the dependent
variable is the concentration of a polluta@tand the predictor variables are the average wind
direction and wind speedi. So he averagepollutant concentratiorCis calculated as a function

of wind speeds and wind direction using Kernel functionHenry et al., 2000

. — ®w . 0 Y .
B v UV ——— O

0 6 — ()Q'Y 7)
B 0 V] o)

whereG, U, andW; are the observed concentrations of the pollutant and the resulting wind speed
and direction at a given time point, respectivelyhe smoothing parameters and h, are
estimated based on the rule of thun{Bilverman, 1986
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The Gaussian kernel is used for the wind direction
VL ® ¢ ~“AgPmo hH & H (28)
, While for the wind speethe Epanechnikov kernel is used 29)
0V @ T whp © p T
However, there is no evidence that the results are particularly sensitive to the choice of the kernel
function.

Wind rose

Thewind rose shows the direction the winds blew from and the length of each "spoke" around
the circle shows how often the wind blew from that directiofhe user can select the bin width

in which the speed should be grouped as well as the maximum speed. Furthermore, the calm
speed, meaning up to which wind speed is regarded as calm/windless, can be adjusted.

Figurel08 Wind rose. In the data subpanel (right) the user can define the angle bin width, the speed bin width
and the maximum speed. By default, the calm speed is set to zero, but can be changed by the user.

Pollution rose

The pollution rose applies the same plot structure as the wind rose but substitutes a
concentration time series for wind speed. Similar to the wind rose, the bin size for the angle has
to be defined. Furthermore, the concentrations bin width as well asitagimum concentration

has to be set. Fa dropdown menu, the user can select between concentrations from solutions,
externals and variables.
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