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Abstract

Introduction

Apoptosis is the programmed cell death, a highly regulated process ponsi bl e
cell ul ar t ui 8 e Usebkerationsandl associated evérdase involved in
various form of diseasencluding cancer. ldentifying apoptotic cells in pathological
tissues provides valuable insights into the disease progression and helps evaluating the
efficacy of putative therapies.

Various apoptosis detection modalities are cureatilable,and they largely rely on
empirical assessments from biologists. The process is laborious, time consuming and
subjected to human error. To overcome this gap, we priywosaitomatic computerized
systems to detect and quantify apoptotic cells in microscopic images to optimize time of
the analysis, improve accuracy and abate the incidence of human errors.

Materials and Methods

The two proposed methods are based on deep learning algorifhi#sdnd applied to
confocal microscopic images of human metastatic melanomg3jeBoth of themare
inserted in a work pipeline involving minimal dataqm@cessing and pegirocessing to

extract parameters of interest.

The first method, based on object detection, consists in a V@K&ELGonvolutional
neural networKCNN) trained as a binary clsidier to identify apoptotic nuclei in small
windows. Apoptotic and intact nuclei were manually cropped from the original images.
The class imbalance issue was addressed by the construction of a ddkaset by
means of a dynamic undsampling alongte learning process (i.e. the network is trained
with data that change over training iterations for the majority class) and a customized loss
function in order to minimize false negative predictions.

Once the classifier was trained, it was systematieglpfied over test images in a sliding
window fashion: the input image images were scanned with specific pixels resolution and
for each position the CNN was applied. If the model identified an apoptotic event, the
window was marked with a bounding box. Bse of overlapping boxes, the nucleus was

identified with their centroid.
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The second method performs semantic segmentation over the entire image, distinguishing
between intact nuclei, apoptotic fragments, and the remaining background. For this case,
UNet achitecture was chosen and adapted for the specific purpose, together with a

customized loss function to target the class imbalance issue.

Results and Discussion

To evaluate the results of tHest proposed detection framework, various standard
performance parameters were used, resulting in satisfactory values for accuracy, precision

and recall in validation samples, all above 0B& 0 i nput 6s si zes wer e
both cases, stride was settofwalf ze of the window orA to a ¢
proper fit of these two parameters resulted essential for achieving satisfying results. The
input size was proved to affect localization performances and a proper discrimination of
events appearing really close each other as separated entitiesideheadtie instead was
fundamental for a complete and accurate detection of all the apoptotic fragments.

The main disadvantage of the sliding window detection is the computational cost.
Reducing the stride allows for a more accurate localization, bué aatine time brings

the disadvantage of increasing the computational biyne factor of 4Choosing instead

a larger stride, the number of windows to be predicted decreases, but the coarser
granularity impacts both on detection and localization performdines, a proper trade

off should be set between these two factors.

It resulted not possible to compare obtained results with a gitoutigl since provided
annotations resulted only partially accurate, caused by the lack of sensitivity of the
previous software used for the same analysis. Biologists considatisfhctorythe

obtained results after inspection.

Semantic segmentation performances were evaluated in terms of Intersection over Union,
a common metric used tstimatethe overlap between predictions and grotnuth

masks, calculated separately for each clddse ahieved value for intact nuclei
segmentation in validation samples, eqtml0.8%99 was retained satisfactory; for
apoptotic nuclei instead, the achieved value ofl@5did not suggest as good
performances at first glance. This was not confirme@sh phase, resulting in a correct

detection of all apoptotic events reported in the available annotations and a number of



apparent false positive detections, consistent with the partial accuracy of annotations, then
corrected as true apoptotic events aftar ol ogi st s6 i nspection. Thu
considerable accomplishment of the task, achieved with limited data employment and

thanks to the extensive use of data augmentalioecomputationatime requiredor a

single imagevasof the order of sconds, guarantying a significant time saving.

Comparing the two methods, the extra predictions in respect to the available annotations
resulted consisteltetween the twaconfirming the capability of detecting real apoptotic
events in those positionshefirst method resulted more sensible, with always a greater
number of detectiond’he second methodasinsteadthe advantage of more precisely
localizing apoptotic evestandbeing computationally more efficient

Conclusions

We presentbatswa GNMNuti ons for i ndi viduati or
i magdése. proposed approaches can speed up bio
Il ncidence.

I n future deivied gpaneyrdasgewtdthhde f i r svi | meblekod

i mpr dwed what accuracypredicson time éradeff. Considering the

appreciable prediction capabilities, a reduction of computational time will be targeted.

For the second method instead, an improvemetitedéarning process will be targeted,

by properly redesigning loss and metric definitions, along anihcrea® inthe quantity

of input data and quality of corresponding labels.

The two framewor ks wil|l be also applied to

popul ati ons.



Sommario

Introduzione

Léapoptosi ~ |l a morte cellulare programmat a
del turnover cellulare nei tessuti viverita suaalteraziom e gli eventi ad essa associati

sono coinvoltiilv ar i e pat ol ogi e, tr a icdliuleapoptotichancr o.

in tessuti patologici fornisce preziose informazioni spltagressione della malattia e

aiuta a valutare | 06efficacia di terapie put
Varie modalita di detezioneepr | 6 apopt osi sono attual mente
gran @arte su analisi empiriche da parte dei biologi. Il processo risulta laborioso,
dispendioso in termini di tempo e soggetto a errori unfaei. superare questi limiti,

proponiamo sistemi automatici computerizzati péevare e quantificare cellule
apoptotiche i n i mmagini mi croscopiche, con

mi gliorare | daccuratezza, e abbattere |1 06inc

Materiali e Metodi

I due metodi proposti s@ basati su tecniche di Deep Learnidg [2] applicae a
immagini di microscopio confocale di cellule umane derivanti da melanoma metastatico
[3].

Entrambi sono inseriti in una pipeline di lavoro che richiede napireelaboraziondelle

immaginiepostpr ocessamento dell 6output per | 6estr

Il primo metodo, basatous rilevamento di oggetti, consiste in una rete neurale
convoluzionale (CNN)simile a VGG16, addestrata come classificatore binario per
identificare nutei apoptotici in piccole finestréNuclei intatti e apoptotici sono stati
manualmente ritagliati dallenmagini originali.

Il problema dello shilanciamente@lie due classi é stato indirizzato con la costruzione di

un dataset bilanciato tramite un sotmpionamento dinamico della classe dominante
durante il processo di addestramento (i.e. la rete neudlerataconimmagini della
classe maggioritariehe cambianaon le iterazioni del training) e una funzione di perdita
realizzata appositamente peimimizzare le predizioni falsi negativi.

Una volta addestrato il classificatore, questo € applicato sistematicamente sulle immagini

di test con una procedura a slidimg n d o w: | 61 mmacgnsionata cdnuna np ut
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specifica risoluzione in numero di pixels, e per ogni posizione la CNN éagtaliaata.

Se il modello identificava un evento apoptotico, la finestaiwa segnata con un
boundingbox. In caso di boundingpox sovrapposti, il nucleo venivdentificato con il

loro centroide.

I secondo metodoc o mpi e una segmentazione semant i
distinguendo tra nuclei intatti, frammenti apoptotigirenanente backgrouné.er questo

c a s o architetturdUNet e stata scelta edattata al caso specifico, insieme a una

funzione di perdita grsonalizzata per risolvere il problema dello sbilanciamento delle

classi.

Risultati e Discussioni

Per valutare i risultati del framework di detezione proposto, sono stati usati diversi indici
standard di performance, risultando in valori soddisfacemtapcuratezza, precisione e

recall sui campioni di validazione, tutti sopra 0.98. Due dimensioni di input sono state
investigate. In entrambidasi, il passo della finestra e stato fissato a meta e un quarto

del |l a di mensi one dinvalorgpadeguato & quesis diepgranaerie o ne d
risultalaessenziale per il raggiungimento di risultati soddisfackatilimensione di input

influenza le performance sulla localizzazionea 6 appr opri ata discri mir
molto vicini tra loro comeentita separatdl passo della finestra invece € fondamentale

per unailevazionecompleta e accurata di tutti i frammenti apoptotici.

Lo svantaggio maggiore della detezione con sliding window é il costo computazionale.
Riducendo il passo si ottiene uloaalizzazione piu accurate, ma porta allo stesso tempo

lo svantaggio di aumentate il tempo computaziodaie fattore 4.

Scegliendo invece un passo piu largo, il numero di finestre da predire si riduce, ma la

meno fine granularita impatta sia sullefpemances di detezione che di localizzazione.

Per questo motivo, un adeguato tradiedeve essere scelto tra questi due fattori.

Non é stato possibile commaae i risultati ottenuti con ugold-standard dal momento

che le annotazioni fornite sono rigate solo parzialmente accurate, a causa di una
mancanza di sensitivita del software precedentemente usato per la stessa lao&igi.

hanno considerato soddisfacenti i risultati ottenuti dopmikpezione.

Le performances della segmentazione seit@nsono state valutate in termini di

Intersezione su Unione, una metrica comune usata in segmentazione per valutare il grado

Vil



di sovrapposizione tra la predizione del modello e le maschere di,tasjedlata
separatamente per ogni classe di interess@ldre raggiunto sulla segmentazione dei

nuclei intatti, para 0.8%99, é stato ritenuto soddisfacente; per la segmentazione dei nuclei
apoptotici invece, il valore raggiunto, pari a 05 non suggeriva performances cosi

buone a primo impatto. Questomeé stato confermato nella fase di test, risultante in una

corretta rilevazione di tutti gli eventi apoptotici riportati nelle annotazioni a disposizione,

e a un apparente numero di predizioni false positive, consistente con la parziale
accuratezza dell@nnotazioni, poi corrette come veri eventi apoptotici dopo ispezione da

parte dei biologi. Conseguentemente, i risultati hanno confermato un considerevole
compi mento del task, raggiunto con un i mpi €
augmentationn | t empo computazionale richiesto per

dei secondi, garantendo un considerevole risparmio di tempo per i biologi.

Confrontando i due metodi proposti, le predizioni in piu rispetto alle annotazion
disponibili sono risultate consistenti tra i due approcci, confermando la capacita di
entrambi di rilevare correttamente reali eventi apoptotici in quelle posizigmimo
metodo é risultato piu sensibile, con un numergréidizioni sempre maggiorietla
segmentaziondl secondo metodo ha invece il vantaggio di localizzarmaniera piu

precisa gli eventi apoptotici e di essere computazionalmente piu efficiente.

Conclusioni

Presentiamo due soluzioni bapagitead ssiunm@aMNN np e
mi cr osdxdpi cahpep.r oc ci propost.i poslsogio ®et odu
| 6i ncidenza di errori umani

I n sviluppi futuri, i fammemobgki di atamap e rs
riguardaffiltna aslecur atez€angi tempoddil erapdp
capacit”™ di prediemmpmnecommuat aZzidarzaloen ev @red ™ t
Per il secondo metodo invecedi uadde gl i ® mam
mirato, ri progettando | e definizioni di f u
aumento dell dampadagigueldderridspondent i mas c he

lduef r amewar BeBno anche applmacgaitnii ap enru osvteu dcilaars

popol azi oni cellul ari
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1.Introduction

1.1 Apoptosis

Cell death can be caused by cell intrinsiceavironmental perturbationghat lead to
uncontrolled release olfie preinflammatory cellular content process called necrosis.

On the other handpaptosis is known asmechanism of programmed cell deatthich

involves the regulated elimination of cellsis considered a vital, spontanesoprocess

in tissue homeostasis, as normal cellular turnover, but it can also be triggered in response
to known stimuli (e.g., radiation or chemigatluced cell death), or when cells are
damaged during disease progression. An unbalance of apoptosisaghidie opposite

role in respect to mitosis), is observed in conditions such as neurodegenerative diseases,

ischemic damage, autoimmune disorders and cancer [4].

1.1.1ApoptosisHistory

The field of apoptosis has al ways attracted
described at least five times over the past 150 yearwith]jnitial studies starting in the

mid-1800s. However, a detailed morphological description of this phenomenon is quite

recent and dates back to 1972 [6].

The concept of apoptosis was originally mentioned by Carl Vogt in 1842 during his

studies on dvelopmental cell death in toads [The first cellular description was given

by Walther Flemming in 1885 that, with his drawings on cell shrinkage and apoptotic

body formation, described spontaneous cell death as a physiological event, providing a
decri ption of the apogme&.i s6 hall marks for
In mid 1900s Alfred Glucksman in 1951 described karyopyknosis as a distinct form of

cell death, characterized by nuclear shrinkage and chromatin condensation [9].

Taking inspiration fronthese experiments, the pathologist John Kerr began to describe

an unusual form of cell death seen following ischaemic injury in liver tissue and coined

the term shrinkage necrosis in the 1960s.[10]

In the 1970s Kerr, together with Andrew Wyllie andsédr Currie, characterized and

defined this programmed form of cell death, callingpbptosigfrom Greek, this word

was used to describe the dropping of petals from flowers, or |Gavesrees)However,



this observationalwork was initially met with little appreciation and it was only
following the publication of Andrew Wyllie in 1980 on the induction of thymocyte
apoptosis associated with the activation of an endogenous endonucleasigaflthese
findings began to awaken interest and thelogical importance of apoptosis was
established [12]

After that, the elusive endonuclease DNA fragmentation factor subunit beta (DFFB, also
known as CAD) cloning and characterization by Shige Nagata in 1998fifiEdly
provided a biochemical megr for apoptosis, and the study of the role and underlying
mechanism of this phenomenon became possible.

At this point, the study of apoptosis increased exponentially, resulting in publication of
papers regarding aspects of this phenomenon from pragcteary field of modern
biology. Of note, is the work of Bob Horvitz in 2002, which won the Nobel Prize for his
fundamental contribution on the biology of apoptosis.[14]

1.12 Morphological Description

Apoptosis exists in a delicate anghtly controlled balance with mitosis, and it follows
highly controlled molecular events that induce defined morpholbgiteanges,
observable by light or electron microscopy. Bleation of each specific event is difficult
to determine but theoverallprocesss very rapid (within 24h).
This phenomenon includes 4 sequential steps [15]:

l. Separation and cellular shrinkage

Il. Nuclear or chromatin condensation

[l Cellular fragmentation and formation of apoptotic bodies

V. Phagocytosis of apoptotic cells or bodies
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Fig. 1. After a separationfrom the other cells forming the tissue, the first visible
morphological change corresponds to a decrease in overall cellineénsation The
plasma membrane becomes more irregular, until the protuberances formed on the
cellular surface, called blebseparate into apoptotic bodigsggmentation) Clusters of
apoptotic fragments present in the intracellular space undephagocytosisby
macrophages, parenchymal cells, and neoplastic cells, where they are subsequently
degraded in phagolysosomes.

Step |: Separation andCellular Shrinkage

A loss of cell junctiongnd other specialized plasma membrane structw@srsduring
the initial phase of apoptosiwhich leads to a withdrawal modef the cellfrom the
surroundingAs a consequence tminins and actin filamentsleavagethe gtoplasm
begins tashrink it becomes dens@ndorganelles more tightly packe@ihe contraction
of cytoplasmic volume is apparently associateth loss of intracellular fluid and ions
[16].



Step II: Nuclear or Chromatin Condensation

This stage goes througtery complex biochemical and molecular changdgsomatin
condensest shattersn an orderly fashion into or@ more masses, and migrates toward
the periphery of the nuclear membrangfter that, the nucles breaks into several

fragments which appear dense and dark under electron microscope investigation [1

[18].

Step llI: Cellular Fragmentation and Formation of Apoptotic Bodies

Cells continue to shrink, packagirthemselves into a form that allows for easy
engulfment bymacrophages, parenchymal cells and other neoplzsts: with a more
and moreconvoluted outline andextensive blebbingorming of the cell surface
Morphological changes in the membrappear tavardsthe end of the apoptotprocess.
As consequencehe cell breaks up into severalembraneébound smootisurfaced
Oapopt ot i ccontam & vaeietyoof tightlyacompacted organelles/andome
nuclear fragmentsThe content of each apoptotic dyodepends on the cytoplasmic
protuberance&omponentghat gve rise to it For this reason, some bodies contain only
cytoplasmic material, other present also condensed nuclear material.

Apoptotic cellsalso elicit biochemical changes on the plasma membgmtace that
trigger the macrophage responsend promote their phagocytss such as the
translocation ophosphatidylserine from the inner leaflet of the cell to the outer surface
[15], [19].

Step IV: Phagocytosis of Apoptotic Cells or Bodies

Apoptotic bodiesare differenin sizeand shape, arthere isnot a predefinechumber of
apoptotic bodies formefilom one cellTheyare typically phagocytosed Imgighbouring
cellsor macrophages. These cells e@eponsible for removing apoptofragmentfrom
tissues in a cleaand tidy fashion that avoids many of theblems associatedith
necrotic cell deathSince nacellular contents release@nd apoptotic bodies agglickly
phagocytosedroduction of inflammatory factors by the engulfing calt&l consequent
inflammatory responsare not triggered

The endocytosed apoptotimodies arandeedrapidly degraded by a series efizymes
within lysosomes, and the adjacent cells move aramdf necessary, proliferate to
replace the gap created by the jsieted apoptotic celR(], [21].



1.1.3Molecular Mechanismsof Apoptosis

Apoptosis is a tightly controlled, energyiven processivolving a carefully orchestrated
series of molecular eventshichcan be divided into two stages: inductaonmd execution
[22].

Extrinsic Pathway Intrinsic Pathway  Perforin/Granzyme Pathway

radiation, toxins, hypxia, etc. cytoxic T cells/natural killer cells
death ligand

death receptor

* & perforin

b . changes in mitochondria and release / \
G of pre-apoptotic mediators granzyme B granzyme A
/ \ apoptosome formation + ‘
-
adapters DISC formation * caspase-10 activation -
\ caspase-9 activation
caspase-8 activation *
\ EXECUTION
caspase-3 activatio
~ &
endonuclease activation \ protease activation
st o

phagocytosis

Fig. 2: Schematization of apoptotic pathways: induction of apoptosis can be achieved via
the extrinsic, intrinsic, and perforin/granzyme pathways. Each pathway requires different
stimuli and caspases to initiate apoptosis. However, these initiation pathwayd aliten

the activation of caspase 3, beginning the execution phase of apoptosis. Activation of
endonucleases and proteases result in the degradation of nuclear DNA and nuclear and
cytoskeletal proteins. This gives rise to the classic cytomorphological ehaagn in
apoptotic cells, including cell shrinkage, chromatin condensation, formation of
cytoplasmic blebs, and apoptotic bodies. Phagocytosis of the apoptotic bodies is the final
step.



Induction

This steprelies on deatiinducing signals to stimulateéhe proapoptotic transduction
cascadeslinduction of apoptosioccurs throughdifferent apoptotic pathways: the
intrinsic (or mitochondrial and the extrinsi¢or death receptdpathways are the most
common;in addition,T-cells caralsoinitiate apoptosishrough either granzyme A &.
Caspases are central to apoptotic mechanisms, as they are involved both in the initiation

and in the execution processes.

Intrinsic pathway The intrinsic pathway is initiated within the cell. There avariety of
nonreceptomediated stimulisuch asrreparable genetic damage, hypoxia, extremely
high concentrations of cytosolic Ca2+ and severe oxidative dtrasgantrigger the
initiation of thispathway.

These stimuli causan increased permeabilitf the inner membrane of mitochorari
resultirg in a loss of mitochondrial transmembrane potential, and leakage of proapoptotic
moleculesinto the cytoplasmAmong them,cytochromec and secondmitochondria
derived activator of caspas8NIAC) activate the caspase

dependent mitochondrial pathwaandapoptosis inducing factor (AlF), that are instead
released later during apoptasis

This pathway is closelyegulated by a group of proteins belonging toBoé2 family
(further addresses in 1.1.4).

Extrinsic pathwayApoptosis is initiated by the activation of transmembrane receptors,
known as death receptors, by death ligaitiese death receptors have an intracellular
death domain coupdo the apoptosisaducingmachineryActivation of death receptors

is contrdled in many cases bynduciblede novoexpression of respective death ligands
Besides deatheceptorsthere are alsdeath effector downstreatmthe process.

When a death ligand binds to a death receftntracellular domain recruits an adaipt
protein andthe whole ligandreceptoradaptor protein complex isnown as the death
inducing signalling complex (DISCJYhis initiates the assembly and activationpob-
caspase 8. The activated form of the enzyme, caspasates apoptosiby cleavihg

other downstream or executioner caspases

Granzyme pathwayrhis pathway is used to clear virugected or transformed cells:
sensitized cytotoxic -Tymphocytes (CTLs) secrete perforinducingthe formation of



pores in the plasma membrane of tag@isand allowingserine proteasegranzyme A

and B to enter the targegll. Granzyme B directly activaseaspase which in turn leads
to the classical execution pathway.

Granzyme A plays a role in CTinduced apoptosis throughe activation of a caspase

independent pathway.

Execution

The intrinsic and extrinsic pathways both end atsimeeexecutionphase involving the
activation of a series ofexecution caspases. These caspases activate cytoplasmic
endonucleases, which degrade nucheaterial, and proteases that break down nuclear
and cytoskeletgbroteins.

The most important executioner caspasecaspase3, which is activated by initiator
caspase for the extrinsic pathway and casp&stor the intrinsic.Caspase also plays

a role in the reorganizatiaand breakdown of the cell into apoptotic bodies.

1.14 Apoptosis inCancer

A number of underlying principles can be identified as hallmarksaoter. These
principles are the rules thgbvern the multstep transformation of human cells into
malignant cancer, which are characterized by molechiachemical and celluldraits
andacquiredcapabilities/alterationf23].

Tumorigenesis idased on subsequegéenetic changethat confer different growth
advantage and lead to the progressioaversion ofhormalhuman cells intanvasive
cancer.As a result, tumocells have thus defects sommonregulatory circuits that
govern normal cell proliferation and homeostasis.

The numeras types of cancer create uncertairiiyoutwhich and how many distinct
regulatory circuits within each cell must be disrupted to become cancerous. However,
there are six essentiatquired capabiiiesthat collectively dictate malignant growdimd

metastatic disseminatiq@3], which are summarized in Fig.

I. Selfsufficiency in growth signajs
il. Insensitivity to growtkinhibitory (antigrowth) signals

ii. Evasion of programmed cell death (apoptgsis)



V. Limitless replicative potential
V. Sustained angiogenesis

Vi. Tissue invasion and metastasis

Evading
apoptosis

Tissue invasion
angiogenesis & metastasis

Fig. 3:Acquired Capabilities of CanceCancers have acquired the same set of functional
capabilities during their development, including evasioapuptosis.

These distinct and complementary capabiliteggesent théoundations of cancgbeing
each of these physiological changes shared by almost all types of dantte. next
paragraphs, we wilspecifically focus our attention on thevasion from apoptosis,

indicating strategies by which this capability is acquired in cancer cells.

Evasion from Apoptosis

Apoptosisis a key playem tissue homeostasis, contributing to the regulation of normal
cell populatios. An adult human body generates about 60 billion cells per day, so, as
consequence, an equal number of cells must die by apoptosis to maintain tissue
homeostasis. Thereforedaregulation of apoptosis can lead to an accumulation of cells.
Apoptotic evasion, observed in cancer, plays iategral role in tumour growth,
progression and resistance to ther&#y}.[At the same time, apoptosis can bériggered

in tumour cellgesulting from application of therapeutic agents. For exaraplécrease



in apoptosis is shown after irradiatigwhich cause DNA dama@eor chemotherapy

(which generates cellular or DNA damagegd subsequent cell ded6).

Two classes of componendseinvolved in acquiing resistance toward apoptosita
molecular level:

- Sensorsof the apoptotic pathwagreresponsible for monitoring the extracellular
and intracellular environment and to check is abnormalities are present,
establishing whether a cell should go through apoptosis pr not

- Effectorsof the apoptotic pathway, that are mediated by signals coming from the
first class.

Sensors include

I Cell surface receptor§lGF-1R and IL-3R, FAS and TNMR1) that bind

survival/death ligands

. Intracellular receptorswhichmoni t or cel |l 6s well being

pathway upon detection of internal abnormalities, for example DNA damage,
signalling imbalance, survival fagtonsufficiency, hypoxia, abrogation of

celli matrix or cell cell adherencéased survival signals.

Effectors of apoptosis, responsible for cytochrome C reléadade

I. Members of the Be2 family of proteins, with either prapoptotic (Bax, Bak,
Bid, Bim) or antiapoptotic (BeR, BckXL, Bcl-W) functions that govern
mitochondrial death signalling through cytochrome C release

il. The p53 tumour suppressor proteihich upregulates the expression of
proapoptotic Baxin response to DNA damage, in turn stimulating
mitochondria to release cytochromg C

iii. Intracellular proteases termed caspases, in particular ca§oaseTaspases
-9, activated by death receptors such as FAS or by the cytochrome C released
from mitochondria. These caspases trigger the activatiosthafr effector

caspases that execute the death program.

More specifically Bcl-2 family has a regulatomple, controlling the rate of apoptosis by
counterbalancing praand antiapoptotic proteins. About the latter,-Be$ aninhibitor



of apoptosis,which suppresss two proapoptotic triggering proteins, Bax and Bak
embedded in the mitochondrial outer membrane.

Normally (if non inhibited) Bax and Bak disrupt the integrity of the outer mitochondrial
membrane, causing the release of a proapoptotic signalling protein, cytochrome c. This
activates a cascade of caspabes &ct via their proteolytic activities to induce apoptosis
[25].

How cells acquire resistance to apoptosis

Alterations ofcomponentsausing thenactivationof this apoptotic machinergupport
uncontrolledtumourproliferation. Thus, @sistance tapoptosis can be acquired through

a variety ofstrategies that translate into overexpression of antiapoptotic effectors or
inhibition of proapoptotic effectors.

Tumour cells evolve a variety of strategies to limit or circumvent apoptosis. The first
discowery that BCl-2 oncogene had ardpoptotic activity when overexpressezh|,
opened the investigation of apoptosis in cancer at the molecular level.

The most common alteration that brings a physiological cell into cancerogereraties

on p53 mutationslt has beendemonstrated that the functional inactivation of the p53
tumour suppressor protein leads to development of tumours, resulting in theterda

key component of the DNA damage sensor that can induce the apoptotic effector cascade.
Apoptotic sgnals evoked by other abnormalities, like hypoxia and oncogene hyper
expressionuse asnediatorp53protein and arenpaired when p53 function lest.

Tumours may achieve the same purpose by increasing expression of antiapoptotic
regulators (BeR, BekxL) or of survival signals (1gf1/2), by downregulating proapoptotic
factors (Bax, Bim, Puma), or by shaitcuiting the extrinsic liganéhduced @ath

pathway. Abrogation of FAS death signal result in evasion of apoptosis too.

1.2 Detection Techniques for Apoptosis

Detection of apoptosis biological samplesmvolves capturing morphological changes
occurring at cellular leve]27]. There is a large number of available assays to assess
apoptosis, each of them specific for a certain phase in the cascade of apoptotic processes,
and each one carrying advantages and disadvanf28edq29]. Therefore, a proper

choice of the metthbto detect apoptosis is extremely important
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Standard techniques, such as electron microscopy, TUNEL assays, flow cytometry,
together with new emerging ones, such as microfluidic devices, single molecule

spectroscopy, electrochemical methods, are heretszh

Electron microscopy t is used toassessnorphological changesf apoptosissuch as
membrandlebbing,chromatin condensatiand organelledf immunochemical staining

is employed, then chemical information can be obtained in additiomotphological

information Advantages of this technique are thgh spatial resolutiorgnd the fact that

cell morphology preservedhere are however some limitations here reportelts are

not l eft viable after antedinigue icells aremsaaklyi ng t hi
detectedat the last stageof apoptosis, giving no information about the early stages

limited chemical information is provideuge time and a high skill level are needed to

prepare and measure cells.

Genomic and proteomic assays Unlike microscopy investigationsthey provide
increased informatiombout chemicatontent at the expense of spatial resolutibime
drawback is that they are invasive methods;edbviability is not preserved

Several analytical metids are applied, such as thalA ladder assaythat take advantage

of the breaks in chromatin that result in the formation of DNA fragments. Unfortunately,
DNA ladder assay suffers from low sensitivity, and apoptosis is detected only at late
stages. Tempat resolution is low too.

Another methods representelly thecomet assaywhich detects different forms of DNA
breakage. Its advantages are higher sensitivity, sp@eific information about thextent

of damage and heterogeneity of DNA, and ease of use

Proteinbased assagletectshe release of cytochrome c,-up downregulation of key
inhibitory proteins, and the activation of caspas®ddochrome ds one of theesarliest
detections of apoptosiallowing higher temporal resolution.

Caspase activity assay$he abiliy of caspases to selectively cleave proteins when
activated by apoptosis, makes them a good biochemical marker for detecting apoptotic
events. Thus, sensitive caspase assay, cadhlwith flow cytometry or microscopy, is

able to detect intracellular caspase activation after induction of apoptosis.

11



One example is caspase activity investigated by fluorescence correlation spectroscopy
(based on the use of new fluorescent probes spdocifone or more caspases) which
provides several advantages, including high temporal resolution, ability to leave cells

viable for further analysis, no need for transfection of the cell.

Microfluidic devices.These emergindevicescanperformon-chip flow cytomety. They
are commonlymade of trapslesigned to capturand hold cells in place. Once trapped,
fluorescence imaginig used to monitor apoptosis

Anothertype ofmicrofluidic device usgaffinity interactions to capture cells that ungie
apoptosis One advantage is that they alldong-term monitoring of capturedcells as
they progressed through the apoptotic pracessviding precise information on the

temporal dynamics of apoptosis.

Electrochemical methodsThey represent a reasonalaiernative method to detect
apoptotic cellsthanks to the fact that thego not require complex and expensive
instrumentationThey are based on the useetdctrochemical sensgrone types made

outof a gold electrode modified with a helix peptfderocendFc) which isusedo detect

active caspas@ detection, resulting in the loss of repoffer In this way, the decrease

in the peak currens a result otaspase 3 activitgnd could thereforeebused to detect
apoptosisThe major advantages this method include the simplicity and convenience
(as it does not require complicated instrumentation, only a modified electrode that is easy
to create), throughput and ease of use. The main limitagisides in the inability to
measure apoptosathe singlecell level or provideell-specific information over a large

cell population.

Spectroscopic techniqueslhey rely on fluorescence detection of immunochemical
labels or fluorescent probes thmaact to the cell environment during apoptosis. They are
read out in a variety oformats such as flow cytometry, microscopy, ebeveral
spectroscopic techniques are available in studying apopaosts)g which:

Labelled annexin \s applied in flow cytonetry or light microscopy to detect mid and

late stages of apoptosis. Annexin V binds to the exposed phosphatidylserine on the

surface of the cell membrane during apoptosis.
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TUNEL assays based on DNA fragmentation. Using confocal microscopy, the TUNEL
method provides in situ visualization of the DNA fragmentation process on a-s#lgle
level. It has the potential to give rise to ultrastructural aspects of the apoptosis process.
The TUNEL method can also be coupled with immunofluorescent labellingrease
information content.

Spectroscopic probes for membrane poterdr@ also indicators of apoptosis in early
stagesThis because theembrane potential is an indicator for the increased permeability
of mitochondria resulting in the releasecgfochrome c

Membrane potentiaan be tracked using several different gdyesst usegrobes are JC
1,rhodamine 123, and mitotracker red.

Flow cytometrylt is a common methodsed in conjunction with many other techniques

in apoptosis detectiorHigh cell couning, multi-parameter detectiorpossibility of
sorting cellscell throughputare some properties thaiakesthis technique welkuited

to cell analysisFlow cytometry can measure apoptasissingle point intime for acell
population, givingnformation of the ratio of apoptotic cells and cell viabilityabtdition,

it can be used to assay caspase activity, DNA cleamagability dyes.Fluorescence

based assays that do not rely on morphological detection can lysemhdly flow
cytometry. For example, assays using AnnexinDNA content, caspase activity,
membrane potential, and other probes can be used with flow cytometry to achieve large
cell counts and detect rare cells in a population

Instead, ér analyses whemmorphology is an indicator of apoptosis or where the same
cells have to be tracked over time, other forms of imaging detection and fluorescence
microscopy are more suitable.

Among various techniquesjostly whencell morphologyand topology are of intesé
fluorescencébased assayupled withimage acquisition through confocal microscopy
have been identified as the most informative method for apoptosis deteétiamore
detailed description diluorescence confocal microscopschnique is provided irhe

following paragraphs.
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1.2.1 Confocal Microscopy

Confocal laser scanning microscopy (CLSM)ais opical imaging technique which
offers several advantages over conventional widefield optical microssome it is
capable ofincreasing resolution and contrast by means of a spatial pinhole that blocks
out-of-focus light in image formation. Moreover,allows tocontrol the depth of field,
eliminating or reduing background information away from the focal plane (that leads to
image degradation), and to collect serial optical sections from thick specimemiseand
reassembling the computstored images as a virtualdmensional structure.

For these reass, CLSM offers an alternative to traditional sectioning approaches.

Confocal microscopy is used in conjunction with fluorescent prabesntibodiesto

monitor the intracellular concentration of various physiologically important organic
molecules.The choice of the fluorescent probe reflects the particular protein to be
detected and can include activated caspases and histones, proteins that belong to the

nucleus.

1.3 Limitation of Current Analysis

Once the microscopic images are acquired, biologiststoediglcerrtheapoptotic nuclei

from the rest of cell populatigrandsuch discrimination isisuallyperformed manually

by experienced operators

This leads tohours spent looking at imagasad counting each detected eveasulting

in a very time-consumingoperation.In addition, both cell classification and counting
accuracy may depend on the capabilities amgeriences of the operatprshich
generatesinter-operator variability Furthermore, manual countsan have a lower
accuracy when performed serially for a huge amount of images, particularly on those
reporting ahighly dense population of cells.

Becauseof this, apoptotic detection could be a laborious procedure and can lead to
fatigueinduced errorsTherefore, the necessity of an automated counting system
evident

Amongseveral automatic techniques, Deep Leariiidlg) has shown successful results

in manyobject detection problemgivenits ability of automatically selecting the features
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from the objects of interestpeeding up the processing of huge amount of data avoiding
physiological human errors.

1.4 ProposedWork

Accordingly, this work proposes to develop an image analysis framework for
automatically detecting apoptotic cells in microscopic images and discriminate between
apoptotic and intact nuclei. Being able to automate the process can provide a huge time
savingin the work of biologists and result in outputs that can be accurate and less prone
to human errors and subjectivity, thus increasing statistical accuracy (because of the
advantage of having a lower error rate per sample). Also, automated countingsbenefit
from high reproducibility compared to manual counting.

In some cases, it is also possible to have a modepth analyses of the specimen,

allowing for more detailed results (other parameters of interest) than simple counting.

The applied methodologgf this thesis relies on deep learning techniques, which have
shown a big success in the field of image processing and computer [@6jpamong
which convolutional neural networks (CNN) have become the preferable candidate for

general object detectigproblems.

In this work two main applications of Deep Neural Networks have been investigated and
employed to solve the problem of apoptosis detection: object detection and image
segmentation. The proposed detection framework thus consists of two rdajoermaent
components:
1. Apoptosis detection using a CNdased classifier appliegiith asliding-window
technique
2. Microscopic image segmentation, to discern apoptotic bodies from intact nuclei,

count both of them, and compute useful indexes like the apoptotic ratio

The first one is more a qualitative technique, i.e. it helps biologists to see whether
apoptosis is @sent inside a cell population and localize them, but cannot provide useful
parameter such as the computation of apoptotic ratio, which is important to understand

whether the applied therapy has shown its effects.
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For this reason, the second applicaticaswlso developed, which is more useful for the
extraction of such parameter since it is able to count both intact and apoptotic nuclei
(hopefully in a more precise way in respect to sliding window technique since, because
of the morphological nature oférapoptotic phenomenon and distribution of cells inside

an image, it cannot be guaranteed that inside the inspected window always just one
apoptotic event is present or more, and these two cases cannot be discriminate by the
classifier).

The provided annated data for the analysis made the slidingdow apoptosis
detection techniqgue more immediate, that is why it was the first one to be implemented.
However, provided annotations were only partially accurate (sensitivity in annotated
counts was about 57%)hile specificity was very high (about 99%), this was sufficient

to construct a model with better generalization capasliable to detect apoptosis which
were lost in the analysis previously performed. So, the results obtained with this approach
were seful also to guide a more precise manual labelling for image segmentation (second

application).
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2. Materials and Methods

2.1 Experimental Data

The images employed in this analysis are taken from organatypitro culture of
humaninvasive and metastatic MV3 melanoma cells growing asspberoids in
extracellular matrix 3]. This culture strategy is then combined withvitro radiation
therapy and automated image analysis to identify intact and apoptotic nuclei, as well as
their position.

Thanks to their controlled experimental conditions and physiological similariti@s to
vivo conditions, 3D spheroids represent an efficeoitition to achieve reliabia vivo-

like representation of therapy respons&H.[The 3D culture mimics the physiological
cell-cell and cellmatrix contacts, and the matrix in which cells are embedded the
physiological oxygen, growth factor and netrt gradients. This allows for -thepth
analysis of cell function, cancer resistance and therapy resp@2$eavpiding in vivo
strategies (with mouse models) that cannot be applied in redtirgetesting because of

technical, financial and time considerations.

Organotypic 3D spheroid cultures are obtained by aggregating cells in suspension or
forming multicelldar colony, and subsequently embedding such cells or colony in a 3D
basement membrasie or fibrillar collagenbased ECM as physiological substrates for
cell-matrix interactions, growth and invasion behavi@3.[

The resulting invasive cancer sphidroulture shows ifvivo like tumor organization and
genetic heterogeneity and consequently, therapy responses with possible resistance
mechanisms reflect physiological behaviors.

Despite the enormous impact of this technique on the investigation ofr thecapy
response, currerdgnalysis tools of 3D cultures are restricted to spheroids growth and
overall cell viability B2]. Even with highthroughput analysis approaches a fast estimate

of the therapy response can be achieved, but still there is anlaoigie cellanalysis to
monitor subregional heterogeneity of cell function.

Thus, semimanual analysis of apoptosis and mitosis events bycklle3D confocal

microscopy must be applied to investigate heterogenic therapy responses.
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For these reasons, in vitro strategies involving spheroid growth and tissue invasion,
combined wih automated image analysis, are required for predicting therapy response

and identifying resistance at single cell level.

Monitoring the radiation response in 3D spheroid culture follows this pipeline:
i.  Spheroid formation and collagen embedding
ii.  Invitroirradiation therapy
iii.  Microscopic detection of spheroid growth and invasion
iv. Automated image analysis to discriminate intact from apoptotic nuclei and
identify their position, extracting single cdédased data on the surviving and

apoptotic cell fractions, ahtheir distribution in the invasion zone.

2.1.1 Spheroid Formation and Collagen Embedding

1. Cell detachment 2. Spheroid formation 3. Collagen embedding
3D coll
2D liquid culture Methylcellulose Medium ~_ C0, &1
\

Spheroid

Fig. 4: 3D culture generation. 1. Cell detachment and mixing with methylcellulose and
diluted collagen solution to provide spheroid formation; 2. @adipping into petri dish
for 24h; 3. Spheroid embedding in collagen | solution

Human invasive and metastatic MV3 melanoma cells were maintained in cell culture at
37°C and 5% CO2.

3D spheroids were generated by aggregation in eadbesive environmentells from

a subconfluent 2D liquid culture were detached, counted, mixed with methylcellulose
and diluted collagen solution to enhance spheroid formation.

Cell suspension was pipetted in small drops onto the inner surface of a cell culture dish
and turred upsidedown resulting in hanging drops.

After 24h, the cells aggregated to round and compact spheroids.

As last step, aggregated spheroids were embedded in collagen | solution which was

allowed to polymerize at 37°C resulting in 3D fibrillar collagemtaining onespheroid
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per well. Spheroid cultures were maintained at 37°C and 5% CO2 to enable for growth

and invasion into the 3D matrix.

2.1.2 Irradiation Therapy and Sample Preparation for Imaging

The cancer therapy provided in this study consisted in irradiation of prepared spheroids
after 2 days of growth. Irradiation induces DNA damage and consequent cell death. It
was performed with a single dose of 4Gy ofays at 320keV.

Spheroids were fixeavith 4% PBSbuffered paraformaldehyde at the fifth day after
irradiation, incubated with reagents for immunofluorescence staining, washed and then

mounted on a glass slide, so that they were properly prepared for 3D confocal microscopy.

2.1.3 Confocal Mcroscopy of 3D Spheroids

After sample preparation was completed, images were acquired with confocal
microscopy using a Leica SP5 laser scanner (three channelssGI2B, phalloidin and
transmitted light).

3D images were obtained as -3lices with intesslice distance of 16m; therefore, the
overall thickness of volumes was 2.

Since the invasion zone of the spheroid increases with increasing depth, until a constant
maximum extension between sequential slices is reached, imagingsph®Dbids was
standardized at the depth of maximum invasion radius (Fig. 5).

Spheroid
Imaging 3D collagen
depth
Z (um) ' Analyzed focal
SSESESCCRESES N ===k ===t plancs

Cover glass
Objective

Fig. 5: Focal planes of invading spheroid imaged by 3D confocal microscopy
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2.1.4 Dataset

248 spheroids have been acquired, for a total of 744 sihglenel, 16 bitepth, gray

scale level intensity images (since for each spheroigsfices have been obtained),

showing one quadrant of the invasion zone. Images are divided in 24 samples, each

having a specific label and comprehensive of a number ranging between 4 and 6

spheroids. Moreover, for each sample, we have almost a correspondent number of

spheroids which underwent the irradiation therapy (4Gy) and untreated spheroids (0Gy).

Thus, the ttal number of spheroids 4@gradiated is 122. Untreated spheroids are 126.

Statistics on the number of intact and apoptotic nuclei detected by ACAS

Considering the entire dataset of 248 spheroids, the total number of intact nuclei resulted

t o be @&ér74a 8liGed.

Mean value of intact nuclei per slic&73.51 nuclei/slice

Standard Deviation of intact nuclei per slic266.12 nuclei/slice

The tot al number

of

apoptotic

Mean value of apoptotic events [gfice 3.78 apoptotic events/slice

nucl

Standard Deviation of apoptotic events per slideD3 apoptotic events/slice
Mean value and Standard Deviation of Apoptotic Rafd159 + 0.0199

Histogram of Intact Nuclei Count
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Fig. 6: Histograms of intact and apoptotic counts overghgre dataset
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Statistics on the number of intact and apoptotic nuclei detected by ACASOGy

Dose

Considering the 126 untreated spheroids (0Gy dose), the total number of intact nuclei
resulted to be 1916704 over 378 slices.
Mean value of intact nuclger slice 507.15 nuclei/slice

Standard Deviation of intact nuclei per slic289.61 nuclei/slice

The total number of apoptotic nuclei resulted to be 775 over 378 slices.

Mean value of apoptotic events per sli@05 apoptotic events/slice

Standard Deviation of apoptotic events per sli¢e93 apoptotic events/slice

Mean value and Standard Deviation of Apoptotic Ra@®d061 + 0.0102

Histogram of Intact Nuclei Count (0Gy dose) Histogram of Apoptotic Nuclei Count (0Gy dose)

Mean: 507.15 100 4 Mean: 2.05
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Fig. 7: Histograms of intact and apoptotic counts for 0Gy dose. data

Statistics on the number of intat and apoptotic nuclei detected by ACAS 4Gy

Dose

Considering the 122 irradiated spheroids (4Gy dose), the total number of intact nuclei
resulted to be 8606190 over 366 slices.
Mean value of intact nuclei per slic35.49 nuclei/slice

Standard Deviatiowalue of intact nuclei per slicel40.89 nuclei/slice

The total number of apoptotic nuclei resulted to @@ over 366 slices.

Mean value of apoptotic events per slige57 apoptotic events/slice

Standard Deviation of apoptotic events per slider9 apoptotic events/slice

Mean value and Standard Deviation of Apoptotic Rad260 + 0.0224
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Histogram of Intact Nuclei Count (4Gy dose) Histogram of Apoptotic Nuclei Count (4Gy dose)
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Fig. 8: Histograms of intact and apoptotic counts for 4Gy dose. data

A second dataset was provided in a second step. It was not exploited for Case Study 1
because apoptosis events were not annothteonsiss in multi-stack (not all equal in
number as before) singtdhannel 8 bit-depth, grayscale level intensity volunse
coming from different cell populations, for a total of 372 images. They are all equal in
size, 1024x1024 pixels, which made them more useful for Case Study 2
Images were divided into three groups:

- High quality

- Medium quality

- Low quality
They were used mainly for test phase, then validated by an expert biologist.
A subsample of images belonging to high quality group was also used in a first stage to

train UNet for semantic segmentation.

2.1.5 Automated Image Analysis

Acquired images @re converted in TIFF format and processed through ImageJ, an open
source image processing program based on Java for biological multidimensional images.
For nuclei detection, H2BGFP channel was exploited (excitation 488um, emission 499
574um) since it lIsows the intensity of nuclear chromatin (which is a hallmark for
apoptosis, characterized in initial stages by chromatin condensation).

After stitching together tiles from confocal microscope to form one coherent image for
each zstack, images of about @0x2000 pixels were obtained, showing a section of the
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spheroid. Centroid and radius of the core were manually identified and saved for later
stages to automatically separate the core from the invasion zone and measure the distance
of each nucleus from thepheroid center.
Automated segmentation of nuclei was performed through the Automated Cellular
Analysis System (ACAS) provided by MetaVi Labs, Inc. (Austin, TX) and based on
CUDA language and C#/.Net and GPU use, so that apoptotic fragments were
discriminated from intact nuclei.
More specifically, the software generated the outputs shown i®Hmimber of intact
nuclei, number of apoptotic events (consisting of several fragments located in proximity),
x and y coordinate of each intact nucleus andro&hof the apoptotic event, and distance
from the center of the core. The computed number of apoptotic events was divided by the
total nuclei count (intact + apoptotic) to provide an estimation of the apoptotic ratio.
The absolute number of intact riagmented nuclei was taken in consideration as
indicator of therapy resistance by comparing spheroids after treatment witheated
controls. The pipeline followed by the ACAS software to detect apoptosis in these images
includes these principal steps:

1) Identification of apoptotic fragments

2) Identification of intact nuclei

3) Fragments grouping and falpesitive groups removal

4) Removal of nuclei overlapping with remaining fragments groups

An example of output provided by the ACAS software is schematized i8.Fig.
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7dpe_5dpi_22_4gy spheroid4__apoptotic

Slice X-axis Y-axis Distance to center of core (um)

Slice X-axis

7dpe_5dpi_22_4gy spheroid4__intact

Y-axis Distance to center of core (um)

1297 | 799.972930841287
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0 351 8
1 368 15
2 271 17

Average of all Z-Slices, Invasion Zone 330 | 13.33333

Fig. 9: Example of output from ACAS analysis for one image. a. For each image analyzed,
ACAS gives in output the same image overlapped with the resultségmentation.
highlighted
represented with a red circle (whose center indicates the center of mass of the group) and
each blue dot represent one fragment found to belong to tbap.grables in b. and c.

are simple examples of reports generated for each image: b. the first two annotate, for
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of each detected nucleus or center of magh@fapoptotic group, together with their
relative distance from the center of the spheroid cor@he last report synthetizes the
overall number of intact nuclei and apoptotic groups for each slice, and the computed
apoptotic ratio as: Apoptotic Nuclei(intact Nuclei + Apoptotic Nuclei)

2.1.6 Challenges and Limitations of ACAS Software

We focus on the performances of the automated image analysis performed with ACAS,
highlighting problems and limitations of the software.
Major difficulties in the analsis process of such images were the following:

I background heterogeneity;

il. large variations in diameter, shape and brightness of each nuclear fragment;

iii. variations in number and field size of a fragment group;

iv. variations in distances between the fragments;
V. variation in contrast of objects due tefotus and oubf-focus position
Vi. positional overlapping in the samestice of a 3D object.

The outlined issues imply that i) the apoptotic fragments are smafizeiand typically

contain high intensity emission signal due to nuclear chromatin condensation; ii) intact
nuclei are instead characterized by larger size, a wider pixel to pixel variation in their
intensity profile, and nearly linear nucleus edge igdaround/ellipsoid shapes.

We outlined our discrimination to cope with the issues presented. Since one apoptotic
event is composed by multiple apoptotic fragments, all particles located within a local
radial distanceof 206 m b et ween f r a gedeasatsisgleamptaic eseatc 0 U n
To avoid potential falspositive classification, the algorithm excluded events when the
fragment was isolated from other or did not fulfil the size and intensity profile of an
apoptotic fragment. Additionally, bright pibseof an intact nucleus could mimic apoptotic
fragments resulting in false positive detection. These-fadséive apoptotic events were
removed by background corrections.

Automated analysis of netneated controls (0Gy) and irradiated (4Gy) spheroidsired

a processing time of about 116 seconds per image, leading to outputs represented in
number of alive and dead cells per image.

Comparing these outputs with manual analysis by an experienced operator as reference,

it was found that sensitivity of theoftware in detecting intact nuclei was pretty good
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(91.6% for O Gy spheroids and 87.2% for 4 Gy irradiated spheroids), and also specificity
was acceptable (0 Gy: 84.6%; 4 Gy 81.9%).

Apoptosis recognition instead was characterized by a very low segsitihv@6.6% for
untreated samples and 57.1% for irradiated samples, but higher specificity of 97% (0 Gy)
and 99% (4 Gy).Even though not optimal, these results were acceptable for the specific
goal of the paperd], since it was based on computing indexes for single cell resistance
and heterogeneity of the therapy response. This was done by partitioning results obtained
for two different cell populations, for example apoptotic index for treated and untreated
spherads, so that in the end the final result was insensitive to the lack of sensitivity for
the analysis of each population. In conclusion, the performances of this software were
acceptable for the analysis of this case since the detection of changes mti@apopt
frequency was reliable thanks to the high specificity, but clearly demonstrate a sensible
limitation of the software in detecting apoptotic events, which leads to exclude its use in
other kind of analysis where a complete identification of all thetapic events is strictly
required. The current work overcomes these limitations by proposing a more sensible, yet
still specific, apoptosis detectidinamework exploiting deep learning techniques, in

particular Deep Convolutional Neural Networks (CNN).

2.2 Deep Learning and Neural Networks

Over the past years, Deep Learning (DL) algorithms have achieved successful
performances in biomedical image analysis, in terms of image recognition tasks,
localization, segmentatidi34]. These results are accompanied by the simplicity of such
techniques, since they do not need complicate or longreeessing. Deep Neural
Networks (DNN) are able to automatically detect features of interest from the objects to
be analysed.

For these reams, DL represents a class of powerful methods able to extract information
from medical data and integrate them in ad hoc model.

Models that will be analysed belong to the general class of Artificial Neural Networks.
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2.2.1 Artificial Neurons and Neural Networks

Artificial Neural Networks (ANNs, or simply NNs) are computational models that
emulate the nervous system to perform a large variety of tasks. More, they are well suited
to solve problems like pattern recognition, clustering and classification. A geri¢iial N
composed by processing units, calhedirons They are typically connected to each other

in a particular configuration calledchitecture They form anetwork where each neuron

is also callechode The links between nodes have associated weightshwdetermine

the strength of their connection.

Neurons

Each neuron, whose structure is illustrated in Riy.carries the inputs coming from the
other neurons which is connected to, calculates the weighted summation of such inputs,
subtracts a bias armputests output with a proper activation function.

The bias is useful to construct a successful learning model, because it shifts the activation
function helping in getting better fit for the data (i.e. a better prediction function at the
output). In practice, it is considered as a fixed input signal p weighed such as

@, So the neuron structure is given by:

Xo = le > bk
X, ® »Wkl

X, ® » Wi

Input Vk Output
signals *3 © *Wk3 g Z S 40) > Yk signal

Summing Activation
node function

Xm ® »Wiem
Weight

multiplication

Fig. 10: Neuron structure with all the sequential mathematical steps highlighted

Mathematically, the working principle of a generithkneuron is outlined in Fig. 7 and

can be described by the formula:
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W e O 1)

where:
w represent the input signals for neurondk; are the respective weights for each input
of the neuronp is the bias for neuron k; is the activation functiotthat triggers the

neur on o0 s (generally iMvsscommomto all neurons belonging to a given layer).

Along this chain, the activatn function controls the behaviour of the neuron, deciding
whether it is activated or not depending on the result of the weighted summation of inputs
and bias addition.

The goal of the activation function is to introduce nonlinearities in the output.sitns

is useful in recognizing nonlinear relationships between inputs and corresponding outputs
[35]. In fact, if we suppose that just linear activation functions are used, the output of the
NN will be just a linear combination of the inpugctor, no matter the number of neurons
and hidden layers composing the network. NN with just linear activation functions acts
as a linear regression model with limited performances in extracting complex information
from data.

Activation functions play aimportant role also in the learning process, which is based
on an iterative weightsé update, as it wil
process follows a gradient descent method called-pegagation, which is based on

the derivative oftie activation function to compute the update for the weights of the
network. Therefore, the activation functions play a determinant role in the NN, defining

the output of each neuron and in turn controlling the behaviour of the overall network.

The most ommon activation functions are reported in Fid. (&), along with their
derivatives (Fig. 1 (b)) and they are listed below:

Binary step function

Linear activation function
Sigmoid activation function
Hyperbolic tangent activation function

SoftMax activdion function

== —a = _—a == -

Rectified Linear Unit (ReLU) activation function
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Activation Functions Activation Functions' Derivatives
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—— Sigmoid —— Sigmoid
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Binary Step Function 1 Linear

Linear

ReLU

15+

Fig. 11: a. Summary of neuronal activation functions; b. Summary of neuronal activation

functions.6 derivatives

Binary step function This is the simplest thresheldised activation function,

mathematically defined by the formula:

p QW m (2)

and reported in Fig.11(a) in blue.

Thus, it produces a binary output, making it suitable as activation function for output
neurons for classification, it cannot be used in hidden neurons because the activation
function must be differentiable to allow the bagmopagation optimization to wior
properly. Having O derivative, the gradient descent is not able to make progress in
updating the weights.

Linear activation functionThe neuron output is proportional to the input. One example
is the identity function, where:
w U 3)

showed in Figll(a) in yellow.

In this case the NN is just outputting a linear function of the input. Using a linear
activation function, the output of the network is a linear combination of the inputs
independently from the number of layers.

The derivéive of a linear function is constant (FidL (b), yellow). Therefore, the gradient

is a constant value independent from the inputs, implying that the backpropagation
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optimization updates the network parameters always by the same quantity for a given
layer, so the NN would not improve its error and would not be able to understand how to

change its parameters to provide a better prediction.

Sigmoidactivation function It is the most common type of activationfeed forward
NNs and in the output layer deep NNs. It is described mathematically by the formula:

, 4
o - > )
It is a Sshaped nonlinear function, as reported in Eij(a) in red, bounded between 0

and 1, it guarantees training stability over linear activation funttianinstead produces

a nonrbounded output.

Advantageously, this function has a derivative related to the value of input$ 1fim,

red), allowing backpropagation.

However, it also suffers from some limitations which involve the vanishing gradient
problem, because for very low or very high input values, the derivative is practically flat,
and the network does not learn or is too slow in reaching an accurate prediction. As further
limitation, it gives norzero centred output, causing the gradient ugdatgropagate in

different directions.

Hyperbolic tangent (tanh) activation functioh.is a smoother zeroentred function
bounded betweerl and 1, whose mathematical formulation is given by:

, G 6))

w b 0 P
and reported in Fidgl1 (a) in purple.
The tanh function was proposed to overcome some limitations of theidigta gradient
is steeper, as shown in FidL(b) in purple, allowing faster convergence. The zero centred
output also helps the bagkopagation process. However, the vanishing gradient problem

remains.

SoftMax activation functiont is used in multiclass models to return the probability
distribution for each class. The SoftMax function is a generalization of the logistic
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function and normalizes the output for each class between 0 and 1, with the them of
probabilities for each class being equal to 1. The SoftMax is computed using the
relationship:

Q o
O - QN pBM ©)

Typically, it appears at the output layers of the deep learning architectures. The main
difference between the Sigmoid and SoftMax is that the former is used in binary

classiycation while the | atter is used for

Rectiyed Linear Unit IfpBrindg thréSlold operatioioon F u n
input valuessetting to zero the negative ones and leaving them identical if positive, thus
the mathematical formulation is:

® G o (7)

The ReLU activation function is reported in Fid.(a) in green. It is the most successful
and widely used activation function for deep learning applications, given the better
performance and generalization compared to the previously cited activation functions
[36]. In fact, ReLU solves the vanishingagient problem seen with Sigmoid and Tanh,
because it has gradient equal to 1 for positive inputs (Higb), green), allowing the
network to converge more quickly.

Another advantageous property is the fact that having a gradient equal to zero feenegati
values introduces sparsity, keeping only the useful links and therefore the network
becomes less dense, decreasing computational costs.

Amongthe activation functions presented, we chose-bgsease the most suitable one
depending onhe properties of the problem we aim to solve, privileging the ones that are
proved to lead to faster convergence and maximal performance gained by the NN (for

exanple, ReLU for neurons in hidden layers of Convolutional NN).
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Net wor kdés Architecture
As already mentioned, the architecture of a NN indicates its overall structure, i.e. how
many units it has and how these units are connected to each other. NNs are organized into

groups of units called layers, as shown in ER&).

----------

Inputs O X N K—XKH—H o Outputs

——————————

Input Hidden Output
Layer Layer Layer

Fig. 12 Generic Neural Network Architecture

These layers are arranged in a chain structure and withag&etbeing a function of the

layer that precedes it. In general, a NN is constituted of three types of layers (they are a
group of neurons sharing the samied of activation function and position in the
hierarchical organization of the network):

I Input layer: it represents the input pattern to be provided to the network
(represented by the dotted arrows in Rig), with no computation performed
at this levé The dimensionality is equal to the number of inputs (for example,
in Fig. 12the dimensionality of the input layer is 4).

il. Hidden layer(s): they are the intermediate layers between input and output,
they are not exposed to the outer world but just ganeoabstraction provided
by the NN, which in turn can be seen as a black box. They are responsible for
all the mathematical computation performed by the NN, extracting features

from the inputs and transferring the result to the output. In Eg.the
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architecture is composed by a single hidden layer with dimensionality equal
to 5.
iii. Output layer: it produces the final result, bringing up the information learnt by

the network to the outer world (dotted arrows on the right).

Input and output layers are wuncally defined, while the NN architecture can be
configured with one or more hidden layers. The larger the number of hidden layers, the
longer the NN will take to produce the desired output, but on the other side, the higher
the complexity of problems thEN can solve. In fact, the more the input data are
nonlinearly separable, the more hidden layers will be needed to perform the task.

NNs with a large number of hidden layers are also called Deep Neural Networks (DNN).
In these architectures, each hiddayer learns how to extract a distinct set of features,
and the deeper the layer, the more complex the features that layer recognizes, because it
aggregates and recombines features from the previous layer. This is knéeetuas
hierarchy and makes DNN<gapable of handling very large, higimensional data,
representing them more accurately and concisely (i.e. with fewer units and weights).
Many realworld problems, such as image recognition tasks, are efficiently solved with

deep architectureST].

2.2.2 Feed Forward and Convolutional Neural Networks

The way these layers are connected to each other defines the topology of the network. We
concentrate ofeedforward networks (FFNN)n which information flows from the input

to the output, withouany cycles or feedback connections (in that case the NN would be
called Recurrent NN). These networks are generally function approximators

A specialized kind of FFNN, particularly useful for image recognition and computer
vision problems (up to the limihat they can beat human recognition power as 3&J),[

is the Convolutional Neural Network (CNN).

A CNN s a deep FFNN where hidden neurons are connected only to a subset of neurons
of the previous layer, resembling the connectivity pattern of neurons in the visual cortex
[39]. Vision entails various processing steps that progressively elaborate thlesigsial.

Here, extraction of features is performed through neurons that respond only to a restricted

region of the visual field, known as receptive field.
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Accordingly, CNNs are able to extract spatial features from the image seen in input thanks

to thissparse connectivity, and this extraction of feature is performed hierarchically (the

more going in depth in the network, the more complex the feature learnt).

The structure of a CNN (Fid.3) is composed by the following sequence of layers:

I Convolutioral layersthat apply filters to the input image decomposing it into

features (the process is calledture learning;

il. Batch Normalization layefnot shown in figure) that normalizes features

coming from the preceding layer by recentring and rescalinguakies

iii. Pooling layerthat downsamples those features (without loss of information)

to decrease computational costs

iv. Fully connected layerat the end of the network that take the output of the last

convolution/pooling block and classify the content of the image according to

nonlinear combinations of those hitgvel features extracted by the preceding

blocks.

Of them, the first three cotiite the convolutional block, while the last one forms the

dense bock.
Convolution Pooling
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I. Convolutional Layerlt consists of a set of learnable filters kernels, smaller respect

to the spatial dimensions of the image, which perform the convolution operation. The
kernel is shifted along both spatial dimensions, with a given stride, each time performing
the cowolution, i.e. a matrix multiplication between its values and the portion of image
superimposed, until the entire image is covered.

The result of this operation is an output called feature map, expreksimgsponse of

that filter at every spatial pognh. To ensure that dimensionality of the output remains
the same as the input, a propaddingis applied.

Each convolutional layer has a certain number of filters, each producing an independent
two-dimensional feature map. The output volume is prodbgesiacking these feature
maps along a third dimension (the hypothetical channel dimension for the image). This is

fed to successive layers.

Main properties of this layer are therefore:

# Local processing applied to the input image: neulmisnging to convolutional
layers receive inputs from a restricted subarea of the image (or feature map if the
convolutional layer is more in depth). This strategy reduces the number of
connections and, consequently, the computation efforts.

# Shared weightghe convolutional layer can be thoughtfasumerous copies of
the same neuron are created, since they share the same number and values of
weights, which are the filter parameters. This allows to maintain the effective
number of parameters to be leaiatively small, thus simplifying and speeding

up the process of learning.

ii. BatchNormalization LayerBatch Normalization (BN) is a technique that standardizes
the inputs to a layer, making this step as part of the model architecture, and performing
for each mini batch of input data. This has the advantage of stabilizing the learning
process and reducing the number of iterative steps required to train the network.
Training DNN is challenging because the input distribution of each layer is differen
during training with every mini batch of data given in input, as the parameters of the
previous layers change. This slows the training down, requiring lower learning rates and
a more careful parameter initialization. This phenomenon is knowneasalcovariate

shift. BN reduces the range in which hidden unit value shifts arcidjd [
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BN thusal | ows to wuse higher l earning rates
initialization. Overfitting is reduced witBN, as it has a slight regularization effect.
To increase stability of the NN, BN whiten each feature layer independently by
subtracting to each neuron ingiat the batch mean and dividing by the batch standard
deviation:

A O® ©)

However, this is not sufficient, because simply normalizing each input of a layer may
change what the layer represents. Furthermore, weights in the next layer become no
longer optimal. To solve this issue, the transformation inserted in the network should
represent an identity transform.

We introduce two trainable parameters for each layer that provide a linear transformation

that scales and shift the normalized outgut to a meari  and standard deviation

[
W [ OJw f 9)

These parameters are learnt during the training as model parameters, restoring the

representation power of the network.

iii. Max Pooling Layer A pooling layeris a sort of down sampling aimed to reduce the
resolution of the feature maps without lossimfbrmation. This in turn reduces the
number of parameters and overall computation complexity in the network; moreover, it
allows a better control for overfitting problenst].

The most common pooling layer (which better performs respect to other) is Max Pooling,
which gives in output the maximum value from the portion of feature map covered with
the kernel. It requires two hypparameters to be set a priori: size of the keeral,stride.

Their typical values are: filter size = 2x2; stride = 2.

In this way, a stack of feature maps with dimensions H x W x N, where N indicates the

number of feature maps, is down sampled to H/2 x W/2 x N.
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Fig. 14: Pooling layer down samples the volume spatially, independently in each depth
slice of the input volume. Left: input volume of size [224x224x64] is pooled with filter
size 2, stride 2 into output volume of size [112x112x64]. Right: max pooling witde stri
of 2, i.e. each max is taken over 4 numbers (little 2x2 squdg]). [

x
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iv. Fully Connected Layelt composes the fully connected NN structure that drives the
final classification decision. Its input comes from the last pooling block, whose output is
flattened into a ondimensional vector. Neurons in a fully connected layer have full
connections to la neurons composing the previous layer and perform -lagél
reasoning. This is a way to learn Ramear functions of the higlevel features
represented by the output of the last convolutional layer. Training this part of the network
makes the model &bto distinguish between dominating features in images and classify
their content accordingly with Softmax activatimction Thus, the fully connected
output layer has a number of neurons equal to the number of classes to predict, each

outputting the ssociated probability for the input of belonging to that class.

Once the network architecture is chosen, the NN must learn to accomplish the desired
task. This is done in the training phase, where the NN simply looks to a set of training
examples in an d@rative procedure trying to predict the correct label for each of them.
After each step of the training phase, the performances reached by the NN must be

evaluated, consisting in a validation phase.

2.2.3 Training Phase

Training NNs is an iterative procgswhich starts initializing the parameters of the NN
randomly, and culminates in the optimal values of the weights such as the NN is able to

perform the desired task.
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NN learns through the minimization of an error function, also cédeslor costunction.

This function is computed as the difference between the actual NN output and the
expected result and it is parameterized in the weights.

The general expression of the cost functior- represents the sum of the error, i.e.
difference betweenrpdictedw and expected> value, over the total number of
training samples m:

, P e (10)
L — o O€iud hw

The process ob — minimization is performed with the gradient descent optimization
algorithm, in which the update for the weights is proportional to the negative of the
gradient of the cost function computed in respect to the weights. The general formula for
t he we idgehstther@forer p

Fzngo (11)

The step size at each iteration is determined by a tuning parameter of the optimization
algorithm that is called learning rate, This value has to be sap appropriately. If it is

too high, it makes the loss not converging to the minimum, whilesftda, it makes the
training process unacceptably slow. Typically, the value df tisechosen manually.

Since the neural activation functions are likely to be nonlinear (see pros and cons in
section 2.2.1)0 —is a nonconvex function, so, during nmimization with gradient
descent, the functiomayget stuck in a local minimum. To prevent this, a basic impulse

to the loss function is provided (called momentum) in a gdisgction, thus helping the

loss not to get stuck in a local minimum. This method is called stochastic gradient descent.
Backpropagation is a method to compute the partial derivatives of the cost function with
respect to any weight in the network. Tofpan this, it uses a technique called chain rule
[43]; it computes the gradient one layer at a time and propagating backward the error
distributing it across the contributing weights. Backpropagation generalizes the gradient

computation in the delta rell
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2.2.4 Validation Phase

Another concept that accompanies training is referred to the evaluation of the
performances reached by the network during iterations. This aims to assess how good the
model has become in correctly accomplishing the task.

To do this, we have first to deéra new set of data, which is independent from the training
samples used to adjust the value of weights. This new set of data is called validation
dataset, and it is defined as the datthat provides unbiased evaluations of the model fit

on the trainingdataset while tuning model hyperparameters. The evaluation becomes
more biased as skill on the validation dataset is incorporated into the model configuration.
In other terms, the model should becorhkedo generalize its capabilities of performing

a given task also on data which are not
To reach generalization capabilities, the validation set results are used-tingntne

model hyperparameters.

Validation dataset goes together with the definition of a validatietnic, which depends

on the task.

2.3 Software Development

2.3.1 Software Framework

We implemented our CNN in Pythod4], using two opersource machine learning
libraries: TensorFlow and Kerag hey are very suitable for numerical computing as DL
requires and allow for a fast and easy model development and evaluation.

DL models were trained and evaluated in the onlinevbeebased platforntzoogle
Colab, a free cloud service in which the development deep learning applications is

accelerated using a free Tesla K80 GPU.
Two cases studies are proposed in this thesis, botl basthe use of CNNs. The first

one involves the use of a CNN for classification purposes to detect apoptosis in small

windows of the image using a sliding window approach. The second case study uses a
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particular structure of CNN, called UNet, to performmsatic segmentation

distinguishing between three classes: intact nuapmptotic nucleand background

2.3.2 Case Study 1 ApoptosisDetection with VGG-16 CNN

For this applicationan objectdetectionbased strategy is used

Object detection is a fundamental recognition problem in computer weoch aimsto

find whether there are represented instantegrtaincategories in a given image not.

If present,it also provides precise localizatiorof each object instance (for example
through a bounding boxX¥5]. SinceDL hasemerged as powerful solution for learning
complexrepresentationautomatically from dta, these techniques have provided the

major improvement in this field4f]

Object detection combines two types of problesitssely relatedimage classification
and object localization.
- Image classification involves recognizing the contaside an image, assessing
the presence of objects of interest, and assigning one or more class labels
(depending on how many and which objects are represented in the image);
- Object localization instead refets identify the location oinstancesnside he

image thus making the overall task more challenging than simple classification.

DNNs generally achieve better performancdgsmn conventional cell detection
approaches. These involve firstly the extraction of one or multiple-tiafitbd features

with classical image processing techniques, and after that a classifier working on these
feature vectors to identify regions containing target cells, but they have shown some
limitations [47]. DNNs instead provide the advantage of evolving from fixed types of
extracted features toward problespecific features which are learnt automatically from

training data. This is why they were preferred in this project.
The idea is thaDNN detectorsare trained as classifiein the image pixel space, either

as a pixel labelling or as a region proposal network. Thus, these methods predict the

coordinategx, y) of those cells directly on the image.
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We realized a sealled sliding window methogdwhich reduces the problem of object
detection to image classification in sliding window fashibime NN is trainedto classify
the content of a fixedize rectangular windovthat givesn output the probabilitjor the
window to belong to a specific classhenthe NN analysesall possible regions by
scanning the imagand classifyingeach window independently (Fig5 (a)).

Depending on the application, we can choose to repeat this procedure different times,
scanning the imaggeveral timesvith a different window size, depending if ttetecting
object havevarious dimensions inside the imadée more the types of windows, the
longer the detection will take.

Onceall windows have been exploitede obtain an outpuike the me reported irFig.
15(b), with multiple overlapped windowsedictingthe presence of the objeaxftinterest

Among the overlapping windows, the one with the highest detection probability was kept,

and the others discarded, giving the final detectiog. (F5 (c)).

Fig. 15 Example of sliding window principle: (a) fixed size squared window scanning
the entire image, each time making the prediction, (b) positive predictions across the
entire image, (c) nomaximal suppressioresult

We chose to employ thdiding windowtechnique because it &ssimple and effective
method that works properly in apoptosis detection for two main rea$iosts:the
classifier is faster to be train compared to other architectures, which instead involve a
very huge number of parameters.g. YOLO architecturehas &out 272 million
parameters, comparedttee 50 million of our architecture, which can be further reduced

to 9 million by reducing the number of hidden units, as it will be described &ti3
implies the need for a lower number of imaghsing training to achieve good

performances and avoid overfittin§econd, this strategy allows to localize, drawing a
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bounding box around the object of interest without needing that the coordinates of such
boxes are labelled for training examples.
Finally,th e A lngluomxd0 wi ndow di mensi on was dhosen o

networkbasedconsiderations

VGG-16 CNN Architecture

The DNN architecture chosen as windolassifier is a customized version of the VGG

16, aCNN model proposed by K. Simonyan and A. Zissernmafi].

We chose this type of network for two reasdinst, similar networks already proved
successful results in similar task8]; second, VGG16 has been successfully applied
along with the sliding window paradigm for similar applicatiof [

The peculiarity of this network, behind its success over the past proposed archtecture
is the attention on the convolutional depth, which was proved to enormously affect the
accuracy of the prediction in image recognition. Tikigccompanied with the choice of
very small convolutional filters, with a kernel size of 3x3 in each layer. €Thes
adjustments shwed a significant improvement in performances, leading to final
architectures with depths of 16 or 19 layers (thus, ViB@&nd VGG19 are defined).

The network architecture is shown in Fig:
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(Hx W) (H/2 x Wi2 x 64) 4096x 1x 1
MaxPool 2
(H/4 x W/i4 x 128)
MaxPool 3 MaxPool 4 MaxPool 5
(H/8 x W/8 x 256) (H/16 x W/16 x 512) (H/32x W/32x 512)
Output
1000x 1x1
Conv 3 Conv 4 Conv 5
Com 2 (H/4 x W/4 X 256) (H/8 x W/8 x 512) (H/16 x W/16 x 512)
(H2 x W2 x 128)
Conv 1
(Hx Wx64) 4096x 1x 1

- _— -y - L ju— — \\/

Fig. 16: VGG1le6architecture. Each green block represents a stackooivolutionalLayer

+ Batch Normalization + ReLU activation. Each orange block is a stack of MaxPool
layers (equal in number to the number of feature maps from the previous convolutional
block). Each pik layer represents one fully connected layer

It is composed by two parts: the convolutional part which works as feature extractor, and

the fully connected layer part which works as classifier.
Convolutional part

The fixedsize input image (singlehannel square image, whose size is given by the
inspected window: 64x64 and 128x128 window pisiekesare inspected) is passed
through a stack of convolutionpboling blocks, as shown in Figd. The first two blocks

are composed by two convolutional layers followed by MaxPooling; the last three are
instead made from three convolutional layers and one MaxPooling.

We customized these blocks by addBig after each convolutional layer, but before their
activation functio (ReLU), as suggested iad].

From a block to another, MaxPool layer halves the resolufiemnumber of MaxPooling
layers (i.e. the number of blocks) defines the resolution decrease Withdive of these
layers, the resolution is decreased bjaator ¢ 0 ¢ Thus, the input image size must
be multiple of 32 to match the network architecture.
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Thefilters have small 3x3 receptive field, whiehthe smallest size to capture the notion

of left/right, up/down,and center The convolution stride is fixed to 1 pixel; spatial
padding of each convolutional layer is such that the spatial resolution is preserved after
convolution, i.e. the padding is 1 pixel for a 3«nel size convolutional layer.

Stacking two or three coesutive convolutional layers with receptive filed 3x3
provides an effective receptive field of 5x5 and 7egpectively Thus, he number of
parameters is decreased. In fact, assuming that both the input and the output of a 3x3

convolution stack has €hannels, the stack is parametrized by:

& S 2 { QuQze (12)

Thus, the stack of two coolutional layers with filters 3x3 requiregz o z #
p W weights compared topz v z# ¢ U weights for a single 5x5

convolutional layer, i.e. 39% more.

The stack of three coolutional layers with filters 3x3 require®z o z#
¢ ¥ weights compared topz x z# T & weights for a single 7x7

convolutional layg i.e. 81% more.

This results in the observation that increasing the depth, together with reducing filter size,
significantly improves accuracy over the predictiasa regularization effect is imposed,

leading to better performances.

Thenumberof channels (i.e. feature maps)ooihwolutionallayersis set to 64 for the first
block in the original architecture, and then it increases by a fat®mafter each max
pooling layerbut it is kept constant from the fourth to the fifth blp@achingb12feature
maps whose dimension is given by (W/32, H/32, 512) for an input image size (W, H). In
our customized implementation, the initial number of feature maps in the first
convolutional layer is set as hyperparameter to be tuned, starting froml&aginal

work and then reducing it up to the limit where performances start to decrease.

Spatialdownsamplingis carried out byive MaxPooling layersat the end of each block.

MaxPooling is performed over a2 pixel window, with stride 2.
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Fully connected part

The stack of convolutionahnd MaxPoahg layers is followed byhreefully connected
layers in the original architecturghe twohiddenlayershave 409éhidden unitseach,
while the output layer performs theclassification and thus contains 10@@urons
(reflecting the number of clasgeall hidden layers are equipped with the rectification
(ReLU) nonlinearactivation functionwhile the finallayerwasprovided withSoftMax
activation functionIn our case, the same number of fully connected layers was kept,
while the number of hidden units was treated as an hyperparamb&sgdbActivation
function for hidden layers was left to ReLU. The output layer is instead composed by a
single neuronactivated with sigmoid function, as the network is required to perform a
binary classificationThus the output of this neuron represents the probability (ranging

between 0 and 1) of the input window to contain apoptotic fragments.

A threshold was applied to discriminate between the two outputs of binary classification.
Threshold was empirically set to 0.5. Thus, images whose output is below the threshold,
are assigned to class 0 (apoptosis is not present), otherwise class 1 {gmoptesent),

as shown in Figl7.

1.0

$(2) =

1+e2

decision
threshold

=z 05

0.0

-8 -6 -4 =2 0 2 4 6 -]
z

Fig. 17 Sigmoid activation function with decision threshold to discriminate the two

classes

Data Preparation
Data preparation involves two stepgsagepre-processingandcropping
Imagesare converted imlouble precision floatingoint formatand normalizedwith a

linear rescaling function so that all pixel values are witherrang€go, 1).
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Computing the image histogram, iwh shows the grayscale value distribution, an etbow

shape can & observed in the lower intensities range, attributable to background

heterogeneities. These were removed by pushing the corresponding pixel values where

histogram overcomes a given threshold (set empirically) toward zero. After that, the

intensity distrilution is remapped with a linear function again over the range (0, 1).

Finally, gamma correction was performed, a power transformation used to increase

brightness and contragiccordingly,t h e

to 0.75

Fig. 18 and19 show these three steps applied to two images from the dataset.
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Fig. 18 Example of preprocessing steps applied to one image. The different columns
show image and corresponding histogram after 1) Normalization, 2) Histogram
Stretching, 3Jsamma Transformation
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Fig. 19: Example of pregrocessing steps applied to one image. The different columns
show image and corresponding histogram after 1) Normalization, 2) Histogram
Stretching, 3) Gamma Transformation

Second step of data preparatioclispping to train the classifier, we need to give in input

to the NN an image with the same size of the desired window to use for the investigation
with sliding window approach in test phase.

Two window sizesare investigated: 64x64 pixels, and 128x128 pixels. These values
derive from above cited considerations: first, we chose the minimum input size multiple
of 32 pixels which was compatible with the distarimetween fragments clustered by
ACAS software as beloimyg to the same apoptotic event. Thus, a window of 64x64 pixels
was considered. In a second step, to speed up the shifidgw scanningalso window

sizeof 128x128 pixels was investigated.

Training and validation imageseaobtained cropping each inewith a corresponding
window centred at annotated coordinates of each nucleus. Then, each window is labelled
accordingly: class 0, if the coordinates were referring to an intact nucleus, class 1 if the
coordinates were referring to an apoptotic event.

As consequence of this approach, since apopiogmves a very small number of cells

over the entire populatiothe problem of a highly unbalanced dataset was experienced.
Unbalanced data is a huge problenDib [50]. Possible solutions for handlindass

imbalance can be divided in two categories: deval techniques, that act on ddta
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means ofundersamplingthe majority class or oversampling the minority clamsd
algorithmlevel techniques that act on the learning prodegsdjusting the definition of
thecost function51].

Both these techniqudsave beemvestigatedn this application.

Acting on data, a particuldraining strategy was implementeat each iteration of the
training procedure, thdN learns on @raining set composed by all the original instances

of class 1, and a corresponding number of class 0 randomly picked among the entire
dataset without replacement (meaning that the instarictsss Gareseen by the network

just one time along the training procedure, while claa®$een a number of times equal

to the training iteration steps).

Regarding the algorithAevel one, weactedon the definition of the loss function to

update te weights, giving more importance to misclassifications occurred for class 1.

Another limitation, deriving from provided annotations, was the lack of sensitivity in
apoptosis detection by ACAS. While for those windows that were lal#ledl, we can

be quite sure that they contain apoptotic fragments (because specificity of the detection
was greater than 99%), we cannot draw the same conclusions for class 0: even if the
window is probably centred on amtact nucleuswe cannot exclude the presenceanf
overlapped apoptotic nucleus or fragment within the same windbis is a problem,

since those windows can bias the classifier toward incorrect predictions.

To minimize the probability of occurrence, instances of class 0 are taken from untreated
spheoid images, where the rate of apoptosis occurrence is much lower than in irradiated
samples.

About 1500 windows of class 1 and 506000
images of spheroid samples from 1 to 20. The remaining part of the dagsesed for

test phase in sliding window fashion. These are split between training and validation sets

with a proportionality factor of 80% and 20% of the overall dataset.

Training

The NN is trained with about 2400 images per iteratio®¥repochs. Té optimization

algorithm used to minimize the loss function and adjust the network parameters was
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Adam[52]. Since the problem can be reduced to binary classification, the most suitable
loss function is the binary crogmtropy,to which weadda proper weight to manage

the problem of class imbalandée weighted binary cross entropy is thus defined by:

w660 03 Td)i'l'dt;TEp ol g o (13)

Wherew w ¢ Q are the groundruth label and the predicted output for each image |
belonging to the miAbatch (composed by N elements).
The weightf was considered as a parameter to be tuoetkal with the problem of

unbalance data.

Validation

The model is continuously evaluated at each step of the training procedure on a validation
datasetRegardingthe definition of propemetrics when building binary classifiers, a

common way to summarize the performances is by using a confusion matri2QjFig

Positive Negative
()]
= TP BB
3
o
FN TN

Negative

Fig. 20: Confusion Matrix

The most used evaluation metrics to assess NN performamneekerived from the
confusion matrix.More specifically, weevaluate the NN performance in terms of

Accuracy, Precision and Recallefined as follows:

“YO “YO (14)

0060 7
0
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Accuracy measures how many observations, both positive and negative, were correctly
classified. The problem with this metrictigatit is blind to imbalance problems.

. Y0 (15)
v “YO "O0

Precision measures how many observatmeslicted as positive are in fact positive.

"YO (16)
“YO "O0

YOO
Recall (or Sensitivityjneasures how many observations out of all positive observations

havebeenclassified as positive.

2.3.3Case Study 2: Semantic Segmentation with UNet

Semantic segmentation & fundamental aspect of image processing, definetheas
process of labelling each pixel of an image with a corresponding class of what is being
representedd NN trained for semantisegmentationeceives in input an image and gives

in output a 2D mask of the same imagsize partitioned into multiple segments or
objectsthat associates to each pixel a different clakss, it acts as a pixétvel image
classifier. Through this dense prediction, it produces fgnained resultshecauseat
automatically includes in its output the localization information.

The advantage is that it enables us to decompose an imageeabingful parts and lets

us to understand a scene at a more granular ldeBhing shapes and boundaries of
objects in an image.

This approach is more suitable when the extraction of more parameters is required, such
as the number of cells inside thmage to compute apoptotic ratio. To extract such
parametersemantic segmentation wasmbined with image pogtrocessing techniques
Several deep learning architectures have obtained outstanding results in cellular
segmentation and classification. Amdhgse, the UNet architecture has become a widely
used tool for biomedical segmentation and analygisand for this reason this was the

NN architecture chosen to achieve the desired. tdblet belongs to the category of

50



EncoderDecodembased models3] which maps datapoints from an input domain to an

output domair{equal to the inputyia a twestage network:

I The encoding networkwhich compresses the input into faature vecto
representation capturing the usaefdbrmationto predictthe output.
i. The decothg ndwork, which aims to predict the output from tHeature

vectorrepresentatoe na bl i ng precise structurebs |
UNet Architecture

UNettakes namefrom its symmetric shapes shown irrig. 21. Thisresuts from
putting together the usuabnvolutionalcontracting networkmade by a succession of
convolutional and pooling layera)ith another symmetriconvolutionalnetworkwhere
pooling is replaced bypdsampling operation, thus increasing the resolution of the

output features.

. output
input segmentation

image” [
g mask

& X == Conv. 3x3 + BN + ReLU
MaxPooling 2x2
Transposed conv. 2x2
Conv. 1x1 + Softmax
Skip-connection

Fig. 21. U-net architecture. Each blue box corresponds to a rehlinnel feature map.
The number of channels is denoted on top of the box.-JHsezr is provided at the lower

left edge of the boXdrangeboxes represent copied feature maps. The arrows denote the
diferent. operations

To better localize, the intermediate higgsolution features from the contracting path are
combined with the corresponding-spmpled output in the expanding path through-skip
connections thamplementa concatenationperation Theseskip connectionallow the

network to propagate context information to higher resolution layers
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A successive convoluti@hlayertakes the p-sampled output concatenated with to the
high-resolution features ankarrs to assemble a more precisatput based on this
information.

There are several advantages in using UNet architdotusemantic segmentation tasks.
First, the use of skip coentions enables the combinationl@tation information from

the downsampling path with the contextual information in thesappling pathuseful

to predict a good segmentation m&wscond, the architecture has no dense layer, so the
number of parameters is limited, allowing for a fast training procedure and prediction.
Moreover, the training strategy adopted in the original p&jeelieson the use of data
augmentation to learfnom the available annotated images more effectiveie use of
massive data augmentation is important in biomedical dgméierethe number of
annotated samples is usually limit€NNs are heavily reliant oa large amount of data

to avoid overfittingoecause of the enormous number of parameters to optidiz®pta
augmentatioor epr esents an effective methodol ogy

generalization when the amount of available data is limited.

Encoding / Contracting path

The contracting path follows the typical architecture of a convolutional netaloedy
described, except from the fully connected pagiut size is set to 512x512 pixels.

In our implementation, UNet is composed by 4 equal blocks, each one consistiag in th
repetitionof two convolutioml layer with filter size equal to 3, unitary stride and adequate
padding to maintain the output feature map with the same input size. Convolutional layers
have identity activation function, theollowed by a BN layer and ReJ activation
function. The two convolutional layers belonging to the same block share the same
number of feature channels.

Last, a 2x2 max pooling operation with stride 2 for desampling follows the
convolutional filtering At each dowrsampling the rumber of feature channets the
following convolutional layer (in the successive block) is doubled.

In the original architecture, the number of convolutional filters in the first block was set
to 64. For computational reasons, mainly due to RAM constraia limited the number

of feature channels in the first block to 16.

52



Bottlene&
The bottleneck is between the contracting and expanding; gatissbuilt from two

convolutional layergachfollowed byBN and ReLUactivation function.

Decoding / Expanding path

The decoding part recreatan output mask with the original spatial resolution of input
imageto enable precise localizatiah the extracted features

Analogously to the encoding part, it is composed by 4 blocks, where now MaxPooling is
replaced by an upampling layer that restores spatial resolution, called Transposed
Convolutional layer. Ugamplingdoublesthe spatial resolutioand halveghe featue

maps. These feature maps are concatenated througitosiipctions with the ones
coming from the corresponding encoding block.

These concatenated maps are then given in input to the cascade of two convolutional
layers followed by BN and ReL#ctivation function.

At the final layera 1x1 convolution is used to mépefinal featuremapsto the desired
number of classe@s inFig. 21, in our implementation, the number of classes3arAt

the end, SoftMax activation function is used to prethe probability of each pixel to
belong to each class.

Transposed Convolutional Laydthetransposed convolutional layer perfaram
up sampling of the input feature maps5]. Transposed convolution is a more
advantageous technique raspect to predefined interpolation metbdd.g. nearest
neighbor, bilinear or bicubic interpolatiof)ecause ihas learnable parameters, so it
learns to ugsample in an optimal way during the training proc&s® hyperparameters
that define this layeare the same as atandard convolutiondhyer, but they have
different meaningTheyare chosen accordingly to provide an output whose dimensions
are doubled in respect to the input feature reemel size was set to k=2, padding equal

to p=0 and stridequal to s=2 for both spatial dimensions.

Implementing a transposed convolutional layer consists in asteps process, as shown
in Fig. 22
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Transposed Convolution
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*k Calculate

(s:p) z =s-1
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Input Kernel 1. Caleulate parameters 2. Tnsert 2 zeros between 3. Add p' number of zeros 4. The kernel always jumps 1 Output

2, and p’ the rows and columns around the image pixel when being slided across the
image

Fig. 22 Transposed Convolution operation

1. Once decided the values farsandp, the values fore  a nade derivded
2. z number of zerosre insertecbetween each rows and columns of the input,

increasing the size of the input to
¢ZQp ¢zQop (17)

3. Theinputimages paddedvi t h p& number of zeros
4. A standard convolutioms carriedon thenewimage with strides 61 =

Thus, for a giversize of input(i), kernel(k), padding(p) and stridgs), the size of the

output feature mafo) generated is given by:

€ Qpzi Q q (18

Concatenation through skip connectiof&ip Connectionsnerge feature maps
coming from the transposed convolutional layer (a#rand RelLUareapplied) with
0intermedi ated feature maps from the
dimensions. This doublethe number of feature mapgs input for the following
convolutional layer, ensuring maximum information flow.

There are several advantages in using-skimnections in this kind of modef#st of all,

the fact that we stack the inputdsep hiddehayerstogether withow-levelfeature maps

is usefulfor recovering spatial information lost duridgwn samplingndreconstructing
target content at the original spatial resolution with -fyn@ined detailsThus, skip
connections allow to build more compact models with respect to other ones deyrive

skip connections on equal performances.
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Secondskip connections enable reusability of featuresn the earlier layerstabilizing
training and convergenc&hey havean uninterrupted gradient flow from the first layer
to the last layer, which tackles the vanishing gradmoblem. The loss landscape

changeslsosignificantly when introducing skip connections

Data Preparation

Image preprocessing was the same perhal in Case Study 1.

Cropping was performed, selecting ROI in correspondence of the center of the image.
This was preferred toesizing techniques, as they would have involved a considerable
degradation of the image input resolution, with the risk of compromising apoptotic
fragments identificatiorin fact, apoptosis consists in very tiolgjects made of very few

pixels per fragmets. Resizing an image from 2000x2000 pixels (in average) to 512x512
pixels therefore involves an unacceptable decrease in spatial resolution that affects the
information content of our target.

Last step of data preparatiost manual annotation to creatabkls for training and
validation instance®0 images have been annotated among the entire dataset.

In order to reduce as much as possible class imbalance problems, images containing the
highest number of annotated apoptosis events have been chosen.

When images coming from the second dataset were exploited, dapaogessing was

also the same. Instead, cropping was not performed, as the original size was closer to the
input size of the network, and magnification factor in these microscopic images was
higher than the first dataset, so resizing was considered a reasonable solution. It was
performed with spline interpolation of the third order.

As we have already introduced the advantages of using data augmentation when training
a NN, this approach waslfowed after training/validation split (in this case about 70%

of instances’ 63 imagesi were employed for training and 30%27 imagesi for
validation) to ensure independency between the two datasets.

Data augmentation @snot involve ggometrical defomation or blurring of the input
images that could compromise the information content, but randoentical andor
horizontal flipping together with random rotation with angular resolution of 15° and

nearest neighbour interpolation.
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From each originalhnage, other 9 were obtained (together with their segmentation maps
which underwent the same type transformations). Thus, the overall datasets are composed

by 630 images for training set a0 images for validation set.

Training

Training procedure was carried out for 300 epochs, with batch size equaloss was
minimized according to ADAM optimizer, with learning rate set t@8.0

Loss function is defined separately for intact and apoptotic masks, and then combined
together wih proper weight factors set empirically starting from values of class
occurrence for apoptotic and intact pixels.

For semantic segmentatiogionbased loss functiorare well suitable since theym

to minimize the mismatch or maximize the overlapiarg between ground truth and

predicted segmentationasks Among these, two types of loss are taken into account:

Dice losg56] directly optimizes the Dice coefficient which is the most commonly used

segmentation evaluation metric.

i~ : ¢B wn wn (19
)
000 O- p U B on B on

CJTo

It calculates the similarity between grouindth mask and the output segmentation mask
from the network, separately for each class. Then, a proper weight is added for each of

the class to be discriminated (for background pixels, w is set to 0).

Tverskylosssets different weights to false negative (FN) and false positive (FP), which

is different fromDice loss using the equal weights for FN and FP.

i (20)

C=|-o

B wn wn
GRon 1B p &n @1 p | B GAp &n

o
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Tverskylosscan be seen as a generalization of Dioss to address the issue of data
imbalance and achieveetter tradeo bet ween pr eThissidaene bya n d
addinga weight to false positiveend false negativabroughb coef yci ent .
When b = 1/ 2, I t Iloss for thie casefpd OBaglin thenotigmmal Di ¢ e
paper [57]

Both of themare measurements of overlap, meaning that they measure the discrepancy

between predicted mask resulting from the network segmentation and the actual one.

Validation
To assess segmentation performanagsropemetric which is alsca measurement of

ovelapis employed-called Intersection over Union:

O TY(‘i‘l BADE O QI | Qo Q¢ (22)
8 0oy ¥ [y 2 \ v, r \
01 @XYs Q¢ ¢

Fig. 23 illustrates the concepts of intersection and union between two bounding boxes
(considering one of them as the grotingth, the other as the network prediction).
loU is a good retric for measuring overlap between grodngh and predicted masks,

evaluaing the overlap between the two areas

|7_ Predicted Mask

Predicted Mask

Fig. 23: Concepts of Intersection and Union of predicted and gretamith mask

Results section will present separately the outcome of both case studies.
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3. Results and Discussion

3.1 Case Study 1Apoptosis Detection with VGG16 CNN

In order to detedheapoptdic nuclej a CNNbased binary classifier is traineddiscern
whether apoptotic fragments atentainedor notinside a fixeesize square window,
giving in output the probability thapoptosis is present within that windo@nce the
CNN is trained, to findy quantifytheapoptoticeventsof the overalkcell population, the
entire image is scanned by the inpimdow to the CNN in sliding window paradigm.
Two window-sizes were investigated: 64x64 pixels and 128x128. The first one
corresponds to the maximum extent of apoptotic everitoseimages used for training
(multiple of 32 for NN architectural consideraig). The secondneis investigatedn

attemptto redue the computational time required in S¥¥st phase.

311Results of Training and Test fo

Summary of Dataset, Model and Algorithm Hyperparameters.

Dataset
The finaldatasetised for training and validatiaa composed by:
- 1468 crops of class apoptos@ming from annotations of treategheroids, with
a preponderant percentage of apoptosis centred in the middle of the window and
the remaining part randomly shifted around the centre (not to bias the model in
predicting apoptotic class even if fragments do not fall perfectly in the nofidle
the window during the SW approagh)
- 13008 crops of class intaitom treatedspheroids population; it was opportunely
checked that no annotated apoptosis was falling inside
- 31831 crops of class intact from untreasgtheroids population
We could not exclude the presence of someamumotated apoptotic evemside a such
large populatioro f 6 i n t. Blawvever, tltosesgples would weigh less during the
learning process since the netwedcognize them onetime only during the training
phase These data were opportunely split in training and validatits \sih respective
ratios 0f80% and20%.
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Model Hyperparameters

After several trials, starting with the original network architecture, we setibe number

of filters in the first convolutional block to, &husdecreasing the number of parameters

to avoid overfittingwithout compromisinghenetworld performance. Since the reduced
input sizethelast block of 3onvolutionalayers and MaxPootigis removedThe other
hyperparameters of the convolutional block remained the same as the original
architecture.

Concerning theully connectegart, thenumber of layers remained the saie,3. The
number of hidden neurons starting from 4096 in d 2nwvas reduced to 256 without

losing performance

Algorithm Hyperparameters

The models trained for 200 epochsyith mini-batch size equal to 32, i.e. the number of
training samples used to estimate the loss before one update of the i@igrash
iteration. The batch size is an important hyperparameter since it infatdecgynamics

of the learning algorithm ontrolling the accuracy of the error estimation and how quickly
the model can learn the task. It was proved that such value leads to good training stability
and generalization performances.

The loss function used for binary classification is the weigbieary crossentropy(Eg.

13). It was preferred to the classical binary cresfropy because the multiplicative factor

b for positive targets gives more importance to their misclassification in loss computation,
resulting in a reduced number of false riegadetections.

The optimum value fosuch multiplicative factowas found empiricalland it was set to

4.

The loss function was minimized with Adam optimization algorifls2]. The learning

rate, which controls how much the model weights change during their update in
response to the estimated loss, was set to 0.001 at the beginning of the learning process
andconfigured with sigmoidal drop up to the final value of 0.0001 at the last iteration.

Results of the training process are showRig 24
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Fig. 24: a. Loss,b. Accuracy.c. Precision,d. Recall ance. Learning Rate trends during
training epochs

Model performances are evaluated in terms of accuracylassical metric for
classification problems whicimdicate the goodness of the model in making a correct
prediction, but since we are dealing with a very unbalanced problem it resulted not
sufficient to validate the model, thus precisigudntifying the ability of the model to
identify asrelevant instances only those that actually yvared recalllquantifying the

ability of the model to find all the relevant instances within the d3tasst added.

The minimum value for the validation loss was reached at epoch 179, therefore that model

was saved for inference. The results show that satisfactory performances are achieved
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both on the training and on the validation s&tsble 1reports achieved values for loss

and performance metrics used for classification in both sets:

0.0589 0.9995 0.9990 1.0000
0.0950 0.9907 0.9872 0.9955

Tablel: Summary of | ossd6s and metricsod values f

In order tofind the optimal value for weighh in WBCE loss (Eq. 13), an empirical
procedure was followedrlhis consists in testing several models, each of them being
trained with a different value d, on a set of entire images where apoggosere
manually labelled (for a total of 12 images) and scanned with the SW technique with
stride equal to haiéize of the window.

For each of these imagés,assess the performance of each maldelFtscore las been
calculated,which is more suitable than accuracy when class distributions are uneven.
Obtained values are then averaged over the entire test set.

Values br beta which wer@vestigated range between 1 and 33, where 33 corresponds
to the mean rabi between intact and apoptotic windoassiong test images. Results

(summarizedinTable2) ave shown that a val uscork.or b eqlL

0.6165
0.6096
0.6463
0.6429
0.5939
0.6099
0.6232

Table2: Computed-1-score for several models trained with different values of-beta
weight coefficient in loss
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It is interesting to shoveature map$rom thevariousconvolutional layeref the CNN

for avalidation sampleontaining an apoptotic event correctly classified by the model
(output > 0.99)Fig. 25 shows that the trained filters capture ttontent inside the image
useful to predict the correct cla3his means that the model bases its predictiomoset

pixels which really define the apoptotic event.

Fig. 26, 27, 28, 29 report instead different examples of apoptosis identification from
different images (each of them being orghack of a different tumour). In each of them,
those windows predicted by the mbttecontain apoptosis are highlighted: true positive
(TP) predictions (i.e. a window predicted to contain apoptosis which correspond an
annotated event by ACAS software) are identified in green; false positive (FP) predictions
(i.,e. window predicted to etain apoptosis which are not detected by ACAS) are

identified in red. False negatives (FN) are not reported.
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Fig. 25: Feature map$rom convolutional layera. input image and output from the

filters in the firstconvolutional block; b. input image and output from the second

convolutional block; c. output from the third convolutional block; d. output from the

fourth convolutional block. igher values for the output feature maps (coloured in red

in figures) indicate hat t hose pixels 6weighd more for
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Fig. 27: Apoptosis detection in test imag¢sample no. 20, dose 4Gy, spheroid 2ya-
stack nol): 11 apoptosis identified. True Positives (TPY=alse Positives (FP) = 4,
False Negatives (FN) =.0
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Predicted Apoptosis

Predicted TP window True window Predicted TP window True window

predicted TP window True window False Positive Window False Positive Window

False Positive Window

Fig. 28: Apoptosis detection in test image 3 (sample no. 22, dose 4Gy, spheroid no. 2, z
stack no. 1): 8 apoptoses identified. True Positives (TP) = 3, False Positives (FP) = 5,
False Negatives (FN) =.0
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Fig. 29: Apoptosis detection in test imagé¢sample no22, dose 4Gy, spheroid n8, z
stack nol): 26 apoptoss identified. True Positives (TP)H, False Positives (FP) =
12, False Negatives (FN) 2.
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Table3 summarizes the effectiveness of our detection approach in tefimsedPositives
(TP), False Positives (FP) and False Negatives (FN) for the four test images above

presented.

7 3 3 4 0
11 7 7 4 0
8 3 3 5 0
26 16 14 12 2

Table 3.Summary of True Positives (TP), False Positives (FP) and False Negatives (FN)
for the four test imagesompared to ACAS output.

From these results, a consistent false positive number is obser/aislés mainly due

to the lowsensitivity in apoptosis detectitny ACAS software.

The outcome of the model went under examination of expert biologists, which indeed
confirmed that most of the predictions classified as containing apoptotic events, do
adually contain apoptosis, not detected by the software previously used.

Based on their corrections, thetualnumber of TP and FP is thus adjusted:

7 6 1 0
11 10 1 0
8 7 1 0
26 26 0 2

Table4. Summary of True Positives (TP), False Positives (FP) and False Negatives (FN)
forthe fourtestimagesd j ust ed after biologistsd iIinspec

TominimizeFNs 6 d e t echdsd aavaeight fagter equal to 4 in the loss formula with
satisfying result¢see Table 4)However, it was observed that a reduction inrfelhber

was possible alsby halvingthe stride at which the window is scanned along the image
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during the SW paradignfror cemonstrationwe show inTable 5a comparison between
resultsobtained in 4 test images using the model trained with simple-ermisspy loss
f unct i scannddbverlithe imagesh stride = 32 and stride = 16

1 6 4 79s 5 15 0 304s
2 4 2 49s 4 13 0 .
8 14 6 54s 15 27 0 195s

2 2 3 56s 4 4 0 .

Table 5:Comparison of results of the model trained with binary cergsopy loss
tested over four images with stride = 32 and stride = 16.

FNsnumber is reduced to zero in all cases. However, computational time required to scan
the overall window is quadruplitad (as the number of windows to be investigatatp,

the number of FPincreased. For these reasons, the choice of a model trained with
weighted crose nt r opy | oss (b=4), used in test
preferred.

The mean computatiohime required to scan an entire image of about 1800 pixels per
size is about 50 seconds. The proposed method can help the work of biologists, avoiding
them to scan manually such images to count apoptosis, but resulted a bit slow. For this
reason, the edict of increasing the size of the window for predictions was investigated as
possible alternative, with the opportunity of reducing by a factor of 4 the computational

time required per image.
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3.1.2 Results of Training and Test for 128x128 Input mages & Si

Summary of Dataset, Model and Algorithm Hyperparameters

Dataset

The finaldatasetised for training and validatiaa composed by:
- 1466 crops class apoptosis coming from annotation of treated spheroids
- 19963 crops class intact from treated spheroids population

- 14740 crops class intact from untreaggiheroids population

As in the previous casdata were opportunely split in training and validation sets with

respective ratios 0% and20%.

Model Hyperparameters

The model architecture and hyperparameters were the same discussed in the case of 64x64
input. In this case, the last block®convolutionalayers and MaxPoolings maintained

as in the original architecturéfter several trials, starting with the original network
architecture, weeduced th@umber of filters in the first convolutional block 16, thus
decreasing the number of parameters to avoid overfittitigoput compromising network
performance Concerning theully connectedoart the number of layers remained the

same, fixed t@. The number of hidden neurons starting from 4098erfirstandsecond

layerswas reduced t@024without losing performance

Algorithm Hyperparameters

The models trained for 200 epochsyith mini-batch size equal to 3Zhe loss function

used for binary classification is the weighted binary ceogsopywi t h  wei ght b
4. The loss function was minimized with Adam optaatiion algorithm. The learning rate

was set to 0.001 at the beginning of the learning process, it was configured with sigmoidal
drop up to the final value of 0.0001 at the last iteration.

Results of the training process are shown in 30y.
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Fig. 30: a. Loss,b. Accuracy.c. Precision andl. Recall trends during training epochs

The minimum value for the validation loss was reached at epoch 149, therefore that model
was saved for inference. The results show that satisfactory performances are achieved
both on the training and on the validation s&tsble 6 reports thachieved vales for

loss and performance metrics used for classification in both sets:

0.1178 0.9922 0.9846 0.9992
0.1590 0.9919 0.9906 0.9938

Table6: Summary of | os s 6tminiegrant vatidationsets s 6 v al ues

Fig. 31, 32, 33, 34 show different examples of apoptosis identification from the same
images analysed in the 64x64 input case. In each of them, those windows predicted by
the model to contain apoptosis are highlighted: truetipes(TP) predictions (i.e. a
window predicted to contain apoptosis which correspond an annotated event by ACAS

software) are identified in green; false positive (FP) predictions (i.e. window predicted to
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contain apoptosis which are not detected by AC#&®)identified in red. False negatives
(FN) are not reported.

Predicted Apoptosis

Fig. 31: Apoptosis detection in test image 1 (sample no. 20, dose 4Gy, spheroid-no. 1, z
stack no. 3)5 apoptoss identified. True Positives (TP)2; False Positives (FP) 3,
False Negatives (FN) %
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Fig. 32 Apoptosis detection in test imag¢sample no. 20, dose 4Gy, spheroid 2ya-
stack nol): 13 apoptoss identified. True Positives (TP)5; False Positives (FP) 7,
False Negatives (FN) 2.
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Fig. 33: Apoptosis detection in test image
(sample no22, dose 4Gy, spheroid nB, zstack
no.1): 10 apoptoss identified. True Positives (TP
= 3, False Positives (FP) 7, False Negatives
(FN) = 0.
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Fig. 34: Apoptosis detection in test imagésample no22, dose 4Gy, spheroid n8, z
stack nol): 22 apoptogs identified. True Positives (TP) 10, False Positives (FP) =
12, False Negatives (FN) 6
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Results show a worsenimgthe performances during SW test, with increased number of
both FP and FN. A possible reason is the large gap between window size and stride
compared to the dimensionality of apoptotic fragments to be detected, which are in the
order of few pixels. Redurrg the stride to 32 pixels resulted in an improvement of the
performances, however computational time quadruplicated, resulting in no advantage

compared to the 64x64 inpsized model applied with equal value of stride.

2 3 1 12s 3 3 0 46s
5 7 2 12.5% 7 10 0 .
3 7 0 11s 3 7 0 48s

10 12 6 8.5 14 17 2 .

Table7: Comparison of results of the model tested over four images with stéde =
and stride =32.

The final outcome of this approacbnsistsn a list ofx and y coordinates reporting the
centroids of windows (clustered if their distance is belaywvan threshold) which have
detected an apoptotic event inside their conteigt. 35and Table 8 Such results, then
validated by expert biologists, demonstrated that the implemented system is able to detect
apoptosis more efficiently and with higher siivity than other software commercially
available. It was not possible with this approach to further investigate the cell population,
for example computing other useful indexes such as the apoptotic ratio, which instead

became feasible with the implematibn of the segmentation model.
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Annotated
Coordinates
(641, 1387)
(658, 669)
(297, 1076)
(534, 1402)

Predicted Apoptosis

Fig. 35: Test image with predicted apoptotic windows.

Predicted
Coordinates
(629, 1386)

(656, 672)
(288, 1072)
(544, 1408)
(800, 1088)

(384, 992)

(704, 704)
(480, 1040)
(128, 1056)

(704, 800)

(320, 864)

(96, 672)

(384, 928)

(192, 512)

Table8: Predicted coordinatetor image in Fig. 35

79



3.2 Case Study: Semantic Segmentation with UNet

Counting the number of cells microscopic images is essential for biological studies,
allowing for the computation of useful indexes to quantify therapy effects, such as the
already mentioned apoptotic ratihat the previous method was not able to extiemt

this reason, an autoneat image processing tool is developedspeedup the work of
biologists in the computation of such parameter. To achieve this goal, a CNN was trained
to segment microscopic images, discriminating between intact nuclei, apoptotic
fragments and the remaigjibackground pixels.

After sematic segmentation is achieved, some-pastessing is applied on the predicted

output mask to extract the useful parameters.

Dataset

Input images also come from Dataset 1, which underwent the sanpropessing
pipeline gplied in the previous case study. Among the entire dataset, those images
containing the largest number of annotated apoptosis were chosen, to limit class
imbalance issues in the constructed dataset.

About 90 images were selected; they were cropped imitigle to fit the input size for

the network of 512x512 pixels, and manually labelled sample by sample. Last, they were
manually split in training and validation sets, and augmented by a factor of 10, thus

maintaining the two datasets independent fronh exdiger.

Model Hyperparameters

The original architecture of UN&tas maintained with all its hyperparameters. Only the
initial number of filters in the first encoding block was reduced from 64 to 16 because of
computational RAM constrains. This is turn translated in a faster training procedure, since

the number of paraeters to be optimized was much lower.

Algorithm Hyperparameters

Several combinations of values have been tested to tune algorithm hyperparameters. An
appropriate choice of batch size and learning rate values was proved to be fundamental

for achieving seai sfactory results during the train
optimization. In particular, it was found that choosing small batch sizes (below 16
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samples per batch) and learning rates not too small (above 0.005) leads to greater
generalization capdliies.

For these reasons, the final training strategy resulted in the following configuration: the
batch size was set #y the learning rate t6.005 at the beginning of the learning process

and configured with cosine annealing up to the final valuge@D5.

The loss function used for this case is a combination of the Dice loss calculated for intact
mask, and Tversky loss calculated for apoptotic mask. Both of them belong to the
category of regio#based loss, aimed to maximize the overlap between diiouth and
predicted segmentation masks. Therefore, being nensitive losses, they directly
optimize the target metric, which makes them more suitable in medical segmentation
tasks where performances are mostly evaluated in terms loU or Dice score.

Moreover, such loss overcomes the imbalance issue of the target classes (intact and
apoptotic) in respect to background, always preponderant in this type of images. Thus,
Dice loss and Tversky loss only consider the proper segmentation class, overcoming
imbalance issues with respect to background class.

Tversky loss is an asymmetric similarity measure, more suitable than common Dice loss
for apoptosis class because it better mitigates the imbalance of such class in respect to
intact class, achieving a bet tradeoff between precision and recall when adopted in
fine-grained objects segmentatidsi/]. By adding two parameters in its computation,
false negative can be penalized more. This becomes useful in yielding better segmentation
results for the minoty apoptotic class than using the common Dice loss.

These two computed losses are then combined in a weighted average, where the weight
for each class is proportional to the inverse of class occurrences, with their sum
normalized to 1. Resultingalues corputed for each sample in the mini batch, are then

averaged over the batch size N:

f (22

P
0
This final loss is minimized by Adam optimization algorithm.

The model is trained f@00epochs but saved at each iteration when either apoptosis loU

or intact loUfor validation seteached the maximum value up to that point.

Results ofifferenttraining processes are shown in 3§.
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Fig. 36: Loss, loUmetrics for intact and apoptosis classes trends during training

epochs Training configuration: a. batch size = 8, Ir = 0.0010.0001, sigmoidal decay,
number of training epochs = 300; training performed with a reduced number of

samples
b. batch size = 4r = 0.0057 0.001, cosine decay with restart every 50 epochs, number
of training epochs = 200
c. batch size = 4, Ir = 0.00b6 0.0005, single cosine decay, number of training epochs =

300

Semantic segmentation performances are evaluated in terms aflatgéntioned above,

considering it also as a good criterion to choose the combination of weights at the end of

each iteration of the training phase whie bestperformances are achieved over

validation samplesndependent from the training ondde taining configuration that

achieved the best performance in terms of validation loU was the one above mentioned,

leading to a learning trend shown in F3§.(c).

The maximum value for the validation apoptosis loU was reached at 2pbetith an

average #lue over validation images 0f5105. The maximum value for the validation

intact loU was reached instead at epoch 287, with an average valué%f GBice the
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apoptotic class resulted the most delicate in achieving good performances, thedebt
was considered for inferencehe correspondent value for intact loU was 0.8304.

These results indicate a satisfactory accomplishment of the task in the segmentation of
intact cells, less for apoptotic fragments. Looking at the same metric ova@ndrai
samples, the maximum value that was reached during training, edudDf§ clearly
shows a lack of capability to capture the complexity of training data, and therefore to
perfectly fit the expected prediction. The model complexity in terms of numibe
convolutional layers and encoding/decoding blocks could not be increased to better fit
training samples for computational requiremeatsl also because the limited number of
data would have caused overfitting problems.

Instead, the generalization edgility of the model in handling unseen data was quite
good, as the higher value achieved in validation metric for apoptotic mask suggests.
Therefore, an increase in model complexity would have compromise such generalization
capability, together with theat that the training size should have been increased too in
order to avoid overfitting. It has to be notice however, that the gap between validation
loU and training loU is also to attribute to the presence of empty apoptotic masks in
training samples, airded when manually sampling the validation set, which lowers the
final averaged value over instances.

Validation metrics appear fluctuating a lot over training iterations; lowering the learning
rate did not improve this trend, causing instead the probfegetting stuck into a local
minimum.

Batch size, limited to a value below 16 by the available GPU memory, proved to influence
the time of convergence of the training process. The limited range prevented from low

generalization but leaded to relativewlconvergence of the training algorithm.
More specifically, a positive trend is vis

(c)), indicatingthat their values would have continued to increase if the training process

waslonger. Results of two longer trainipgoceduresre shown in Fig. 37:
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Fig. 37:Loss, loU metrics for intact and apoptosis classes trends during training with
a. batchsize =4, Ir= 0.0051 0.0005, single cosine decay, training epochs08
b. batch size = 4, Ir = 0.005 0.0005, single cosine decay, training epocHg08.

These results still show a

increaseeven more the number of training iterasorThis was not possible for

computational limits imposed by Colab.

Finally, it was observed that the mean loU over training and validation samples were not

p oS suggeshgeto t r end

optimized at the same time for the two classes, stiggdbat the model was not able to

learn an objective distinction of the two classes. This questioned the quality of manual
labelling, affected by human subjectivity in precisely define the contours of cells which

appear fading in the background.

Segmerdtion results over validation images are reported inFdgnd Fig.39.
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Fig. 38 Output predictions for 4 validation samples, one for each row: the first column
reports the input image, second column the predicted output mask, thediuinth the
corresponding groundruth mask. Legend: pink regions identify intact nuclei, yellow
regions the apoptotic fragments, black regions indicate tbellalar background.
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Fig. 39: Output predictions for 4 validation samples, onedach row: the first column
reports the input image, second column the predicted output mask, the third column the
corresponding grourdtruth mask. Legend: pink regions identify intact nuclei, yellow
regions the apoptotic fragments, black regions indidagestcellular background.
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Once the segmentation mask was obtained by the model prediction, the number of intact
and apoptotic cells was calculated. Obtained intact masks underwent simple post
processing involving filling holes appearing in the segmented nucleeamal/al ofsmall
objects having an area in terms of count of pixels lower than a certain threshold
considering thenust noise coming from the background which wasngly counted as

an intact nucleus. For apoptosis mask instapdptotic segments with a relative distanc
below a given thresholavere clustered to be counted as a single apoptotic event,
excluding isolated fragments, and computing the centre of mass for each cluster.

The resulting output is shown in Fig0, 41, 42, 43or some test images: the first row
reports on the left the input image with a circle in correspondence of an apoptotic event
detected, centred in the resulted centroid of fragments; on the right, the obtained
segmentation mask is shown; the second row reports the input mask directly érom th
model output on the left, with each instance coloured with a different colour, white post
processed mask with noisy pixels filtered out is shown on the right
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Fig. 40: Out put prediction for image O6Sample 1,
input image with apoptotic events detected circled in light blue; b. predicted output

mask(intact nuclei in purple, apoptotitagmentdn yellow, background in blackg.

predicedintact mask(each colour indicate a different instangd) postprocessed

intact mask.
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Fig.4: Out put prediction for i Mm8lge836ad Sampl e 1,
input image with apoptotic events detected circled in light blue; b. predicted output

mask(intact nuclei in purple, apoptotitagmentsn yellow, background in blackg.

predictedintact mask(each colour indicate a different instangd) postprocessed

intact mask.
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Fig.42 Out put prediction for i &8lge36adtnpua mpl e 1,
image with apoptotic events detected circled in light blue; b. predicted output mask

(intact nuclei in purple, apoptotitagmentsn yellow, background in blackg.

predictedintact mask(each colour indicate a different instangd) postprocessed

intact mask.
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Fig.43 Out put predi ct? ose 4Gy Ipheroitha gSel iadocSa nipdl: e
input image with apoptotic events detected circled in light blue; b. predicted output
mask(intact nuclei in purple, apoptotitagmentsn yellow, background in blackg.
predictedintact mask(each colour indicate a different instangd) postprocessed

intact mask.

Obtained results are compared to software annotafiways remembering thieow

s o f t wparforené@nses in detecting apoptosiee number of revealed apoptosis from

the segmentation mask was always higher than the value reported in annotations.
Therefore, discrepancies between the two values were catsideceptable. d&taining
insteadmore reliable thereportednumber ofintact nuclej it resulted infeasible to
perfectly predict the original number of annotated nuclei, revealing performance
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' i mitations discussed af twlues.tAmere acderduatedv at i
underestimation of the number of intact nuclei was observed when cellular population
was denser, imputable to the fact that overlapped nuclei, despite a good segmentation,
accounted for a single instance. Simple algorithms @mafplied to overcome this
limitation, such as the watershed transformation.

A comparison between annotated gmddicted counts of images shown in Fg, 41,

42, 43, together with the computation of apoptotic raisoshown inTable9.

187 0 179 4 0.0219
238 6 241 11 0.0437
235 10 228 16 0.0656
439 4 372 12 0.0313

Table9: Comparison between annotated and counted number of intact nuclei for

images inFig. 40, 41, 42, 43

Results were retained satisfying by biologists after inspection. The model prediction,
despite not so high values reached in metrics indexes to assess performances, resulted
adequate for correctly quantifying the number of intact cells and the numbempodtip

events.

The overall computational time for each image, including the sam@rpcessing
pipeline applied for training and validation images, model prediction angpostssing

of the predicted segmentation, is in the order of seconds, pro\adgignificant time

saving compared to manual procedures.

The model was tested also over images belonging to the second dataset provided. Results
are shown in Fig. 44, respectively for high quality (Fig. 44 (a)), medium quality (Fig. 44
(b)), and lowqualty (Fig. 44 (c)) image
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Fig. 44: Model prediction for a higlquality (a), medium quality (b) and low quality (c)
image of dataset ZEirst column reports the input image with the computed apoptotic
centroid circled in light blue. Second column reports the output segmentation mask:
intact nuclei inpink, apoptotic fragments in yellow, background in black.
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3.3 Comparison of theProposedMethods

A comparison betweethe two proposed approach is proposed in Fgand Fig46,
which illustrate in the first column the predictions made by the SW approach, on the
second column the results of semantic segmentation after clusipoptptic fragments

detected for the same image:

Sample20 Dose4 Spheroid3 Stackl Segmentation Predictions

Sample22 Dosed Spheroid1 Stackl Segmentation Predictions

Fig. 45. Comparison between results obtained with SW detection and semantic
segmentation for two imagesight-blue circles indicate the respectigpoptosis events
predicted purple circles in first column reporiSCASannotatiors for each image
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Sample22 Dose4 Spheroid3 Stackl

b.

Fig. 46. Comparison between results obtained with SW detection and semantic
segmentation for two imagesight-blue circles indicate the respective apoptosis events
predicted; purple circles in first column reports ACAS annotations for each image

From these figures, the comparison figured out thag¢tkr@ predictions in respect to the
available annotations was consistent between the two methods, confirmingseecpre

of real apoptotic events in those positions. Also, the rivsthod resulted more sensible

in detecting apoptosis, with always a greater number of detectichsse predictions

are correct detections, the lack of capability of the semantic seggannodel to detect

them could be imputed to the lower performances reached during training.

However, the latter method has the advantage of more precisely localizing apoptotic
events, being the centroid computed from the coordinates of detected ftagmemot
windows. Also, it resulted computationally more efficient, requiring just few seconds in

order to detect apoptosis in the entire image.
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