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Abstract

Every yearagpmprhoexiénamrellyy on new cases of col or
worl dwi de. Globally, there i somsgtr owd ng0 nyueare
ol)d col orectal cancer, which is .dheen di agnos:s
outcomes for medaragsrtian,i oyigiadt iaeefdt ssur vi val rat
10For these pattéaatsteptiglersmdntgr owt h factor
(EGFR), a cell surface protein that is invol
can help shrink metastases for resection or
care. However, approximately 40% of patients
respond. The objective of thisnanusdgypdvaisalt o
organisation of, epneegtlt he ( ECRgUENd sh eflopr pE GFIR

responseGF® ameiat ment for metastatic colorec

To achi eve twiel mmagtkigsescud vegmpl es from met ast a
cancer patienhsl aacsulng Isa maglliesati on microscop
resol ve -ptrlreec ilsiigphh posi ti oWst hodlre ERIE®Sped ot ei ns .
tesaedi ficial intell i Jdeorcopa@( Ak ebthNeesegpmert |
and cllaasrsgeceadter ucitrur®MLM data,. Thesh pspekl hes
wertehamppl itede tIMLM data ftraant &kelgynehitenthe c e

and cl| asbifeys ptomesm t o treat ment .

Thiasppr osacyh i mpvevean existing method for pre
uses the protein exprugasaomcl evievbedsdBREIIG

sampl ei nsitzhei,s Motriedy r otawsdhyo,wetdhitshat t he organi
EREG may help prediEGFRreéespepan snewmdamntdcti pplaere, t |
t htewo nolwvadedlpipelines mayobetphen&malMygi ss e
datTah.i s i ncludes the fneurtale xnerpwoer ko fd eas igg naepd
who-geaph <cl assi fi caTthi eosne opfi pSeMLiM edsa tcaohuel d h el
use oM 8HIoa characteriangrpepllecdt ypsponse to t

across a wide variety of disorders
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1 I ntroducti on

1.1Col orectal cancer
1. 1What is colorectal cancer?
Cancer is a disease where abnormal <cells gro

characterised,dych tas haud tmairrked ptrhoel iafbeirlaittiyv

candemrai nt ai ngc omstiammdte penderetl |ofsilMararhdli ng

Col orect al cancer is a cancer tH&Etvedgvegleaps
ther g oaurghly 2 million new cases of col orectze
40,000 inOvbe WEB,000 people will die from co
the aJKdi sing incidence rates mean this 1Is pr

approxi mately - 204 ®,00d édypi2t088a falThiisn ineort al
alongside a worrying-ogbebal <i BOrcgpd soereicaladar |
cancer, which is often di,pghestidahltyaduadtwvan

cancermr eefndrhgge gtoup

Col orect al cancer can develop through severa
(790%) develop througdhendinar comoenat panaway (F
1.1%.11 Normally, epithelial cells a€eanaerange
devel opmewitt stargrsowth in tissue from an abn
base, where the stemhcehbsnglsossdierogc attheed f unct
adenomatous pol yposumouwen!| supgpPECvdhemrganieeons
to the Wnt sidhalThenbepdahemwma)r can devel of
cancerous tumour (cardior@armdly amd tsipere aidnv ad a
(met as,t adsriisv)en by del etti wmsurngugmuteass sammds | n

oncogenestusnoah @osotein P53 (TP53) and Kirst



( KRAS) detest akes applr5o xyienaartse Ifyorl1 0t to devel

pat hway, claef onee¢ aistudsiisn@at el y | esadopett’lo deat |

Lumen
S D IR, S (O
A 5 /\]{/ 3 f Epithelial 2 é [/ t(
SHOBH B ees HH O OBE RE
I = HE B
L 1= B ) 1
e B 1= = X B |
=l S E & 2 e B S |
i BH E H E t =t
ST Y U

Ik ~ ).» > b 7\

K

Submucosa \Crypts

Normal colonic ’ Aberrant crypt * Early

epithelium foci adenoma TN

O

e I TATeN T O BT RTOTH I
e AT\ 1A 1R 1R (0110102
7
HOHORATAIOTIC

5 Advanced
adenoma
Figure. 1Colacbaneccer devel opment via the conven:
adenomar ci noma Paheédmalyowi ng devel opment from
colonic crypts t(ol enfett atsa artii gch w)atnitlegpap tmé & sfi o m
from EIl sevier

1. 1DRagnosis and management

Col orectal cancer patients are often asympto
advanced stage, which makes3? diHdywryeithemer e c
are a wide range of indicators and sympt oms
pain, bleeding from the rectum and changes t
af aecal i mmunochemical .t elsftptolsii,sudsoubad n oys cpoepryf o

and biopsy a,r eofctaerrr iaesds iosutted bMRIEMUTrg dhenr adfmag
2



t heowelor | ab tests (e.g. complete blood cour
tumour samples removed duri ng ceomd o srcnoaptyi oonr oSl
t he di asgtnaogsiinsg, and further management of the
visualising the microscopic structure of the

that serve as prognostic or predictive marke

Management of colorectal cancer is compl ex a
| ocal (e. g. endmoasjcoarpige rrryedciectti eormnapy) and sys
treat ments (e. g?%.'tdhkeortoadihceea apfy )t reat ment depe
stage. For pasitemgetscwaintlerearcluye i s possible
endoscopi corr emsejcd gtemrnyr etmoesr etrumoSwur gery may be

combined with neoadjuvant (before surgery) o

chemot herapy, particularly for cancers at a
Approximately 1 in 5 colorectal cancer <cases
cancer is metastatic (s-yage h¥), satvwhakchrabd
about 1% Al Ohly a small number of metastatic

i mportant to decide if tredt -rh&d®ewphtibatsur

may have only a few metastases, which may be
and [ ocation. For example, metastases in the
untreatable, whereas ablative and surgical t

met astianseasher |i weg@r patients with unresectabl
treatment can be used to shrink metastases f
pall i atlThe «hhaiece of systemic treat meoan depe
exampl e, chemotherapy tpypees eingceed eotfec mmunedt bgn

(emut at i RAD RtAdr,api dly accel er)ataendd fwhbertohsearr cto



tumour is in the rectum oesri dtehde) loerf ti ns itdhee orfi
the col-sndé@d)dimemmunot herapy can aflosro pbaet iceonntssi
wi mhsmat chderfapaierncohi(gMMRI)cr osatelH)te i nst e
10, 1Patients may undergo several |lines of treecé

mut ati orc ogmoatbuadidt ireess,ponse to treatment.

Systemic treatment for unresectable mdtastat
or dMMR, typically uses different combinatio
oxaliplatin, irindteceee)amtnidb amdité 9 otdd regset Vv a
endot helial growth factor (VEGF) ort%epi der ma
AnVEGF antibodies prevent angiogenesand the
anEGFR antpbeddtoevwsnst ream signall i mPg®land cel |l
AnEGFR antibodies may -WEGprahtrbedi esewhant a
shrink metastases tol?2nmd®iér nt enmetrdli GrFeRs & a teak Ime n t
only recommended f o¢rsitduendo uarnsd tdhoa tn oatr eh alveef tmu |
ot her wordg paer  WwWhipl, RABI | y 6% 19 &3A 8K GFR

treatcnadoret | ess ef fect i vuet aftoirB Rodartti pERRADFE ) wimt b m

bumaye consfiodrertehdesewheat cembign &8RAWI timhi bitor

10, 14,248, 22

Around 40% wifo prad d edrGtFeR atnrteiat ment do not r esy
determined byY>aThadeobpbagisents may also suffe
and have poorer outcomes thBEGFRftt &&Ffmbatd no
|l denti fying new predictors is important to a
patients and to avoid the significant financ

syst’ém’ Better mpthdidst com| dgak subnedreerasdt atnod ian g



the underlying mechani smssE@FRvViI mgatmmentr esPpon

this further, i1t iIis necessary to understand
affecting its activation and the resulting d
1. 1E&FR activation and downstream signalling
EGFR (ErbBl) is a trcaonnspmeendraheeptoaeehl| ul ar
transmembrane and intracellular domains, whe

and taelCminal tai?l (Fi gsreatt2af the ErbB fan
of receptor tyrosine kinases, which also inc
ErbB4 (Her4), where each recdépwWbobthesharessals
EGFR exists in an equilibrium between monome

activity (FP®¥Qure 1.2a,b)

a b c
EGFR Extracellular
domain
Trans- and
juxtamembrane
segments

Cell membrane

Kinase domain

C-terminal tail,s

PLCY

Monomer Inactive dimer Active dimer Doamstream

signalling
Figure 1.2. EGFR strachGFR aexdsast idu anteirmanon
equil i brium wictLh oguatn di tbs nldiignagn dsst.abi | i ses t he
di merisation. Tyrosine residues are autophos
to recruit signal IPiLn&glr hmosl e cnu lte sa,t essu cdho wanss 't r e
pat hwRly@phosphol-dap@Be €pider mal growth? facto
under a Creative Commons License (Attributio



Ligands bind to the extracellular domain of

in the receptor, promoting andrdeabilising d
ol i gome rFii gautripd®t . (ZTchese | igands include epire
amphiregulin (AREG), transforming growth fac

(EGE)Tyrosine residues-tiemr mimeali ntaridcealrleul ar (
autophosphoryl ated, allowing these sites to
2 (SH2) and phkdsghontgy r(dPsTiBne do M&P % TRegur e

recruited proteins may be directly-oi,nvolved
PL®or may be docking proteins (e.g. f2i)brobl a
which recruit further doWwnsThieam miitginat é 3 ngi
pat hways that regulate multiple downstream e

and su2Ov%By3g |34, 36,37

Clustering of EGFR diomtderdiomémgo mamad hisglen t i c
signalPI3tnrd Phdseorhdaegrheaol i gomers (larger clus
and amplify signalling, by allowing one |iga
no-hi gand bound EGFR can be actacvtaitveadt eody EG R
40,4 Al ternatively, these |l arger clusters may
receptors to be recognised by new |ligands, o

reducti on-EEGF Rt hde sftfdtnecre s

More broadly, the spatial organisation of EC
activation and downst FeamesigpbkehidhgogadBGFR
clustering of EGFR may be asymmetrically dis
regions with greater activation and downstre

periphery or membrane r &°iThhes owigtami Biagh oou oV



and its | igandscounl d hael scoe lble iwwotrbtuhiveisnhviesst i g a:
beyond the scope of tfho cu svegokmagawthihsaht iporni naatr i
me mbr &muea tihrerwixtpredg i ment s that arrange the |1 ¢
artificial patterns have shown that the spat
| i gandasf freacyt downst t’ed®nBismiglnaarl leixnpger i ment s ha
that the amount, spacing and clustering of |

ot her -rleicgeapntdor 4°s.3% t e ms

1.1Td4rgeting the EGFR pathway in cancer
Cancer cells can use the EGFRswrivmmad ,l i ng net

met astasi se. I n multiple cancers, overexpres

constitutive activation of EGFR (independent

EGFR for example, can |l ead t* ¥y eJtaTdhtoiuvati o
cells and tumour stroma can also produce the
overproduction of the | i garftSPhainsd hhaysp egriavcetni v

to treatments that target the EGFR pathway i

There are two types of molecules used in can
tyrosine kinase inhibitodfPs3a@hAPymosoocetokahaasaaea
inhi bitors bind to the intracellular tyrosin
and ultimately doWn® tMoemam | ingal alalnitidpodi es bi
extracellular domain of EGFR instead of its
di merisation, phosphoryl atsiiognn aa nld nugl t(iFmagtuerley
19,21,51. 5¢€eMuxi mab and panitumumab are two mon
anEGFR treatment of met d%tlatlp cCetduoirmal ail s ca

chimeric i mmunoglobulin G1 (1 gGl) monocl onal



panitumumab is a fully humashu bntoyfpbecP ch-@2P ant i
Cetuxi mab can also inhibit cancer progressio
and subsequent degradat-dependaeadttbeblbghaanty

(ADCCi)a i mmune et et % cell s

Ligands Anti-EGFR mAbs

ik . A A

—
ﬁ
Extracellular

S

Intracellular

I~

RAS PI3K

| |
& RAF AKT

| !

MEK MTOR
ERK
\ )
v
Cell proliferation
and survival
Figure&€ell3signallLnganwda BGFEGFR, such as ETI
bind to the extracellular domain of EGFR, wh
signalling pathwaAWEKERKhandARNIEIOR. -FAGRR
monocl onal antibodies (mMAbs), such as cetuxi
preventing downstream sago&AFi:ngrapRASyYy accel
fibrosarcoma.-aMEKvamedopgeaotein kinase. ERK:

signagul ated kinase. Pik3 K:aspeh o AKWra i mpao it teii che k
MTOR: mammal i an target of5S%whphmpei mi sddapt £d:«
AACR.



Cancers canE@GWNRdter aat ment through multiple m
through mutations to genes in the downstrean
as the RAS/ RAF/ MEK/ ERK and Pl 3K/ AKTP?¥ MTIOIRs pat
can all owi hdepEGHERBNt activation ofbw hese pat
putting downstream signalling proteins in an
signalling, thereby provVviEGFMRg tirmeidnihesilitc r esi
mentioned previously, this has been incorpor
colorectal cancer -pG@GFRentsatrmerti viwigt ant est.i
to the RAS and RAF family of genes, or mor e
RAS ( NRASRAEBHF!I'BYesting for overexpression o
incorporated into patient s eHGFR itone atanse ncta nbc

activating downstream signall ithdg*péat?hways th

Ot her emerging predictors and-EBERhanesamsmehor
include mutations and/or changes to the expr
increased activation of ialstldiriknea tgirvoew tpha tfhawcatyos
mesenclhegpnatthel i al t?*PZ2h EGFBnmbitaatiobons and de
EGFR gene copy number have also been |l inked
anEGFR treat mgene ovhgyiesnummebaesrur ed by count i ng
of copies of the EGFR gene in tumour <cell s,
copies of eac? YeFdo’'pevtehreelalssoci ati on bet wee
gene copy number and protei®mmWakpeesbieohevel s
EGFR protein expression I s not associated wi

expression | evels of the Iigands for EGFR ha

20,21,23,59,60



|l ncr emRBRMAl and protein expressi omaveviedesn of E
associated with an i nkGFR sterde’&térsepiitm% 8’ t o ant
could be because tu+BGEFERS tgemsimeinte otver gmtoid u ¢
of EGFRER®cehipypmunohi sto¢hel@) st mpging and anal
f i xfeodr mal i ne npbaerdadfefd n(l FFPE) ti ssue geneahted b
identified thatprhatgkipPARESI GREredi cted a pos
anEGFR tr e(apameinttu mu ma-W) patr?i°EASKe protein

expression of EREG and AREG were combined in
negatt weex pirfessi on of both was ?PowWwhamsd hmpass ibteie
further verified on a dat &6G&tR dfr emd tmeertt s t h
(cetuximab or panitumumab) at oné? ofhies gihg d
being further tested in the ARIJdE-WRASaI| , whi
pati,enatsssit idghlt t umours are usually associated

anEGFR tr e?gt?2me®§t’1. 72

Despite the,seneawvmamedckisct ors are stild/l requir
who wi || beaFIRt tfrre@menemppiat i al organi sation
|l igands is associated with downstream signal
di scussedheaefFoper, it could also be associ at

responseEQ@FoR anrteibaheneeati s alrealdyalkvsadeince ohe
EGFR i n t heasnsuocclieautse d swi t h-EGERI st amntmenhd ant
l ines and poorer outc'édmsr floer caincebr pagt ean
cancer, the spatial organi sation of signalli

density of HER2, has been asesmtei’ated with re

10



Crutcthalr thitdhresgodgelrusdaferEGERt Tr amer s, oct ame
decamer s, anwahagbpbatvas cbrei t ioc @lownstr e dSre cstiigomm |l | i
1.1,a83k appr oxibrdathenl Wi 2% 3T hii &% f corhebor at ed
bybservahbhbgBndand empachagr-40f nImd e® uci al t o
EGFRcti vVdTh®lhust er i ntgh aotf hHHEREwecdmt ed with pa
respamse readlme@mppi exi matesiyzZ¥hue thhembas been
suggested hihgahte rt hoersdee r o ldiegpoemmelirasp goefr B®FR ur e s
t he fcoerl It hei fr $wecmadasfomkeigglmnme mbr ane curvatur
where theapptoeirmadel g mlin*hsBrzeeft he emp | e x

pattern -oorfdehri ghledrs E&&FIRNng@gnd its spatiaah or gan

cewdrrants furthler ai poeentgati pmedi ctor of r

To investigate the spatial organosat hpea setakE

higRrsolution imaging of the proteins in pat.i
1. 21 maging

Convent,i otnidsksbupje cancdrbixetdi,edteshydr athed ,ese mb e«
and sectioned t o fgoernesrtaatienitnhgi nansd iicneasgi ng us
""TSections are usually stained with haemat ox)
DNA and RNA (acidic structures) a purple col
cytoplasm/extracellular matrix (generally ba

be used toifabeprepei n’s wlotwhe vaenrt,i btohdei erse s ol u

conventional |l i ght microscope is 200B8BQ0d by
nm meaning that the detailed spatial’20rgani :
El ectron microscopy can inc€edsamthébuteselgut
complex sample preparation, has 1%c8%nsheadghp

11



fluorescencecmncbetsme@ljar maltrtaenroisscead @ni sati on ¢
EGFR and susing gadidanced tech-mofees| eguch as

l ocalisati o 3Mis@r4ds*@o*fyss 81

1. 2SLlngrioéd eclobtal i ss@tciroo,smcopy ( SML M)
Singoéecule |l ocalisation microscopy (SMLM) i

fluoremcenoecopy that can provide high spat.i

objects and could be integré@tehi 9§ nt oc hmiuqu en e
reveal the organisati pwhiocfh shuabsc elbekdu hteoo ugh s urt
cell B1dYpbgy example, this revealed for the

within the axéns of neurons

Crucially fSawlL Mahsi sbveseire g d t o characterise th
of EGFR andovers 1 he@glamegmbi &d( 20n)38. 39,42, 48,81
Fur twerhad avcao nnaebrbcLal mi c r(oGNJKpweh i ¢ & d
alreadgubeesisnftuddryat ed i n&aaéa ynsaonnogsfpl robve efi onr
organi staits ®me i sampl ed?Tthiesmmp atrioeactoyg peused
SMLM, direct stochastic optical reconstruct.i
beeunsed to imGRRtdmgdatict’s®8F4?gaimm@mportantly for
stu8BMWMILM studies of BEGFR osregeadmidsaatyi oamt i bodi es
resolve the oogreqsiatedn| awglrdt scabeed i n th
(Chapterstl@asaomMa) beeunsed to resolve the clu
HERRhi sbuem breast caamdeera asaotciieantisons bet weer

organisation and r’@sponse to treat ment

SMLM methods repeatedly i mage subsets of the

spatially well sepawpateed si dinl pwisnd itomei it ohibg

12



(Figure 1. 4). I n a Ilight microscope, the i ma
out by diffracti &s t Iheotulgdatd edarereecdproi ¢ s pl e

points overlap, the points and their | ocatio
of-, whaedrse the wavel emgsht bt hugbtFiagur g ple.rdhu
87TSMLM methods ensure that only a small subs:e
(fluorescent) -cal eadhbfirakiengsbehaviour). Th

spatially separated enoiudgehntfiofriagchegh posesct sbp

(Figur®.1B¥ci maging over multiple frames (tyy

subsets of molecules are OON6 and i maged in

coordinates (or | ocalisations) for the fluor

(20 om beRiteurneyg .1 Md,ienal i mage can be reco

Xy oxry)z positions, commonly termed a histograr
Underlying structure of interest SMLM imaging

i >

b < -

Tlme

Wide-field fluorescence image

d Set of rnolecular coordinates Table of localisations

@ Channel | Frame | X (nm) | Y (nm)

/ /I::> 0 0 81.23 | 5083

0 0 8227 | 55.40

0 1 80.58 | 48.22
Figure 1.4. Primodieglue eofl oxianglseati om mi cr os cc
Underl ying struct urlkeCotnhvaetn tiiso nbaeli nigma gmangge do. f
wi €ed el d fluorescence. Each fluorophore (yel!l
(red c®PMUN .bui l ds up an i mage of the sampl e
frames. I n each frame, fluorophore coordinat
Gaussian toveathppd@agorsgionates for the fluor
(Il ocal)elaotciadnsasarcempmessented in a table, ready
analysis. Aanpdte€d eafat o me Commons License (At

13



There are many different SMLM met hods, i ncl u

r

(

econstruction microscopy (dSTORM), photoact

PALM) and point accumul ati on 8¢ #®3Téhreoys cadlle t

di ffer in how they restrict the number of 0C

r

aser irradiation of tdesfphhoropwioresagbl @ SA\L
eversibly switch bemiveée¢n ngmisTthaiitse gu sainadl Inyo tr e

he use of a buffer that bowmetaeaapsoat hanol) r ra

xygen scavenger (glucose oxidase) to increa
ark &&t8@t°®Newer blinking dyes that bhilnink at
hosp-baféered salF6bBBb, shatreaal Jo°¢bePeAL Ml evel o
ses photoactivatable (e.g. photoactivatabl e
l uorescent proteins (e.g. mEodg3)m WHFF®D dre
ONO6, or from emitting in the O6greend6 to emi

maged and tRedAd . PlA¢Ndhedes Hdpbel beddyégands
reely diffuse through the sample, appearing
emporarily or permanently bind to8%%3e®3 arge

n DBANAAI NT, a popul ar version of PAI NT, t he f

oligonucl eotides that can transientl,y hybrid

whi chatatreeched to the objremildgfamnhitdoéises

Detection and | ocalisation of each mol ecul e

var iodt ynet hods i mplfdmearetndd siof® WaF er peax&kmpmless,

after removi negmibsasci kognrso ucnadn, be detected by i di

maxi ma diinf ftrhaect i onod ilmy teal ¢ maagtei ng t he corr e

mage and the expected e miSssnigoont epcautiteer n f or

14



|l ocal | saebhenxg (zd)ei ti on of feraocnh emaoc he ceunhiesssi on ¢

cal cul at ed, mmaoxrinmaul i yl iukseelsi.h oTadrA Issecsutl iameetsi drh e

coor difnoart eesac h t malt e cnstk® eni pereobabi l ity of gene
obserevieds sHoowmever, different algorithms vary
expected emission pattern for a |l ocalisation
For higheoasigerpalati o data, maxi mum | i keli hood

—+

usi

=}

ng

umber of

processed

oc al

emerging

dr i ft dur

f

1.2QBantit

heoretforbtrkemstf on of dawhilcdoeelsids artaitoend

t@-Ba€&r h mwe () o®/@\n,d ,whiearned N are the widt

photons resplécPhieedgtdor mabhkbyemiuss

t 6o prteimmoavlie Isoficbarl iesxdatympaimeso,upi ng

i sations in consecutive frames that ar e

rom theosame wmoreeckefor saynptl emat i

nNg acquisition

ative analysis of protein organisa

Unli ke conventional i maging data, SMLM gener
(localisations), often described as a point
an image, such as a 2D (or 3D) histogram, fo

-

and

per

mahased

equired

nm) t

artifacts

al Y8t Themshoice of data reprheesent at

p

(0]

reci siFoonr feoxra ephike rainmmg ytshes .dat a as

t hdinemfnomaeg t he | ocagltéegaitaeps imagepi kel ¢.

i ncoropfo rhait gelc iSdiLadtnhdeartvai se r i sks i n-

and sagmiifm csipmag ita¥ K Lplt cepcid ostiiiodné s o v e

conventiond@P PPriasgmaaceloiensy not sceaber weebhi 6os

nt edoreswhen moving from 2D to 3D, as the siz

exponeAtlimsdtigaanti tative analysis of SMLM da

15



use of

mol ecue eg.

of

exampl e

Point pattern analysis

W 4

Uniform Clustered Random

Fig
ana
proi

re
gM
ci
(At tri

u
| g le
ncip
t b

enti f

onoi

dy p

S ma

mpg h a

€es a

m of

t

protein

M dtabhe(of
a | . Acdoanppt oende® itf tr cb enr

alysis

sters

muPlatq & t&I1ths tler

clust erbentgweoefn HER2s h & z U imeeés iasntda n t

he poi ntclludceasl iamnaaliyosniss aonfd tihne spat i

cl ust emsdtnige mqirde rctodet@sanr,ii ng t he nun

mol ecul es in targatndstcd mcsiguwrfre c,ats
( Fi°%dre 1.5

Table of localisations (input)

Channel | Frame | X (nm) | Y (nm)

0 0 81.23 | 50.83

0 0 8227 | 55.40

0 1 80.58 | 48.22

| Quantitative analysis
\ 4
Segmentation Counting Single-particle tracking Classification

%Sl

Occurrence
MSD (um)

PC1

Counts

Time (s)

1.5. Quantitati viex ampall essh osf upsfe dS MLoM d a
|l ocalisations) . MSD: mean
a Creative Commons

Il nternational) .

Li

ution 4.0

often focuses on quantifying cluste

ied using di ffer-entdemammpt gaches,

antéittiro dGl

many

T ebsasseeldl uster analysis has be

roteins, such as f{pmranefiear kiimarsecdmgtkgr

melfb'®Pambi s has been driven in part

by

of membrane proteins and ac;tfiovati on

Beesnhowmat <c¢cl usteachamged WEWGFR [ i gand

analysis has also reveal

cancer

nd the effect oFf F3lgnanod hsetri ncual nacteiro nc ed

analysis has also revealed the chang
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including EGFR and HERRGFR f(tceert uaxdidtmERido no ro fa ma
antibodies (trastuz¥mabBTHé ddipsetrrtivlzwtmady of n
nei ghbour distances for EGFR i maged using SN
(20 nm range) understanding of 'E°’66R organi se
ex amphies, ichadni tctdfdree quency -ugon do fmdkaer ger mol ecul e
(oligdmeme)d from mul ti p(lFel giuG MR ildnlePn)s.me r s

analysis isdeatusgdngnandmahatiyms ealgosnal g p ptl ie
proxiamittiyf,a &§M& Mf r mmgs lngh as repeated bl inking
adyien mul ti plaen flreassandeisf @ ci(md e wd ac)tstser s

Di stinguishing genuine clusters f,robutpscardoc
be achieved in some pacgsesebiroadpghfdadraexampl e

by model |l i ng t he bphiontko pnhgy stitl&uso roofp htohree

1.2CBaracterising and classifying cancer fro

The spatial organi sation of proteins at the
dathaa,s beemouclkar acterise and clTAssi tancaprvet
di fferences in the colocalisation and cluste
from normal vs.''t?dnoerbeeiveehi nascer cell 1
expression of theé?!m&Phrersenaigrdf®treinmes can be
through features such as the cluster size, ¢

cluster {Ygelr®° dt¥8&¥)F EGFR, this approach has b

epithel i al cells from a pancr eeantriicc hceadhcer ce
extracellular vesicles than epithePilan cel |l s
col orectal cancer cel/l l ines, this approach
organisation of c¢clathrin (a protein involved
membrane) between cells witkR3different met as

17



Anal ysi s

of

SMLM data has al so been used to

patient, sampmeprithadd leékeolslosmes/ extracel l ul ar

118, 125486 t (Bisger €5 117 419. 130, 1¥h 1%’ has mainly f

comparing

prot

120,128, 128, 130Fb3r1

Sshown
l ung
EGFEnN
pati e
dat a
hi gloe
progr
by <co
pati e

densi

can

nt

of

t hat

it

cer toi

ched ex

S

compa

FFPE t

der

€ess

struc

nt

ion 1¢F

i ona

and cl

umab)

whi ch

and

antita

ot h

Protein

i fy

di ffe

enef i

nt

r

S

ng

t fr

nt o

abso

ein organisation bet®Wéden nor ma

exampl e, analysis BOGFRI ShTaGsRM 1 m

forms more and | arger clusters
ssue comp&t eailnhdad ndhemal alrengnotr
tracellular vesicles in patien
red!toBbgahtthyhpati anabysis of
l ssue samples from colorectal

ture (clustering) of chromatin

P Ghandescho this clustering,

I fluorescence microscopy, cou
eater risk of mdr#¥Papg HERRI ve
ustering have b eHER?2a stsroecaitanteendt
for breast cancer patients, by

is of partcular relevance to

tive analysis methods can be a
er diseases that do not wuse pr
expression |lkkraellseaere asuagdkdt dr
rent types of breast cancer (c
om i mmunot herapy (cell l i nes a
di fferent cancerr® 3y peewd \exrm,s on

|l ute protein expression from S
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careful ¢é%I| iAbrt &trinani vely, features of protei
shape, can be more reliably compared between

conditions.

c Normal Adenocarcinoma d
.4 1 w ‘ BT ‘ : i .

HelLa - H3 + RNA Pol Il
25 g &
‘ b

Figure 1.6. Examples of &0 M eifmaeglidn ga nodf pcaainrc
dSTORM i mage of colorectal cancer paaient ti
from a tissue microarr-hiyxedepmhedtietd o MFREPEDT
bl ockaematoxylin and eosin and paired STORM

structure in colorectal cancer patient tissu
t he t WRepuro.ducé?ddHerloam (cervical cancer cell |
nucl ear proteins histone H3 (red) and RNA po
STORM Reprodulcmabbwéremgener ateddametheéepr cod wde
under a Creative Commons License (Ad50 i butio

emb2 ®Emc2emd2em.
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Recentl vy, met hods that render the SMLM dat a
identify cervical <cancer cells (cell l i nes,
patients with different ren®lf ldiwhed eed h(eBREPE
met hods may all ow consideration of protein o
view, by rendering theawat a eixpflusl paann t lhlkeage, t

resolution of the dat a-samd ec conrsgiadners atthheonnano

Il n summary, SMLM imaging can-sicahé mt ipfrypotfeeat ur
organi sation, which could help in the diagno
to treatment i A3mBlyt ipploevi dd mgeras BIMEM Imawye lb ec
able to identify new predictors that cannot
127,129, 131E 433t her more, this technique is not |
classifying cancer. For example, dSTORM has
organi(@altusotneri ng) of membrane receptor prot
healthy patients and those with major depres

when subjected t ot A%l ammatory pain
1. 3Artificial I ntelligence

Despite the promise ofi tSMLM mat astamai gmtafl grsw
i denti hsyt hppat tderf f er elmdy @an ke siampll & sc IAgs taear met
alternative, Artificial I ntelligence (Al) <co
patterns (or features) of the protein organi
been used to classify SMLM data of cancer an
sapl es, using the pihnota mhedpmengi ono dedt ar

deelpearning approach that rendé#?®s.t3tBiet SiML Ma lds

20



has the potential to classify and character.i

nanomstclaée organisation.

1.3What is AlI, and what tasks can it help to
Defining Al in its broadest sense is difficu
intelligence accepted by philosophers, scien
no single accepted definition of AI, nor ind
140,14IA1 could be defined by the characteri sti
and acting humanidi?y Fonmd croantpiudreal Isxci enti sts, t
of Al i s more constrained, defining a group

perform tasks that wou-l dkeof mathMgil maguire hu

intel I't4g.e*?ce perform these tasks, Al may req
as the ability to answer questions and infer
(aut omated reasoning) or to |l earn from exper

(machine 2arning)

Machine | earning approaches in particular ha
of probkil @gmse (Marah)i ne | earning al gorithms | et
training), extracting information that has n

142, 1460t the forefreatniofhgfthastypedefpmachine
requires |little human involvement, driven by
datasets suit&blger ®o*d 1f%abeneipng earning al gor
represent complex inputs using combinations
automatically | éd¥Foan dxamplten,e fdarnt aan i mage o

representation could combine representations

21



could in turn be represented by combinations

such as edg®gurcso,rner s

b Al can help quantitative analysis of cancer

Cell classification

/f\

‘ —> Normal cell

@ —— Cancer cell

Cell segmentation ~ Nucleus

%_

Artificial intelligence

Machine learning

Deep learning

Figure 1. 7t.o Ugaumpmt Alt ati ve analysis o&a cell L
Al field and ibtEx asnph ciss oif plgiurmeng .i t ati ve t asKk:s
could assist with. Cell dr awimhprsovioded hbey c el
Servier Medical Art (https://smart.servier.c
(Attribution 4.0 International).

Al can be used to address a variety of probl

bi oi mage analygmiestdmd bawl,assi fication (Figure

Segmentation is defined as breaking down a |
representing the same thing, for example, id
nucleus in the image of!'*d ¢l lasandithmis oatha
assigning an item to a class or category, fo

cancerous or healtt?hy* > Fhesre aaar € ncaggmemon approa
the quantitati veée4® nFaolry seixsa nopfl ec,a nsceegrment at i on
classification of i mmunohistochemistry data

the risk of recurrence or responsel?al4freatn

The algorithm used to address a task depends

the raw data after protein | ocalisation and
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|l ocalisations, which can be acted on by both

deelpearning models (Figure 1.8)

d Table of localisations (input)
Channel | Frame | X (nm) | Y (nm)
0 0 81.23 | 50.83
0 0 82.27 | 5540
0 1 80.58 | 48.22
l Representation
b L] FX; -
- X /T
. . . . .—
A & ol
(R - H A\ XK
. X L[] . X L]
XH
Point cloud Handcrafted Image Graph
features

| 1 | 1

c SointNet Random Convolutional neural || Graph neural
. i -, network e.g. UNET, network e.g.
PointTransformer, | | Forest, logistic . Graph
t ) i vision transformer, rap
etc. regression, etc. || .. Convolutional
Network, etc.

FiguBe Applying Al al goraiRtawmsS MLM S MlitM datra.al
bPossible representati octAd goofr itt hensr auvg eSIMU M rd &

analysis, depending on the choice of represe
The simpler machine | earning models, such as
model s, act on features manually calcul ated
features), such as t A¥Alst eenatfi peloy eicheep ulse

caact directly on the point cloud, '9°m8°de or

These deep | earning model s do, naost trheeqyuicraen h a
automatically extract features from the dat a
accurate than simpler machine | earning model

determined and can adapt to the task at hand
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was not supported in this study, and the 1inc

made them harder to interpret (Chapters 3 an

The arctheelgepaarini ng model is the feedforward
142,146These networks contain units (or neuron:
Each unit combines the values of wunits in th
weights (parametersl)i rodart hac tmowetli.omM fnuwomct i o
each unit to give its updated value. The opt
comparing the output with t hter utahr geelta ). gus ip
|l oss function. This gives an error which 1is

update the weights

a b
NN 1x256
\\ Input image 8@128x128 2448013 24@16";5/ ~
AT (126x128) B@64x6s |_|T=
-7\-7- 7% . .rrr-. = ; =-=.=-
ST p Xy = 'Iﬁl_—'. ='=. 1x2
(= \1/ i i —__
S \ - Convolution Max-Pool Convolution Full X
Input layer € R* “—-,\.\‘*\\\,v"“"/\, - .‘::\}*"\'//  Outputlayer ¢ * Max-Poa cmnxected
L ./
Hidden layer e B®  Hidden layer € R®
Layer N Layer N+1

Figure 1.9. DeepaEegampiegfmedébsward neur al
mu Htaiyer perceptron) acting on an i nput vect
each |ine is a weight (phExampglee de@emav altutbiyon
neural network (CNN)Y’cdyppim@al omeass aigmagpeassi nc

graph neur ¥lanmearwo rtkhe node and edge feature
are updated by VideenBh-ayantdto egifwemcti ons (e. g.
maxi mum pooling) that pool do®®,nodeefilgatures
features tOO0tch®an®des, functionsl,ayserch as mul
perceptrndms update each node anhr cecddpeeed eat ur
usiltge Adapt ed tfmrdber a Creative Commons Licens
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Neur al networks have been extended to act on
through the widely successful convolutional
155 They have al poiheeal saddofopoints that ha
ordering (i .e. {a,b,c} I {b,c,a}), are invar
rotation does not change its c¢class) and have
di stance bet ween p'é% nNeuriasl meeatnwamrgfksulhave al
graphs, using message passing schemes to agg
nei ghbouring néeFsi gaunrdMoetdePersecent |y, the att
mechani sm was created to guide models into p
di fferent parts of the P/nplilhtda sdureidndg ot hdef avi
use of transformer drackidt ®nt umes atwlheiomdh oar aene

t e X 15°% mades%oi ntté%ch®dddgrréa®phs

1.3U8ing Al for quantitative analysis of SML

Handcrafted features of protein organisation
|l earning algorithms to charbkBxitetriimsmge wardk fcll @aw
as ASAP, SEMOREBIEd Superdlels NElfare a similar w
150,-16.3 First

, they segment or cluster the dat

handcrafted featbBaels methedtcalcteldat ed bet we

570 features per cluster, which could be gro
symmetry, geometry, network properties, <circ
properties, texThiear, atnhde & e pfod aotgwr.es ar e wused

machd e@arning algorithimsf@e. gl &oan dSoMh at odraet sat
from cel |l ' ines, these owMoasksfil foywsd ihfafveer ebnete nt au
clusters that may be implicatéb¢do icnl ansesuirfoyd eagre

characterise caveolae and noncaVYeptateisegaif fio
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prostate and brl€%a3%% ncda ntcoe rs hcoew Icshanges to cl
organisation in breasteatm®etspcell $ haf seccears
these workfl ows, theyt & helea snitf ibceaetni emx t cefn dsetd
| arger than singl e acnldusttheerrse foofr el,o caarlei snaotti osnus

classification of entire cells (Chapter 4).

The expression of subcellular proteins as me
for classification by Barc hexa&mplear nti mg axX goe
density of EGFR and other membrane proteins,
used by machine | earning algorithms (random
analysis) to classify whether cltusteékfls thbme
wer e -£GIFmul stteadvVd@rd cl assify two different b

132 'and to classify patients by cancer type (

exosomes from b°PFooord Isaarngpelre sor more complicat:
be challenging to design handcrafted feature
cases, deep |l earni ng -dmonmdeenlssi othhaalt feexattruarcets haiug

from the data mddpwepefedrgrtimhdedltdeaasigleircatirarct a

such as whol ehiceECHaptserssw8 fhddmd) hamgcr aft

generally out peafwh eegxdt rdeecetpi ng f eatures from
structures (clusters .of |l ocalisations) in th
Deep |l earning models that act on images (e.g

also been used to!l®.2a74dTshiefsye SbLdve Idsathaave been
classify cells as healtlanwdot ocanagnose teoml
from FFPE pdté #Hdtwetviesrseugguhiirses t he | ocalisat.i

rendered i nto iamt riandhwee s wheamhdgnadcarni cfyi caen dt he s
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precision gainedSéeygt uchfTHh.iBZBMI)bul d, in turn,
classification accuracy, supported by eviden
small er i mage decreased the classification a

beyond a certain size, theeetWw®rg no gains i

Deep |l earning models that act directly on th
that do not sacrifice the pr eoiteindnaetityehe S
alterfmatri ex.amp tbea,s ead pnooidnetl (PointNet) has be
clusters -bfl eaaliosami ons as caveolae or nonc

align |l ocall®3.ats &4&Fst eirrnaldtD vely, representing

graph (e.g. Il ocalisations adreef idnobedde anaped edge
thre$dhoechad all ow graph neuFroarl enxeatnwol rek,s gtroa pbhe
net works have been uisdeedn toinf yS MLIMiI sdta&as ttaf | oc
identify noisy |l ocalildandons c¢chamacretudbel e

sinmbeecul e tlr%jSedc tfoarri,e sh ovaenwde rg-h apedidntnet wor k

have not generated many biological insights,
anything | arger than clusters of | ocalisatio
1.3Ca8n Al help us to understand more about Db
By analysing successful classification model
insights into the underlying differences bet
17%For examgploe, amadtysis of simple machine | ea
the most i mportant handcrafted features for

di fference bet Wwoen StMLeM dlagadsases.val uating the

featurexspr(esossi on of proteins), tehachapdedi ¢ b
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whet her breast cancer cet Fsatedmoa oet | Il hde

proteins that EGFR may intétlact with after E

Deelpearning algorithms also provide unique o
di fferences between classes. This could be t
input for the classification, revealing what
appl ycicnlgusoi on -aacntdi vcaltaisosn malpaséed m@mdelmage

(convolutional neur al network)-imdhatced!| assi fi
pluripotent stem cells and their somatic cel

relevanprtedi®hewWmi | e there are many algorith

mahased Al model s, equi val emreturall g mreittwloms sf a

not as well developed and haveé’'nb1Sibmielna rulsye,d

Q

| gorithms desi gnkkalsdd reewr ali nn gtrvagprhk s have

on SMLM 'd&%Grmaaph explainers have been success

di f f rlaicmiitoend hi st opathol ogy I mages. For exam
used deontthiet ynost rel evant nuclei and their fe
breast cancer, usingshaéemedox ymaigigsa®edd ¢ osisnme

Al ternativel y, -damelnyssiiomgalt hee dityiugdes pg d rearr aati en

models (deep features) during classification

normal ly agsgsaumed rtohmat he same class or repres:s
should be closer in febMu®é ppaceedawidt ki chi
analysis, the deep featuarneds tdhermeechsei uhsuabki ng

di menséeodowncti on met hodSNEs uacnhd 88sMAPPEA| yt ng t hi s
handcrafted features of SMLM data has reveal

classes, uncovered subpopul ations of the cl a
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reveal ed which i nput features are most discr

separation between cl as%®elSli'hhd he tfeahnireusp

al so been applied to deep features from SMLN
points with unique characteristics by ident.i
103,_175

Il n summar y-anma dlleégeapreni ng model s can help to c
classify 9MleMnaatos.cal e organisation of membr
data has not yet-blased uwmsaedirme nmoimotdel s t o cl
patsemht edfddisefwsameii s.Poéeot g-bapkd net works act
SMLM data could all owaksesrirfcebtiand paedentin
treatment for example, while stild]l retaining
For successful <c¢classification algorithms, al

may then be able to provide further biologic

1. 40bjectives of this study

The overall objective of thimamsdusglgdteisalt o i n
organi satioanopr EREGto r&eGHP ntsreefachrime ast at i ¢

colorectal C a nracyrerrde iptama rekngrss do not accurat el
for allERBGIiwas sanal ysed due to the existing
expression |l evels of EREG (and AREGGF#®&re ass
treat’?me’/8tAREaEGs not doel ysedi fficulties in opt

for SMLM (unpublished)

The objective of this study | eads to sever al
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An

Can SMLM, which can provide the necessary
nanoscale organisation, be used to image
approach for predicting response?

Can aAllt omatically segment t hSeMLnbartbd ane anc

membr ane proteins in seztions from FFPE s
Can aAllt omatcilaakliyy structures | argiem than
the SMLMudcat aasvhadlel sitill retaining the p
| ocalisations?

Can existing explainability techniques fo

organi sation associated with response?

-Ndsed approach was developed to address t

Thi s apopambaicrneodvseed g ment at i d o cpii iendohv rea |,

classificaC€Clost.pepr Netine,

T

|l ocpax devel oped to extract cells from SM
in sections fr cemtMhFRRE tshanplgehs . manual annot
i ma-gased -ldeecaerpni nChmeop2¢drie dat aseSMIMmi c ke
data obtained famd was emtaitnesduesi ng t he
mi croscope that was | ater usTehde tsca mprhaege t
were stained for the membrane proteins EC
ClusteanbetevebopkdsspdiyntStMatMaud si ng

grapased deep |l earning and to identify th
cl assi {Chagpt®)idalini s was tested on a model SM

shared chawatheBMEMi data from biol ogical
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T

l ocpm@l ust weNetcombined and used to predi
anEGFR treatment for cells and patients i
which was collected by imaging tissue san
cancer swat hed gCTlORPM).eCrl ust eaBletompared agai
si mpl er machine | earning models that wused
clusters Fermd ucelsl £f t he orndarti svaetrieon f or

associ attpdsimiasdhhponse to treat ment were al
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2 l ocpi Annot atAubama$eegdnent ati on of
Si ngMoel e clwolcea | | sMi tcir mrs Daotpay

2.1l ntroducti on

To analyse the organisation of protein compl

to segment the datdsatn. agmemixatriaemn s t he bec

object, such as the nucleus or plasma membr a
speci fild>r®ggment ati on of an SMLM dataset | a
|l ocalisation aprpdsaiti poj nchanhbéal identi fier,

bel onging to a particular target structure (
nanoscale analysis of protein organisation i

sudell ul ar structures and function.

Sever al met hods have been devel opeNdetf or i mag
186,187Cel 48P osevi ®wedndnfU-bdeti ks a widely used
net work developed for biomedi#taali neag mordted tsi o
avail ablee ptea trsont kharnedu gahy psituygg e i nterfaces. Ce

U.Net style models for ceitdisedmentatvenyahdr

di verse set of <cell i mages that have been ma
retr aéhilnlgast i-kutismeat scenmhachi ne | earning soft
GUI (graphic user interface)i wclthdiamgess to
segmenttd®Howaver, as i mage processing methods

currently be used directly on an SMLM datase

Met hods for segmenting cells and subcellul ar
not as wel ' @3tAbdashedof software has been

clustexwpxfylzomal i sati ongd®3 MHoSwMlvMrdataese app
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are generally not designed for high throughp

caref ul parameter tuning for each FOV and re
combine the segmented clusters into whole ce
the FOa&ut omatically threshol ded, can be over

segment and extraicn tthiesfrodqivesarn i omlsr eshol d

struggle to deal with images that are noi sy
intensity of the background or object, which
Nanowrap is a relatively new armplprraomec hs urhfaac e

approxi mating the SMLM dbtasedsisgsardaars o
dendgihtrye s ho!l H%®Hlo wreevsehri,s nteatnhnoodd be used to aut
annotate an apstite miagguasevaerddj) ght mehret t o

hyperpartames egwmem®@V eRwrhthhesr , met hod i s not des
data suchwhaschaecdmudesal itstadti omrse not noise and

at the menmbhiacnhe shoul d .not be segmented

To all ow the nanoscale analysis of protein d
features and in celllox,piwe phedviensed e v emh o ped
segmentation of | ocali saltooamistxd matsitaallclty rmask

downstream analysis possible on specific str
fields obhavbewen Imbde avRyitlladrd ep acsk ag e

(https:/ /T github)kooglox®di pmrodvVviodes xa means of n

annotating SMLM data rendered as an i mage. T
| ocalisations in ghei BYtMMrugdhdtatal dwd, bot h t

machine | earning methods) and testing of seg
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https://github.com/oubino/locpix

Il n this ®appdtyepgeneraptleocal icedtli srergmeonpmati on
aSMLM dad®BaREG andl| BGRRI sae¢li lonsEekkiing wmkeo 2d ol )
this, we firpdtassmeamgmeanether t hel eceddys at t he
rendering the SMLM deatsdiagyg areviemade samdnent at
Thi s membrane segment atti loen d el lussag mendgainieced
|l eyebeparating eadhi nantsammne es.B8d mdawteatl eadn Jat

t hlkeoundadriteveen t ouacrhei mg tc ectioinksfi edreertndidt ry t o
membr ane( peeebBcaioan morp déo sisiwa &the wi ous
approagcltwéds ch tchteonsindary between neighbouring
backgrounslepar atse acl ass tammdawdhiadc hambogpetyor
t hienst amgment ant iaostpd’Pl."®he data was represent
i mage, as thendewmbdlrlesnésarge enough that they

and segmentreaqtui rfi migl tmeeci si on of the SMLM

We t he i euisxeeelv e | membr ane andtoceyém@egment at i
| ocal ise@gtmemn aThose seéhpeacat esati ons into grourg
di fferemnt hacdadniltsi onhat | dbebhitsitwmhaettcdhcerat the
membr ane .Thogpemfod ) manmemmrfaddment ati on was

guanti eatal wuerh vtdhe | ocal i sat iadgnhéeoamdl i sla¢i onisa
were the subject of dbwwasremmomanahtysie know
(Secti onh® .Rer2fjor mance of thendegllguadegmant ate
compabwdsual i sing and comparing the ,agel |l seg
the cells were notFimanddal, | wharreonadligntsedldoc al i s a
from the segmentemhpdmiraggeat seati on bet ween men

no-membr ane proteionerodaffeaenonsel | s
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SAMPLE Stain, image using xY
(FFPE Cell = [ SMLM MICrOSCOPE | s | co-ordinates
pellet) (TIRFM) (2D point cloud)
Mannual annotation l,
Histogram

using napari

INPUT

] = i’ Channelt | Frame ("):”) (n\:n)
N : 0 0 | 8123 | 50.83) -
e . - 0 0 | 8227 | 5540] -
r 3 0 1 80.58 | 48.22|
BN - Input .parguet file

Channel1 | Frame (n)r(n) (n\:ﬂl Adlda‘tt}‘glnal
0 0 | 8123|5083 0
0 0 82.27 | 5540( - 1 OUTPUT
0 1 80.58 | 48.22 0
Output .parquet file

b QOriginal SMLM dataset
26 FOV
7 FOV 19 FOV

Fold 0 Fold 1 Fold 2 Fold 3 Fold 4
4FOV 3FOV 4FOV 4 FOV 4 FOV
. Validation Training
Split0 4Fov 15 FOV
. Training Validation Training
Split 1 4 FOV 3FOV 12 FOV
Split 2 Training Validation Training
P 7 FOV 4FQV 8FOV
Spit 3 Training Validation Training
Pif 11 FOV 4 FOV 4FOV
y Training Validation
Split 4 15 FQV 4 FOV

Downstream
= analysis

of segmented
regions

AUTOMATED SEGMENTATION: MEMBRANE & CELLS
FigurdozZpainal ysi s pipeline for seaglheentpaciintn
cloud dat a firsone othavbeurltderm satyli enad&t §d 2D hi stogr

are manuallynam@wpielat ed i innes are manual anno
membrane). The output tabul atrr utaht al ahbaesl afnora d
|l ocalisati omemMberanef amdnome f or membrane in

Partition
FOVs i n t
segment at
al gorithm

of the dataset for training and t
s-f od @esaluisd antgi ocbncAunt otrmaatiendi ng) .
obtained on data from FOVs prev

[
S
h
[ n

membr ane segmentation foll owed by

[
0
(
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2. 2Materials and met hods

2.2Sadample preparation and SMLM data acquisit

To test our pipeline, we used SMLM data obt a
pel |l et s, ftoarkndanl xdexgbawr ad mMbend { EEPE) sBmel esl |

pell ets were gener atsd d-gfedde mi @leodreen g(i @lee) edaf a
met astatic colorectal cancer cell | ine, SW62
exon 22 of PTCHITHIPatmhtldgti on upregul ated ex
EGFR and EREG in these cells (personal commu
| abell ed using antibodies to the plasma memb
factor recept&@aGFRushhgbadya(b6B7: rabbit mono
its Iligand EREG (epBERE@udAdntni)b ady n(gSRAMN2@a:ntriab
monocl onal, Roche), #fabbowed| x ad &Gr&lepintan tyio &
CF568 secondary antriabodod idgsne nA-bmpanian ggaeann i i body
was used for blocking befor-EGa®&dangi bbdyseco

Staining for these t wodeprsoitteyi nnse ngbernaemrea tleodc aal

often visible as cell outlines in sections t
To i mage the samples, we performed TIRF (tot
dSTORM (direct stochastic optical reconstruc

commercial system ( NealmOl nma gleZdmnNeoNs$o)iolmanadbj ect

l ens withemaf5@Il1d &0 view. Samples were bathe
(Bubed buffer, ONI, BCAOO17). Using an expos
channel were acquired sequentially,anfhe 640

the 561 nm | aser toml@th%epowentobntbat maki of
Nanol mag2eD | ocalisation of fluorescence emi s:

i magi ngNiusQSn gl ONIh,e UKi)bui It software for the

36



We obtained 26 FOVs from four s’dmglad d switti o na
per FOV. I nFOY&EREGI E&FR6 were i maged in the 5
channreedsspectivel y. | POV B REGEeEGFRIi wegr d 41 maged
647/ 56c8h annmreelssppecThivel was to qualitatively <co
no difference in staining and i maging result
used to targeThealwlbgpprreipmraarreyd by Gi anluca Can:
Nat al i a -DMe.l RGalbdadgl apayepared the samples and

SMLM dat a. I performed all subsequent prepro

2.2Dbata preprocessing

Drift correction, filtering,weapegr t emped alsigm
CODI ( COI | dsbcoorvaetriyv, g Noat f O K m

https://oni.bio/nasofmpwgedheofiWbheeiogdstep

|l ocalisations in the 647Z0nM0@h@wmiell e i inmd g iamg
and in the 568 nm-409MW&dOn neMhiilre firmamd ng0 at 647
|l ocalisations with >30,000 photons, with a s
spread function (PSF) <vVY&lom 6or>20@ hHhmttwewidt
0.01 or with a | ocalisatioasprecommgn@OBa5 nn
andf tpeenr f or med stpou rrieocnosvlei israt $MInM>4PASttaar t i ng

from t he ad difeaoud tCODI , t he v adfuteesr wweir st &leij usstt i
rendered dai at afgadratmdhac h pidahaemetOdDrl .i nt er f ace
Localisations within 60 nm and no more than
removing those that existed for | onger than

| ocali sations per FOV.
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https://oni.bio/nanoimager/software/codi-software/

Each FOV was then reconstructed into one 2D
data in its proprietary format wasafirst con
col womrni ent ated data format which can be more
t han . chstvt gds:l/e/lspdrguet Fapaebeholgctalisation,
numberxyodr di nates were stored. For each FOV
EGFR and EREG channels were binned into sepa
as i mages,grwiyt hl epviexless equal to the bin value:
of 500 I 500 pixels over the x and y range o
bet ween FOVs, each plioxOe|n mvawsi dbkebt@wnedeml 6939 | . F
the anal ysi s prseusnemettiged xlee rferaclmetshe t wo chann

obtain one overall O6membraned dataset.

2. 2M8nuandnnotati on

The EGFR and EREG preprocessed | ocalisation
binned into 2D histograms, rendered as i mage
i napamxi sapgesmpuriaage Vimpweme Py e #8.4 m

naparthe cell membranes were manually traced
gener at e -tar ugtrhoulnadbel I ed i mage, i n which each
either zemweombfroarnenoomr one f or membirhaneabeTlhe ogi
pi xel was then assigned to all | ocalisations
bin. The |l ocalisations were then exported in
additional c ol utnrnu tfroR | ¢ theslkag(r ©huingd manu al anno
step | se awvsaidsadbdper napar.i plugin at

https: / / wwmwb .noarpga/rp | & gicaps Xnapar i
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https://www.napari-hub.org/plugins/napari-locpix

2. 2D4t aset partitions
Separate datasets for trai nAing@rdgbd Fivradtu,atti o

entire dataset was divioded)OVesthd a t eoaft nspg §
FOVs. The test set was generated from the FO
membr ane | ocalisations accojytdoi negn stuor et hteh emamou

were teBO¥s mink halpdeaerly vi Jihlel avacseInls®et used

unt il performance analysis. The training set
(hereafter referred to as folds). Five diffe
generated, each with a differendl dolfdorf otrr avia

(Fi g@r®dkor each of the five methods wused for

segmentation detailed below, we devel oped a
dataset, using the training folds for traini
UNdag , Cell pose (retrained) and Il astik) and t
performance. Each model was then evaluated o

compari son.

2.2SBgmentation algorithms: probability map
We developed sever al met hods to predict the
iwas | ocated within the plasma membrane (pro
were then assigned to the |l ocalisations belo
met hod except Il astik, the EGFR and EREG i ma
were summeidngline oclmamsnel for processing. For

t wohannel EGFR and EREG i mage. The pixel v al
each channel it motd e wlelr & s tsticda | rreeeld ubcye |sokge w, t hr
above zero and scaled to between 0 and 255.

maper psemuamabi Ifirtoym ntahpesse | mages wusing the f
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T Otsu thresholsckigne.ntAmtbhismaormyjpakned after Ot

thresholding of the tr aTnhsifsogranseddi aa nvda | sucea | oe
or 1 to each pixel and iwhsi cuhn dwearsl ytirnega tleodc
probapod i pyeudo pgiorhmlbiiciothy jasfdncy bet wee

met hods.

U-Net : St aNhedtaradr clhi t ectur e, with four enco

bl ocks with skip connections between then

convert the raw output valwues to normalis
(Figark | mages were normalised by subtrac
the standard deviation of all pixel wvalue
Further, random augmentation including ro

erasing, and tpiewgpeappheedhi & the trainin
was trained for 1000 epochs wusing a dice
with a learning rate of 02°91Therdmovckeélghwa o
saved when the | oss on tHWéiwalmodat i ovrasf ol
i mpl emented in PyTorch using code adapted

https:// github. clbNe/tmi | esi al/ Pytorch

Cell podeg a(iphieed ) Cel | pose architecture i s a
standaredri @ @r sAepep e n@eicxt v odf drurt her det ai l
We used the O0LC106 mordailne d -alvenl tpipaosstee ,i npargee
of cells with only a single channel for ¢
considered the mostthwaaép perxoppercita tteh,e geidvgeen o f
cytoplasm and EGFR/EREG proteins to defin

Brief experimentation on a training 1 mage
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https://github.com/milesial/Pytorch-UNet

begpttrforming Cell pose model . Cel | di amet e
100 pixels as deter miTrheed pfavamcttn @innigreq ek G
byCel |l pode a(ifmeeshir h ipn&kied at ed tthheatl iikkel i hoo
bel onged. t BWaasocceedl d bet ween O and 1, as us
by Celdphesa®ssi gned asthbeppkehgbdlitbya

membr.aCeél ppessi oma2 .08 40"

Cell pose (retrained): We modified the Cel
l oss function to -eatcopptleodpi narlyossobkst w
grodnndut h | abel i mage from manual annotat
probability map, manually set the cell di
i mages to 100 pokk ol gl -~wanldisda tTibenr pari en e d

Cell pose LC1 model was retrained for 1000
0.0001 and a |l earning rate of 0.01. We pe
hyperparameters by training with a smal.|
(Fi g@rX®b without evaluation on the test d:
were scaled as-tirmi@Qeldl)posTehe( pnroadel was s a\

on the validati Gel Ifpdsds ivoama A .al0g8&gdf b

|l l asti kch@aheaet womagetsr mtnld meamlurmmalne annot a
i mages were used to perform thavial datil le p
through the Weasttakneatlitnlge trhaedelame tr ai ni
with al/l possi lavaiil adbdke Neall umasher annot a
were made t et rtuhteh girnbaugneds once they were |
We chose a | abel fofr -meombaamerpi ha@ans O(i n |

| abel of zero means no | abel I's present)
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t hesemexmmr ane -tgrruotunn dpi x e |

over head.

Downsample

j Upsample
~ Concatenate
+ Add

Standard U-Net block

/Residual block

--

Style vector
Broadcast

Skip

Input image

abel s to

dew
Aljlgegodd inding

reduce

Fi gwr 8.t andaNedl g ey) and Cel |l poseld¢.r?8%d) archi
Operations in black are common to both archi
2Mémbrane segmentation
The point c¢cloud datasets were then segmented
membr ane (positimeenbclaages)  neganonwe class). Pe
evaluated-laotcatlhisatgem | evel, as this is most
analysis of nanoscalMeripnmfodremat ioomgamn stali@ ome t
evaluate peahobeahound in the Appendi x (Sect
Foll owing the membrane probability map gener
probabilities assigned to the |l ocalisations
with thergtbdumidnotati on of those pixels (men
pr ecirsicar (PR) curves. We cpmenfoend \ROWse dappr ¢

posi ti

eceiver

ves

operating

(FP),

despite

42
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split of the training data, the |l ocalisation

aggregated into one table. Il n this table, ev
grodnduth | abel from mamembr aneobvtatilionmédbr al
its medelrated probability of belonging to a

generated by calculating the precision and r

classificatUtohnatt hirnecsrheodsded from zero to one,

probabil it ywese oavses ieggncehd t o t he membr ane. PR
validation folds and the test set were gener
normal i sed area under the PR curve (AUCNPR:

was then calcul a°2dFdrort hdedalalshe@es @mrde
modewlsi ch were not trained on our data, the
not depend on our training dataset splits, r

AUCNPR i n each case.

Theiskoreuwad to evaluat édotrhe hpeffi mmras sietg me nt

accounts for class 1 mbalance, anse mbsr grmee steman
membrane | oé%®t.9'8Faotri oenasc)ch segment ati on met hod
threslhobhd maxi méesedether Flocalisation cl assi

f otrhter ai nifrnogr feoalcdhT lsepd @ tWvae ruee st hoefn applied to
probability maps for the test dataset, wused
and uédeolFe for each model oRoprekhe oOSsy mastl
the membrane probability map was already bin
classificatUbetwbeeaesbobhdsnot affect results.
was a single result on the test set for each

dataset splits.
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2. 2Célskegmentation
For each membrane sagm@ment & t,iomnhlehectsehloldds wer e

segmented using the wastierrgs hneadn uad Igloyr iitdhemt i f i

for the celSeedsnwree® al so placed across the

segmentfatrembhending into the background and t
| abel -steop amedtled membr ane | ocalFiogatsitdmsd aad di
and both Cell pose methods, the watershed alg

maps from membr anFotrsheeg O nstua tmearh.od, t he EGFR
| ocalisation histograms wexy etshiodnmed, atboars zZ@
and scaled to between zero and 255 as perfor
result was wused as input to the watershed al
thresholded and scaled histogram rather than
viual analysis of the per f orFAmwarn cteh eosne onmmeet htordas
wat er shed alignprlietmem tvealsmajpa soepieknirtce Pyt hon

package for infdye processing

For I lastik, the cells were segmented using
through t heé8dd ITehdtsi us@Wl t he watershed al gor it
superpixels, using automatically calcul ated
t he distance tr anpsrfoobranp ial piptlyi enda pt of otrhet he me ml
segment aAi oandom forest is then trained to p
superpixels should be merged, by training an
representation ofWe hter &iume dupd ibaegl nyondi e l.v e

hi stograms from the training -podbddsstbesave t

remaining histograms from the entire dataset
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As each neest htohde usat er shed al gohetbBmarpdxel s
boundary bet weewi |t lo ol gdhihvg adceedh h éhi dibde t hei r

shared boundary

2.2D8Bwnstream anal ysi s

We performed an example of downstream anal ys
fol I?62wsFirst, we maseamentpidcked | wblhlboed t he
om Vi sual oifnstpheec tciedn askky meind lait nwenc el hett hat
situateeddgacf t hé oROY part i alelxyt ,vicoimplag)i ng | o
at the plasma membrane and interior of each
di stribution function anddelhsddtsye d ds g &tei dloc a

clustering of ap(@DIBiSCatNiheen &2 Dwirtatdimdi sda st r i but

Lo ooNni
Qi IE4r,].7
o 0 . A,
C“—'C')—IQI
measures the increased chance compared to a
|l ocalisatiaohram dnethecel opc(arlgihea tniuanwrb,e rwhodr e

|l ocal ifsaumebtnuse en darmsd ataqgkaNits t he number of
|l ocalisati oms speheceRI’DBB@AN e nstcil fuiseé er s of
|l ocal isyadeansfying the r eanibsnsc oonimohrilgyh eurs edde n
cl ustSeMLMgdad% BSCAN has twoepsirlaometamd , mi ni m
points, which adedcmel ¢ dasl imsed tigihdmuhdeéood and
mi ni mum nuembghboturi ngt daessagnsatioansl i sation
Her ¢,sid on and miweiseeutm tpooi7/ns snm anldhén, respec

aggregating over the cells for the test dat a
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di

hu

stribution function, |l ocali sations per <clu

1) for the cell I nteriors and pl asma memb

.3Results

.3Manual annotation

| 26 FOVs from the original SMLM dataset w
calisation that belonged to a membrane was
stom i mage anFniogtuitdiso Tadd@ r i pt was not al way
clearly differentiate between the membran
ckground (def-meedr heaeg. aheomanual me mbr an
us did not al ways delFiinge2aaGd .t Hleh i esn tciorne tryi ba
smal | i mbal ance in the daeatearsbeta,newitthhran~1. 5

mbrane | ocalisations for the dataset .
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Original Original Annotated Original Annotated

a

10um
[

e

Membrane

Membrane

Cellpose Standard
U-Net Otsu

(pre-trained)

Cellpose
(retrained)

Figwlr@anual annotati®oegmenetmbmaoneel | segment a
resuddishe original 2D histogram (sum of EGFR
annotated 2D dataset (yell ow: membrane annot
(unseen to all trained methods), wheehe all r
The membrane and cell segmentations for each
segmentation, each col ourabreepr @oandes i agdi ffe

segments of theesame diot Der en gmecealnin oltaak eslds .
region that coae@lndb-meenbmermberadne ati ons predi ct e
me mbr &me mbr ane | ocal i s anto-noennsb rp@ineed i ct ednasel |
segmentqaitnswotnabi | ity of the watershed algorit

2. 3M82mbrane segmentation

Mul ti ple methods for membrand raegqmant ati on W
vali dated on five sp.lTihteseofi ntchae dterda imeitihg dda tt
from our trainingNe@t aGeltl fGSsandretdr &i ned) ,
been-stprag ned on a di fferetnrtaidmad)s)etandCedn e ovgie

machine | earni ngeg¢ @itns st hnee tthroadi)n.i ng aaned val i d:
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gi vVEnhgar4eg pbloheter formbaacnet hwads o mp abye d

considering the quantitative andFggetfteetati ve
Tab2. eéanBi g2rPe. We used AUCNPR (area wunder the
precireicaman | ) as the key ,masagsgur & adfangersf @rman c
recall and accounts f or isccloarses wansb anhoasntc eu,s ew hui |
evaluating the perfor mant®@ 26.% Abeemodtly nal segn
confident that the annotated membranes were true membrane regions, but we

cannot rule outthatsomemay have been mjtsrsueed ;p otsh erievfeo raend

negative counts were the most reliable. This
(Tab2.¢l, despite the pitfall of pr,edwhcitcihng al
gi vtelbse maxi mum recall (1.0).
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Tab2elPer for mencsico rfeosracnet hGad oraeger esead ed
t hmeaMNst andawvd atviedohfei v @l e vtasl uaant htdeseRecaBI

2IpreC|S|onIre

. TP . . TP
01 VWL T e cilpri gy Frs o ol B m AR d ERYI acy
(ac)cbyTPI':—LiEp vl\gNeﬂ'@TNFPanEINartehreumbcmtrr pesitive,

troegatfiadpges iantlhelnseegapredi ceispesdndietl lyer
no-membr §neme mbame mbr dmembs hpposidliaAAdCNPR

i s hreor malair uendd 2a u rtvlep t gtrse c iaggiaomesctfaddri f f er en't
thresappldistehger o b ama pFio®y samBGel | f p¢ & aitnledr)e

i aovari &pnAceCNPaRt hephabad mp actthpger ob ama § otrhye
tese(BEect2.pARodOt stuhree ma i ma tnrdpiacveeov ar i asccheangi ng
t htehr e sfhoerd cshp hiaes d mp aatthper obama p@® e gt2 .pAF h e
bestofe®gactet arlei ghl i oot ed

Recal | |Recal [Preci s|Preci sk Accur |AUCNP
nosme mbjmemb. |nome mb/me mb . scor gmemb. |me mb.
me mb .
Ot s u 0.205 0.902/|0.666 |([0.543 |[0.6740.561|0. 63
Standal|0O. 948 0.608/|0.698 (0.924 |0.7340.774(0.810
U-Net 0.001 0.006/0.003 (0.001 (0. 0040. 003|0. 0038
Cell po|l0O. 273 0.943/|0.824 |(0.576 |0.71490.616|0. 36
(pteai|l0. 036 0.013/|0.019 (0.008 |[0.0030.011
Cell po|l0O. 783 0.842/|0.826 |(|0.803 |([0.82790.813|0.853
(retral0. 023 0.009/0.005 (0.015 ([0.0040.007|0. 008
Il asti|0.911 0.539/|0.654 |(0.864 |[0.6630. 721(0. 784
0.012 0.033/|0.014 (0.010 |([0.0230.012(0.011

We found that Otsu was the second worst-performing model for membrane
segmentation (AUCNPR: 0.63, Table 2.1). It overestimated the membrane
localisations, as shown by the high membrane recall (0.902, Table 2.1) and low
membrane precision (0.543, Table 2.1). Furthermore, the false positives were in
areas unlikely to be regions of membrane that were mislabelled during annotation,

such as cell interiors (Figure 2.3e and g, €).

StandaNred WBignificantly outperfbemédodt adl anc
approaches (AWONPR:Aapa19810 t hadmeérmlgrhaeme non
recal |l and membrane precision b(uTaR.lopvyer memb

demonstrating that it predict ednenmubrrea nnee nbburta n
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made fewposialgee membrane predictions. I n pa

| ocalisations in cell interi oFisg@rm&amanmdembhr an

g) .

Cell podeg a(imread) penofret mod tahé¢ TaADRANPRDe Opi3toe
outperforming Otsu in allTam@.fgr,i ctsh ea pparretd ifcrtoim
appeared vi skuiag d.rgh)s.i nHulratChtegru, alnidkeunl!l i ke st an
U-Net, it mistook cel IFiignZtrée)ilotr sd iads hraeveb rhai ngehs
membr ane recal | -Ntelilfaarp2 $t,a nbduatr di tU al so made mo
falpsoesi ti ve mistakes (| oTwaebr2 1gme miprr eachiec tpirreg i ma r

t he -meombr ane Inosc émlesi agimg t o the membrane.

Cell pose (retrapeetidpbrmasgt medbes{ AUCANOPIRee 0. 8
21) . Retraining Cellpose demonstrated a cl eat
PR curvet waikhiggldice. Thi s model predicted f ewe
bel onging to a membrane (dedaé2®e Iinmttiltce arbhd ny
predicting fewer cell interiors as membranes
(pteai RedRBgeg) Compared to-Nettgndaerld pwse (retr;
gave more extensive segment aftam2rig bt ghert me
cost of mmogiet ifvad s e( lpower mMmarmBBaneAtpr rpeocinstison,

standdred Weemed to better refl ect our annot ¢

Cell pose (retrhRiigetkge) phiedhcteedspi te | ooking
was not manually annot-AeedcoFuethéy, segmrdace
| ocalisations in cell interiors that were mi
(retr &iiped®)g) However, sNatndalrdo Uomi tted regi o

clearly membrane, which Cefgmpofed@8fetarnad ned)
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hf Cell pose (retrained) also identified regi

whiwdéd were not confi derrti ga2Barugmg)tlm, annot at e

Finally, we found that Il astik performed wor
UNet (AUCNPWR:0.00T®4) .e Li ke SNteandarndpWedicted
me mbr ane -nesmbroeame t han Cel |l posemdmlername nreaq a lf
and | ower membabi2iige. r Bkiad i, ncl uded mi ssing a
of the mekbg @Beefswlfi ch Cel |l pose (retrained) c
Further, it made similar mistaké&s gi28feCel | pos
ande@antdr ai | i nFgi gelBgeg)st e | atter of which were
annotated despite | oo&vegftrheemdd an omu an.g Idlad sat, i
evidenced by the poorer performance for the
to the tr&igizn)g f@nedsl i(kely reason for this
dataset. A second is that we did not monitor
evaluating the performance on the validation

threshold det eFmicroegce wNi et g ai ning set was:c

subopti mal when applied to the test set.
2.3C8l1 segmentation
Mul ti ple methods for cell tsagamedt{vaaliioda twed eo

five splits of tHhdereée s avietnceonngp adraetda suesti mgnda qu a
anal ysis onFitd@B)é¢. e Qtuaxndti t(@ti ve performance r

|l ocali sations could not be evaluated as the

Al l met hods segmentebusomeneebl sycperéorimegd
was most epedexhdmnplfleg28hg where we were most

in the ground trut h, reflectedriignzBdehe-7ext ens
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identified cells). Cell pose (retrained) did

(pteained), Netamcardl@dsti k maddifga@BheQle.l | s ec
This was expected as these methods relied on
segmentation, which was best for Cellpose (r

(retrained) provided more extempervyeoerammagt at i
model , s tNentd,ariddc Uvas | ess | ikely to divide c.
gaps i n the meinbAriagn®Bfea s atnd@a@pdDes pi t e t hi s,
performance of Cellpose (retrained) was al mo

met hBdg @B8eeh) .

There were problems using the watershed al go
met hods. Firstly, localisations from the ext
incorrectly assigned the s akieg @8&éd ede | |Idpeosspe t e
(pteai QeEl)en t hough the same markers were us
from Il astik), small differences in the memb

di fferences i n tHhHe g2édetif) segmentati on (

2. 3Ddwnstream anal ysis

Once the data is segmented, it can then be wu
show here for membrane and cell segmentation
di stribution and clusteringFig2ide Foeolm trhemb
automated segmentation from Cellpose (retrai
weskgmented cells from all FOVs in the test
calcul ated the 2D raandlcldusstteriibrug iofn tfhuenicrt i
(DBSCAN: epsilon = 78 BmMm, pmedi muemdpasntdmembr

Onaone mbr anebo. Localisations within the inter.i
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co
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at

me

t h

und in close proximity (O approx. 100 nm),
e membrane extended oFieg2% | ohgeabhids slt & o b
|| membrane formed clusters with significa

uster | engit ht eéhiagp2 bdgh.e TcteeHd et er s included r

calisations of the same fluorescent dye mo
condary | abelling antibody and any cluster
mbr aorca lli sfactdimomge ¢ Inusipatckeer e i s a small er
ese | arge clusters, and the difference bet

re subtle difference between the arrangeme

mbrane. The cluster parameadrr| dkesltyiibmudl wa
ntribution from monomeric EGFR, with multi
tibody. The increase in the median | ength
t he membrane may be a result toft htthe known
mbrane, or a | arger number close together,
e dense packing at the membrane and the mu

|l abelling antibody.
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a Cell segmentation Per-cell RDF for localisations

w
o
1

= membrane
interior

T T
0 100

— [se] [\e]
[4)] o 4]
1 1 1

A

w
1

o
1

T T T T
200 300 400 500

Radius/nm

Q. Radial distribution function T3

C DBSCAN clustering for cell 3 Cluster metrics for cells in the test dataset
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0.5 um , 0.5 um o
—_— - —_— Interior Membrane
Fi gwbeAnal yosfi ssegmentad;rhrdatod. a FOV from the t
shows five of the eight cells that were manu
bRadial distribution function (RDF) for the
calcul ated for each cell and aggregated over
for each radiusienseptioated| . @i hbhegeoshhdedl i s
and plasma membrane | ocalisations for cell 3
a dinftf edleust er from DBSCAMN n(ienpusm )l pooniGn=te g 5= n5m
|l ocalisations do not belong to a cluster. Lo
higher magnificati.d6l betew metindschoedt he <c
dataset. Box plots for the number of | ocalis
(bottom) for each cell aggregated over the w
horizontal | ines arQ2t)hanfdi rtdhti r(dQgu,argadceend (
top, t hres wahri-és KE1Q03Q1) an-d.I®3Q3Q1l)and the outl e
are plotted as crosses. Median |l ocalisations
Twa aiMerdWhi tdeyl. 9 nhemd&bBel NBr,e= o8 1AL ,0. 05 .
Medi an cluster |l engths: 127 dwa@iidteedri or ), 1

ManWhitdeayl. 8, nhemdi@6el 818 ntei o8 1pQA ,0. 05.
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2. 4Di scussion

This chaddmanctarsat ed a pipeline for annotat.
segmenting cells and memboadeldghafsmpm pEML M epoi
convéehes | oc aloi s arthigaersspeng me ntva tai o-measgeed t ool s,
and tclhewvbébatk t o -dlheu d ori empgrtes eagtdadfwoa ma n c e

evaluatdownsatmmdeam subcell ul ar an.dllsy :igs tate t h

nor mal i sed area wvredar It tarpree ( IAUICNFPR) t o cor

we found that Cell pose (retrained) perfor med
This type of approach is useful for identify
specific cells and ea edyiiroencst eod aredplryesci ists doofen ntahb
|l ocalisation data speci fjucsitnog tohnoes eo fr etghieo nnsa, |

prexi sting &Y ddlriit*hms

The trained models outperformed traditional

(Ot su nmeé? hbhi)s was expected, as the heteroge

bet ween cells makes it challenging to set a
standard thresholding techniques fail to con
FOV) cont exttr uagngdl ec atno sdeal with small object

or show significant variation?'®n'the backgro

The inability of these trained models to out
segmentation points to issues with applying
Smal | changes in the membrane segmentation |
segmentatidn,sagandnlsodaom different cell me mi

di stances apart could be assigned the same |
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known disadvantages of watershed, that it 1is

background and object intensity, a2t# 2t% does

When comparing membrane segment atwhenhteaodel s,
more I mportant for downstream analysis to mi
membr anes (false negati-memh)r amethecaluimbatri o
predicted as belonging to a membrane (false
hi gher membrane recall but | ower-Nemembrfranet pr
more i mportant to avoid false positives whil
standa&arrd Woul d be beatstaerf,orarCek |\ ipGiesves r rtenter a i
smal | ©udzaet adSfelt |, pose (r et r aiinne d)u twoavsd rgpkr re f &9 r ¢
much i nformatjowhbabepabkbowiereg f.blowsuvme, fal se
futurremfustehi s pipel i nemaw tphr d faerg etrh adta taarsleyt t F
gual ity datTahe sacrceutraacnyedof these metrics sho
examploane of the false positives from Cell pos

to contain membrane that we were not confi de

More generally, the downstream task shoul d i
for each?Foert reixcampl e, while this was hard to
segmentationbesi d&ds scempayi ng with the perfo
classifier (e.,gheOpbr fwasmAgdRBEIL)enough to alll
organi sation of membrane and lmelClh aprtctreid4ns wl
usilngcpo xsegment celtltli $riomspatwas tmmvnwaiaded b
annot.atThins e ntshuer ecde Itlhastegment ati on was not t
downstream c| aHsosmefvieaoat iodomsser ving how segment :

affects downstrewawml dl hesahiicateoasting subje
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Futureshwadldeapl ore dif f eawtnd mangeid déodpisgntiot y
contr ol of t he,tcoed eln tsiefgymehmittgsghtl ol@n a1t f @ a m

anal,yswhsi l e maintainlThgohil ggth bteh macalg tewle&t ibryg

features of the cells such as area oorintens
abobel oswaret er miurn eod f 2%2Aalltueersnat i vely, we coul d
knowl edgeemove cells that deviate, fremowiumnge
cells thatt dexwpeadteed rorm known pattern or | ev

222Care should be taken when developing these

biasing the anal ysoirs uaned preech®dwvdi nrge srudrtes

Using an ensemble of metrics can give a fair

across both positive and negative classes, r
For example, membrane recall could be mislea
maxi mi scddasksyi fying all |l ocalisations as membi

Combining PR curveskfand -£&d0N@&&Rt wobh hmeasur es
robust the methods are to changes in thresho
eval udatraemspectively. The performance of Cell
variable across a range of thresh@Tall,eevide

21), which is |Iimpertamtesihfol dletitsi mdpal | engi ng.

Thenfor mati ows igSaMLnMerds tbgcacdn voent i onmdy i bma gli gt
whemendering the SMLM Wht athhaeb ipaisg il nsa goen

| ocal i sat i o{nSsecitnitodpliPX¥Re |2shany segmentation t &
rendering the data 1 ntwi lal spurfefviecn t& hatéskiyswliasrsgue
demonstrated i ntthti snesntbuayn.eswlteomue d stil | be

Nonet heddefsesgrning algorithms desi-ghedds$ o wor
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mawvoid this . Fesuex ampdee epugbl i shing the work

a gragpsed neural network has been proposed f

173 Howeverwast Hiismited to identifying noisy | oc
structures: mi crotubules and vesicles

I n this work, the seed | ofcar itomes wetrer sraends ad

to endiurgdu aadiat wmset for dowHesweeaem, ahal ysée swo
could explore differdgmt iways atse d unpowaytleg utt h i:
usabfifoi tegxopneFods . exampgenet badpdwicmeedns for wat
by identifying thdkei dtoxmd e mdntaaesfbmram € h e
segmenttd®Howaversitidgdubuemaeawuparloc e sisi tmige
gr aphal gor i t hmeiog hmeaowrei ngs ( gr otuhpast obfe |poinxge Its

the samewkieth ocframeaésuovbBhegdrAltther.ndtut veky,

work could trial met hods that do not require
t hfeul |l Cel |l pose -patpetlo negennesreast @ a& gradi ent m:
each pixel back'®Poxets téeht maptte the same
grouped i ntcoo wledelnso ¢ eithe imsso ur d dthes itds a

|l ow intensity and consequently a | ow probabi
interior. Therefore, further modifying the C

be the subject of future work.

Future work could also explore methods for ¢
generation of an inter medi athd smd micrl aurdee ss e 4
specifically designed f dire dallll <Led heamtsat ipo p,e
gener al npeutrhpfoilssee ned 6Hoegmeat hsiuoh a-€ENMAS Kk R

223, 22Ma<ClNNRses a CNN bougdhnegabexes for each
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t he i(ma.ge. each ,cdmgeadiln sd dalald)gy. celdnd ype)
then segment each instance wi’?filiem kRachbemr@ar
of this neelttworrke wlaatcreadn fpoarsneedr nted wiomgr ov e
performanceccdembobtyaeleld $ogiredndaei on

t r ans faorcnhe rtheacst uarlesion cboerepnor at e, i aatfoo Cred & tSiAo n

modepecifically designe> for cell segmentat:.

Looking |6 opowsaurldd, be SMMlpMata omoa broad variet
sampllesst his study, sections from FFPE sampl e
commer ci al mi croscope, mimicking a recently
SMLM data from pat i &%rhissuigsgseusetwsi inthhtdhtet «wr e ni c
i mprovements to fully autonmadcurrtdoceyppixpdl i ne
helsggment SMLM data from dloirmitakeyssampf es, ¢
hi ghhecision molecular distribufhpimst,umnspeci
could helpthei ngMaMbéaus a new toovbhefanabhygsist

patient ismammleex!| i ni c.
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3 Cluster Beassi f yMonlge cSuilnegateo oal i
Mi croscopy DatasBaseavi Ddheirla@dr ni n
Supif€Chuster Structure

3.1l ntroduction

Sample classificati otnhansal @ iiSiLdr thanl tao wsitnegp fi
automated recognition of sample type and dow
data from many samples of the same type. Usi
this task may also facilitate biol-logvelal di s
|l abel s s(uweearkvtiyWwedd) e DL al gorithms have cl ass
complex structures such as whole cells, they
pi xel at é#°% itWhaigleemayh iabpepr opr i attaes kf, o rurstilpmégt t he

choi cmeagoef aind pitx eslkascsriizfei ci ng the full potent
gain of SMLM over conventheniahf omagiingn awai
(Section 1. 2.®&09e s rFatr thaoeall,aestswiaflsic aftoiromi grasks r

precisiom whlhem fmow P (Bection 1.2.2)

Existing pipelines for <c¢cl asdga fryatngetx@tedrivd ptoa n
classification of structures | arger than sin
met hosdusc hASAP, SEMORE, ECLI PSE and Super ResNe
focus on classifying individual Idedelrimd aaxteidon
(handcrafted) features of clusttett? 168.uadth as

more abstract cluster feat u+toas gtbeagrendt Dalut o ma

net woé k>t IHdbwever, the arrangement of multi p!
supclauster structure), as wel l as the combin
clusters, i's likely to hold important biolog
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Extending algorithms using handcrafted cl ust

patt,eumcs as mul tiisplneotc Isutsrtaeirgsht f or war d, requ

for

features that woul dPdaritsicalienhawd reedgietgve e d

to classify more complex patterns than handc

described, but t Iselsatsislilf irceasttiroinc toefd stiongl e pa

consistent?2’s’Pauckdld s chhave been classified us

featogaksuflmamdgr aph representatioh’ of SMLM

However, this tomd ydicsotnesn cdeess ebkdet ween | ocal i sa
spati al | ocati on ofotchshsatpeer so fo ft hleo cca luisst aetriso n
(excepherfaph di amet)eMo raenodyierfred,ceirresnces i n prote
organiismtdiofnégroefnst he ke llbgtshtays mewdBO @

featof eshe whfod et acveeidagoerd over eveahe | ocal i sat
calcuPat-atdd ghapdd DL @o pheadticregps ur e t hi s

i nf or nhautioomawve al so been | imited to classif fy
clusters, and i egwverd e $tulpet &@sra Mg weundtuhhreeds ar e
therefore required for the classification of
data, including whole FOVs.

This chapterdeepske@asning classification pip
datasets that i-onlcwstpeorr asktergulsteyv®ea have devel og
ClusterdNegpraspehd DL network, to classify graph
in the | ocalisation data. The clusters in ea
features extracted from their constituent 1o
precisi wrcadfi sadhe Pincsdlusa®oor ditnlagdressby encodi n
the spatial tBhe aolgeshwmatisvef tto each ot her
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We demonstrate this new-spiupelei rSeMLdvh daa tmoesdkdl ¢

DNAPAI NT | ocal i sadriiognasmif rmoam dDsNtAr uct ures desi g

selection of #WigWespapsdehett edlblesntesnstMag ons o
both handcrafted features of individual <cl us
net work, achieving balanced classification a
i mproving on pr¥vi?2é%usetwotrhkefrl,owse i nclude and
use of DL explainability alCdarsittdhhahsetada o i nter

datdai ven exploratiforLocfaltimatri eqnsl tim SMLM FO
extent and complexity may b€loukstgtralleikawiamg u

sampllevel <classification from the entire poi
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a Input SMLM data

. i g ';'5.'. -'5-:i'- o Jéhiu-
-3 " ‘ol b & B gy
et 5 & =¥ DI N 4 i
Z 2 3 b3 % B u .
7, At . ' Ry f g A X
Digit 1 Digit 2 . v Digit 3 Letter T Letter O Letter L Grid
’
’
b .’ C d
F 3
PRED
- -- Digit 3
Extract cluster
features
\ } ClusterNet on
graph
Clustering Graph Classification
representation
e . f
* Digit 1 ?;ff»&?
» Digit2 -
Digit 3
o LetterT g%
Letter O ‘ﬁ“
Letter L !
e Grid \

* :-‘% 3

UMAP1

UMAP2

Feature analysis Structure analysis

Figure 3. 1. SMLM data classification pipeline. a Example SMLM ROIs for each
DNA origami structure, with ground truth labels below ?2°. Scale bar: 13 nm. b
Clusters of localisations from an ROI with ground truth (GT) Digit 3, coloured by
cluster identity. ¢ Graph representation of the ROI in b with localisation nodes (grey
dots), cluster nodes (black dots), and edges. d Handcrafted features (in
ClusterNet-HCF) or automatically learnt features from deep learning (in
ClusterNet-LCF) are extracted for each cluster, and the graph composed from these
clusters is passed to ClusterNet to give a final prediction (PRED). e 2D
representation of cluster or graph embeddings from UMAP, coloured by GT
(reserved test dataset, graph-level features in this case, black arrow: ROl in bi d. f
Important subgraph (green nodes) for classification, extracted using SubgraphX.
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3.2Materials and met hods

3.2DLgits and Letters dataset

Wedevel opeelstaemdl our pipeline on regions of i
DNAPAI NT dataset acquired fromsDiA tegrildgami Di
Wechose this dataset f oirbarhgee faon d ocwo hnbga drnesa spoc
data with the spatial coordinates and an est
si nmbkeeduwlcal i shthiaadhsroeadi | y avail abma&ki qagound
it -sveilted to training and validating a deep
could be compared against previous methods u
dataset additionally has features character:i
cl ustleadeidssatarornange-dandom panhtern and a wide
numbelrood!| s sahd wtchad ips &tciiam on bet ween ROl s ar
(Table 3. 12) ABi gou@d3for more complex biologi:
| ocal ssahieach ROl contribute tar&fhe structu
relevant t-orubé gabehd(leo.cga. |l shsdaobkigarinsuisrch I o n

from any binding site).

Thi s dadmlsidiveos ori gi nal ly, separabatdanansgt s he
grid and the otherFeonherndegaihe oerthewst he
acquired canrd’tber ftohuen dd iagmn d 3%ftonrd tchrei d et t er s .
combined Digidast aamnadlt Ledmerrisses 22, 047 SMLM r
(ROl's) f-PAIMNDNAata acquired from DNA ori gami
structure per ROI. This included Digits (415
Letters (1161 x Letter L, 991 orildet(t7e6r9 6T ,x 56

Griidinaged separ at’él?y® per <cl ass
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Figure 3.2. Locali sations per ROI for the digits and letters dataset . Y-axis is
normalised such that each histogram has the same area. X-axis is a log scale.

Table 3.1. Characteri sing the digits and letters dataset. U: localisation uncertainty
inxandy.

Min. Max. Mean .

. . . . . . Mi n.|Max.|Mean

Class locali sations |[locali sations |locali sations [nm] [nm] [nm]
per ROI per ROI per ROI

Digit 1 (n=4155) 103 788 167 9 30 16
Digit 2 (n = 4943) 127 645 184 9 94 15
Digit 3 (n = 2541) 1186 6360 1855 9 37 15
Letter T (n =991) 185 650 357 11 38 21
Letter O (n = 560) 167 454 258 13 38 24
Letter L (n =1161) 197 1228 313 6 31 13
Grid (n = 7696) 305 1244 395 8 73 13

3.2PReprocessing and clustering

EachhOl waprpcessed and clustered in preparat.
graph repr esentTahtei opno iamst sfcolil puadmisa Itliyoned 1 nt o
following a similar apwR?iPPRicths tky otRlmdl nts Bt a maf o
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coordinates focorwaeht &RODI f wemece aWATApABc he Par
file and | abelled in the metadata according
seven classes (Digit 1, Digit 2, BDexit 3, Le
kkmeans clustering was &petititktd 12 tacédn KRO1 e we

weskeparated gPAUNTobi DNANg sites was recover

weskeparated binding sites; Digi tsse phaarda tmeod)e. b
Cluswetb fwweorl|l ocalisations were discarded
the convex hull andWer ¢ hlensepaanls ccol nupsotneernitnsg. o Vv

DBSCAN, as DBSCAN requires careful tuning of

one and risks dropping many i mporifant | ocal.i

3.2Ha8ndcrafted feature extraction

Eight handcrafted features were calculated f
|l ocalisations per cluster (count), the mean
the cluster from the cluster centroid (radiu
fmoits convex hull were calcul ated. Next, pr

used to tclaé cwaraiteance of the clusters a@al ong t

ansggkwhere _.These were used to—e=a) cuplagareatdi inye a

—, | eg&@u N and ag®ewall of each cluster (the f
half maxi mum of a Gaussian is givenl - B3 2. 35
3D, planari +y—i swbeeivsent theg t hi rd pPrilndihpal <co

data was 2D i m=tdnd Isitmudgidiae@r+ty, which mad

l' inearity or planarity redundant. However, n
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features 1 hoa s,maelxiceipntcr ease i N memory usage

Finalhkkgensity for each clust dedrheovast td@yeal at ed

3.2GhAaph construction
Each SMLM ROI was represented as?3% @Grmapmph usi

graph contained | ocalisation and cluster nod
each | ocalisation node belonged to its clust
each cluster node to iheefghbawhei és vhearest
the digits and Theet tpeorssi tdiaotha sceft each | ocal i sa-

coor diamrmad etshe position of each cluster node

of Iits constitxuweonde | pecailtisans owsr e -hoamal i se
0 7 g N U U . .
1 x > pan dp R P, where the mini mum

range were measured &€VvVestehenpaesni ngtaphly
features or the eigttépbaddogabdnhedhéedownetr e

(l earnt or handcrafted cluster fheaweres). Wh

nor mali sed to betﬁ%e—gl_ﬁ—z—%—g,o vamar eo ntehe mi ni mum

maxi mum values were measur e.d Tohve rl acheel iwshaotl ieo

had no input features.

3.2Da&atsapgartitions
20,367 graphs (Digit 1: 3915, Digit 2: 47083,

751, Letter O: 320, ®f od doBAI5169 a twiklee.ssus ed f o
further 240 graphs from each c¢class formed a

I t s-viarl idraddsson each contained aandatiaeshnhg (

n
©

set (20%,ernloanppi ng bet ween splitwgli catri era,ch
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and test set each had the same prw®loirdatoinormf

dat aset .

3. 2M6del architectures

Two different neural network model:s were dev
Clust-elCNedtandcrafted Cluf€testEERNe(Les)y nadd

Cluster .FCdatsureledpeats sed handcrafted cluster f
described, and the positions of the cluster
net we€ir kst.€l Nestt € CRentst ead generated cluster f
|l earning using -hasaddmbadokKetandgopassed t hem,
cluster posChushenNartsagogmét wor k. Descriptio

LocNent@l ustar begi vdm cgp@EB)e w

69



a

4 L]

O .

< e .

U L ]

O .

.|

N localisations
[N,16]  [N,186] [N/2,32] [N/4,64] [1,64] [1.8] Cluster
embedding

IS

2 .

i) —- — - Predlc_tlpn:
7] e.g. Digit 3
=

O

Cluster graph (knodes) [ 16]  [k24] [k32] [k40] [1,40] [1,7]

Network layers key

Transition Transformer Global maximum PointTransformer .
MLP . . Linear
down block block pooling message passing

I Transformer-down

block

Figure 3.3. LocNet and ClusterNet architectures. a LocNet transforms input
SMLM localisations for a cluster into a cluster embedding, via a PointTransformer
vl-based network 61, b ClusterNet classifies cluster graph, k nodes with handcrafted
or LocNet embedded features, using PointTransformer-based convolutions as
message passing layers. Output dimensions of each layer are given in square
brackets [X, Y], where X: number of localisations (a) or nodes (b), Y: per
localisation/node feature size.

Loc Net architecture

LocNetted on each cluster independently, taki
posi tlixanas i nput and embedding the |l ocalisat
(Il ength 8) for each cl uster{FuigBBa@E Peoi Nt Tr ans
feature vector was chosen to be |l ength 8 to

Clust#elCRNRetwhi ch «dseeénamnodal i n@luus tfe@Raitr e, ar
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|l ncreasing the di mensi on ol utshti-esCHeetat ure vec

represent and cl assify more complex structur

Point Transformer v1 was adapted fr®m?3he exa

The PointTransformer was composed of an
transformer bl ocdkown wool acrkasn,s fgolronbearl ma X i

|l ocalisations into the cluster and a fi

i nit

mu m

nal o)

First, the fkatal moa®o oveeaaec h angWLtPt emd ttho Re L U

activation function and batch normalisati on,
t hleocal s,pathofheature was set to a dummy valu
t he olud paltinoaltei deatures from the MLP were in
bl ock. Each transformer block was composed o
activati on, a PointTransfor mer convolution a
activati ohocbbmoa®cbrmhe PointTransfor mer cCon\
out put feature vector
o P A@ sf o oP

. whefQ@enotedneherest nodes, the vector atter
given by

| v softmafko H o I o’

and the position embedding by

15 Q1 1 h o
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whevpandwere the input ‘@Gea wmdsweorfe ntohdee s2 D

coordinate@ndf amddwsr e MLPs par ametderi sed by
respecwiitvhe lbyat saht inoonr neand Re LU aanfd Mawndn func
N were |l earned weighh®oohtdrlainséar meayeonvol
calcul ated ohenmaghimomriand efre athiarnes he sum a:
in the origiifalThrshwaechecause SMLM,data is
and maxi mum peoftohgstano outliers and missin
the model to | ear nt3% heH doWweewr earl ,| ma x iwhouens mpfoto | i
captturee exact structaregraphdasda®fVhs tlfee athd fse s
was omlepretically mothwvatwdsaéemphiscabinttes
challenging classification twaslalism ft h-e afli olal a

based pooling (Sections 4.2.9 and 4.3.2).

The otubpat noaltei drratures were then-domwmutted t

bl ocks. EacH otwna rbsl foocrkmecronsi sted of a transit
by a transformer bl ock. Il Inod doleinbaltaindie at anedo
were inputted to a MLP with RelLU sgacttiiovnat i on

t han fr arcotcheafn t he nodes i n t hesicdg sftaemnmrt wegte

samplainig assigned the maxi mumnefr rreeaieguflemt ur e s
and themsahdewere varied via fhe ,saone ipraratmee

wor dss = .For the digits @ne:l0ettt amsl dat as

Finally, gl obal ma X i mulno cpaol oin 9 ahteyi darg gytr lergea s eidn tt
feature vector for the cluster, which was 1in

function, layewhéimolsastgmaving the final embed

72



ster. Gl

nal ar

gi

OQutput <cl us

using the s

Cluster Net

ClustaciNetd

posi Fi gi38bgl
Point Transf
atur es, r

generating

st , cl us

each | ayer,
nt Transf

nei gunlso 'Q

nstructio
gregated
putted to

obabi |l iti

3.2TF7aining

For eaclhfop

for 100 epo

decay of O.
sampl er

maj ority cl

of

shapl edefrom t

obal maxi mum pooling

chitectur e, t o
ter

i gmoid function.

chitecture

on the graph of <cl us

t was composed of fo

me r convolutions,

ulting in a featur

class prediction.

ter node features we

the feature for eac

mer con(Eqluatt B m3nx3k

each &Qweseteedehoded

n. Af t er the fourth

into a feature vecto

a |linear |l ayentnifoml It

es of the graph bel o

procedur e

di-wcea lioisdsat i on, t he

chs using the ADAM o

0001 andl>aDhaialy
he

ass was used to enco

73

has moutel

hoddNedtreea ttulreers sfaalmed t o

model

was used rat

r b®dsabowve

bet we

ter noxdies wit

ur message

pa

a gl obal ma X i

ector for

re inputted t

h node was

up

éraetdhabove

by the edges

sage passi
or t gr a
owgd viey tthiee | Ic
each

nging to

was train

ptimiser with

sraenofmgl2& wei g

mi s@amipti ydclf a ®osn & me

urage equal p



Fu

au

cl

mo

t h

ep

Cl

Cl

Morienf or mat i

Ap

rther, rando myrloa naet

gment ati on. For eac

asassd t he

del was evaluated

e validation set oV

ochs on a NVI

ust-e€eCNats tr ai

usteweNettrained tog

2E8al uation procedu

e best mod el for

aluati on, each

ghest

aluated usi recal

ng

it hmetic mean

aluated using the

on on t he

pendi x (Section

2EQ9al uation on the

e per fsoorfmaunscteel C Rent@ |

the reserved test

s split into a trai

ch class into the v

d saved when the 1| o

aluated on the rese

74

ndga&teil i enoloaddg | os's

on t

DI 0 GwiRohr c6eGBR TRXA M 0t60 0 k

netdend

each
graph

probabilityheraesdscti omst hiermeaeikh.

(Pal Bme eplr aca lwir laictyi)es f

ar ea

7. 1.

Il wenrse ianp ptlhieed t o the gr

h graph, the model outp

was calcul ated.

he validation set. T

er all the epochs was ¢

~1.5 hi

maneed, mMheafNentdg t hat

ether as a single netwo

re

split was evaluated

(without random rotat

cl a

I and combined into a s

or e a

under the receiver

metri csawms éoce tf ® uenvda |li na

1)

reserved test set

ust-eCMNetr e ul ti mat el co

y

set . First, the entire

ning (80%) and validatd:i

al i daaiimed sert .t MNe xttr, aiem

ss was | owest on the va

rved test set foll owi

ng



3.2FéAture analysis via UMAP
The relative di scrpewilnasttiewre (phcawed)amoaff tvidhadel ves

gr apheémplat ures was measur ed b ybectowrepearr icnlga stshee
in a 2D representation of the feature space
Mani fold Approxi ma%3fOanh ean dneRrhojdesc tfioan)di mensi
were considered, such as princiSNEl component
(tdi stributed stochast)t®¢ w&MABPhwasr pembeddedga
SNE it-lismemaon so can captuirre tchtifdaetkder!l at i o
i's fast®NEatnldamats been successfully wused to v
featameéstrajectories of!°pdrFéxdteseta &MLMedn
were visualised: handcrafted clustlkeocfNetatur e
cluster features after t heClfuosutretridNrede ssage pa
whotfgeaph features after the Cliunsatle riliNdexi mum po
handcr aflLtoecdfeatatdur es only consi ddrevteHhe asitdr uc't
smaldred are | ater refealrwesdt @ro faesati isrod sa.t eTdh e e
featur € usteamMet a | argernimecepodi atei hgeil "f or n
nelhlgouring clusterg.r apihndlelayC,l utels e Dl dnl e

information over all constituent clusters. |
subtracting the mean and dividing by the var
measured over the entire dataset excluding t
|l we-di mensi onal (2D) representation of the fe
feature vector and O. 5 omdinmenuss poancadt. a nUCMPAPI n t

pl ots can be avcitswealliysediismptl a@Targd three piaa teindn
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2Stducture analysis via SubgraphX
I st i ngx mlraiprha b i [Siutbyg raalpghoXr imtalsm used to i dent

e graphs constructed from the cluster node
andcrafted oroce)rebterdadte dwebrye i mpor t a?8% f or t
bgr dmHX ows-t hegawmei nspired taappromasth itmopodtas
nnected stulboglraaspshi ffiocrat.MTenmpbr aagcaphf each
bgraph is given by eistts nahapsl eyh ev alownet ,r i vbhuita
bgrbaygpenasuring the cotééer pnvwehddrc hiimbchleudi ng o0
cluding t2F.&0 s matigheiasp ht [ISabtga alpéMo uGers| o

ee search to searcharndrMdrmtee o@drn Imal s ammlgir ra

e Shapley value.

bgraphX was preferred over similar methods
BMLM graph dat &®l!b&obigmapkX searches for th
nnected subgraph in the cluster graph by f
ts of Kobdes anmletmmeasuring their relative co
ediction. We chose the O0splité method of a
tside of a subgraph being as%?é&s’d8hiasre ren
oids the positions of the cluster nodes be
ero_fillingd method, which weculuds thearv es tar ugcr

d messageCpassiendletn

e optimal subgraph was required to have no
roll outs was increased from 20 (default v
ediction (values i@ab3.2)t helvn pauwi me 8 eofobprss

d edge direction are not shown.
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Table 3.2. SubgraphX parameters.

Parameter Value Default value

rollout 100 no

min_atoms 5 yes

C_puct 10.0 yes

expand_atoms 14 yes

high2low False yes

local_radius 4 yes

sample_num 100 yes

reward_method mc_|_shapley |yes

subgraph_building_method |split no

Positive and negative fidelity scores measur
respectively, of the optimal subgrapH® (subse

They calculate the difference between the pr
whole graph is fed into the model, and when
fidelity) or only the subgraph!8heesgtati ve fi d
performance is given by anepadiitvievd ifdieddaltiyt yo f

wor st perfaposintcievbyfi deheggtovezerdehbndy of

3. 3Resul ts

3.3ClLassification pipeline and performance

BotCH ust#elCRent@l usteCBatccesdfaslsliyi ed the dat a
seven DNA origlkemaarmnd ralcdutreersi.nggrwae sss ¢ d et o

| ocal idsadtai dmom the Digits and Letters, althc
be applied. Both models achieved the maxi mun
receiver operator curve (AUROC) for every cl
Clust-éiCPaitt per fConumede CBRat t he resefrvVaelBlBg est se
and on t heali gamd otge sTta bBISBI SdAp e n®le xt,i pn 7. 2
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Table 3.3. Classification performance on the digits and letters dataset. Recall
values for ClusterNet-HCF and ClusterNet-LCF on the reserved test set.

Digit 1 | Digit2 | Digit3 |Letter T |Letter O |LetterL | Grid |Mean = S.D.

ClusterNet-HCF | 0.99 0.98 1.00 0.96 0.99 0.99 1.00 | 0.99+0.01

ClusterNet-LCF | 0.97 0.94 1.00 0.93 0.95 0.91 0.99 0.96 +0.03

Clust-eiCRent@l usteCBeottolut perf ormed previous res
same ddTas3eit . I n addition, the accuracy for
manoTROGN point c¢cloud registration) was <calc
subsets (Digits/ Grid or Letdreirggd miofsttrhiec tswerve
whereas theChouastumadslgfofom cl assification over
which is al’Ha’?#lenre tpasekvi ous met hods would be

accuraci es t(lhaabd4giefpotrasetded on Chass.ambet ask

Table 3.4. Classification performance compared with previous methods on the
digits and letters dataset. Accuracy values for ClusterNet-HCF and
ClusterNet-LCF on the reserved test set and closest comparisons with previous
methods, nanoTRON and point cloud registration 171228, a The test dataset was
reserved from a larger dataset, formed from an 11-fold expansion (via data
augmentation) of 21k unique ROIs "1, b Accuracy for ClusterNet-HCF and
ClusterNet-LCF included misclassifications between all Digits/Grid and Letters
structures. Accuracy for point cloud registration included misclassifications only
within either Digits/Grid or Letters subsets (not between them). nanoTRON was only
tested on Digits/Grid structures. ¢ The dataset included only Digits and Grid. d 5,000
ROIs were randomly sampled from all ROIs over all Digits and Grid classes. e
Accuracy when misfolded DNA origami Letter structures were classified as one of
the three Letterfsol(dw & hclnas se)x,t raas 6imm sour met
sampled per GT class. f Calculated from Table S6 and S7, Appendix, Section 7.2.
240 ROIs per GT class in the reserved test dataset.

Model Digits and Grid Letters

nanoTRON ~98% (n = 74k) &P n/a ¢

Point cloud registration | 96.4% (n = 5,000) °¢ 89.0% (n = 600) e

ClusterNet-HCF 99.1% (n = 960) > 98.2% (n = 720) bf

ClusterNet-LCF 97.4% (n = 960) > 93.1% (n = 720) bf
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Classification performance (recalllfptrhmeas gr ea
Lettlealsl . 3 Thi s was expected as there were m
structures i n tvhhei cLhetdied sn odta traesseeamBife Tthhes i n
had | ess impact on the Digits and Grid, as t
excluded some of the misfol ded??PDi Gherse amay Gb
an additional contribution to this from the
during training (fewer Letters than Digits a
with weighted random sampling olfende ofr ae acm

cl ass.

3. Fezature analysis via UMAP

Wet heompead he separ atdloaasdne 2 freeepnr e s eanft attHh eo n
featur genpaad)dMdPbythheswedsohat ed usdrer f eat ur e
with no i ncor pcoruasttieorn csafu lussueppaée at e t he cl as s
except forFitdh@ed®©iagnd 3BidurHeoowever, the handcr
features did slightly separate the IGagtitder s T
Figdda. This reflected the differences in tl
Digits have continuous structures with no sp
the Letters have discrete structures, with g
each ®%hdhe deep cluster LfoecdMeud ersotgenep an &tde
Digits and Letters but better separated the
di fferent aspect s ddfe thhaen dicrr padFfti egh@d 4fgeDa tgu rte s3 (
may have been sepgdrushlea dtevteHe bperause it hac
di ffleoeat deatsiiary from t(RegBdRard TAlalses es

However, the remaining classes could not be
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| ocal deatsiidry al one, as they haldocaalssisnpélraocon av

ROIFi(g@B2a&ndabdlg .

The cluster featClnness sgadymdrfatcadtby | mproved s
each class, showing the i mpeoaiwuanee cstrouachsi @
i nf or matnieoing hfbroobmus F@pg84b &BA@Si mi |l ar to the

handcr aflLtoecdkeebtn dt er features, the Grid and Di
clearly separated for both models. The remai

from the Letters, although there was signifi

The whgobdph features further | mpr oFiegilBdehe sep
an84Y. This showed the i mperltusnceca -girfa pihwil reg
features, highl i ghwhedhby hRingjietds f¥X ocamdvar | apy
weskeparatCéd st @ICNeitg3d4b &8Bdd Cl ust-elCheatd t he

mo st ¢ o mpweeckte paanrdad prde sent ati ons, reflecting i
perfor famaBde( The Letters and Digits 1 and 2
two distiWetatghoampwdd et whtodpeh feat scéasfsorf i e

ROIwer e nolrontaabtteydt he edges of( iag8br &€l ass grou
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ClusterNet-HCF
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UMAP2

UMAP1

ClusterNet (per-cluster)  ClusterNet (whole-graph)
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Letter O
® Letter L
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Figure 3.4. Feature analysis of SMLM ROI classification results. 2D feature
representations (from UMAP) for the ROls in the reserved test set, for
ClusterNet-HCF (a-c) and ClusterNet-LCF (d-f). The features incorporate larger
structure from left to right: isolated per-cluster handcrafted or LocNet embedded
features (a, d); per-cluster features after message passing but before global pooling
in ClusterNet (b, €); and whole-graph features aggregated from ClusterNet (c, f).
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Figure 3.5. Feature analysis for incorrectly classified ROIs. 2D whole-graph
feature representation (from UMAP) for ClusterNet-HCF for the reserved test dataset
ROls, coloured according to whether they were correctly (black) or incorrectly (red,
larger for clarity) classified.

3. BtFucture analysis via SubgraphX
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clusters!l suer asetrrectt @id eg . mat hod for i dentif
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The 2D represent-gtaph DEéatFaegeOvbepb éeoewed us to
choose ROIs closest to and furthest from the
by the distance to the centroid of the cl ass
classification, SubgraphX returnédadstshéimas it c
that I Fi deue dpalr amBeetd .o 11Positive and nega
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furthest from its class members may have bee
appear t owebkee ptahrrpeteedpl so coafl s, whereas the Letter
GT | abel ) sh¢ulgdséhaanvd8® at°dutt was incorrectly

the Letter T, which was reflected in its | oc
representaubgnaphihhextracted by SubgraphX was

classification2 . (Fiid+ahd.96&semblded the Letter

Il n general, the i mportant subgraph for incor
reflect the structure &xpaédéteedamd & hel carmr ec
resemblance to the incorrectly predKFicglwerde cl a
36h, 1 )Mmhins suggests that thsstapbegiacht couddr
specific pattetonsten sheusuprae that | ead to

SMLM datasets, including misclassifications
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We also note that some clusters appeared ol
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i nfluencing cICdusit féhridcNged bas g Shibtghr aph X showed
these spurious clusters wer e cloamsesii fRiegatciemrs i

36a,)h al so explainingFsgm@éhgi.. ncorrect results
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Figure 3.6. Structure analysis of SMLM ROI classification by  ClusterNet -HCF.
2D whole-graph feature representation (from UMAP) for ClusterNet-HCF for the
reserved test dataset ROIs (Top), highlighting ROIs with whole-graph features (from
their classified cluster graph) closest to (a-g) or furthest from (h-n) their fellow class
members. (a-n) DNA-PAINT localisations (scale: 13 nm) represented as a graph,
classified by ClusterNet-HCF, and analysed with SubgraphX (GT: ground truth,
PRED: prediction). SubgraphX results show the important subgraph (supra-cluster
structure) for the class prediction (green nodes). Positive fidelity (Fid+) and negative
fidelity (Fid-) measure the necessity and sufficiency, respectively, of the important
subgraph (best performance: Fid+ = 1, Fid- = 0; worst performance: Fid+ = 0 and
Fid- = 1).
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3.4Di scussion
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al so obtained fWemhadeepal sar nineg@r porated ana

and structures | earunsti ndgu rUiMAgP calnads &5UTBiger aatpihoXn
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Clust-elCNetproves upon these methods, which at
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mat hemati cal .r eWea easmtnitcaitpetne t hat generating
| ear ni nglL o cahsadwiet more useful,ainhohglsewaaspeot
supp thbeydur wor k wha-tellfagiemgi n(ChapteFkeaediber ,
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OQur <classification pipeline outperformed pre
Letters TadbB4ys etOn(e was designed for particle
training and mi’f} mardd stulpee roti lsdbra swas @ eil mage
An al t er nabtaisveed imeatgheo dmatoauh douwn kell gssi ficatic
performance, but it would require | arge i mag
the high precisi pans otfb etahles sSaMLeMd bdiantnaed i nt o p
(Sectioo1'¥®Pc)rendering does not scale well
moving from 2D to 3D SMLM data, as the size
103 | nstehdsepomat hotdlse smethh @ad d ecvaenl obpee ds i hneprl e
extended without a | arge increase in the siz

Clust,eriNleits woul d include changing fseh&Dhandc

rather than 2D shapes (e.g. area to volume),
vector focakaodlt nhomde from 2D to 3D and inclu
during training to | earn invariance to rotat

Anal yhsiighhgme n sfieoantadur es of SMLM data can hel p
investigate the underlying substructures tha
structures. This hasvmaiumalgfshte@nfeatures eidn
| owkirmensi onal space, via dimension reductio
103,150,164 675 t he Digits and Lettémassdawvasatbh, |
and identified miwifouladeidamphg ucltausest btyo and
t heenbfethe class, without requiring an addi
228Thi s delmomstr atheedptlhast er structure was req
the clamdeeral ed subpopul ations such as Digit

user specification
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Deep |l earning explainability algorithms can
Ssubstructures by measuring their ,tmpachasn t
been used on SMLM data represented as i mages
138 For the Digits and Letters dataset, Subgr

di scriminati ysubsglst olicttclusctleursst eirn atrhreai nrg esnuep

each FOV represented as a graph. trhesome <cas
Ssubstructure that aligned with our knowl edge
work is required to make it more reliable if

Il n this study, the pipelRAMmleNTwadsa tdae, mobnustt rtaht ee d
could be applied to a broad range of SMLM da
point c¢cloud data (e.g. dSTORM and PALM). Our
to most SMLM data (e.g. Heicrad sclalbhaatoenragd o re sc
relevant to the classification task), making
bet ween these different techniques or exper.i
significantlydaféacur bandbataftapture the ove
clusters. Learnt cluster features can adapt
of data types (e.g. 3D shapets, )i nldlaavedpandt ou
deep |l earning net wor RE Hawe moaedt c@mnnidead t o

adjusted to adapt to any remaining differenc

A simul at edwhtiainth éthed pr otteh e fofregraenn tsiaati eoch t

classes at diffemretnhatl emigmihclsedlrsal experim
(in preparation for Chapter 4), coWwWPFd have b
However, besides the time it would have take
simulator, the digits and | etters dataset al
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met hods to classify it, that have already be
Further, the digits and |l etters dataset cont
class (e. g. mi sfolds), characteristic of the
experi netna,alwhdi ch woul d be harder to simul at

background noi se.

Il n the nextt hdlsaptigrel i neend su seaid thodlr MMirees & enfeyd

frdmman sByeresponse .GloustreecaMbrte ntther ef or e con
realising the use of SMLM data as a new moda
classification of disease progressionmand pr

complex biol o§itéal?’sathpl es
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4 Predi RéespgnsPattBEGFR eat meMett aisnt at i c
Col or eCanaler
4. 1l ntroduction
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treatment do not respond, while suffering th
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of SMLM over convbeuntt ihoanvael nionta gyientg ,been used |

ce |1q)3s 151,172

In this cAmBptpeowacshndevebopeddi ct theEGFRponse
treatment in metastatic colorectal cancer pa
EREG extractddiwgiuaWeMamMgl ysed EREG rather th
to difficulties in optimising the AREG antib
i magi ng AREG and EREG simultaneously, as bot
ant abbutther, previous analysis of protein e
indicated that both AREG and EREG give si mi/l

mar kers or combined into eEnGFRnatrrkeédt noefntr espo

This approach was depatopetd Bhssuessanmpbas f
PI CCOLO clinical trial, in which the associ a
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using dSEORSr e manual liyn a@®re®RMt teasl i Inagc pi x
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Poctoc analysi swathemepmodelrsmed to identify
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predict respon$ecttiboR@ s & ad)mighn4s. 3s.hBowed t hat t |
spatial organisation of EREGFRayrpaedeat . res
Ultimately, this approach could i mprove wupon

met hods for predicting response that only <co
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wrong cldamnelgsfaerntessn owad sorneggeuri r e d

The data in its proprietary format was t hen
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of the sFOYaendretd of f ohepadpobpal(lsye eviFsiiggpuhree cde.l 1l
Section 4.3 fFforwegsamaptesd)o i dentify cells in
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The five different splits each contained a t
set (20%W,ernloanppi ng between splits). For each
and test set each had the samecepd®dtppsdtron of
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Table 4.1. Handcrafted feature sets used for logistic regression and random

forest classification. x i ndi cates the feature was includ
Feature set
V| 20T | DO | T |®T
(¢ > @ @ > O @D @D > O
6 |ococe |6 |oeé |aeé
] o @ T D - = T =
- =~ |o—~|cc |oc
Features _ (3Dm_ I o
— 3.-»- - o —n
8 oo O o w O o @D
o = o O o - [
g'_ Q c ~ N —
2 5 — 5 c o o cw
Localisations per cell per|x
Clusters per cell per areal X
I nterior |l ocalisations per X
Membr ane |l ocalisations per X
I nterior clusters per cell X
Membrane clusters per cell X
Cel | radius of gyration sqg X
Cel |l |l inearity X
Cell planarity X
Cel |l | ength X
Cell area X
Cel | peri meter X
Localisation per cluster X
Cluster Il ength X
Cluster area X
Cluster radius of gyration X
Cluster linearity X
Cluster planarity X
Cluster perimeter X
For each approach, the model hyperparameters
average performanceedwear tthtree dv dlifiedatnitors pl i t s
regression, there were three hypecCparwmeter s
small er values give higher regularisation an
converge on a solution (max_iter); and L1 ra
penalty. For random forest, there were four
the forest (n_estimators); the maxi mum depth

maxi mum number of features taot croes)i;deandatt lea
maxi mum number of | eaf nodes for each tree (

regression, the vaC=ue[sO.slweplt, olvl,r MWeGle, L1 r
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O. 7&fjohax i ter = 5000. For random forest, t he
n_estimators = [50,100,200,300], max_depth =
and max_features = [2, 4, é, up to the total
For each c¢combdarnmariaome todr sh,y pt he modsdaswdhs f it
evaluated on sthlsh evraela duantdeorn t he recei ver ope
(AUROG@)Imemasur ed and aver agesde fosvrert hen ed ivfafl @ rdear
to determinepeheaopibeelbsshoyed accuracy was a

cal cul apreals emtdeads obtutused t o opti mi se the hype

The performance of each approach wastompare
Using the best hyperparameters from model tu
traiamdag i dasindnevatl uat esdeftom theht spt i t. Mod
performance was then compared using the AURC

averaged acrse®% the test

The most i mportant features for classificat:i
models. These were given by the features wit
value) for | ogitshhaio hreesgr e sniion mpmd t ance f or
l i mitations of these approaches, 93%3Giciul ar |
i mportcanceal ates the importancehoiw emach frfaathdt
f eatcithraenges t h(ehoiwnpmuirxietdy up t hate danhoadienst bg cl
tré% oMe i mportamwta fgeraetautreers dheac r(le@tsteeli ns & mpua
the cl,agmmshg over each modeviohvelkei nraadt he
over all of thed*ueddheirn exlpéd offrateéeotn of feat
undertaken using SHapley Additive exPlanatio

SHAP Pyt horwdharkcckragae gi ven modeJa amred Idat a hpoiS
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value for each feature indicates the magnitu
model 6s pPedii%® tiomtri buti on of each feature
bet ween the model 6s prediction wibtskekntthe feat
(random foresngploacteideebayietr aige val{legobtthat
regre)}sdi-offer e, the SHAP values for each cell
i n t hseeTtheestSHAP values from each sample in t|
aggregated and visualised to indicate the gl
cl assi fi é%NMoiroen itnafsokr mat i on coam Shea pfloeuyn dv a Inu eAsp

(Sect.i19.n3

4. 2MEZP cl assification

Pecell classifitayvyeonpertckeparomanl (MLP) procee
|l ogistic regressimlnasaxnidf ir@aaatdioam .f oFersteach sp
trained onséefhoer t20a0 nepnogc hs, saved when the |
val i dsaegindnt hen eval uadtedhenmbdeltestze was o0f
calcul ating the aoweerragehepewedlsirdnaathieoendi ff er ent
sweeping over different sizes for the hidden
or (100,100,100, 100)], where 100 represents
(100,100) represents two hiddesolagwger Al bobohh
hyperparameters were setSctidketdtdhi Reselftasi|l wewvea

given for the MLP with opti mal model si ze.

4. 2GBaph construction

Each cell was repuesstalpd eddames metghhagp has for t
Secti2oux. with someWenotwi If &lcla=¢ d30 n s5s.Waanlds o7

trialled normabreiIrng htep addatagsdeat WwetlHe as
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pegr aphcébk)yd dacriighedt 204 o edat anscertmal i sati on

C g a a a

X0 R R and si miyl awhtghmreh 0 g@& s , (

U ) weobpmeasured over the ¢aftoirnian gwidigkte) (t r ai
mi ni ma and Bi@&kx Agai ElU, | A@W) wetrmddsured over tF
gi ven celdla.t assesdtil peerrmal i sati on of tshea sbaltihdat

xandwer e cl amped-l1tandetWeenn case they had c

a o than t he tFruaitrhiemrg swet .al so tested i nc!
photophysical features as features of the | o
4. 2CBuster Net model architecture

The cells were classified usingluwo-elCiReter en

(Handcrafted Clu€f€teaest-E€Rtteraegn)ledarCd uster Feat
introdChbhag3kbn thhaipst er, several amendments we.l
modethe number of output channedwt wiasdwcdd nrg e d
025 0.9®.amd and ,3amnd 7atme number of input cha

t hleoc Nveats changed to ten when the | ocalisatio

We al soincil aldi edg bdrtldoppcodaent@f o st erodet Neti t was

added into the first | aggraotl theof dmd pMEPL
attent,i ovL,Ps in the PointTransformer convol uf
dropout controll ed byocQdt@ospid bmaalaEdleusst eadrr Noepto, u t
was added intbH, taedpasfi ¢ MbRsnin the PointTra

convol dtriogmest)¥rNet

| €1 ust,erwWett r i alblaesde datatgegnrteigoant i on of the cl| u:c

graph feature, instead?2%%.26§Thoibsall amnaexri neuinmt hpeoro
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particul ar -lreovckds g@rnodeag ) olre vieelatguarteisn g()f etahtautr e
as most r el evantc.l uFsdrera ngidéeph é wiatt v esuyt put

feature vector was given by

wheiQe an@were | inéahaliarypputs.and out pulN chann:

is the number of output channels from the fo

nodleevel QahabdNgnput and 1 output-lekhehnghs$i nBH
the same | inear |l"T@yan®@i(si es.e' @) f owWi bpuh and

output cZhlannel s

4. 2S@wPperclusters

Experi ments were also performed with two add
clusters of cllustters) (anug exll ustteerrss of super
(supempelrusters). Clust erlsmevemrswietalt iEemdcthed usi
cell graph incorporated these as additional
bel onged ftduasteupemde -ahdstachnedpebel onged
supeupelruster node. The new nodes had positi
constituent clusters, calculated.f tUonhi trkeeted

edges connected the nodes to themselves and

had no input features.

Clustwewabemodi fied to include these additiona
message passing |l ayer, thpepocliend Det heeatures
supelrusters, gtitcMiumsg etrh e esaupuerres. These were t

MLP (with no normaliaad0oout Redl Ucabnadh ntehleesni a rm e
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sigmoid activation function. Thisywas foll ow
def i n@ldu g tnéri jJeutB)e Wi.t h out potk, 48mgéF k,ath4d] |
This was then si mil arsluyperreupse aetre d wiad fu rtelse pad p

di mensi[loin2sk,8opf a8 ][ f or the three mAsghogbapas

maxi mum pooling | ayer tshwepe lraugsgtireerg afteeadt utrhees siu
feature vector for the graph. This was input
softmax function to give the | og probabiliti

4. 2TdLaining procedure

The models were trained usingdestheii®adtei dmai n
32. but with a bAaddciht isanzael odfat8a augmentation w
random ssdelairagirgh,g,l i pping (in x and in y) of t

100 epochs on a NVIDIA GeForce RTX 2060 with

4. 2E¢adal uation procedur e

The best model for each split wasFerval uat ed
evaluation, each graph was wiutnh autr oruagrhd cdanme n
augmentaantdi arhe average ouytt@wudownts fcald cudanrd @
sampling of tHheciNehgtaphsudera then classi fi
t he highest pfrrodona bti H.e tijoedcelda &esld c@dri obvasbrie i t i es
evaluated using bdadaAdR@Cakticunarayx yéMasesi fi cat
i nformation on the metrics<awms ek tfoueavdali ina tté e

Appendi x (Section 7.1.1)

The -pelrl predictions coul d-ptahemnlbe paggrnegataea
Without further-paeteatnpngbabhti pgrwas cal cu

predictionseby tawertagstihg (ar i tchemelt ipcr onbeaabni)l it
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for each patiwag .pITdcki Qlasgsdipeants eamy s probabili
over O-patiPet metrics could not besedkwer at el
to a |l ack of pasteitelnitesr dfnoreea,c ht teespaseteats fr
were aggregat epdat iaenndt tAWURCerand bal anced acc
cal cubatwedonfi de neee ei nctadfrowd lashedwes imeg ri cs
boot st raaspmpdIlngme Pyetdonnpackaifé Mhshmri éfotel
predi eweireenssampl|l edpivathbhmednt hewarsealrd wl aTtheids
was refdedi0®dh€E&€bi s indicated the vavaisaskeidl ittoy i
calcul ab®onhe denckef i nhervahfi dence itrmtier val

may indicate thatbetthermddhdaln washco-paguessi n

AUROC may have been unreliable, as calcul ati
threshold over probabilities tihrohme di fferent
probabilities frcoml diifbfeecrtd ryt;,fcooonpestraendp | e, equ

probabshauléegiseasne netdf i & le | ithhoeo du nodeevrelnytfhgs was
unli kely, as the models were not <calibrated,

model may not correspond to?3*he true |ikelih

When combining t he I|porgedsitcitci mmesg rd ersbsomotdhedr se s t

withose fgroamph hreeur al net work models,, the pr
and the cells were classified according to t
further Aestmennioged above, these model s mig
Therefore, while probabilities from the same

compared Jrebhateraglwg pr obatbyipleist ioff ® mfotdéed d i f
same cell may hav®&Hbwe weeu nccaennp @abe eati vel y)

bet ween these comhimey averdge whe same type
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4. 2Ré€8erved test set generation and evaluat.

An additional reserved test set of cells was
reserved during the colSeeccttiioonn doh2 s2h)eF Oias nc «
from the same patient tumour sampl eGelulssed t o

were extracted and processed from these FOVs

dat aset . Model s were evaluated on the reseryv
as for the main dataset, buteWwithbl|l aesmef amand
best model had one trained instance from eac

on the reserved test set without further ret

woul d give five trained i nsitnantcuersn ogfi vteh ef invoed
probadvifotieach cell i nFotrh-ppaetresat vetatestisa
pecell probabilities were averaged (arithmet
give a single probability for eaelhl cell I n t
probabilities for each patient were then ave
probability for each-ppatiieenntt .AURACc ualnadt iboan aonfe

accuracy then proceeded as foAst menmaiomedat a
previously, averaging probabil i tni aasnrferl a mbdief,

as the models may have been calibrated diffe

4. 2Fé@d4ture analysis

We used Uniform Manifold Approxi mation and P
pecl uster a@mapWwhodélkatures for the reserved te
separated ,t hei millasrs 8BtsbOhFean d oma 8tl aucs t pear

feat aheesg|l uster features after the fourth me
Clust,amietehobygereaph features CdagoegrtegpeadNteegd fr om

vi sual iTsheed t r ai ned i nfsrtam cteh eo k4 @ lhiget nforderm
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crowsasl i duhii omt headbest performance ,wans tiheed e s ¢
to generate the weeat wreense.r aRecadt Wbrye st unni ng e a
the model 25 times and taking the average. T
subtracting the mean and dividing by the var
measured over the tgafisn ntghvée nsipdéalt nied agthibooru r s
for each feature vector and -di.Mdenmdina nausm dp sd

descriirbeSlec2t L6n 3.

4. 21 mBunohi stochemistry (1 HC) dataset
Previous studies on t hseh oRMCaCtOLNO glhat BREG erxapire

predicts re€f@mdmRsd rteatanetnit w?fS.h? Hhaawmd vt eurmu neash n
al It heefse patients responded, there i s an opp:¢
successfully identifying patients with high
treat mMeenteproervei,ousl y acquired i mmunohistocher
EREG expression for patients in the PICCOLO
selecttonfocus on the high’?EEFBGHEXps esswasn p
described in detai?ft bwtt men @wiegivin &lw sStsugpy ovi
4 mne sections were cut from FFPE bl ocks of wh
mi croarrays) and placed on Superfrost Plus s
anEREG (SP326; Roche Tissamro ®li amgaloasdi tcishodywb
i maged using a VENTANA IDa g0 Of isccaatni noenr, agte n2e0r O
slide images. Wi thin the tumour areas (as id
i mageal ysis algorithms identifioead tome cell s,
no-humoaimrd cl assified them as positive or neg
percentage of cells within the tumour area t

calculated (%pos). In thigSstwpdyg, was peedt he
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define high EREG expression (%pos >050%) and
50%) for each patient. Several patients did
patients, the average nuambemeasutedabysdSTOR
was compared to the other patients in the da

included or excluded from the high EREG expr

4. 3Resul t s

4. 3 Pécel |l cl assi fkifcoa tdi odna toafts etatdeuts i mayc é | ML

A dataset of EREG |l ocalisations in cells in

colorectal cancer patients ((ERGFRCOLU @ attrmeanlt) ,ar
showed eréebponse (best RECI ST response rate:
clinical progressiescmpoanrsedddbtest RECAIBSY respor
complete response 2Fr?4pTairgd tlad miesrpoarsredy s amp
from fdédinmald paabatiied ( FFEWRE&)setmlineks f or EREG

the regions of greatest staining were imaged
(noesponse: 12tspehise, &2ycells) from 23 pat
by the number lobcalbicaat isGanssodape ( h@ ed ,hteetr i tolre

membr ane r@nbovedFt gdReelThsi st gave the filtere

contained 163 cell s frowmmBRaSf pcaetlilesnwpsesri np anthiiec
unequal, rangi ngonfe ocre lolnse Tpeetrd 2phantbilt8yR t4g (0 r e
43) .
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Table 4.2. Number of cells and patients in the filtered and unfiltered k-fold

datasets. Nu mbe fr
bracketws.

-rNeos p 0 n s er evssp camsye
(mA@gyponse) .

cell s

and

Dat aset Cell svghoeramypon| Pati entivs .(-meagpon
Unfilter ¢ 173 (121 vs. 23 (18 vs.
Filtered 163 (117 wvs. 23 (18 vs.

Tab4dERChar asitndghime i &t awietohwi t hfoiultt By i ng

| ocsal i mpanr a mead red sunptesc e 0l .0 satl ii on

uncertai

uncertainty in x and y).
Min Max. Mean Mi n./Max.|Mean
Class locali sations |locali sations | locali sations [nm] [nm] [nm]
per cell per cell per cell

No'res?ﬁisfz‘f)‘f"tered 2,211 80,753 13,197 01 | 2757 | 257
ey oY | 1933 40,439 8,451 02 | 3045 | 246
No're?rf";”ff;)”tered 508 26,767 3,820 06 | 250 | 9.8
A”y'rezﬁ"’:”jg)f”tered 516 15,304 2,670 0.7 | 249 | 103
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No-response ( Any-response (46)

R % g T
e fl€ 7y cor| VT % iy
Ay, e ey ¥ |25 AL
L || B W Ly | 5., L
o - z
~ g > .
g
5 : :
.

Fi guBe EREGcal i sations for ebktbol detldt amet he
Borders coloured -bGFR etsrpeoantsme nnto: achgédt h (pi nk

progression (yell ow), r)aadnido |poagritciaall prreosgproensssei
Each cel |l iinsd erpeesncdeelneed v t o approximately the
therefore, cell sizes should not be compared
number of cells for that <c¢cl ass.

The cell s frkdmltdh e aftialsted riemd reeersad carssse fda redd

anyesponséeradi hgcdmaslsi ML cati onemodakmsglpnl ogi st
random forest (RF). These models classified
handcrafted features fomMabdle .cdlhlis a-wxmel uldeidr
count feadalrlesgowretr features separatedlilnto
size and shap-el bseaturesunpelfeatenr esi e Pprd s
features. Model $ svssizegamer shape featsyras ach
measured by area under the reladdBPer RFper ator
outperformed |l ogistic regressiowneforcabuhtfea

si zzaen,d shape features, aBabhdedpsulildamyge AUROC (
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accuracy score was | ower than the AUROC for

that the models weét® poorly calibrated

Table 4.4. Per-cell classification of the filtered k-fold dataset using traditional
ML models.Per f or mance metric scores are presente
deviation eeéwmrthdet ¢é®igi sti c regression (Loc

e
model s trained with different Tab4lgresoof th
both models, the best score for each metric
Mod{(Feature set AUROC |Bal anc
accur a
Pecell count features 0.28 N[0.49 N
Pecell count features separg0.19 N|/0. 47 K
Log Pecell size and shape eatur0. 66 N[0.46 N
Pecell giozmenid, shape features|0.59 N|0O. 48 N
Pecluster count features 0.45 N[0.5 N
Pecluster size and shape fegd0.41 N/0O.5 N
Pecell count features 0.28 N[0.43 N
Pecell count features separg0.28 N|0. 46 N
R |Pecell size and shape featur0.77 2Nj0 . 60 8N
Pecell giomaentd, shape features |0. 70 N|0O.59 N
Pecluster count features 0.42 N[0O.5 N
Pecluster size and shape fed0. 47 N|O.B 0.

Model s using the other feature set sTadbilde not
44) . This i-oell udedumpttrfeatures, even after se
me mbr almeb4fg . Combi ning t kkelducdess fanld peirap e
withcelhr count featurecompamueddt 6o hei ARDICA s
featur e(sTad#)ene Aggr egdtuisngerperl assi fications |
classification also hadTpwhich Asczruraxtyemasnido AU
mu Htaiy er peurscienpgt epbehr si ze and shape features (
feature set) was tested but failedettad i mprov

~

resul t s, AUROC: 0.69 N O0.12, bal anced accur a

Il n summaadit modeaell sMw-sehly pere and shape feat
best at classifying-EGEIRI &€ rieyatmesiggonaes tme asmutr
AUROC. This indicated that the size and shap

wi t hreesponse t d htirse atbmedcrdtolsencr eased pl oidy (1

113



of

agg

bec

out

chr omoswhmesh) has been associated with tum
ressive di sease and paonodaenra upsreo grhoes icse | fl osr t
olmar 9°€%50Ort,he obsdéef¥vedences in shheape and si
| datfifegppaltati ons of cell types (e.g. | ymg
Il nophil s, endothelwhicdwlld snotfilbe odil fafsd rse
dSTORM dataasaodi haedbwenhh r é%@mntseet o t
er handcgelulsioogumpterf eatures gave worse <cl a
pite previous analysis of tumour sampl es
ponders had elevated EREG e’»pPhissi may (s
auseis unrel ialbd el utoe meracstugien expressi on
hout carewhi cltc ail chebtreard@i®mi ng t he expected
tein molecul ésFpretrhdroc-al dilisag i mehreat ures wa
ter than randomly guessing, despite incre
ociated with increat3et? dowiAthd tsiedaant si gnal |
estigat i otnhleamig@® asvtiereu dhhteu rcd u(sswepr samuctur e)

arate tihnes tcelaads s e s

Pe-cel | classificakifohdoflathseeti Usengdgrap
net wor ks

cell s frkdmltdh e aftialsteedr emk r-ree scd carssse fared i nt
esponse using -nentewd@lap h-eiCBent@d lust-e€ CRet

rodCbhed3enl hmosdkel s were first tested using
str kbme amksr, 1 2;ceddr normali sation), trainin
same data augmechat®&zmod s¢\vealmoadeilon proced
digits and |l etters dataset. The only ini

put chann2,l st fer obmat7cht o si ze from 128 to 8
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procedure to take the average OIfuthelCReats ( Ma
had higher accur ady usne CRePQCEC thloarh model s pe

p oo (Tlayp454) .
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Table 4.5. Per-cell graph neural network classification of the filtered k-fold
dataset. Per f or mance metric scores are presented
over tdhef s0d utst eiCRentdc Chhodel s er@Model s have
their original archilttedactdlBiK) ees®bfarnggnesCd bop tt hire 3.
operat Bpredecl.ati ve t owitarvauviitamghsekKlior both
model s, the best score for Beatcahi Insetfrarc eaasc hhi
arreoted in brackets QMNMHOFCt uss#ICNE@NMLrGFduced.
CluNe#®& CF BA: Bal anced accuracy.

lteratCbang| Mode Variants test AUROC BA
An/ a CNHCF|[n/ a 0.60 ISI 0.55 ISI
CNLCF[n/ a 0.45 N [0.44 N
B:Pooling oiper |[CNLCFB.um + gl ogbal mean 0.36 N |0.49 N
Point TraoshoomM{CNLCF/B.@um + glbbal max 0.41 N Jo.46 N
and to aggregatfCNLCFB.@®ax + gl obal mean 0.53 N [0.55 N
C:Pedat aset norCNHCFC 0.54 'Sl 0.53 ’Sl
CNLCF[C + B. 3 0.50 N [0.49 N
D:Val i daadgiemrer atf CNHCF|D 0.55 N |[0.48 N
using the alte|[CNLCFD + B.3 0.58 N |[0.56 N
. CNHCF[E 0.52 N Jo.52 N
E-Addi tdaamagmentrog o & 5. 3 0.44 N |0.47 K

CNHCF|F. (1 e atluervee | abtatseendt iaogng

of clusterClfusajeurmNeg i|0.47 N |0.48 N
CNHCF|/F.®odleevel abtatseendt iaogng r . .
cluster fCéatst)edNein 0.50 N J|0.49 N
CNHCFF.Bnclude) dropout 0.56 N J0.49 N
CNHCF|/F.#ncrease size)of hilo0.53 N |0.54 N
. ~ICNLCF/F.1 + B.3 0.51 N |0.48 N
F-Model archi eI cFF. 2 + B.3 0.49 N |0.48 W
CNLCFF.3 + B.3 0.58 N |[0.50 N
CNLCF|F. 4 + B.3 0.48 N J0o.47 N
CNLCF[F. 6 =)3 B.3 0.48 N |[0.47 N
CNL CF[F. (6 =7)+ B. 3 0.35 N J0.45 N
CNLCF|F. (flocrxe: 0)+25B. 3 0.44 N J0.45 N
CNLCFF.(Bocrxzt 0)+75B. 3 0.30 N Jo.42 N
CNHCF[G. (k= P4 0.51 N [0.40 N
CNHCF|G. &= %8 0.65 N |o.57 N
CNHCF[G. k=72 0.66 N |[0.61 N
CNHCF|[G. k=98 0.70 N J0o.64 N
CNHCF[G. &=12)0 0.66 N |[0.58 N
G:Number ofi ol [CNHCFG. k=14) 0.68 N |o.63 N
k-me ans CNLCFG.1 + B.3 0.48 N [0.49 N
CNLCF[G. 2 + B.3 0.48 N [0.54 N
CNLCF|G.3 + B.3 0.59 N Jo.61 N
CNLCF[G. 4 + B.3 0.50 N [0.55 N
CNLCF|G.5 + B.3 0.58 N |o.60 N
CNLCF[G. 6 + B.3 0.57 N |[0.59 N
CNHCFH. @ =nmw®i nPt)s = 5 0.45 N J|0o.49 N
CNHCFH. 1 + C 0.35 N |[0.42 N
CNLCFH.1 + B.3 0.47 N [0.45 N
CNLCFH.1 + C + B.3 0.36 N |[0.40 N
CNHCFH.® =n®®p minPts = 3) [0.70 N [0.63 KN
. CNHCFH.® =n®p minPts = 5) [0.44 N J0.51 KN
H: DBSCAN CNHCFH. @ =n®p minPts = 7) [0.35 N J[0.42 KN
CNHCFH. ® =nm5 mi BPts = 0.65 N |[0.65 N
CNHCF/H. ® =nm5 mi @Pts = 0.41 N J0.52 N
CNHCFH. @ 1=06m, mi BPts = 0.60 N |[0.59 N
CNHCFH. ® 1=06m, minPts = 5)[0.63 N J[0.60 N
CNHCFH. @ 1=06m, mi MPts = 0.48 N [0.52 N
CNHCF|I .(1 =)3 G. 4 0.66 N |0.62 N
I:Numbereaorfesn n CNHCFI .(2 = )% G. 4 0.64 N 0.53 N
CNLCF[I .1 + G.4 + B. 3 0.50 N Jo.53 N
CNLCFI .2 + G.4 + B. 3 0.55 N |[0.56 N
3 SuperCIUSCNHCFJ + G. 4 0.68 N 0.64 N
CNLCF[J + G.4 + B.3 0.55 N Jo.57 N
CNLCFJ + 1.2 + G.3 + F.4 +0.58 N |0.52 N
KBe<tl usteCRetlre g ey 4 | .2 + G.3 + D + Bl0.62 N J|0.65 N
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|l ncremental changes were made to both model s
measured bylfadAUWBXKEChanges that affected both

kept i f they i mpfobetdht heaAUWURBROCthan being in
i mproved model, unless these changes gave th
the models similar to each other, allowing f
t he@rraphs may differ slkmghhbycbestweennguns a

no-deterministic.

| hoc Ne@hap3maxi mum pooling was used in the P
convolution and gl obal maxi mum pooling was u
pecl uster feature, instead of sum and gl obal
be more robuldt Two toaudtl iwhest her this improved

architectur @dawdas . .Xlri BWwd efdunt her amendments w
sum pooling in the PointTransformer convol ut
aggregate |l ocal-tbastensabadBa)2aampdermax pool in
the PointTransformer convolution and gl obal
i nt o-cal upsetrer TakbaSBU)B.e Keeping maxi mum pooling
PointTransformer convolghtolbal bmeéearchpogl ngg ba
hi ghest fAOROLte€ CRatd was i ncorporated into fu

(Tabdss.)3.

Further modifications to normalisation, val:i
architecture were unsutkateassdtul (.a sNoampgad § esd ntgo
all owing the model to account for the size o
(Tab45%) Generating the validation a@aed wusing th

t her evffaolriedat i ng t he model performance on pat
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only I mpr ovetl olhues t ALURIEG b4 5D) . l ncluding addi't
random augmentation during training (scaling
flips), to reduce the chances of overfitting
AURO@Q ab45%) None of the f ol | oowoidneg cahracnhgi etse cttou rt
i mproved the AUROC either (€koaep®cCNRet includ
i ncl udi nlge felat abtrateseendt iaogngr egati on Gfustlt esNetr, f
under the hypothesis that some of the cluste
ot helrash4bF.)L;, i ncl uldea vmgl nabtétseendt iaogngr egat i on of
featu€Ckest amMetr, t he hypothesis that some of
relevant tThaabdd o dZhersc(uding ddnepout (dropout
dr openditrositi onatd En@Pedustr nOt. 2) t o reduce the chan
to the traiTmbd9s Batiasetedsing the size of th
case the model was not | arge enoughTabl eaptu
45F )4 settimgTabds¥ .)5 or = Tabads¥ .)6 to reduce o
increase respectively the size of the neighb
LocNeotnsi der ed; Loated OsTRASI4iIBHA 97 rodcngt 0 .T7a I (e

45F .)8 t o reduce or increase respebbhbuebBbey the

sampled from each cluster.

|l ncreasing the number of cl uls(kk-eeasnauused to co
clustering), iIimproved the AURKQ®. tTro adet eerantihn
in the dataset was clUushir edi n®it sg=DBSCANmME
|l ogi stic regressdloas i friamatoimo f)o.r ehti s gave a
per cell, a maximum of 544, mamiami olh m&ti.c me

Ther ekor2d4abd56.)lk= 4Tahb4d5.)2k= 7T2a b(455.)3k=
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96Tdbd45.)dk= 1T@ab45.)5 akned 144 b45.)6 were, trialle
extending to and just beyond the mlemman9@Gnd me
giving the highest overal k= AWROWas Fosed ufrarmhe
model s, to allow for direct kcomRamnmgiivyomgbetwe

hi ghest fAOROLt € CRet

Clustering algorithms that account for the v

may | mpr kwmeaagecl ustering, which sets a fixe
clusters per cell. Therefore, DBSCAN was tri
on the density of the |l ocalisations could in

the same parametrads tacs rafsdsri Michcemtn @am d( mi nPt s
5) did not i mpfTabé:xt. Mehi BURME | uded -dat asét ng
nor mal i sation to mdatheh |tolye sitngutr egsed shyn ar
model A wider range of parameters for DBSCAN

performi n€l net WMiCRE=st :H0n, mi nPts U= Hion,4H. 2) ,

minPts = U5 @&oH. 3ni,nPts U= *hon, 4HisPts U= 3 (4H.
75 nm, minPtly= =108, (MinePts U= 304 HmMi7TnPts = 5
(4H.U8) 19®, mi nPts DBSTAN4A M w&)imOand mi nPts = 3

achieved the skmeamdBPCti s l numberE &®B bcultust e

with greater dearriehrmkca nacredl ,.macdurheyefore was

chosen for future iterations. Further more, s
| arge changes to the results, which made it
For exanpl énhon,f occhanging from minPts = 3 to m

AUROC of 0.26. Therefore, using a fixed maxi
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(k-means) made it easier to |l earn across cell s

number of clusters per cell and was more rob

Addi tional iterations were unQ@lbdregitmg itmpe ov e
number of nearest nei ghhhnwercd ecdadtho , Eh huis¢ er wa
45 )l anWalwds )2t o reducer eosrp e gichreceadsyeze of t he
nei ghbourhood arou@bustebNet dieitde dn,otthatmpr ove
AURO@xcept fer 7ClastecCRentcl uding skpedd!l uste
supelrust ek=s la2ndsuperusters) to tthetdbabgetrer
scale structures in the ¢ellustoenCReabmer oved
45J) For t hpee rbfesrt mi nfga bhé€dl.g4d, ( ncreasing the num
epochs to 250 and wusing the alternative meth
i mprove the eSWUIR@QG& not shown). Simultaneous]|
changes (except for CdrucspeudBettfhartma mpea ograewe
hi ghest ACROLCt-€&€BReutt not the (TeaphXKstHenolwer al |

= 42 r atkke sdtpledu swermres used as one cel |l had o

Il n summau gt-eICRetkh 96 clkmmetmaeassc( ustering) was
grapéur al net work at cl assi-EGFRgtceal mebty, re
measured by AUROC. The graph neur al net wor k
traditimomdaell sM | ower AUROC but higher bal ance
theorabilkiaty of deep |l earning models to capt
data. ,Fuasaenmer the Digits a@GQlaptten e3 s dat aset
Clust-elCRehti ch had hasmtdecrr affeaaetdurcdsuy, outperforr
ClusteCRNewhiacdh | earnt cluster features. This

no more to |l earn beyond the LbamMibde aiftt edt dreat
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was -epbi mal . Changes to the model architectu
t esthbaud most did not | mphiovei pelrtide daalcleowi ng
account for the size of each dealald,i tdomtarla dvilLc
model s, which perfoemédsbest andi sbaper featur
the number of clustersoifChpursd widd etstheo wpg enrgf d rhmea
i mportance of the graph rdéepuredcdeaptahteeon for c
di fferences i n c| ursotdeerlisn gahbdaeit xheeddnn cmbé s of ¢
per (kmddnosut per ftdiemenddel s whi amhedgetdeneades
(DBSCAM)is may i hHbecat wedohvarbstihdeers topha@ach

used DBSCRAd\r exampl e, using a fixed fmumber o
ever ymacgedtdpti mallyiaggr mgttremr edil fsf earnebnhtr sn

of cl.usters

4. 3P8cell classificatikdml|adf dtaheaswenfiltered

To determine the effect of the filtering app
generated again without filtering of | ocalis
| ocal i.s althiiossnsgave-rksdpoanslels 1kcpehlse, &Ry cel
from the same 23 patients,rdemomoee <&, |l s th
anygesponse: +6). The training, validation an
same method but were different due to the in

The cells were cl adggiafdii & dcd uassilsni ¢gfilitchaet ilscagriend d € |
regression and Madeom -cueslilagstipzecer and shape fe
achieved the HRiTahdéxE: udAUROLC nwpom mpheovmodel s

used filter dd). Mbated s( Tuslelhdy peunt features (tc

separated into interior and membrane) i mprov
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equi valent results on the filtered dat a, but

guessi ngg6 .Tabl e

Table 4.6. Per-cell classification of the unfiltered k-fold dataset using

traditional ML models.Per f or mance metri c scores are pre
standard devi atsiedmrowveéeire tlloggitseadtc regression
forest (RF) models trained with dif(feaklna f e
41) . Arrows indicate an increase (y), decrea:
compar edcelol peelrassi ficati onsiomg tthrea diitlitcemrald N
(Tab44 Foboth models, the best score for each

Mod{(Feature set AUROC Bal ance
accurac
Pecell count features 0.24 N [0.5 N O
Pecell count features separ|0.56 N
me mbr ane 0.46 N
Log|Pecell size and shape featul0.64 N [0.51 N
Pecell| <iomemd, shape features/0.47 N [0.48 N
Pecl uster count features 0.49 N |0.5 N ©
Pecl uster size and shape fel0.48 N |0.5 N 0
Pecell count features 0.34 N |0.48 N
Pecell count features separ
membr ane 0.41 N |0.44 N
RF Pecell size and shape featul0.61 N |0.54 N
Pecel | giozmemid, shape features/0.59 N [0.63 N
Pecl uster count features 0.46 N |0.5 N ©
Pecl uster size and shape fel0.51 N |[0.5 N 0

The DbQlsust-eliCRentd Cfhodel s from the results wusin
ClustelCNeT abG.e€)| ust-e CNeatbh4d, J+I1.2+G. 3+D+B. 3
wer et mei ned and evaluated on4T)he Tuhn fsi Istldrgehd |
i mproved thelAUVR®CMadr nOCltudto&E CReFurther
chang&€s uso-e€eCReincluding the ten photophysica
| ocalisation so that the model could | earn h
therefore the quality of the |Iloacalliisattiioom,s r
based odtefuisreed thresholds on these features,;
mu Htaiy er perlcoecpNertd h -Ineowdeel Hpautaitdi goZa(t hout t he
summaitSeocnt i on, 4urRd®r the hypothesis that s ome

more I mportant than others, improved the AUR
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ang@lusteCReotdevlith similar pErtsr-e@RwEetto t he
(Tadl)e An addpéeromaht that changeddcaNlelt t he

an@l usteoNmean did not i(mpersowlet st hneo tA UsRnCoCwn ) .

Table 4.7. Per-cell graph neural network classification of the unfiltered k-fold

dataset. Per f or mance metric scores are presented
over tsefdestiCd usa tCRentd Chodel s from the fil
data, with some f urClhuesrt-ecReerFpas bma che moa el s,

score for each metric is highlighted in bold
Mo d el Changes AUROC ([Bal anc
accur a
Clust#lCR|None 0.72 N[0.63 N
None 0.58 N[0.53 N
Clust€CR|/Photophysical featur|0.65 N0O.52 N
Photophysical fewmelbr|0.70 N0O.61 N

Il n summary, removing the filtering steps dur

hi ghest AUROQhdwerwalsl stil |l gi ven-cbeyl It hsei zrea n (

and shape features @WROW®e 717i INt Bradd@ ndta&tda aetc ur
0.60 N UalBTh ead4r.adi t imordall sMiwer e rpato biamhpryoved,
becaubtrrandcrafted features | wevpeahiowptakbatli an
On t he otthlee ARG ovteldle flmest graph neur al ne
Clust-elCRetwhi cshurwas ssiintg used handcrafted feat

clusCkusteCRatd a higher AUROC on the wunfilte

data, after including the photophydievall feat
gating. This all owed the model to account fo
focus on particular | ocalisations in each <ce
|l ocali sations may be more important
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4. 3 Pécel |l cl assi fkifcoa tdi odna toafs etthre pati ents wi t|
expression antdradmbiamabg™Maph neur al net w
model s

Previous studies on t hseh oRPMMiCaCtOLNO glha t BREG erxapire
predicts re€lGdFEmRse rteatanetnit w?5 . h? Gsainn ¢ upmmruemaibo u
acquired i mmunohistochemistry (I HC) data of
PI CCOLO trial, the EREG expression fo’® each
This showedesmpmpansanyati ents had significant/
t hanremmoponse patients in our dataset, despit
ori gdiantaalBeg 44 n the original study, patients
cells within the tumour area for a section t
EREG expression) were predicted to respond t
these patients raensp@mbaed,untiher & oi 9 mprove thi

identpdtyiiemmgt s with high EREG expression that

80

60 -

40 A

20 1

Percentage of tumour cells in a patient’s
section positively stained for EREG (% pos)

8

No-response Any-response

o
1

Figude Comparing EREG expr es skif orl df arat pasteit e rbty
response toMemsatmements are from previously
i mmunohi st dahami Merayn %p ess:p odls.ed - e/sBp.o8n s(ea)n,y
t( )6-2. pO 0. 05 a(thtweabtt wi t h unequal variances).
normally dist-Wi bukuteds¢(phapiro
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Using the EREG expression measured from | HC,

expression (below 50%) were excluded to focu

]

espond. For our dataset, patients with | ow
expressi on ghlawm) Nnlherescoi ¢l wbel gredi cted as

no-nespormderid€i AREG expr ess.i olnwoi npsatteiaednt s wi t

-+

rom | HC were included in the high EREG expr

average number of EREGIdmdnhd4d gbast oEREGer cel

ocalisationkf pled pa@tilewtfs)tYhel7 (filtered da

dataset) cel-tespoomeiveari eatTdabd@®dhe best

—+

radi tiammalgrMlph neur al nreet twoaikkmdendbb\d &Il sa wed eon
filtered and unfiltered datasets kidlhdt hese
splits using the same methods. This did not

dat a(feabhb4%®e Filtered (only high EREG expressio
this I mprovefdon hteroaAdd ROEBnrdalgrMlph neur al net wo
giving the highest AUROC for a deaad® neur al

Unfiltered (only high EREG expression)).

Table 4.8. Number of cells and patients in the filtered and unfiltered k-fold

datasets, including or excluding patients with low EREG expression. Number of

nNee esponser eesspaamsye cell s and pat-ivsnts given i
anyesponse) .

Dat aset Cell svgnoramgponse|/lPati en+dvss.

anyespons
Filtered 163 (117 wvs. 46) |23 (18 vs
Unfiltered 173 (121 wvs. 52) 123 (18 vs
Filtered (only highj146 (100 wvs. 46) (19 (14 vs
Unfiltered (only hifjl1l55 (103 wvs. 52) |19 (14 vs
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Table 4.9. Best per-cell classification of the k-fold dataset.Per f or mance metr
scores are presented as the measnef®rsttamedar d
filtered and unfiltered dataset, including o
EREG expri®Rasidom. Forceditl mempershapePlf eqitutries .

regress-coedil zgper shape ‘Cleagtuéi@Be=t 96. The best

score for each metr.ic is highlighted in bold
Dat aset Mo d el AUROC |Bal anc
accur a
Traditi®onal [0. 77 2N/0. &NO ®.
Filtered |Graph neuralo.70 N/0.64 N
Combi néd 0.7N 0.]0.4&N 103
TraditiPonal [0.64 N|0.51 K
Unfiltere¢Graph neur@alo.72 N[0o.63 N
Combi héd 0.72 N|0.61 N
Filtered Traditi®nal [0.73 4N|0O.7/ G .
EREG expr Graph neural0. 67 NO. 57 N
Combi ntéd 0. 66 4N|0.16N @®@.
UnfilterelTraditibonal 0.71 Nfo.58 N
EREG expr Graph neural0. 76 NO. 63 N
Combi héd 0.78 N|0.64 N

Combining the predpetfotrmidigadmntdd gg Mgt

neudnalkt work classificati or rmddedlng, wintph owte df U

AUROICn some cases. For both filtered and unf
from patients with | ow EREG expression, comb
over the individual model s, as meacwrmraady by e
(Tadde. For the datasets that excluded cell s
expression, combining the predicftarontshe mpr ov
filtered dataset and i mproved both the AUROC
unfiltered dataset, olvaebdPt.he i ndividual mo d e
Il n summary, restricting classification to th
i mproved the petradimdaaodl gMapheneur al net wor
the unfiltleonedndatheetthe filtered dataset.
traditiammdalgrMIlph neur al net wor k model predict
oveyawhich was on the unfiltered dataset for
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This showed that these models can | whkirah comp
can be combveeHetber predictions. These resu
i mprove over previous methods that would inc

exprieognat i ents %4%°0’°c espond

4. 3PBpatient classikfotdtidahasesktt he
Ne xtthreesponse to treatame ntth ewapsa tpireendte clkeevde | . T

predictions-pferdrmmrtmhengbextdi vi dual and combi ne
dat aset were agpanetgenedpredocpeons without f
descridedt ican.Th.e2 hi@ohienstt s AUR®OICe and bal ance
accuracy were given by the graph neur al net w
unfiltered cell data from pati éhBumwihéeédr hi gh
the commbdetd on the ,wnfhloerwdtdatta high EREC(
pati wasst he onhwamedeér than random ghessing
95% confidehoe i hedhWBOC ef | ecdleld dlhas piefri cat
resul t she wloenwtbe nted model on théighf ERE&r ed d:

expr esastiiogratpe hi gdest AUROC and baabtered. accu

similar alreeeéenewess feprecteh | cl assnfli tabnah ML
mod el perWwas eamanedas uUhel tdeanteadets compared to
filtered Wwhit hsetgraph neurwasnet w@e&dapll forn

t he -ppaetri ent results were appelolximagwlltys elqwtal v
variance. | nt hpepat icarste si, mpr owed |0 weers utl tes, p ewh
could indicate that <cells from each patient
may be more hefrefmativei mply averaging the ¢

cells may not have been t he -cooltli nparl e dviagyt it on sa
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Table 4.10. Per-patient classification of the k-fold dataset. Per f or mance metr

scores for the patients from the filtered an
excluding cells from patients with | ow EREG
pecell cl a3abdBeEéRdndom(Forxedtl mempershape
featibegi stic r eqgadelszmai,dnshpree Clelad tutl EBke t

9965.% conf i de mcoe isrhtoembouw eAcskteetrsi skl owedrcat es
bouond@ confi deingree atnaQerffedinghest pofnt eathmat
metrbBtcghlighted in bol d.

Dat aset Model AUROC Bal anced a
Traditi®nal |0.270.-47910. 540 .-8877]
Filtered Graph neural0. 60.-86910. 6D .-8889]
Combi n*éd 069 0.-94191!0. 6D .-84595]
TraditiPonal |[0. 5®.-P98(0.0%50.-8050]
Unfiltered|Graph neur@al0. T®.-8791!10. 63 .-8488]
Combihéd 0.749.-923%:0. 6® .-8890]
Filtered (Traditiaonal 0.410.-809]0.35 0.-8775]
EREG expreGraph nNeural/0. 3P .-D19{0. 58 .-84 77]
Combi n'éd 0. 7T®.-8994{0. 6D .-81 88]
UnfilteredTraditibonal 0.60.-919(0.43%.-8350]
EREG expreGraph neural/0. 7T0.-9809{0. 69 .-943 93]
Combihéd 0.70.-979(0. 69 .-43 93]

Tekse results were pompameead oawgshehdast a

i mmunohi stochenm spgasyi ttiove rreedspcaabkke pantephstm
the Pl CCOL® ht rhiigglh ERB&.@xipm g stsliiom approach f
datasets ingavhe bathapedraccuracy of 0.61 for
included | ow and high EREGeasprkBescombpaédem
gavae hi gpbhiemnt eostthbead taen c e d factrb er adeayhea @ &6
unfilterdabd®) asAlt er nai ntgheel yc,o mmbeisintesdi cmo d el
patients with high &prp@texmrne il @mpoegataccur e
esti mdt €904l Pbha@st andarcdracy of0. @bk saf 6. 53
hgharmhame bal anced a@awrdacy igigvendn byt hese pat
responddex s(by dpfli hhei ookt asymanmcdlirmg.y: 0. 26
Howeveearc,ch of our Ineordged sc ohnafdi dtabmatc e cr ossedald. 5
bal amacediracy, suggesntoi roge ttttheary diohemyng b®&a bl ag

410These results also came f rTomeraefsamadhernumb
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work i s needehdahteoseemrsewssrud t s are repeatabl e at

dat aset s

Il n summaryxeltthergaeln cti ons were aggregated tc
patient, the more clinically relevant task.
pecel |l classifbhbegpttr bammdeyghanbdedat ecesedtl on t h
classificati amngaredsssieloiepgt i ket c |Fausrstithfleiec,at i on
results suggested that owWapr apypooasactapaptooadhi
cl aiseplaft i ent s i n theu®il CERIEEIDe cdatpa esSlowener ,

our rkadlltarge conf i deeenrtee ammstmand v alnsy mbred of

4. 3P6cell apdtipemt classification of the res

The models were evaluated on the reserved te

unseen cells, mostly from the same patients,
were nokf alnd tcheet aset. This dataskftolwds col |l e
dataset wusing identical met hods, with the on

at the centre of each core rather than at th
reserved test set, four different danaocts)et s w
for ladc¢ @lniss per cell and excluding (or incluc

EREG exprleasbsAild i5i mi | akf obdt detnausmebtefr thél s per

pat iwamtnequal , ranging from one to seventeen
with no data from I HC was included in the hi
a high average number of EREG | ocalisations
|l ocalisations $)er cell for the RT
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Table 4.11. Number of cells and patients in the filtered and unfiltered reserved

test set datasets, including or excluding patients with low EREG expression.

Number -roefs ppopon s er eessspamsye cel |l s and pat-ivesnts gi
anyesponse) . Number of pakfi@ind sdatod siedn ( lhres &
al so given.

Dat aset Cell svgn|Pati entvss.|Unsee
anyesponlanyesponsipati e

Filtered 54 (39 wv|15 (10 vs|5

Unfiltered 66 (48 v|17 (12 vs|5

Filtered (only high42 (30 v|10 (7 vs.|1

Unfiltered (only hi50 (37 wv|11 (8 vs.|1

The best performing individual ankf elodnbi ned

training was evaluated on the equivalent dat
further Tab4l®)i.nihlge (hi ghest AUROC and bal anc
pecell <classification was achieved by the <co
data from pati endxprwd §fshibadhd@ghh IEREGef | ected it
perforaangel| amnadt ipeentrt cl| as «if bl datTaminedsgi 1G9

49andl1 () The hipgohienstt i maA ROC and bal anced accur

pepatient clwaesadHHiiecwdd olayditthneprdae!ll MIn t he s ame
dataset (unfiltered, only high EREG atxpressi
pecell classification compared to the. graph

Thiwas the only appaptrioeancth cfloars spiefri cati on t hat

guessing, according to ftbe ©OBh& AUROCdence in

Tr enadlsserved i n t hkd orl s Wlatt a sfedr wtelree r ei nvest
reserved test set. Combining the models only
accuracy i n. slomegemesreasl , the AUROC and bal an
for the unfiltered datFausretthse rt,h arne mohvei nfgi Iptaetrie

EREG expression improved the fAUJROICha&annunfbiall tae
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dat aset andlatthaes efti Ittoe rad dl iess smmay elxd eint .part be

were fewer unseen patientsdatnadieéatbd )i gh EREG

Table 4.12. Per-cell and per-patient classification of the reserved test set.
Performance metric scores for the patients f
including or excluding cells from patients w
model skffalodn t r adenlilngr.esPwelrt s are presented as
deviation over the differentkftolad ntedaii mist@n-c
Arrows indicate an increase (9y), decrease (Z
compar edcelol papnadt ipeenrt c| askfi dli ¢ adhdonld@®s ¢ he
andlQFor -ppaetri ent9 %5 ®%swdnfsi,dennoae isrhtoemnv alns br ac
Asterisk indicat lkoon foiwdeern cbeo uinndt eorfv.&lori 9 od e a

pecel | apnadt ipeenrt c| athh @fhdecsairt @ ofnor each metric
in bol d.
| Per cell Per patient
Training dModel AMUROC Bal anceAUROC Bal anced a
accurac
Traditionaf0.1X 0. 00.0N @&(¢o4600-0. 8620. 5@.-29 7(57
Filtered Graph neur{0.63 N [0.54 N 0.3®.-067520. 4% .-83 507
Combined 06N o(do.2N @(d . 3®.-07 6(920. 4@ .-P7 507
Traditionalp.52 N [0.53 N 0.43®.-037(920. 5® .-90 5(0i]
UnfilteredGraph neur{0.69 N p0.64 N O.4D.-077420. 5D .-81 7(77
Combined 0.67 N [0.65 N [0.48.-0777Z0. 39 .-04 587
Filtered (Traditiona0.62 N lo.55 N J0o.5D.-1600Z0. 4% .-B5 5007
EREG expreGraph neur {0.58 N 0. 58 N 0.48).-009(5;0.4@.-066(9;]
Combined 0.62 N [0.57 N D.5D.-019270. 48®.-D1 7(97
Unfilteredr@ditional.74 N jo.63 NJjp.82.-84060§0. 71D .-39 0(0f]
EREG expreGraph neur {0.79 N 0. 69 N 0.63).-229(4;0.58).-908(8;]
Combined 0.81 RN9p.74 NSG. 1%H.-2500Z0. 38 .-D0 887

The -pa&tri ent clressilftiscateiren campaeedoagamatsihod
prediadtledati ents with high EREG expression i
to tre’@theinmg this approach forgahe aataset s
bal anced accuracy of 0.45 for the filtered d
when inkcobwdamg hi gh EREG .éxprempiaecn $paythiessnt s
poi nt eosttalmeancee d uwascicruga popwrooaticihe s amewdat aset
O.5unf(il ter @gd agppdt ameaitr @b bhe@tMotiekrnhbokehy,

onl yadt ents with hightphb&B& eostpa lemtdce®d accur a
fortrhadit i imomdalh eMlbunf il tewas 7Mlratbdddand t he
standar d waacfc.u8r2a ¢[y0...0b]® sarkei gher than the bal an

accuracy given by predicting0.g9bly tdredasnedi g atoing
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the correspondi ng s tHwonwdeavredr ,a cecaucrha coyf: o0u.r2 7mo d .
| arge confidence interval that crossed 0.5 f

may be no better than rZanddmegeesssogteéTabbke

a smal l number of patients. Therefore, furth
results are repeatable and applicable to oth
Il n summary, the models were evaluated withou
unseen cells from a mixture of unseen and se
For cpeelrl cl assificatiokfoltdheddbteazsetmoded mbiome
unfiltered, only high EREG expression) gave
accuracy for t hedorwesverry, e d htee ggtr agpeht (faeudr al n et

t he combi ned moYwas bpyo geregtieetnase mtn cl assi fi cati
reserved test set, suggesting that it failed
generalised across | alsfltoeafidadrhenpadcltases isf i cat i
begpter f ommderg wtarsa dihteimordall Mldthiengndrn | tered c
from patients with hhigh E£EREGEexedteipmawinl ML

feat,ursewlssh zas an,dnagpheaspte di scri mi nnanmne -Betyween 1
responders ftfFartheat maemtt riesuddmi ttedly small
suggested that tihingr @apep roeawiho wo wdhghptr ocalcahs s i f i
patients in the PICCOLO datasdheusdi-ghletshe pER
and -patripontnt esfAURDCesmand balanced accuracy f
test set were greater Kkfhalnd tdheaet dbxeett, rvehlsiudh sm
that the models could geneetalie pmetti @ ntewedat a

had | arge confidence i nt erlviamist, e da nldy atnhye csomea
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number of unseen patients in the reserved te

EREG expression dataset)

4. 3Handcrafted feature analysis

The most i mportant htamadirtaitd malsi Mla claftelednf of

dataset were determined by measuring their i
was done using Gini i mpurity and SHaphey Add
t he -pest or me¢ etigln gpceirt icd malsi ML cati on model & da
combi n@abd® Fi |Jttreardeidt )°dh 3P nML i mpur ity ident.
| en@telr,i meneérpl anarity as the three most | mpo
i mportant). SHAP analysis also gave | ength a
features, associating Ilroevepofissddles dowbdbwoe h, w
it identified |inearity instead ofFimpluarearity
45 Thi s indicateesd otnkdaetr saesypd nmem s may be di ff
by the size of their ceé$s 0.y tkagt hshape

planarity).
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High
Cell length -a R gy o uere ol tlpir s o
Cell perimeter s T . TY iy
Cell linearity R |¢ . =
Cell planarit ®
p y oo uu.n..l..#‘aa... Q<_)
Cell radius of c
0]
gyration squared - "*‘P“ e
Cell area e lffpe 0o
! - - - - - ; Low
-03 -02 -0.1 0.0 0.1 0.2 0.3

SHAP value (impact on model output)

Fi gubhe SHAP anal-gefi badift p@elnas s iMLi c akfioolnd of t |
dat asfebturesdared from most (top) to | east (
the mean absolute SHAP value. Positive SHAP
mor e | i kelryestpoonbsee,anaynd negati ve values indi.
| i kel y -rteos pboen sneo. SHAP val wes sarse nfgr ahet he t e
begpter f ot madgt icdmaslsi ML cati on model-ceglrlansdioznme f
and shape features).

|l nvestigating the effect on the predicted cl
achieve perfect accuracy. Further, SHAP anal
assuming that the input features are indepen
explanations dependi?h®g.’Phrertefe rienp uth emald eslt r i |
feature was compared bettwadrmh )t Heo k€ lodhes g9 | (ten
dataséelthi s corroborated thesPlHAR eampalty ing swiht
significantly | ower median valuel eointdhe t wo
peri meitgudb6dgd) For the remalhisagzeeand shape fe

area and radius of gyration wers@ oaliegwseggni f

46ed), but Ilinearity and planaFigygbedere not s
None of-ctehd mgeomnt features, including those
me mbr almeb4(Q) , were signilddtcvaend-n gsglofderamd
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anygespons éwWl{iMamig@y O, Opl ot s not shown). This
thatrasponder g easpdbnen s may be differentiate

cells, but not by their shape

These handcrafted features couvdmdthen be con
no-nesponders in the reserved test 6ektlt E&Epnedt
including |l ow EREG expressing patients), the
gyramaindnarea were alesospbdtodersfoompapeddieo sno
but not si gniwhi ¢ @ptyl W, OMhonhs not shown). Ho w
hi ghest AUROC and bal pmatcecdnacclrnacy fiecratpem
test set wagra@idv ¢ nmobyellt Mddn t he unfiltered ce
patients with high ERBG6¢xpFesstlhe sradBditdarns ede
|l ength, perimeter, radius of gyfrati on and ar
anygyesponders comepapeddeosdshalfaingdu rteher e was no

significantn diifnfeearrencye odr7f efp)l anarity (Figure

I n summa-hg¢c poat ytsriasdiotficdrheelsi ML cati on model s
thatrasyponder s eapdndems can be differentiate
cell s. Further, compariH«@gliheéedikdtorisib idtait taisee t
showed that <celsponfdeom amy e significantly sn
radius of gyration andrasganddera,n b dtoswi tthr om
di fference in shape (1 id46ear iTthye seen d rpelnadnsa rwetry
sen in the reservedhnbiyadti ssaetc,adli ye swegmend vicmaq t
patients with | ow TEhREGe ewapsr ensos idoinef €ér enpcaetin
features, reflecting the poor performance of

despite previous analysis of tumour sampl es
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responders had elevated EREG e’XpPrissi may (laes
becauseis unrel ialbd el dtoe meracstugien expr essi on

without <car elfll calibration

Figuee€ompari acgelplersi ze and shapet fwetalt ures by
response fork-ftcled fd &ttadréta.r el shoswn, and the
the distributions adt4aitedyMamwoeursk ntge aat t wwi t
p-valiuredi cnad esdofisel Dahyesponsed 6. TheNi $Stkapgiersa of th
hypot hesis that data drawn from a nor mal di s
di stri bQQ.i,n)s, (gp arres @famsre amel | |pienrei amedtteyr,, ar
pl anarity.
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