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Summary

Breast-conserving surgery (BCS), followed by radiotherapy, has become
the standard treatment for most early-stage breast cancer (BCa) patients.
Successful BCS requires complete tumour excision with a margin of
surrounding healthy tissue, i.e. obtaining negative resection margins.
Positive margins, indicating residual tumour cells at the specimen border,
remain the main risk factor for local recurrence after BCS. Sectional
histopathology is the gold standard for margin assessment. According to
the 2014 Society of Surgical Oncology and American Society for Radiation
Oncology (SSO-ASTRO) consensus, a tumour-free margin greater than
0 mm is considered adequate for invasive cancer of no special type
(NST) and invasive lobular carcinoma (ILC), while a minimum margin
of 2 mm is recommended for ductal carcinoma in situ (DCIS). Positive
margins are found in approximately 20% of patients after initial BCS, with
wide variations reported in literature. Re-excision is often required for
these patients to clear the breast of remaining tumour cells, a procedure
associated with psychological, physical, and economic consequences. To
avoid secondary surgery, techniques for fast intraoperative margin assess-
ment (IMA) are required. However, existing methods like frozen sections,
imprint cytology, intraoperative ultrasound, and specimen radiography
have important limitations. Currently, there is no cost-effective IMA
method available that shows sufficient accuracy and does not disrupt the
surgical workflow.

Recently, a promising technique for IMA has emerged: ex vivo specimen
imaging with high-resolution (micro-) positron emission tomography
(PET), combined with computed tomography (CT). A compact and mobile
micro-PET-CT specimen scanner can generate 3D images of excised
BCa specimens directly in the operating theatre, providing detailed
information on both margin status and margin width. Clinical studies
demonstrated the feasibility and safety of this technique, and showed
that micro-PET-CT imaging reached a significantly higher success rate in
addressing positive margins in BCa specimens compared to standard-of-
care IMA techniques. In these studies, physicians manually interpreted
the images in approximately one minute per 3D image. While combining
assessments from multiple surgeons improved reproducibility, variability
in single-reader evaluations remained. To further improve interpretation
speed, inter-reader reliability, and possibly diagnostic performance, this
dissertation explores first steps towards a decision-support system to
assist physicians in interpreting micro-PET-CT images. For this purpose,
a deep learning (DL) model was developed that automatically segments
breast tumours in micro-PET-CT images of lumpectomy specimens, thereby
also enabling automated margin status prediction.



Summary

To develop such a DL model, first, we collected a dataset of micro-PET-CT
images of BCa specimens with the corresponding ground-truth tumour
segmentations. For this purpose, we developed a novel method to
accurately and automatically align micro-PET-CT specimen images with the
corresponding histopathology whole slide images (WSls). The proposed
co-registration method combines an image acquisition scheme that min-
imises and tracks tissue deformation with a mathematical co-registration
algorithm that further optimises image alignment. The image acquisition
scheme consists of three steps: (1) Micro-PET-CT images of approximately
2 mm thick lamellas of fresh surgical specimens, enclosed in tissue
cassettes, are acquired. (2) Micro-CT images of the same lamellas
after formalin fixation are captured to visualise tissue deformation.
(3) One haematoxylin and eosin (H&E) stained histopathology section
per lamella is obtained of which a digital WSI is acquired. Next,
an automatic co-registration algorithm was developed to improve the
alignment between the micro-PET-CT images of the fresh lamellas and
WSIs, guided by the micro-CT of the fixated lamellas. Compared with
existing in vivo PET-histopathology alignment methods, the proposed
workflow is less labour-intensive and time-consuming, requiring only fresh
cutting of lamellas in addition to standard histopathology, and performing
fully automatic co-registration using intensity-based similarity metrics.

We applied the co-registration method to 53, 19, and 10 cassettes from
19 NST, 6 ILC, and 3 DCIS specimens, respectively, from patients pre-
operatively injected with 0.8 MBq/kg [®®F]fluorodeoxyglucose (["®*F]FDG).
While the cassette framework minimised tissue deformation, the best
alignment between the micro-PET-CT images and WSIs was achieved after
deformable co-registration, indicating the need to correct for free-form
tissue deformations. Using microcalcifications as landmarks, the final
mean spatial co-registration error between micro-PET and histopathology
was 0.69 + 0.23 mm, which is comparable to the spatial resolution of
the micro-PET images. The obtained 2D co-registered images allowed us
to study standardised uptake values (SUVs) of different breast tissues,
as identified on the WSIs by an experienced breast pathologist. In
general, (pre)malignant tissue (including NST, ILC, and DCIS) showed
higher SUVs than healthy tissue (including healthy glandular, connective,
and adipose tissue). This suggests that ILC and DCIS tumours can be
visualised using micro-PET-CT, while they are in general more difficult to
detect in in vivo PET. As expected, inflamed tissue and skin also showed
high uptake. Furthermore, tumour annotations from histopathology
could be transferred to the aligned 2D micro-PET-CT images to obtain
ground-truth breast tumour segmentations, crucial for the development
and validation of DL-based segmentation models. While currently we only
applied this method to (highly deformable) BCa specimens, we believe
the proposed method is applicable to a wide range of specimens and
radiotracers, providing insight into distributions of (new) radiotracers in
human malignancies at a submillimetre resolution.

Vi



Afterwards, we used the collected dataset of 2D micro-PET-CT images
with histopathology-derived ground-truth segmentations to develop a
DL model for automated breast tumour segmentation. We used a
stratified group nested five-fold cross-validation scheme to train and
evaluate an ensemble of 2D Residual U-Nets (ResU-Nets) to delineate
(pre)malignant tissue in micro-PET-CT images of breast cancer specimens.
The models were first trained on the largest group of NST cases, after
which transfer learning was performed for the combined group of ILC
and DCIS cases. For the segmentation of NST tumours, the ResU-Nets
reached a Dice similarity coefficient (DSC) of 073 + 0.20, and the area
under the curve of the precision-recall curve (PR-AUC) was 0.83 + 0.14.
We compared the performance of the ResU-Nets with conventional
PET intensity thresholding, and found that, for the NST cases, the
ResU-Nets outperformed intensity thresholding for the PR-AUC value. The
segmentation of ILC and DCIS tumours was found to be more challenging,
with DSC values of 0.49 + 0.26 and 0.03 + 0.02, and PR-AUC values of
0.60 + 0.25 and 0.03 + 0.03 for ILC and DCIS, respectively. Although the
ResU-Nets showed better performance compared to intensity thresholding
for the ILC and DCIS cases, due to the small datasets, no statistically
significant improvements were found. Furthermore, we showed that
combining micro-PET and micro-CT information is essential for accurate
tumour delineation, with dual-modality input models outperforming
single-modality input models. This indicates that the combination of
metabolic information from micro-PET, with high-resolution structural
information from micro-CT, is crucial for accurate tumour segmentation.
A unique aspect of our study is the use of histopathology as the gold
standard for tumour segmentation instead of the more common manual
expert annotations, providing a more clinically relevant ground truth of
tumour extent.

Next, we validated the ability of the ResU-Nets to accurately predict
the margin status of BCa specimens. For this purpose, we used the
datasets collected in the BIMAP and BrIMA studies, which contain 3D
micro-PET-CT images with histopathological ground-truth margin status.
The BIMAP study collected images of 41 specimens at the Ghent University
Hospital, whereas the BrIMA study imaged 152 specimens across six
hospitals in three European countries. Both studies imaged early-stage
BCa specimens (including NST, ILC, DCIS, and neoadjuvant-treated (NAT)
specimens), with NST being the predominant subtype with 31 and 84
cases in BIMAP and BrIMA, respectively. The ensemble of ResU-Nets
was used to segment (pre)malignant tissue in these previously unseen
images, after which the margin status was predicted based on whether
the segmented tumour touched the specimen border. When comparing
the predicted and true histopathological margin status in all NST cases, F1
scores of 84% and 41% were reached for the BIMAP and BrIMA datasets,
respectively. For all BCa subtypes combined, F1 scores of 76% and 50%
were obtained for the BIMAP and BrIMA datasets. The performance of the
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ResU-Nets was compared with conventional PET intensity thresholding,
as well as with the intraoperative margin assessments of physicians
interpreting the same micro-PET-CT images in the BrIMA study, and
with the postoperative majority vote of seven and four physicians in
the BIMAP and BrIMA studies, respectively. Both for the NST tumours
and for the combined group of all BCa subtypes in the BIMAP and
BrIMA datasets, the ResU-Nets showed margin assessment performance
statistically equivalent to intraoperative and postoperative physicians’
assessments, while consistently outperforming intensity thresholding.
Notably, the ResU-Nets achieved physician-level performance on a large
multicentre dataset containing diverse BCa subtypes, representative of
the true clinical population. Although statistical significance could not
always be shown for smaller ILC, DCIS, and NAT subsets, the ResU-Nets
generally showed higher specificity, precision, and F1 scores compared
to intensity thresholding. Moreover, despite not being trained on NAT
tumours, the models also achieved performance comparable to physicians
for this subgroup, indicating their robustness.

Finally, although the developed DL models showed promising perfor-
mance, safe clinical deployment requires insight into prediction un-
certainty, which is not captured by binary tumour segmentations or
margin status labels. The tumour probability maps predicted by the
DL models express this uncertainty at the pixel level. To make these
probabilities reliable, we calibrated them, improving the trustworthiness
and interpretability of the model outputs. Tumour probability maps
predicted by the ResU-Nets were calibrated using the inductive cross-
Venn-ABERS method, focusing on the largest subgroup of patients with
NST BCa. Calibration was performed and evaluated on the dataset of 53
2D micro-PET-CT images from lumpectomy lamellas of 19 patients with
NST BCa, using histopathology-derived tumour segmentations as ground
truth. The validation folds in the group nested five-fold cross-validation
scheme, used to train the segmentation models, were used as calibration
sets. Calibration substantially improved agreement between predicted
pixel-level tumour probabilities and observed frequencies of malignant
pixels. The expected calibration error (ECE), binary cross-entropy (BCE)
loss, and Brier loss were reduced by 60.5%, 17.7%, and 14.8%, to final values
of 0.017, 0172, and 0.052, respectively. Tumour segmentation performance,
in terms of area under the curve of the receiver operating characteristic
(ROC-AUC) and PR-AUC, remained stable after calibration. Calibrated
probability maps were also generated for the 84 3D micro-PET-CT images
of NST specimens in the BrIMA dataset, with true histopathological margin
status labels. In terms of margin assessment performance, calibration led
to a slight decrease in PR-AUC. Qualitatively, the probability maps provided
transparent, spatially-resolved visualisations of prediction uncertainty,
and calibration made these estimates more reliable, enabling trustworthy
identification of uncertain tumour boundaries and ambiguous margin re-
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gions. These findings suggest that calibrated tumour probability maps can
support more informed, efficient, and risk-aware clinical decision-making.

In conclusion, the proposed DL models are capable of predicting both
tumour segmentations and margin status labels, as well as communicating
spatially-resolved prediction uncertainty. These models show great
potential to improve consistency and reduce decision-making time when
interpreting micro-PET-CT images of lumpectomy specimens. Although
the results are promising, further validation is required before the DL
models can be adopted in clinical practice. Larger and more diverse
datasets, particularly including rarer BCa types such as ILC and DCIS, are
needed to further improve and evaluate the models. In addition, future
work should focus on improving model efficiency for fast intraoperative
decision-making, as well as on further enhancing model trustworthiness
to support effective collaboration with physicians. Moreover, the clinical
usability and value of the proposed DL models should be investigated.
Overall, the work presented in this dissertation is a first step towards a DL-
based decision-support system to enhance IMA in BCa using micro-PET-CT,
facilitating the adoption of this technique in clinical practice.






Samenvatting

Patienten met borstkanker in een vroeg stadium worden standaard behan-
deld met borstsparende chirurgie, gevolgd door radiotherapie. Een suc-
cesvolle chirurgische ingreep vereist volledige verwijdering van de tumor
met een marge van omliggend gezond weefsel, resulterend in negatieve
snijranden. Positieve snijranden, die wijzen op resterende tumorcellen aan
de rand van het resectiespecimen, vormen de belangrijkste risicofactor
voor lokaal recidief na borstsparende chirurgie. De gouden standaard
voor margebeoordeling is histopathologisch onderzoek van coupes van het
resectiespecimen. Volgens de SSO-ASTRO ("Society of Surgical Oncology
and American Society for Radiation Oncology”) consensus van 2014 wordt
voor invasief carcinoom van het niet-speciale type (NST) en invasief
lobulair carcinoom (ILC) een tumorvrije marge van meer dan 0 mm
als voldoende beschouwd, terwijl voor ductaal carcinoom in situ (DCIS)
een minimale marge van 2 mm wordt aanbevolen. Desondanks worden
bij ongeveer 20% van de patiénten na de eerste operatie positieve
snijranden vastgesteld, hoewel in de literatuur grote variaties in dit
percentage worden gerapporteerd. Deze patiénten moeten vaak een
heroperatie ondergaan om resterende tumorcellen te verwijderen uit de
borst, wat gepaard gaat met psychologische, fysieke en economische
belasting. Snelle en betrouwbare intraoperatieve margebeoordeling is
daarom essentieel om heroperaties te voorkomen. Bestaande technie-
ken, zoals vriescoupes, imprint cytologie, intraoperatieve echografie en
specimenradiografie, kennen echter belangrijke beperkingen. Momenteel
ontbreekt een kosteneffectieve methode die voldoende nauwkeurig is en
de chirurgische workflow niet verstoort.

Recent is een veelbelovende techniek ontwikkeld voor intraoperatieve
margebeoordeling: ex vivo beeldvorming van resectiespecimens met
hoge-resolutie (micro-) positronemissietomografie (PET), gecombineerd
met computertomografie (CT). Een compacte, mobiele micro-PET-CT scan-
ner kan meteen in de operatiekamer 3D beelden genereren van verwij-
derde borstkankerspecimens, waardoor zowel de status als de breedte
van de snijranden gedetailleerd kan worden beoordeeld. Klinische studies
hebben de haalbaarheid en veiligheid van deze techniek aangetoond
en lieten zien dat micro-PET-CT een significant hoger succespercentage
behaalt bij het opsporen en adequaat aanpakken van positieve snijranden
in borstkankerspecimens dan standaard intraoperatieve technieken. In
deze studies werden beelden handmatig geinterpreteerd door artsen
in ongeveer één minuut per 3D beeld. Hoewel gezamenlijke beoor-
deling door meerdere artsen de reproduceerbaarheid verbeterde, bleef
interwaarnemer-variatie bestaan. Dit proefschrift onderzoekt daarom
de eerste stappen in de ontwikkeling van een beslissingsondersteunend
systeem dat artsen kan helpen bij de interpretatie van micro-PET-CT beel-
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den, met als doel de interpretatiesnelheid, de interwaarnemer-variatie en
mogelijks de diagnostische prestaties verder te verbeteren. Daartoe is
een deep learning (DL) model ontwikkeld voor automatische segmentatie
van borsttumoren in micro-PET-CT beelden van borstkankerspecimens,
waarmee tevens de margestatus kan worden voorspeld.

Voor de ontwikkeling van dit model werd eerst een dataset samengesteld
van micro-PET-CT beelden van borstkankerspecimens met bijbehorende
tumorsegmentaties op basis van histopathologie. Hiervoor ontwikkelden
we een nieuwe methode om micro-PET-CT beelden van chirurgische
resectiespecimens automatisch en nauwkeurig te coregistreren met over-
eenkomstige digitale beelden van histopathologische coupes. Deze
methode combineert een beeldacquisitieprotocol dat weefselvervorming
minimaliseert met een wiskundig coregistratie-algoritme dat de alignering
van de beelden verder optimaliseert. Het acquisitieprotocol omvat
drie stappen: (1) acquisitie van micro-PET-CT beelden van lamellen
van verse resectiespecimens met een dikte van ongeveer 2 mm, in-
gesloten in weefselcassettes; (2) acquisitie van micro-CT beelden van
dezelfde lamellen na fixatie in formaline om weefselvervorming in kaart
te brengen; en (3) acquisitie van een digitaal beeld van één coupe
met hematoxyline-eosine (H&E) kleuring per lamel. Vervolgens werd
een automatisch coregistratie-algoritme toegepast om de micro-PET-CT
beelden van de verse lamellen te aligneren met de digitale coupes,
gestuurd door de micro-CT beelden van de gefixeerde lamellen. In
vergelijking met bestaande methoden voor het coregistreren van in vivo
PET beelden met histopathologie is deze aanpak minder arbeidsintensief
en tijdrovend. Naast de standaard histopathologische verwerking is enkel
het snijden van verse lamellen vereist, waarna een volledig automatische
coregistratie wordt uitgevoerd aan de hand van intensiteitsgebaseerde
gelijkenismetrieken.

De coregistratie-methode werd toegepast op respectievelijk 53, 19 en 10
cassettes van 19 NST, 6 ILC en 3 DCIS specimens van patiénten die preope-
ratief 0.8 MBq/kg ["®F]fluorodeoxyglucose (['®FIFDG) kregen toegediend.
Hoewel de cassettes weefselvervorming tot een minimum beperkten, werd
de beste alignering van de micro-PET-CT beelden met de digitale coupes
bereikt na deformeerbare coregistratie. Dit wijst op de noodzaak om te
corrigeren voor niet-rigide weefselvervormingen. Met microcalcificaties
als referentiepunten bedroeg de uiteindelijke gemiddelde ruimtelijke
coregistratiefout tussen micro-PET en histopathologie 0.69 + 0.23 mm, wat
vergelijkbaar is met de ruimtelijke resolutie van de micro-PET beelden.
De verkregen 2D gecoregistreerde beelden maakten het mogelijk om de
SUVs (“standardised uptake values”) van verschillende borstweefsels te
analyseren. De borstweefsels werden geidentificeerd op de digitale coupes
door een ervaren borstpatholoog. Doorgaans vertoonde (pre)maligne
weefsel (waaronder NST, ILC en DCIS) hogere SUVs dan gezond weefsel
(waaronder normaal klier-, bind- en vetweefsel). Dit suggereert dat
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ILC en DCIS tumoren met micro-PET-CT kunnen worden gevisualiseerd,
terwijl ze doorgaans moeilijker detecteerbaar zijn met in vivo PET. Zoals
verwacht vertoonden ook inflammatie en huid een verhoogde opname van
["F]FDG. Verder konden tumor annotaties op basis van histopathologie
worden overgedragen naar de gealigneerde 2D micro-PET-CT beelden
om referentiesegmentaties van borsttumoren te verkrijgen, essentieel
voor de ontwikkeling en validatie van segmentatiemodellen gebaseerd
op DL. Hoewel deze methode momenteel enkel werd toegepast op
(sterk vervormbare) borstkankerspecimens, is zij naar verwachting breder
toepasbaar op diverse resectiespecimens en radiotracers. Daarmee kan
inzicht worden verkregen in de distributie van (nieuwe) radiotracers in
humane maligniteiten met een resolutie op submillimeter niveau.

Vervolgens gebruikten we de verzamelde dataset van 2D micro-PET-CT
beelden, voorzien van op histopathologie gebaseerde referentiesegmen-
taties, om een DL model te ontwikkelen voor automatische segmentatie
van borsttumoren. Hiervoor maakten we gebruik van een gestratifi-
ceerd, genest vijfvoudig groepskruisvalidatieschema om een ensemble
van 2D ResU-Nets (“residual U-Nets”) te trainen en te evalueren voor
het segmenteren van (pre)maligne weefsel in micro-PET-CT beelden van
borstkankerspecimens. De modellen werden eerst getraind op de grootste
groep van NST cases, waarna transfer learning werd toegepast op de
gecombineerde groep van ILC en DCIS cases. Voor de segmentatie
van NST tumoren behaalden de ResU-Nets een DSC (“Dice similarity
coefficient”) van 0.73 = 0.20, en een PR-AUC (“area under the curve of the
precision-recall curve”) van 0.83 + 0.14. We vergeleken de prestaties van de
ResU-Nets met conventionele PET intensiteitsdrempels en stelden vast dat
de ResU-Nets voor de NST cases significant beter presteerden wat betreft
de PR-AUC. De segmentatie van ILC en DCIS tumoren bleek uitdagender,
met DSC-waarden van respectievelijk 0.49 + 0.26 en 0.03 + 0.02, en
PR-AUC-waarden van 0.60 + 0.25 en 0.03 + 0.03. Hoewel de ResU-Nets
betere prestaties lieten zien dan de PET intensiteitsdrempels voor deze
subtypes, konden er geen statistisch significante verbeteringen worden
aangetoond door de beperkte grootte van de dataset. Daarnaast toonden
we aan dat de combinatie van metabole informatie uit micro-PET met
hoge-resolutie structurele informatie uit micro-CT essentieel is voor
nauwkeurige tumorsegmentatie, waarbij modellen met een multimodale
input beter presteerden dan modellen met één enkele modaliteit als input.
Een uniek aspect van deze studie is het gebruik van histopathologie als
referentiestandaard voor tumorsegmentatie, in plaats van de gebruikelijke
handmatige annotaties door experten, wat resulteert in een klinisch
relevantere representatie van de tumoromvang.

In een volgende stap werd geévalueerd in welke mate de ResU-Nets in
staat zijn de margestatus van borstkankerspecimens accuraat te voorspel-
len. Hiervoor werden de datasets gebruikt die in de BIMAP en BrIMA studies
werden verzameld, met 3D micro-PET-CT beelden en de referentiemarge-
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status volgens histopathologie. De BIMAP studie verzamelde beelden van
41 borstkankerspecimens in het Universitair Ziekenhuis Gent, terwijl de
BrIMA studie 152 specimens in beeld bracht uit zes ziekenhuizen in drie
Europese landen. Beide studies includeerden patiénten met borstkanker
in een vroeg stadium (waaronder NST, ILC, DCIS en neoadjuvant behan-
delde (NAT) borstkanker), waarbij NST het meest voorkomende subtype
was met respectievelijk 31 en 84 patiénten in de BIMAP en BrIMA studies.
Het ensemble van ResU-Nets werd toegepast op deze voorheen ongeziene
beelden om (pre)maligne weefsel te segmenteren, waarna de margestatus
als positief werd voorspeld indien de gesegmenteerde tumor de rand van
het specimen raakte. De voorspelde margestatus werd vergeleken met
de werkelijke histopathologische margestatus. Voor de groep van NST
patienten behaalden de ResU-Nets Fi1-scores van respectievelijk 84% en
1% voor de BIMAP en BrIMA datasets. Voor de gecombineerde groep van
alle borstkanker subtypes bedroegen de F1-scores respectievelijk 76% en
50%. De margestatus voorspellingen van de ResU-Nets werden ook verge-
leken met de voorspellingen van conventionele PET intensiteitsdrempels,
evenals met intraoperatieve margebeoordelingen door artsen (BriMA),
en postoperatieve meerderheidsbesluiten van respectievelijk zeven en
vier artsen (BIMAP en BrIMA). Zowel voor de NST tumoren als voor de
gecombineerde groep van alle borstkanker subtypes in de BIMAP en
BrIMA datasets presteerden de ResU-Nets statistisch gelijkwaardig aan de
intraoperatieve en postoperatieve beslissingen van de artsen, terwijl ze
consistent beter presteerden dan PET intensiteitsdrempels. Belangrijk is
dat de ResU-Nets prestaties op artsenniveau behaalden voor een grote
multicentrische dataset met diverse borstkanker subtypes, representatief
voor de klinische praktijk. Hoewel voor kleinere subgroepen (ILC, DCIS
en NAT) niet altijd statistische significantie kon worden aangetoond,
vertoonden de ResU-Nets doorgaans hogere specificiteit, precisie en
F1-scores dan de PET intensiteitsdrempels. Bovendien presteerden de
modellen, ondanks dat ze niet waren getraind op NAT tumoren, ook voor
deze subgroep vergelijkbaar met artsen, wat wijst op hun robuustheid.

Tot slot vereist veilige klinische implementatie van dergelijke DL modellen
inzicht in de onzekerheid van de voorspellingen, iets wat niet wordt
weergegeven in binaire tumorsegmentaties of margestatus labels. De
tumorprobabiliteitsmappen voorspeld door de ResU-Nets drukken deze
onzekerheid uit op pixelniveau. Om de betrouwbaarheid en interpre-
teerbaarheid van de voorspellingen te verbeteren, werden de tumor-
probabiliteitsmappen gekalibreerd met behulp van de inductieve cross-
Venn-ABERS methode, met focus op de grootste subgroep van patiénten
met NST borstkanker. De kalibratie werd uitgevoerd en geévalueerd op
de dataset van 53 2D micro-PET-CT beelden van lamellen van 19 NST
borstkankerspecimens, met de histopathologische tumorsegmentaties als
referentiestandaard. De validatie sets uit het genest kruisvalidatieschema,
gebruikt om de segmentatiemodellen te trainen, werden gebruikt als
kalibratie sets. Kalibratie verbeterde de overeenkomst tussen voorspelde
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tumorkansen op pixelniveau en geobserveerde frequenties van kwaad-
aardige pixels aanzienlijk. De ECE (“expected calibration error”), BCE
(“binary cross-entropy”) loss en Brier loss werden met respectievelijk
60.5%, 17.7% en 14.8% verminderd tot eindwaarden van 0.017, 0172 en
0.052. De prestaties voor tumorsegmentatie, geévalueerd op basis van
ROC-AUC (“area under the curve of the receiver operating characteristic”)
en PR-AUC, bleven na kalibratie stabiel. Er werden ook gekalibreerde
tumorprobabiliteitsmappen gegenereerd voor de 84 3D micro-PET-CT
beelden van NST borstkankerspecimens in de BrIMA dataset, voorzien van
de referentiemargestatus volgens histopathologie. Kalibratie leidde tot
een lichte afname in PR-AUC voor margebeoordeling. Kwalitatief boden
de tumorprobabiliteitsmappen transparante en ruimtelijk gedetailleerde
visualisaties van de voorspellingsonzekerheid, en maakte kalibratie deze
schattingen betrouwbaarder, wat een betere identificatie van onzekere
tumorgrenzen en ambigue margegebieden mogelijk maakte. Deze bevin-
dingen suggereren dat gekalibreerde tumorprobabiliteitsmappen kunnen
bijdragen aan beter geinformeerde, efficiéntere en risicobewuste klinische
besluitvorming.

Samengevat zijn de voorgestelde DL modellen in staat om zowel de
tumorsegmentatie als de margestatus te voorspellen op basis van een
micro-PET-CT beeld, en om ruimtelijk gedetailleerde voorspellingsonze-
kerheid weer te geven. Deze modellen hebben het potentieel om de
consistentie te verhogen en de besluitvorming te versnellen bij de inter-
pretatie van micro-PET-CT beelden van borstkankerspecimens. Hoewel de
resultaten veelbelovend zijn, is verdere validatie noodzakelijk voordat de
DL modellen in de klinische praktijk kunnen worden toegepast. Om de
modellen verder te verbeteren en evalueren zijn grotere en meer diverse
datasets nodig, in het bijzonder met zeldzamere borstkanker subtypes
zoals ILC en DCIS. Daarnaast dient toekomstig onderzoek zich te richten
op de ontwikkeling van efficientere modellen voor snelle intraoperatieve
besluitvorming, evenals op het verder verbeteren van de betrouwbaarheid
van de modellen om de samenwerking met artsen te optimaliseren. Verder
moeten de klinische bruikbaarheid en waarde van de voorgestelde DL
modellen worden onderzocht. Kortom, dit proefschrift vormt een eerste
stap richting een DL-gebaseerd beslissingsondersteunend systeem voor
intraoperatieve margebeoordeling op basis van micro-PET-CT beelden van
borstkankerspecimens, waardoor de toepassing van deze techniek in de
klinische praktijk wordt vergemakkelijkt.
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1 Introduction

14. Clinical rationale

Breast cancer (BCa) is the most commonly diagnosed cancer and the
leading cause of cancer mortality in women worldwide [1-3].  While
mastectomy used to be standard, most patients with early-stage BCa are
now treated with breast-conserving surgery (BCS) followed by radiother-
apy [4-8]. In BCS, or lumpectomy, only the tumour and surrounding tissue
are removed. For early-stage disease, successful BCS provides overall and
disease-free survival comparable to mastectomy, while offering improved
cosmetic results and quality of life [4-7, 9-12]. Successful BCS requires
complete tumour excision with a margin of surrounding healthy tissue, i.e.
negative resection margins, to assure no cancer cells remain within the
breast [7, 13, 14]. Positive margins, indicating residual tumour cells at the
specimen border, remain the main risk factor for local recurrence after
BCS [9, 15-19].

Sectional histopathology is the gold standard for margin assessment [20].
The specimen surface is marked with ink and according to the 2014
Society of Surgical Oncology and American Society for Radiation Oncology
(SSO-ASTRO) consensus, “ink on tumour” defines a positive margin for
invasive BCa [18]. Positive margins are found in approximately 20% of
patients with invasive BCa after initial BCS, with reported rates ranging
from 7% to 36% [7, 21, 22]. Because histopathological margin assessment
typically requires several days, re-excision or mastectomy is often needed
in case of positive margins to clear the breast of remaining tumour
cells. These additional surgeries increase patient anxiety, morbidity, and
healthcare costs [23-26].

To avoid secondary surgery, techniques for fast intraoperative margin
assessment (IMA) are crucial to enable the removal of additional tis-
sue during the same surgery if margins are suspected to be posi-
tive [27]. Several techniques have been explored for this purpose,
including frozen sections, imprint cytology, intraoperative ultrasound,
and specimen radiography [28, 29]. However, existing standard-of-care
approaches have important limitations: they are either time-consuming,
insufficiently accurate, costly, labour-intensive, or disruptive to the sur-
gical workflow [28]. Recently, specimen imaging with high-resolution
(micro-) positron emission tomography (PET), combined with computed
tomography (CT), has emerged as a promising technique for IMA during
BCS [30-33]. For this technique, the radiotracer ["®F]fluorodeoxyglucose
(["®F]FDG) is preoperatively administered to the patient. Afterwards, during
BCS, a dedicated compact and mobile micro-PET-CT specimen scanner
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is used to visualise the resected lumpectomy specimen in 3D inside the
operating theatre, enabling rapid assessment of all margins.

The recent multicentre prospective BrIMA trial evaluated physicians’
ability to intraoperatively interpret micro-PET-CT images of lumpectomy
specimens and assess their margins [30, 32, 33]. Surgeons assessed 152
specimens of different BCa subtypes, achieving a sensitivity of 77% and
specificity of 67% for positive margin detection [33]. The success rate of
intraoperatively addressing positive margins with micro-PET-CT specimen
imaging was significantly higher than with standard-of-care IMA tech-
niques [33]. The average interpretation time was approximately one minute
per 3D image [34]. Inter-reader reproducibility analysis showed high
consistency when combining assessments from four surgeons, although
variability remained in single-reader evaluations [33].

1.2. Research objectives

Although study results are promising, we hypothesise that a decision-
support system to assist physicians in interpreting micro-PET-CT im-
ages could further improve inter-reader reliability, reduce intraoperative
interpretation time, and potentially enhance sensitivity and specificity.
The need for automated, artificial intelligence-based tools to support
micro-PET-CT interpretation, has also been expressed by Lambert et al. [31]
and Moraitis et al. [35]. In this work, we take initial steps towards
such a clinical decision-support system by developing a deep learning
(DL) model that automatically segments (pre)malignant breast tissue in
micro-PET-CT images of lumpectomy specimens, thereby also enabling
automated margin status prediction. Realising and evaluating such a DL
model raises several research questions. The research contributions in
this dissertation address the following four questions:

1. Can micro-PET-CT images of BCa specimens be co-registered with
histopathology whole slide images (WSIs) precisely enough to
(i) characterise ["®F]FDG uptake per breast tissue type and (ii) derive
ground-truth tumour segmentations from histopathology?

2. Can a DL model trained on histopathology-derived ground-truth
segmentations delineate (pre)malignant breast tissue in micro-
PET-CT images more accurately than conventional PET intensity
thresholding? And does combining micro-PET with micro-CT improve
delineation over either modality alone?

3. Can automated margin status prediction from DL-based tumour
segmentations match physicians' interpretations and outperform
PET intensity thresholding, on a multicentre dataset spanning diverse
BCa subtypes?
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4. Can the tumour probability maps predicted by the DL model be
calibrated so that the probabilities reflect the true likelihood of
malignancy, yielding reliable spatially-resolved uncertainty estim-
ates, without degrading segmentation or margin assessment perfor-
mance?

1.3. Outline

This section outlines the structure of this dissertation. Part I of this
thesis introduces the relevant clinical and technical background. Chapter 2
elaborates on the clinical context of this work. It introduces breast
anatomy and pathology, followed by BCa subtypes, epidemiology, clinical
presentation, and diagnosis. Subsequently, BCa treatment strategies are
discussed, with emphasis on BCS and the importance of achieving negative
resection margins. The chapter concludes with an overview of current and
emerging IMA techniques, focusing on micro-PET-CT specimen imaging,
including the fundamental principles of PET and CT and the current clinical
evidence supporting the use of this IMA technique in BCa. Chapter 3
presents the technical background for developing DL models to analyse
micro-PET-CT images. It introduces key concepts of DL, including deep
artificial neural networks (ANNs), their supervised training process, and
regularisation techniques. Application of DL in medical computer vision is
then discussed, focusing on classification and semantic segmentation with
convolutional neural networks (CNNs) such as ResNet and U-Net. Next,
challenges associated with DL in medical image analysis are addressed,
along with emerging trends in the field. Finally, this chapter briefly
introduces classical iterative image co-registration algorithms used in this
dissertation to generate ground-truth tumour segmentations.

Part Il of this dissertation discusses obtained research results. Chapter 4
presents a method to co-register micro-PET-CT specimen images with
corresponding histopathology WSIs. This method is applied to BCa
specimens from patients preoperatively injected with ['®F]FDG. The aligned
data provides important insights into ["®F]JFDG uptake across breast
tissue types at high resolution. Furthermore, tumour annotations from
histopathology can be transferred to the aligned micro-PET-CT images
to obtain ground-truth breast tumour segmentations. This dataset is
used in Chapter 5 to develop a DL model for automated delineation
of breast tumours in micro-PET-CT images. The performance of this DL
model is compared with conventional PET intensity thresholding. This DL
model is further validated for margin status predictions of lumpectomy
specimens in Chapter 6. The DL model is used to segment breast
tumours in previously unseen micro-PET-CT datasets, after which the
margin status is determined based on whether the segmented tumour
touches the specimen border. These predictions are compared with the
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histopathological ground-truth margin status, as well as with physicians’
assessments of the same images. Chapter 7 investigates how the tumour
probability maps predicted by the DL model can be calibrated so that the
predicted probabilities reflect the true likelihood of malignancy, yielding
reliable spatially-resolved uncertainty estimates to support risk-informed
clinical decision-making.

Finally, Part lll of this dissertation, consisting of Chapter 8, presents the
general research conclusions and discusses future perspectives.



Part |

Clinical and Technical
Background







2 Micro-PET-CT specimen imaging for
intraoperative margin assessment in
breast-conserving surgery

24. Introduction

This chapter elaborates on the clinical background underlying the ra-
tionale of this work. It starts with an overview of normal breast anatomy,
followed by an introduction to breast pathology, ranging from benign
conditions to (pre)malignant disease. Subsequently, different histological
and molecular subtypes of breast cancer (BCa), its epidemiology, and most
common clinical symptoms are discussed. The diagnostic pathway of BCa
is then explained, focusing on the so-called “triple-test”, which combines
physical examination, medical imaging, and histopathological assessment
of biopsies.

Next, an overview of local, locoregional, and systemic treatment strategies
for BCa is provided. In the context of this PhD dissertation, particular em-
phasis is placed on the local treatment of BCa through breast-conserving
surgery (BCS), which is the most common primary treatment for early-stage
BCa. The importance of negative resection margins in successful BCS
is discussed, together with the prevalence and clinical consequences of
positive margins.

Subsequently, standard-of-care (SOC) and emerging techniques for intra-
operative margin assessment (IMA) are reviewed, including their diagnostic
performance in detecting positive margins, important advantages, and
limitations.  Finally, this chapter focuses on micro-PET-CT specimen
imaging as a promising IMA technique. First, the fundamental principles of
positron emission tomography (PET) and computed tomography (CT) are
described. Afterwards, we explain how these modalities can be used to
image surgically excised BCa specimens and we review the current clinical
evidence supporting the use of micro-PET-CT specimen imaging as IMA
technique in BCa.



2. Micro-PET-CT specimen imaging for IMA in BCS

2.2. Breast cancer

2.21. Breast anatomy

The breasts are located on the anterior thoracic wall and are present
in both males and females, but get more developed in females during
puberty [36]. They contain the mammary glands, essential for lactation [37].
The mammary glands are embedded in adipose (fatty) tissue and sup-
ported by connective (fibrous) tissue. This connective tissue starts from
the pectoral fascia (a sheet of connective tissue covering the pectoral
muscles), extends throughout the breast to provide structural support and
shape, and terminates in the skin that surrounds the breast tissue. The
mammary glands mainly consist of lobules that contain the milk-producing
units and ducts that transport milk and terminate in the nipple. The nipple,
which is primarily composed of smooth muscle fibres, is surrounded by
a pigmented skin area known as the areola [36]. The areola contains
sebaceous glands that secrete an oily substance to protect the nipple
during breastfeeding. Figure 2.1 illustrates the most important anatomical
structures of the breast.

When studying the mammary glands in more detail, the breast can be
subdivided in 15 to 20 lobes [37]. Each lobe is connected to one lactiferous
duct that terminates at the nipple. Deeper in the breast, lactiferous
ducts branch into smaller terminal ducts. Surrounding these terminal
ducts, lobules are found. There can be up to 40 lobules per lobe [37].
A lobule together with its associated terminal duct forms the terminal
duct lobular unit (TDLU), which represents the functional unit of the
breast [37, 38]. Lobules consist of smaller glandular units, called acini.
Breast acini are lined by a double epithelial layer: an inner layer of
milk-producing luminal epithelial cells, and an outer layer of contractile
myoepithelial cells [38]. These epithelial structures are enclosed by
a basement membrane, separating them from the surrounding tissue.
While ducts have a similar structure, the inner layer of epithelium shifts
from a secretory to a transport function as duct size increases. The
relation between these anatomical structures is visualised in Figure 21. As
discussed later on, the TDLUs play an important role in BCa, as BCa most
commonly starts in the epithelial cells lining the TDLUs [37].

Furthermore, the breast contains an extensive lymphatic network that
drains lymphatic fluid towards multiple groups of lymph nodes located
within and surrounding the breast tissue [37]. Of particular clinical
importance are the axillary lymph nodes (indicated in Figure 2.1), which are
located in the axilla (armpit) and represent the primary drainage pathway
of the breast [1, 37]. The lymphatic network can play an important role in
the metastatic spread of tumour cells to other parts of the body. Finally,
networks of arteries and veins, as well as neurovascular bundles also run
through the breast.
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Figure 24. Anatomy of the female breast. Figures adapted from [38, 39].

2.2.2. Breast pathology

A wide variety of breast pathologies exist. In this section we discuss only
the most common benign, premalignant, and malignant conditions. While
premalignant and malignant conditions can occur in any type of breast
tissue, we focus on the most common (pre)malignancies which originate
from the epithelial cells lining the ducts and lobules of the breast.

2.2.21. Benign conditions

Approximately 50% of women will develop a benign breast lesion in their
lifetime, and up to 90% of palpable breast masses in menstruating women
are benign [1]. Common benign breast lesions are fibroadenomas and
cysts. Fibroadenomas are lesions formed through excessive growth of
epithelial and connective breast tissue [1, 37]. They present as solid,
clearly defined, and mobile nodules. On medical images they look round
or oval and homogeneous. In women younger than 21, 60% of nodules
are fibroadenomas [37]. Less than 10% of these nodules grow, and one
out of three lesions disappears over time [37]. Fibroadenomas do not
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require treatment, but can be further examined or resected if they grow
or are too large. Cysts are cavities filled with fluid, frequently occurring
in women aged 35-55 years [37]. They can cause tension and pain. Cysts
are well-defined and mobile structures. They appear on echography as
clearly defined dark nodules. The fluid can be evacuated through needle
aspiration.

2.2.2.2. Premalignant conditions

Premalignant or high-risk epithelial breast lesions are benign epithelial
proliferations associated with an increased risk of subsequent breast
carcinoma [37]. When epithelial cells proliferate within the milk ducts, this
can be classified as atypical ductal hyperplasia or ductal carcinoma in situ
(DCIS). The distinction between both is primarily based on the extent and
architectural distribution of the lesion [37, 40]. Atypical ductal hyperplasia
is associated with an approximately fourfold increased risk of BCa [37].
When epithelial cells proliferate within the lobules, this can be classified as
atypical lobular hyperplasia or lobular carcinoma in situ (LCIS). When more
than 50% of the acini within a lobule are dilated, the lesion is classified as
LCIS [37]. Other high-risk lesions include papillary lesions and radial scars
or complex sclerosing lesions [37]. In the interest of this work, DCIS and
LCIS are discussed in more detail below.

Ductal carcinoma in situ (DCIS) manifests as a proliferation of malignant
epithelial cells, confined within the lumen of the milk ducts without
disruption of the basement membrane [37]. Although DCIS is a non-
invasive carcinoma, it represents a precursor lesion with unpredictable
potential for progression to invasive BCa. DCIS is most frequently detected
through screening as it is often asymptomatic. Small bright spots are
commonly seen on mammography. They are microcalcifications, dense
deposits of calcium often caused by blocked milk ducts [41]. Treatment
of DCIS is similar to the treatment of invasive BCa, often entailing surgical
resection of the lesion with a wide margin, followed by radiotherapy.

Lobular carcinoma in situ (LCIS) is characterized by a proliferation of
atypical epithelial cells, confined within the lobules with an intact
basement membrane [37]. LCIS is not regarded as a precursor of
invasive carcinoma, but is considered a marker of increased risk for later
development of invasive carcinoma [4]. Surgical excision or treatment is
often not required.
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2.2.2.3. Malignant conditions

The majority of epithelial breast malignancies are invasive carcinomas [37].
These tumours are characterized by invasion beyond the basement
membrane surrounding the lobules and ducts. The most frequent invasive
subtypes are invasive carcinoma of no special type (NST), and invasive
lobular carcinoma (ILC), which are discussed in more detail below [37].
Less common special histological subtypes include tubular, mucinous, and
medullary carcinoma [37].

Invasive carcinoma of no special type (NST) typically arises from the
ductal epithelium and is characterised by tumour cell invasion beyond
the basement membrane [37]. It commonly presents as tumour cells that
clump together and form lumps. The diagnosis is established by exclusion,
when the cancer cells lack any distinct histological features characteristic
of special subtypes of invasive carcinoma. This subtype was formerly
known as invasive ductal carcinoma (IDC).

Invasive lobular carcinoma (ILC) is the most common special type of
invasive BCa [42]. Typically, these tumours originate in the lobules,
and break through the basement membrane. ILC lesions often show a
non-cohesive branching growth pattern, with tumour cells arranged in
single-file lines [42]. These patterns can mimic connective and glandular
tissue on medical images, making ILC hard to detect [37].

2.2.3. Breast cancer classification

BCa can be classified in different ways. Depending on the clinical question,
different characteristics might be of importance to define the correct
diagnosis, prognosis, and treatment strategy. A full classification includes
the histological subtype, molecular subtype, grade, and stage of the
tumour.

2.2.31. Histological classification

Histological classification of BCa is based on cell characteristics and
architectural patterns seen when studying tissue biopsies under the
microscope [4]. While BCas can have many different histologies, we focus
on the majority group derived from the epithelial cells lining the ducts
and lobules. At a simplified level, as described in the previous section,
the most common types of BCa can be classified according to their site of
origin (lobular or ductal), and the presence or absence of invasion beyond
the basement membrane (invasive or in situ). As illustrated in Figure 2.2,
the following histological BCa types can be distinguished:
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- Ductal carcinoma in situ (DCIS) arises from the ductal epithelium and
is characterised by preservation of the basement membrane.

- Lobular carcinoma in situ (LCIS) originates from the lobular epithe-
lium and likewise leaves the basement membrane intact. However,
LCIS is not considered true BCa, but is seen as a marker of increased
risk for later BCa development [4].

- Invasive carcinoma of no special type (NST) arises from the ductal
epithelium and invades through the basement membrane.

- Invasive lobular carcinoma (ILC) originates from the lobular epithe-
lium and likewise invades through the basement membrane.

Lobular Carcinoma

:\ §
“‘ \ - r Lobule
)

Normal lobule Lobular carcinoma Invasive lobular
In situ (LCIS) carcinoma (ILC)

Ductal Carcinoma

@- Milk duct

Normal duct Ductal carcinoma Invasive ductal
in situ (DCIS) carcinoma (IDC) /

Invasive carcinoma of

no special type (NST)

Figure 2.2. Histological breast cancer subtypes. Figure adapted from [43].
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2.2.3.2. Molecular classification

The molecular classification of BCas is of high clinical relevance, as it can
guide treatment selection. A first distinction is made between BCas with
positive and negative hormone receptor (HR) status, indicating whether
the tumour cells express oestrogen receptors (ERs) and/or progesterone
receptors. The growth of HR-positive tumours is driven by oestrogen
and/or progesterone. Second, BCas are also classified according to their
human epidermal growth factor receptor 2 (HER2) status. HER2-positive
tumours show an overexpression of the HER2 protein, typically associated
with aggressive cancers. Third, tumour cell proliferation is commonly
assessed by evaluating the expression of the proliferation marker Ki-
67. Based on these molecular features, four molecular subtypes are
distinguished:

- Luminal A BCa is positive for HR, while negative for HER2, in
combination with low levels of Ki-67.

- Luminal B BCa is positive for HR, while negative for HER2, in
combination with high levels of Ki-67.

- Triple negative BCa is negative for both HR and HER2.

- HER2 enriched BCa is positive for HER2, in combination with either
positive or negative HR status.

Luminal A type showed the best short-term prognosis with the best
five-year cancer-specific and overall survival, while triple negative BCa had
the worst short-term survival [44-46].

2.2.3.3. Grading

How malignant and aggressive a breast tumour is, is often expressed using
the histological grading system [47]. In case of invasive BCas (NST and ILC),
the Nottingham histologic grading system is used [4]. The overall grade is
defined as a sum of scores defined through semi-quantitative evaluation
of three morphological features: tubule formation, nuclear pleomorphism,
and mitotic count [4, 48]. Lower histological grade showed a strong
correlation with better prognosis [48]. In general, a low-grade (grade 1),
well differentiated tumour grows more slowly and is less likely to spread,
while high-grade (grade 3), poorly differentiated tumours tend to grow
and spread more quickly and may require immediate or more aggressive
treatment [47]. In case of DCIS, a slightly modified grading system is used to
score intraluminal necrosis, nuclear atypia, and mitotic activity [4]. Higher
DCIS grades indicate increased potential for locoregional recurrence and
for progression to invasive BCa [4].
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2.2.3.4. Staging

The BCa stage defines the anatomic extent of cancer [37]. Staging is
performed using the Tumour-Nodes-Metastasis or TNM-system [37]. The
clinical (cTNM) stage is defined through medical imaging and blood tests.
A more accurate final pathological (pTNM) stage can only be defined after
resection and histopathological examination of the tumour, lymph nodes,
and metastases. The different components of the TNM-stage are as follows:

- T-stage (Tis T1-T4) reflects the maximal diameter of the primary
tumour, often measured through echography or mammography [4].
In situ cancers are indicated with Tis [4]. Tumours with a T-stage of
Tis or < T2, corresponding to a tumour size < 5 cm, are considered
early-stage BCas [4].

- N-stage (No-N3) reflects involvement of lymph nodes nearby the
primary tumour site [4]. Axillary lymph nodes are often examined
using echography.

- M-stage (Mo-M1) indicates the presence of distant metastases, which
most frequently occur in the bones, lungs, brain, or liver [4]. Whole-
body PET-CT can be used to check for distant metastases in high-
stage BCas [4].

2.2.4. Epidemiology
2.2.44. Incidence

BCa is the most commonly diagnosed cancer in women, and is the
leading cause of cancer mortality in women worldwide [1-3]. In 2020,
2.26 million new BCas were diagnosed worldwide, and 685 000 women
died from BCa [2]. Almost two-thirds of those deaths were recorded in
less-developed regions. In high-income countries, overall 5-year survival
from BCa is well over 80%, while it drops to around 60% for middle-income,
and 40% for low-income countries [2, 4].

For Belgium in particular, yearly around 10 000 new cases of BCa are
diagnosed [37]. BCa is the most important cause of death for women
aged 40 to 55 years [37]. A study by van Walle et al. [45] showed that
for all new BCas diagnosed in 2014 in Belgium, the mean age of patients
was 62, with 1/3 patients being 70 years or older, and 1/5 patients being
younger than 50. The unadjusted five-year relative survival proportion for
the Belgian cohort was 91.4% [45]. For Belgian women, 1/10 develop BCa in
their lifetime, while the risk of dying from BCa is around 3.2% [37]. These
numbers are comparable to the numbers for the US, where the American
Cancer Society estimated that 1/8 women develop BCa in their lifetime,
and the risk of dying from BCa is 3.4% [1, 4]. While BCa can occur in men, it
is rare. Less than 1% of all BCas is diagnosed in men [4, 49].
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2.2.4.2. Risk factors

Several factors increase the risk of BCa [2, 4, 37

- Increasing age (incidence increases between the age of 30 and 65)

- Geographic location (higher incidence in North America and Western
Europe, lower incidence in East Asia)

- Early menarche and late menopause

- Nulliparity and advanced age at first full-term pregnancy

- Previous history of benign breast conditions

- Exposure of the breast to ionizing radiation at a young age

- Alcohol consumption

- Postmenopausal obesity

- Long-term use of hormonal (contraceptive) medication

- Genetic predisposition (e.g. BRCA1 or BRCA2 mutations)

2.2.4.3. Prevalence of breast cancer subtypes

The following ranges in the prevalence of histological BCa subtypes were
found when combining results from study cohorts in Belgium [37, 45], the
US [4, 40], the UK [50], and Western India [51]:

- DCIS: 15%-20%

- Invasive carcinomas: 80%-85%
- NST: 73%-96%
- ILC: 10%-15%
- mixed NST + ILC: 5%

For the prevalence of molecular subtypes, we found the following ranges
when combining results from study cohorts in Australia [44], Belgium [45],
the US [52], West India [51], and China [46]:

- Luminal A: 37%-54%

- Luminal B: 7.6%-16.7%

- Triple negative: 10%-26%
- HER2 enriched: 11%-15%

The stage of BCa at diagnosis varies substantially worldwide, and is
generally more advanced in low-income countries, mainly due to limited
access to regular screening. In Belgium, regular screening attendance
was associated with a sixfold lower risk of late-stage BCa diagnosis
compared with irregular attendance or non-attendance [53]. A recent
global meta-analysis reported early-stage invasive BCa diagnosis ranging
from 14%-46% in Sub-Saharan Africa to 82%-90% in North America, with
intermediate values in Central and South America (52%-65%), Central
and West Asia (57%-59%), East and South Asia (59%-76%), North and
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West Europe (76%-86%), East and South Europe (61%-83%), and Oceania
(82%) [54]. Similarly, distant metastatic disease was more common in
Sub-Saharan Africa, Central and South America, and Central and West Asia
(10%-30%), and less frequent in North America, Europe, and Oceania (<10%
in most countries) [54]. Data on the distribution of BCa grades at diagnosis
are limited. However, younger patients (<40 years old) are reported to have
a higher risk of presenting with high-grade BCa [55].

2.2.5. Symptoms

Most common symptoms of BCa include [4, 37]:

- Palpable mass in the breast

- Nipple discharge

- Skin changes, retraction of the skin or nipple, or oedema of the skin

- Pain, although most patients are pain-free at first diagnosis

- Axillary adenopathy or metastases causing illness, although rare at
first presentation

2.2.6. Diagnosis

When a patient presents with symptoms of BCa, or when an anomaly was
detected during screening, the patient needs to be further examined to
confirm the diagnosis. The evaluation involves the “triple test”, consisting
of physical examination, imaging, and histological assessment [37]. When
there are discrepancies between these three pillars of BCa diagnosis,
further examinations should be performed.

2.2.6.1. Physical examination

Palpation of the breast, as well as the axillary and clavicular lymph nodes,
is performed to detect masses and signs of infection or swelling [37]. In
addition, the breast skin is inspected for redness, retraction of the skin or
nipple, asymmetry, oedema, nipple eczema, and nipple discharge [37].
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2.2.6.2. Medical imaging

When physical assessment showed potential malignancies, further ex-
amination is performed using medical imaging techniques. All medical
imaging modalities assess the presence of masses, as well as asymmetries
and architectural distortions within the breast tissue [4]. Malignant lesions
typically appear as dense masses with poorly delineated and irregular
shapes [4]. The most commonly used imaging techniques in BCa diagnosis
are mammography, ultrasound (US), and magnetic resonance imaging
(MRI), with PET-CT imaging reserved for selected cases [37].

Mammography involves planar 2D radiography imaging of the breast. A
small dose of X-rays is sent through the breast, and tissues with different
densities will lead to different levels of X-ray attenuation. Both lesions
and microcalcifications appear as bright high-density structures on mam-
mograms. Breast tomosynthesis is a related technique where emulated
3D images are reconstructed from several 2D projection images taken
at different angles. Diagnostic or clinical mammography is performed
after detection of a breast abnormality, whereas screening mammography
is performed in asymptomatic women to detect subclinical disease. In
Flanders, screening mammography is offered every two years to women
aged 50-69 years, and has been associated with an approximate 20%
reduction in BCa mortality [37]. An important limitation of mammography
is its reduced performance in women with dense breasts [4]. False
positive findings occur in approximately 10-15% of cases, with even higher
numbers for dense breasts [37]. On the other hand, dense glandular
tissue can also obscure small lesions, leading to false negative results. As
such, mammography is less suited in younger women who often present
with dense breasts. Furthermore, although the radiation dose is low,
mammography should be avoided in women under the age of 40 [37].

Ultrasound (US) or echography generates images from echoes of high-
frequency sound waves reflected by tissues with different acoustic prop-
erties.  On US, tumours often present as hypoechoic or isoechoic
masses [4]. In addition, tumours often demonstrate hypervascularity and
increased stiffness, which can be assessed using specialised US techniques
like Doppler and elastography [4]. US is commonly performed when
mammography findings were inconclusive, and is the preferred first-line
imaging modality in women under the age of 40, as well as in pregnant
or lactating women [37]. In addition, US can also be used for screening
in women with dense breasts. US demonstrates higher sensitivity for the
detection of NST BCa in dense breasts than mammography, although it
remains less sensitive compared to MRI [4]. Finally, US is also routinely
used to guide biopsy and clip or wire placement [4].
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Magnetic resonance imaging (MRI) uses a strong magnetic field and
radiofrequency waves to generate detailed soft tissue images from signals
emitted by relaxing hydrogen nuclei. Tumour appearance depends on the
MRI sequence, with lesions appearing isointense on T1-weighted images
and iso- to hypointense on T2-weighted images with fat suppression,
while necrosis or oedema typically shows T2 hyperintensity [4]. Functional
MRI techniques can further assess tumour characteristics such as cellular
density. While MRI is a very sensitive modality to detect breast lesions,
it is time-consuming, expensive, and prone to false positive results [37].
MRI can be used in case of discordance between mammography and US
results, to differentiate recurrence from postoperative fibrosis, to assess
response to neoadjuvant chemotherapy (NAC), to evaluate multifocality,
and for screening in high-risk patients [4, 37].

PET-CT imaging with ["®F]fluorodeoxyglucose ([*®F]FDG), a radioactive glu-
cose analogue, combines detection of metabolically active lesions (PET)
with detailed anatomical localisation (CT). Its role in BCa diagnosis is
limited, as it is not indicated in early-stage BCa due to high false positive
and false negative rates [37]. False positive results may be caused by
["®FIFDG uptake in regions with inflammation. False negative results may
arise from the limited spatial resolution of whole-body PET scanners
(3-8 mm), which can result in small lesions (< 1 cm) being missed, or their
uptake being underestimated due to partial volume effects [4]. Uptake of
["F]FDG in breast tumours varies widely depending on the BCa subtype.
Uptake is generally higher in NST tumours than in DCIS and ILC [4]. In NST
tumours, high ["®FIFDG uptake has been associated with HER2 positive, HR
negative, triple negative, high Ki-67, and high-grade tumours [56]. PET-CT is
mainly used for restaging patients with known or suspected recurrence and
for staging of advanced metastatic disease [37]. Other molecular breast
imaging techniques exist but have a limited role in BCa diagnosis and
screening [4].

BI-RADS (Breast Imaging Reporting and Data System) is a standardized
reporting system used by radiologists to score breast imaging findings [37]:

- BI-RADS 0: inconclusive

- BI-RADS 1: normal

- BI-RADS 2: benign changes

- BI-RADS 3: most likely benign, follow-up required

- BI-RADS 4: suspicious for malignancy, biopsy required
- BI-RADS 5: most likely malignant
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2.2.6.3. Biopsy and histopathological assessment

In cases where breast imaging shows a solid mass in women over 35
years, biopsy is performed to obtain a definitive diagnosis [37]. In younger
women, biopsy may also be recommended in case of increased BCa
risk or diagnostic uncertainty [37]. A small sample is taken from the
tumour, typically under US guidance, and studied under the microscope
to assess the presence of tumour cells. Fine needle aspiration is a
technigue where a thin hollow needle is used to collect cells from a
suspicious lesion or lymph node. While it allows for fast diagnosis
and is minimally invasive, the small sample of single cells does not
allow for a full histological evaluation. Core needle biopsy involves
obtaining tissue cores using a wider, spring-loaded hollow needle, allowing
for accurate diagnosis and BCa subtype differentiation. Core needle
biopsy is the standard technique prior to surgery and provides important
information for surgical planning, staging, and assessment of the need
for neoadjuvant therapy. Vacuum-assisted biopsy is a technique where a
wide hollow needle with vacuum suction is used to aspirate larger volumes
of suspicious tissue. It is often used in case of challenging lesions with
microcalcifications. Mammography of the aspirated tissue can confirm the
presence of microcalcifications to assure a representative tissue fragment
was obtained.

2.2.7. Treatment

Once BCa is diagnosed, a treatment plan is defined, selecting a combina-
tion of local, locoregional, and/or systemic therapies based on the clinical
presentation.

2.2.74. Local treatment: Surgery

The standard primary treatment for BCa is surgical resection of the breast
tumour and staging of axillary lymph nodes [37]. Previously, mastectomy,
involving removal of the entire breast, used to be the standard treatment.
However, prospective research has shown that local excision of the tumour
followed by radiotherapy can be equally effective, while offering superior
cosmetic results [37]. This procedure, also called lumpectomy or breast-
conserving surgery (BCS), is discussed in detail in Section 2.3, together with
the importance of the resection margin status. For large or multifocal
tumours, mastectomy may still be required. More than 25% of breast
tumours are non-palpable or clinically occult [57]. For non-palpable
tumours, additional guidance is required for intraoperative localisation. To
direct tumour resection, a guide wire, magnetic seed, or radioactive seed
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can be placed inside the tumour before surgery using US or mammography
guidance [37].

As axillary lymph node status is an important prognostic factor and guides
the need for adjuvant therapy, lymph nodes are also often resected during
surgery. Typically, the sentinel node, the first draining axillary lymph node,
is removed during surgery for staging purposes. A common technique to
identify the sentinel node is to inject a %°Tc-labelled radiotracer into the
tumour, which emits gamma photons [58]. Once drained to the lymph
nodes, a scintigraphy is performed to mark the location of the sentinel
node on the skin. During surgery, a gamma probe is used to localise the
sentinel node for resection. Complete axillary dissection is reserved for
patients with suspected nodal invasion due to important side effects of
this procedure like pain and lymphoedema [37].

2.2.7.2. Locoregional treatment: Radiotherapy

Radiotherapy is standard after BCS and may also be indicated after
mastectomy [4]. The breast is irradiated with high-energy X-rays with the
goal of eradicating subclinical residual disease and minimizing the risk of
locoregional recurrence. In case of extensive disease, parts of the thorax
and regional lymph nodes may also be irradiated [37]. It has been shown
that radiotherapy after BCS halved the chance of locoregional recurrence
after 10 years and reduced mortality after 15 years by 177% [37]. Common
side effects include redness of the skin and radiation pneumonitis.

2.2.7.3. Systemic treatment

Systemic treatment refers to treatment with drugs that circulate via
the bloodstream to act throughout the body. Patients with positive
lymph nodes or large tumours (> 2 cm) often receive adjuvant systemic
therapy after surgery to eradicate micro-metastases, reduce the risk of
(locoregional) recurrence, and increase overall BCa survival [37]. Micro-
metastases are detected in 2-30% of patients with negative lymph nodes,
and in 50-90% of patients with positive lymph nodes [37]. Systemic therapy
may consist of hormonal therapy, chemotherapy, targeted therapy, or a
combination thereof.

Hormonal therapy slows down the growth of hormone-sensitive (oes-
trogen receptor (ER) and/or progesterone receptor positive) breast tu-
mours by blocking their stimulation through sex hormones [37]. These
treatments are highly effective, easy to administer, and well tolerated.
In pre-menopausal women, the ovarian oestrogen production can be
suppressed through medication or ovariectomy. Selective oestrogen
receptor modulators (SERMs) are a class of drugs that can reduce tumour
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growth in both pre- and postmenopausal women, but have important
side effects as they increase the risk of thromboembolic events and
endometrial cancer [37]. SERMs were shown to increase overall survival
by 13%, and halve the risk of recurrence after 15 years [37]. Another type of
hormone therapy drugs used to minimize the concentration of oestrogen
in postmenopausal women are aromatase inhibitors, which block the
aromatase enzyme that converts androgen to oestrogen [37]. While risk
of recurrence after five years is lower in case of treatment with aromatase
inhibitors compared to SERMs, this does not translate into an improvement
in overall survival [37]. Common side effect include menopausal symptoms
and an increased risk of osteoporosis [37].

Chemotherapy aims to inhibit tumour cell proliferation and induce tu-
mour cell death by targeting rapidly dividing cells. While adjuvant chemo-
therapy is shown to halve the risk of recurrence, it has significant side
effects, including fatigue, nausea, bone marrow suppression, increased risk
of leukaemia, cardiovascular disease, premature menopause, and infer-
tility [37]. Chemotherapy tends to be more effective in younger patients,
who often present with aggressive tumours with low ER expression, and
in patients with HER2 positive BCas or positive lymph nodes, who have an
increased risk of metastases [37].

Targeted therapy acts on specific molecular features of tumour cells,
thereby sparing normal cells. In HER2-enriched BCas, HER2 inhibitors can
be used to slow down tumour growth and differentiation, reducing the risk
of recurrence by approximately 50% [37].

The traditional order of therapy is to first perform surgical resection of
the tumour, start chemotherapy when the wound has healed (typically
after 4-6 weeks), and afterwards perform radiotherapy in combination
with hormone therapy. However, in case of large tumours, neoadjuvant
therapy, systemic therapy before surgery, may be required to shrink the
tumour and make it operable. Neoadjuvant therapy often consists of
neoadjuvant chemotherapy (NAC), but can also involve treatment with
aromatase inhibitors in patients with large hormone-sensitive tumours for
whom chemotherapy is contraindicated.

For patients with metastatic BCa, complete curation is generally not achiev-
able, and palliative treatment is started aiming to prolong survival while
preserving quality of life [37]. Surgery is typically not performed for these
patients. Instead, systemic therapy is used as main treatment. Hormone
therapy is used for hormone-sensitive tumours when metastatic disease
is limited and not immediately life-threatening, whereas chemotherapy is
indicated in other cases. In addition, radiotherapy can be employed to
alleviate symptoms of metastatic lesions.
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2.3. Breast-conserving surgery (BCS) and positive margins

As discussed in Section 2.271, breast-conserving surgery (BCS) is the
primary local treatment for many BCa patients. Given the central role of
BCS and its associated risk of positive resection margins in this work, these
concepts are discussed in more detail in this section.

2.34. Principles of successful BCS

BCS, also called lumpectomy, involves local surgical excision of the breast
tumour with maximal sparing of healthy breast tissue as illustrated in
Figure 2.3. The majority (61%-75%) of patients with early-stage BCa is
nowadays treated with BCS followed by radiotherapy [4-8]. For early-stage
BCa, successful BCS is considered as effective and safe as mastectomy in
terms of overall and disease-free survival, while BCS provides improved
cosmetic outcomes and quality of life [4-7, 9-12]. The consensus is that
successful BCS entails complete excision of the primary tumour with a
margin of surrounding healthy tissue to assure no cancer cells remain
within the breast [7, 13, 14]. Hence, the margin status, expressing adequacy
of tumour excision, is the most important determinant of successful and
safe BCS.

2.3.2. Margin status in BCS

The margin status of a breast tumour specimen is classified as positive or
negative depending on whether tumour cells are present at the resection
border. As illustrated in Figure 2.3, a positive margin indicates the presence
of tumour cells at the specimen border, whereas a negative margin
indicates a rim of healthy tissue at the border. Positive resection margins
remain the most important risk factor for local recurrence after BCS [9, 15-
19]. Vos et al. reported a 5-year locoregional recurrence risk of 2%-7%
for negative margins compared with 0%-22% for positive margins [15,
18]. Similarly, Park et al. observed an 8-year locoregional recurrence
risk of 7% for negative margins compared with 14%-27% for positive
margins [59]. Therefore, accurate determination of the margin status has
important diagnostic and prognostic value and relies on histopathological
assessment of the excised specimen.
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Figure 2.3. Illustration of breast-conserving surgery or lumpectomy and
the associated surgical margin status.

2.3.3. Histopathology as gold standard for margin assessment

Sectional histopathology is considered the gold standard for margin
assessment as it allows for detailed examination of the excised tissue
at the cellular level [20]. The histopathological workflow is illustrated
in Figure 2.4. Immediately after surgical excision, the breast specimen
is transported to the histopathology department where the specimen
undergoes several processing steps. First, the entire specimen surface is
inked, using different colours to indicate the orientation of the specimen
in the patient's body. Next, the specimen is sliced into sections of
approximately 2 mm thickness, also called lamellas. Based on visual and
tactile feedback, the pathologist selects suspicious lamellas for further
analysis. These lamellas are then enclosed in tissue cassettes, meshed
plastic boxes. If necessary, lamellas are further cut into halves or quarters
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to fit the cassettes. After fixation in buffered formalin for at least 12
h, the tissue is embedded in paraffin. From each paraffin block, one
thin tissue section of approximately 5 pym thickness is cut, mounted
on a glass slide, and coloured using a haematoxylin and eosin (H&E)
staining. Haematoxylin stains cell nuclei purple/blue, while eosin stains
cytoplasm and the extracellular matrix red/pink. Finally, these glass slides
are studied under a microscope at high magnification to differentiate
between tumour and normal cells. This detailed examination allows
precise measurement of the minimum distance between tumour cells
and the inked resection margin. The histopathological workflow may vary
slightly between hospitals. In some centres, the breast specimen is first
fixated before being sliced into lamellas.

Current guidelines based on the 2014 Society of Surgical Oncology
and American Society for Radiation Oncology (SSO-ASTRO) consensus
recommend a tumour-free margin of more than o mm for invasive
carcinoma (NST or ILC) and at least 2 mm for DCIS if postoperative
radiotherapy is planned [18, 22, 60]. As such, the definition of a negative
margin for invasive BCa is simply defined as “no ink on tumour” [18].
Complete histopathological assessment requires at least 16 hours and
usually even 3-5 days, meaning positive margins are only detected long
after surgery has been completed [20].

2.3.4. Limitations of histopathology

Despite being considered the gold standard, histopathology has inherent
limitations that can lead to inaccurate margin status assessment in some
cases. One important limitation is sampling bias: during histopathological
examination, it is only feasible to analyse several tissue sections from the
entire surgical specimen. As a result, approximately only 0.5% of the total
specimen is examined microscopically [61]. This restricted sampling may
result in false negative margin assessments.

Another challenge is specimen disorientation caused by miscommunica-
tion between surgeon and pathologist. When positive margins are found, it
is crucial to retrieve the original position and orientation of the specimen
in the patient’s body, as this information can guide later re-excision of
tumour cells remaining within the breast. However, studies have shown
significant discordance in specimen orientation between surgeons and
pathologists [62]. Traditionally, surgeons mark lumpectomy specimens
with sutures to indicate orientation. Using suture-based orientation,
Altman et al. reported that only in 20% of re-excisions after positive margin
identification, residual disease was found [63].
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2. Micro-PET-CT specimen imaging for IMA in BCS

2.3.5. Prevalence and impact of positive margins

Despite advances in surgical techniques, positive margins after BCS
remain common. Reported positive margin rates after histopathological
assessment of breast specimens vary widely in literature. Following initial
BCS, positive margin rates for invasive BCa range from 7% to 36% [7, 21, 22],
and Wilke et al. observed positive margins in approximately 24% of patients
with early-stage BCa [64]. In general, higher rates are reported for ILC and
DCIS, due to their diffuse and infiltrative growth patterns [64]. Positive
margin rates of 18%-60% have been reported for ILC [65-67], and rates
of 4%-52% have been reported for DCIS [21, 68-70]. Several other factors
have been associated with an increased risk of positive margins, including
younger patient age, larger tumour size, multifocal disease, and negative
ER status [7, 64, 66, 68, 69]. The influence of tumour grade on the risk
of positive margins is unclear, and contradicting results are reported in
literature [68, 69].

Because of the increased risk of locoregional recurrence and the postoper-
ative nature of histopathological margin assessment, 77%-99% of patients
with positive margins have to undergo re-surgery to remove remaining
tumour cells from the breast [21]. A common technique is cavity shaving,
in which a thin layer of tissue is excised from the wall of the surgical cavity
at the site where a positive margin was identified during histopathological
evaluation. While re-excision does not result in poorer outcome in terms
of survival, it can increase patient anxiety and morbidity. Furthermore,
re-surgery is associated with a delay in the administration of adjuvant
therapy, an increased risk of surgical complications and wound infections,
poorer cosmetic outcomes, and increased healthcare costs [23-26].

2.4. Intraoperative margin assessment (IMA)

To avoid re-surgery, techniques for fast intraoperative margin assessment
(IMA) are crucial, such that additional tissue can immediately be removed
during the same surgery in case of suspected positive margins [27]. In
this section we discuss several IMA techniques used in routine clinical
practice, as well as other emerging imaging-based techniques. An ideal
IMA technique should fulfil the following criteria:

- High diagnostic accuracy: Reliable discrimination between benign
and malignant tissue is essential, as false positives may lead to
unnecessary removal of healthy tissue causing impaired cosmetics
and increased morbidity, whereas false negatives result in positive
margins and the need for re-surgery.

- Full 3D specimen evaluation with sufficient spatial resolution: The
entire surgical specimen should be evaluated to avoid sampling bias
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and to determine both margin status and margin width, preferably at
millimetre resolution as required for accurate IMA in DCIS.

- Rapid intraoperative assessment: Results should be rapidly avail-
able to minimise delay in surgery.

- Workflow compatibility and ease of implementation: The technique
should easily integrate into the surgical workflow. Operator de-
pendence and operator training requirements should be kept to a
minimum, avoiding the need for highly trained experts to be on
standby.

- Safety and non-destructiveness: The technique should pose min-
imal risk to patients and medical staff, and should preserve the
surgical specimen to allow for later histopathological margin status
confirmation.

- Cost-effectiveness: |Implementation costs, including equipment
and personnel, should be balanced against potential savings from
reduced re-excision rates and fewer delays in adjuvant therapy.

2.41. Standard-of-care (SOC) techniques

The most commonly used SOC techniques for IMA include frozen sections,
imprint cytology, intraoperative US, and specimen radiography [8, 28, 29, 71].
All techniques are further explained below. The diagnostic accuracy of
these techniques, according to meta-analyses, is summarized in Table 2.1.
For each technique, the results from the meta-analysis that included the
largest number of studies are presented.

Frozen sections refer to a histopathology technique where a small piece
of tissue is sampled from a resection specimen, is snap frozen, thinly
sliced, mounted on a glass slide, and H&E stained to allow for microscopic
analysis.  While these slides are often of inferior quality compared
to traditionally prepared slides, they allow for quick IMA. While frozen
sections have a high diagnostic accuracy [71], the procedure is prone
to sampling bias, is time-consuming, labour-intensive, and expensive
as a pathologist has to be on standby to interpret the slides [8, 71].
Additionally, this process can damage specimen margins, interfering with
final histopathology [71].

Imprint cytology is a histopathology technique in which freshly excised
tissue is pressed onto a glass slide to transfer cells that can be studied
under a microscope. While imprint cytology has a high diagnostic
accuracy [8, 72], it suffers from similar disadvantages as frozen sections.
The technique is prone to sampling bias, time-consuming, and logistically
cumbersome [8]. In addition, only cells at the surface of the specimen can
be examined, preventing determination of the margin width [8].
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Intraoperative ultrasound (US) is an imaging technique that entails using
an US probe to examine the resected tissue specimen and the surgical
cavity. Compared with frozen sections or imprint cytology, intraoperative
US shows lower sensitivity for positive margin detection [8, 72]. Reported
diagnostic accuracy varies widely, as performance is highly dependent
on the operator's skills and experience. An in-room breast radiologist is
required to accurately perform US imaging, which makes the technique
expensive and logistically demanding [73].

Specimen radiography is an imaging technique that delivers a planar 2D
X-ray projection image of an excised specimen. While in most hospitals the
specimen must be transported to the radiology department for specimen
radiography, mobile scanners are available that can be used directly inside
the operating theatre, thereby causing minimal disruption to the clinical
workflow [71]. However, the sensitivity of this technique for positive margin
detection is found to be rather low [8, 72, 731.

2.4.2. Emerging imaging-based techniques

As discussed in the previous section, all current SOC IMA methods have
several drawbacks. They are either too time-consuming, lack sufficient
diagnostic accuracy, are too expensive, or too technically demanding
and disruptive of the surgical workflow [28]. Therefore, we review the
most widely studied emerging imaging-based techniques for IMA below.
Because these techniques rely on different types of electromagnetic radi-
ation, Figure 2.5 visualises the electromagnetic spectrum for clarification.
Table 21 shows the diagnostic performance of techniques that were
studied in meta-analyses. Although many other technologies are under
development, clinical evidence supporting their use for IMA during BCS is
scarce. Techniques not further discussed include specimen MRI, Cerenkov
luminescence imaging, flexible autoradiography, fluorescence imaging,
mass spectrometry, and gamma- and beta-probes.

Tomosynthesis and Micro-CT reconstruct 3D images from 2D X-ray projec-
tion images (i.e., radiographies) taken at different rotation angles around
the specimen. In case of tomosynthesis, an emulated 3D image is
reconstructed from several 2D projection images taken across a limited
rotation angle, whereas micro-CT images are reconstructed from 2D
projection images systematically sampled across a 180°rotation angle,
resulting in improved image quality. The principles behind CT imaging
are explained in more detail in Section 2.511.  While compact and
mobile devices exist that allow for fast tomosynthesis or micro-CT imaging
inside the operating theatre with minimal disruption of the surgical
workflow, images have a poor soft tissue contrast. The sensitivity of these
techniques is found to be higher compared to specimen radiography, but
the performance is still lower than histopathological techniques [72, 73].
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Optical spectrometry and imaging techniques distinguish tissue types
based on how they interact with optical (visible, ultraviolet, and infrared)
light. Diffuse reflectance spectrometry analyses elastically scattered
(Rayleigh) light, in which the wavelength is preserved while the intensity
changed due to tissue absorption. Light intensity variations reflect
differences in tissue composition and morphology. When cameras are
used to simultaneously capture spectral information across wider tissue
regions, the technique is also referred to as hyperspectral imaging. Raman
spectrometry analyses inelastically scattered light, in which wavelength
shifts arose due to energy exchange with molecular vibrations in the
tissue. Despite requiring longer acquisition times due to their weaker
nature compared to Rayleigh signals, Raman signals provide more detailed
information on chemical composition and molecular bonds. Optical
coherence tomography generates cross-sectional images by measuring
interference between reflected light and a reference beam, offering limited
depth-resolved visualisation of microscopic tissue structures. All three
technigues have been implemented in compact and mobile devices and
have demonstrated good diagnostic performance [74-76], generally out-
performing intraoperative US and specimen radiography. Whereas diffuse
reflectance spectrometry and optical coherence tomography offer rapid
imaging, Raman spectrometry is comparatively slow. Important limitations
for all three methods include a restricted field-of-view, sampling bias,
and the need for experts to interpret the complex spectral images.
Moreover, diffuse reflectance and Raman spectrometry do not provide
margin width information, while optical coherence tomography offers only
limited depth information. Another related optical technique is confocal
microscopy, which allows high-resolution microscopic surface imaging.
However, the technique shares similar shortcomings and has limited
clinical evidence [77].

Radiofrequency spectrometry involves exposing tissue to radiofrequency
signals and distinguishing between benign and malignant tissue by
analysing the reflected spectra, which vary according to the electrical
impedance of the tissue. Hand-held probes were developed to enable
real-time surface imaging using radiofrequency spectrometry. Impor-
tant disadvantages of the technique include its labour-intensive nature,
susceptibility to sampling bias, and inability to provide information on
margin width. In addition, its performance is strongly operator dependent,
hence the strong variations in reported diagnostic performance [72].
Bio-impedance spectrometry is a related technique that quantifies tissue
impedance by transmitting electrical currents through the tissue. Clinical
evidence for this technique is scarce [78].
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Table 21. Diagnostic accuracy of standard-of-care intraoperative margin
assessment techniques and emerging technologies according to meta-
analyses [71-76].

Technique N studies Sensitivity [95% CI]  Specificity [95% CI]
Frozen sections [71] 19 0.81[0.79 - 0.83] 0.97 [0.97 - 0.98]
Imprint cytology [72] 13 0.92 [0.77 - 0.98] 0.95 [0.90 - 0.97]
Intraoperative ultrasound [72] 7 072 [0.47 - 0.88] 0.87 [0.73 - 0.95]
Specimen radiography [72] 20 0.39 [0.24 - 0.56] 0.84[0.77 - 0.89]
Tomosynthesis [73] A 0.67 [0.53 - 078] 0.76 [0.66 - 0.84]
Micro-CT [73] 4 0.68 [0.34 - 0.90] 0.69 [0.54 - 0.81]
Diffuse reflectance spectrometry [74] 13 0.84[078 - 0.89] 0.85[079 - 0.91]
Raman spectrometry [75] 16 0.97 [0.92 - 0.99] 0.96 [0.91 - 0.98]
Optical coherence tomography [76] 18 0.91[0.88 - 0.93] 0.88[0.83 - 0.92]
Radiofrequency spectrometry [72] 3 0.73 [0.26 - 0.95] 0.53 [0.30 - 0.75]
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Figure 2.5. Electromagnetic spectrum. Figure based on [79].

2.5. Micro-PET-CT specimen imaging as IMA technique

As no ideal solution for IMA is currently available, XEOS has developed
a compact and mobile high-resolution (micro-)PET-CT specimen scanner,
called the AURA®10. This system can be used inside the operating theatre
to provide 3D micro-PET-CT images of excised lumpectomy specimens
within approximately 10 min. The structural CT image allows precise
delineation of the anatomical specimen margins, while the functional PET
image allows detection of metabolically active tumour tissue. Together,
these modalities provide comprehensive 3D information on margin status
and margin width without sampling bias. Although the technique requires
preoperative radiotracer administration, it has been shown to be safe
and feasible in routine clinical practice [31]. Furthermore, micro-PET-
CT specimen imaging has shown reliable intraoperative visualisation of
different BCa subtypes, and has outperformed SOC IMA methods, offering
clinically meaningful improvements in IMA during BCS [32, 33]. The
following sections first introduce the fundamental principles of PET and
CT imaging. Afterwards, a detailed overview of the clinical evidence
supporting the feasibility, safety, and diagnostic accuracy of micro-PET-CT
specimen imaging as IMA technique in BCa is provided.
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2.51. Fundamental principles of PET-CT

Computed tomography (CT) provides 3D structural images of tissue
anatomy, whereas positron emission tomography (PET) produces 3D
functional images that visualise molecular tissue processes. The combined
use of PET-CT has become widely adopted in oncology [80, 81]. PET enables
early detection of cancer as it is highly sensitive to molecular changes,
which precede structural changes [82]. However, the spatial resolution
of CT images is superior, allowing precise anatomical localisation [82].
Therefore, the combination of these complementary modalities is
essential, and combined PET-CT scanners are often built for easy and
optimal image co-registration or alignment. In this section, we discuss
the basic physical principles underlying CT and PET imaging, essential
components of CT and PET scanners, and image reconstruction methods
for both modalities. We limit our discussion to the core principles of both
techniques. For more detailed information we refer the reader to the
extensive work by Buzug [83], Phelps [84], and Lin [82].

2.511. Computed tomography (CT)

CT provides structural cross-sectional images of an object, based on the
attenuation of X-rays passing through the object. X-rays are generated
in an X-ray tube, attenuated as they travel through the object according
to tissue-specific linear attenuation coefficients, and measured after
transmission by scintillation detectors. Acquired projection data are
organised into sinograms, from which the 3D distribution of tissue
radiodensities is reconstructed, commonly expressed in Hounsfield units
(HUs).

X-ray tubes are used to produce X-rays for CT imaging. Figure 2.6 provides
an illustration of an X-ray tube. An X-ray tube is a vacuum tube with a
cathode and (rotating) anode at both ends [83]. The cathode contains a
heated filament from which electrons are emitted. These electrons are
accelerated towards the anode by the accelerating voltage applied across
cathode and anode. When the electrons enter into the anode material,
they are decelerated and X-ray radiation is produced. A spectrum of X-rays
with a range of energies will be emitted. The energy range is defined by the
applied acceleration voltage, while the tube current defines the intensity
of the X-ray beam. The X-ray energy spectrum consists of a continuous
distribution caused by bremsstrahlung, superimposed by a characteristic
line spectrum that depends on the anode material, e.g. tungsten [83]. The
anode is often rotated to prevent it from overheating as it is hit by the
electron beam.

X-ray attenuation takes place as the X-rays travel through the object
that is being imaged. As X-rays travel through material, their flux
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will exponentially decay through absorption and scattering [84]. This
exponential decay of the flux (1) is described by Equation 21, where x
indicates the distance travelled through the material, and u represent the
linear attenuation coefficient of the material, indicating the probability
per unit distance that an interaction will occur [84]. Different tissues
have different linear attenuation coefficients. Higher atomic numbers
and higher physical density of tissues, result in higher attenuation
coefficients [84]. The goal of CT imaging is to reconstruct the distribution
of tissue attenuation coefficients.

1(x) = 1(0) e (21)

Scintillation detectors are used to measure the flux of the attenuated
X-rays escaping from the imaged object. Nowadays, the most commonly
used X-ray detectors in CT scanners are solid-state scintillation detectors,
asillustrated in Figure 2.6 [83]. Such a detector consists of two main parts: a
scintillation crystal that converts incoming X-rays into visible light photons
and a photodiode that converts the visible light into an electrical current
proportional to the intensity of the X-ray radiation [83]. The detector
typically integrates the total electrical charge generated by incident X-rays
over a predefined time window, after which the signal is read out and
converted into a digital output. An appropriate scintillation material like
caesium iodide (Csl) has a high efficiency and speed for the conversion
of X-rays into visible light [83]. To improve image quality, an antiscatter
collimator or grid can be placed on top of the scintillation crystal [83].
Such collimator filters out scattered photons that are not travelling along
the line of sight between X-ray source and detector, thereby improving
image contrast. However, an important drawback of a collimator is that
it absorbs part of the primary radiation, necessitating a higher radiation
dose to maintain adequate signal levels.

Sinograms are matrices collecting all acquired CT imaging data [82, 83].
The X-ray source and detector are placed on opposite sides of the object
of interest, and rotate around it to make projection images at different
angles. By comparing the ingoing and outgoing flux of X-rays at every
angle, the integral of the linear attenuation coefficients along the current
projection line can be estimated. To be able to reconstruct tomographic or
cross-section images, X-ray projection images have to be sampled across
an angle of at least 180°. All measured integrals of attenuation coefficients
can be organised in a matrix according to the current rotation angle and
distance from the rotation centre. Such matrix is called a sinogram as one
point in the imaging field will describe a sinusoid curve in this matrix.
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Image reconstruction methods are required to reconstruct an estimate
of the 3D distribution of linear attenuation coefficients in the imaged
tissue from the X-ray projection sinograms. The most common classical
reconstruction method for CT is filtered backprojection (FBP) [83]. FBP
is a fast analytical approach that provides an exact image reconstruction
of tomographic data in case of noiseless, fully sampled data. In CT,
high photon statistics and dense sampling make analytical reconstruction
feasible and computationally efficient. While computationally more
expensive, iterative reconstruction methods can often improve image
quality. Common examples include algebraic reconstruction techniques
(ARTs), with variants such as the simultaneous iterative reconstruction
technique (SIRT) and the simultaneous algebraic reconstruction technique
(SART), as well as multiplicative update methods such as the image
space reconstruction algorithm (ISRA), and more advanced model-based
iterative reconstruction techniques [82]. Iterative methods allow the
mathematical model underlying the reconstruction to better match the
real physical acquisition process, facilitating incorporation of physical
effects and correction mechanisms to reduce image artefacts. lIterative
methods are especially beneficial in low-dose imaging, but are increasingly
applied across a broad range of dose levels in modern CT scanners, while
FBP remains attractive for its speed and simplicity [83].

Artefact corrections can be performed to improve the accuracy of the
reconstructed images. Common artefacts addressed during reconstruction
include metal artefacts and beam-hardening artefacts [83]. Metal artefacts
typically arise from metallic objects with extremely high attenuation,
which can cause photon starvation and consequently result in streaking
and signal voids in the reconstructed image. Beam-hardening artefacts
result from the polychromatic nature of the X-ray spectrum. Lower-energy
photons are more strongly attenuated, increasing the mean energy
of the transmitted beam and introducing non-linearities and image
distortions. These beam-hardening artefacts are particularly pronounced
in the presence of highly attenuating structures, such as bone.

Hounsfield units (HUs) are dimensionless quantitative units commonly
used to express the reconstructed radiodensity of tissues in CT images [83].
As expressed in Equation 2.2, HUs express the linear attenuation coefficient
of a tissue relative to the attenuation coefficient of water. Radiodense
structures like bone will appear white in the CT images, while areas with
low radiodensity like air will appear black [85]. Evidently, water has HUs
of 0, while bone has HUs of +1000 and higher, and air has HUs around
-1000 [85].

u[HU] = 1000 . £~ Hwater (22)

Mwater
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Figure 2.6. Basic principles of CT imaging. In CT, X-rays produced in an X-ray tube are sent through an object, and the attenuated
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projection images are acquired that are later reconstructed into tomographic images representing the spatial distribution of

tissue attenuation coefficients. Figures based on [83].
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2.51.2. Positron emission tomography (PET)

For PET imaging, positron-emitting radiotracers are administered to the
patient to visualise biological processes. Radioactive decay of these tracers
leads to positron-electron annihilation, producing pairs of 511 keV gamma
photons. Scintillation detectors are used to measure coincidences of
these gamma photons. Acquired events are organised into sinograms and
reconstructed to obtain the 3D activity distribution in the tissue, commonly
expressed using semi-quantitative standardised uptake values (SUVs).

PET radiotracers are intravenously administered to the patient to allow
visualisation of specific biological processes in the body. A radiotracer
consists of two main components: a ligand and a radionuclide [82]. The
ligand is a molecule of biological interest of which we want to image
the distribution in the body. The radionuclide is a radioactive isotope
coupled to the ligand allowing to visualise the ligand of interest. In
case of PET imaging, positron-emitting radionuclides are used [82]. These
radionuclides, produced in a cyclotron or generator, have an unstable
highly-energetic nucleus in which a proton (p*) can decay into a neutron
(n), thereby emitting a positron (e*) and an electron neutrino (v.), as
indicated in Equation 2.3. This decay reaction is known as B* decay.
Emitted positrons will quickly combine with a nearby electron. During this
reaction, the mass of both particles is converted into energy in the form
of two 511 keV gamma rays that travel in opposite directions [82]. This
positron-electron annihilation is visualised in Figure 2.7. Strictly speaking,
the emission angle of the gamma photons follows a Gaussian distribution
around 180°with full width at half maximum (FWHM) of 0.5°, an effect
known as photon acollinearity that limits the spatial resolution of PET [84].
Gamma photons undergo less attenuation than X-rays and are therefore
more likely to escape from the body where they can be detected, enabling
reconstruction of the radiotracer distribution in PET.

pt—on+et+v, (2.3)

Common PET radionuclides include {F (decaying to $%0) and $3Ga
(decaying to $5Zn) [84]. Two important characteristics of PET radionuclides
are the positron range and the half-life [84]. The positron range defines the
distance across which an emitted positron can travel before annihilation
takes place. It depends on the positron energy and the tissue type. This
range limits the achievable spatial resolution for a PET image. For $®F,
the positron range is relatively short (typically <1 mm in most human
tissues), whereas it is longer for §}Ga [82, 84]. The half-life () represents
the time required for half of all nuclei to decay, considering the decay of
radionuclides is a stochastic process. The half-life should be long enough
to allow forimaging, while short enough such that the patient does not stay
radioactive for too long. The half-life of §5F is 109.8 min, while the half-life
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of $$Ga is 67.6 min [84]. Radiotracer activity is often expressed in becquerel
(Bq), where 1 Bg indicates 1 decay per second [82]. The radiotracer activity
(A) decays exponentially over time (z), as described in Equation 2..

n2

A()=A(0) e (2.4)

Common PET radiotracers include both widely used metabolic tracers
and more targeted tracers, tailored to specific applications. By far the
most widely available and most commonly used radiotracer in oncological
PET imaging is [*®FJFDG [82]. It is a radioactive sugar-analogue that gets
accumulated in metabolically active cells, such as tumour cells [83, 86]. An
important disadvantage of ["®F]FDG is its tendency to show non-specific
uptake in non-malignant metabolically active regions, such as inflamed
tissue [87]. Beyond ["®F]FDG, several more targeted radiotracers are being
developed. We here focus on targeted tracers for BCa. As the majority
of BCas are ER-positive, the ER-binding radiotracer ["®F]fluoroestradiol
(["F]FES) shows promising first results [56]. In addition, HER2-targetting
radiotracers based on the monoclonal antibodies trastuzumab and per-
tuzumab, including [#9Zr]pertuzumab and [®9Zr]trastuzumab, are currently
under investigation [88].

Scintillation detectors are used to detect coincident gamma photons
produced during electron-positron annihilation. As illustrated in Figure 2.7,
a PET scanner consists of a full ring of detector blocks. Each detector
block typically contains a scintillation crystal that converts incident
511 keV gamma photons into visible or near-ultraviolet light, coupled to
a photodetector that transforms this light into an electrical signal [89].
When a gamma photon interacts in the scintillation crystal, its energy
is converted into a short burst of visible light photons [82]. The most
commonly used scintillation material in modern PET scanners is lutetium
yttrium oxyorthosilicate (LYSO), due to its high stopping power, short decay
time, favourable energy resolution, and high light output [82]. The emitted
optical light is then detected by photomultipliers, which convert it into
an amplified electrical signal proportional to the total deposited photon
energy. Two main types of photomultipliers are used: photomultiplier
tubes (PMTs) and silicon photomultipliers (SiPMs) [82]. PMTs are vacuum
tubes which convert the incoming visible light into electrons that are
accelerated and amplified to produce an electrical current. SiPMs are
silicon-based solid-state detectors, offering advantages in size, cost, and
performance compared to PMTs. Coupling multiple photomultipliers to
a scintillation crystal allows measuring the spatial spread of scintillation
photons and enables more precise localisation of the coincidence location
of a gamma ray.
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Sinograms collect all coincidences detected during PET acquisition [84].
A coincidence detection occurs when two photons with 511 keV energy are
detected at the same time. It is assumed that the original annihilation
event took place along the line connecting the two detected photons,
called the line of response (LOR) [82]. Accurate localisation of the
annihilation point is limited by detector physics, the positron range, and
photon acollinearity, which together limit the scanner’s spatial resolution.
To organise all detected LORs, they are collected in sinograms, where each
LOR is recorded based on the distance of the LOR from the centre of the
detector ring and the angle of the LOR.

Image reconstruction methods are required to reconstruct an estimate of
the 3D radiotracer distribution in the imaged tissue from the acquired
sinograms. The most common reconstruction methods are iterative
statistical reconstruction methods like maximum likelihood expectation
maximisation (MLEM), and ordered subset expectation maximisation
(OSEM) [82]. Since PET consists of low-count measurements, analytical ap-
proaches such as FBP tend to amplify noise and may result in suboptimal
image quality [82]. Iterative methods such as MLEM and OSEM are therefore
more suited for PET, as they explicitly model the statistical nature of the
data and allow incorporation of physical effects and correction factors
into the reconstruction process to reduce artefacts [82]. OSEM generally
converges faster than MLEM by using subsets of the acquired sinogram
data, and OSEM with a single subset is mathematically equivalent to MLEM.

Artefact corrections can be performed to improve accuracy of the re-
constructed activity images. One of the most important corrections is
attenuation correction [82]. As gamma photons travel through tissue, they
are attenuated depending on the path length and tissue density. Therefore,
the sinograms should be corrected for attenuation. The corresponding
CT image is typically used to estimate the attenuation along each LOR.
Another common correction is scatter correction. Gamma photons may
change direction when they undergo scattering inside the patient, causing
events to be assigned to incorrect LORs. This introduces background signal
and degrades image contrast. Most scatter correction techniques use
the attenuation map to estimate the scatter distribution, which can be
subtracted from the measured sinograms. Furthermore, post-processing
techniques may be applied to reduce image noise [82]. For example,
median filtering can be used to suppress noise while preserving structural
details.

Standardised uptake values (SUVs) are dimensionless semi-quantitative
units commonly used to express radiotracer uptake in PET images [84].
While reconstructed PET images are typically reported in Bg/ml, com-
parison across patients or scans requires normalisation of the measured
activity concentration. SUVs normalise the measured activity to the
administered dose and to the patient’s body weight and account for the
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time between injection and imaging. SUVs can be interpreted as the
ratio of tissue activity concentration to the average whole-body activity
concentration. The standard formula, given in Equation 2.5, assumes a
uniform distribution of injected activity and a tissue density of one kg/|,
making SUV a dimensionless quantity. Measured activity values must be
decay-corrected to the time of injection. A common strategy to delineate
lesions in PET images is to use an isocontour at a fixed percentage
(e.g, 40%) of the maximum uptake within the lesion (SUV,..x) [82, 90].
Another widely used approach sets the threshold adaptively according
to the tumour-to-background ratio, which compensates for varying levels
of surrounding background activity that a fixed percentage of SUV,,ux
ignores [91].

measured activity [¥29]

~ ml
SUV = injected activity[MBq] (2.5)

patient’s body weight [kg]

Lean body mass SUVs are used to reduce the influence of body compo-
sition on SUV values. Most radiotracers, such as [®®F]FDG, are hydrophilic
and do not accumulate in adipose tissue. Consequently, normalisation
by total body weight may overestimate SUVs in heavier patients with
higher body fat percentages. To overcome this bias, lean body mass (LBM)
can be substituted for total body weight in Equation 2.5. LBM expresses
the patient's mass of non-adipose tissue. A common formulation to
estimate LBM from the patient’s body weight (BW in kg) and height (H in
cm), is the Janmahasatian formulation [92]. Equations 2.6 and 2.7 show
the Janmahasatian formulation of LBM for men and women, respectively.
Separate formulas are required due to sex-related differences in body fat
percentages. Although more advanced normalisation approaches exist,
they are rarely used in routine practice. SUVs remain semi-quantitative, as
multiple biological and technical factors affect their values, often resulting
in poor reproducibility between centres.

9.27 - BW
LBMmen = = (26)
6.68 + 2160 - (F
9.27 - BW
LBMwomen = (27)

8.78 + 2440 - (EI—VZV
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Figure 2.7. Basic principles of PET imaging. In PET, an injected positron-
emitting radiotracer leads to positron-electron annihilation reactions that
produce two gamma photons travelling in opposite directions. These
gamma photons are picked up by a ring of detectors, allowing later
reconstruction of the radiotracer distribution in the imaged tissue. Figures
based on [84].
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2.5.2. Rationale and system design for ex vivo micro-PET-CT

While in vivo PET-CT imaging has become widely adopted in clinical
practice, XEOS is the first to build a high-resolution (micro-)PET-CT scanner
dedicated to ex vivo specimen imaging. The structural CT image can
be used to delineate the anatomical margins of the specimen, while
the functional PET image is used to detect metabolically active tumour
tissue. Figure 2.9 shows examples of micro-PET-CT images of two BCa
specimens. The greyscale image expressed in HUs represents the micro-CT
image. Darker adipose tissue can be distinguished from lighter connective,
healthy glandular, and (pre)malignant tissue. The overlaying colour image
expressed in SUVs represents the ['®F]JFDG micro-PET image. The micro-PET
image allows to detect whether highly metabolic tissue is present at the
border of the specimen, indicating a high risk on a positive margin. This
IMA technique can visualise the entire specimen in 3D, allowing to assess
all margins and the margin width without sampling bias.

While the fundamental principles underlying in vivo and ex vivo PET-CT
imaging are the same, scanner designs differ. For specimen imaging,
a compact and mobile scanner was developed that can be positioned
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inside the operating theatre, making images immediately available for the
surgeon. Furthermore, the specimen scanner has a smaller field-of-view
and is fully enclosed within a shielded housing to ensure minimal radiation
exposure to device operators. In addition, during CT imaging, the specimen
is rotated while the X-ray source and detector remain stationary, improving
mechanical stability of the system.

Compared with in vivo imaging, ex vivo imaging offers several advantages
that enable higher spatial resolution. The absence of respiratory motion
eliminates motion-related blurring. For CT imaging, higher X-ray doses
can be used without concern for patient radiation risk. For PET imaging,
detectors can be positioned in close proximity to the specimen, resulting
in a high detection sensitivity. The smaller scanner diameter also reduces
the impact of photon acollinearity. Spatial resolution is conventionally
expressed as the FWHM of the Gaussian-like point spread function
representing an ideal point source in the reconstructed image. The
micro-PET module of the AURA®10 scanner has demonstrated the ability
to resolve submillimetre features. Figure 2.8 shows a micro-PET image
of a Derenzo phantom filled with ["®F]FDG, in which the 1 mm rods can
clearly be distinguished, and even the 0.9 mm and 0.8 mm rods remain
discernible, corresponding to FWHM values down to 0.8 mm. It should be
noted, however, that post-processing techniques such as median filtering
can affect the measured spatial resolution. Moraitis et al. [35] reported
values of 177-1.67 mm for ['8F] in median-filtered AURA®10 micro-PET
images. While it is common for in vivo scanners to have a higher in-plane
resolution compared to axial resolution, the resolution of the AURA®10
is more isotropic. Improved spatial resolution mitigates partial volume
effects, leading to sharper images and more accurate SUV quantification
in small lesions.

Figure 2.8. Micro-PET image of a Derenzo phantom filled with
["8F]fluorodeoxyglucose (["®FIFDG) acquired with the AURA®10 from XEOS.
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Figure 2.9. Two examples of micro-PET-CT images of breast cancer
specimens. Three orthogonal views are shown for each specimen.
(a) Specimen with histopathology-confirmed negative resection margin.
(b) Specimen with histopathology-confirmed positive resection margin.
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2.5.3. Feasibility and safety of intraoperative implementation

The workflow for IMA during BCS using micro-PET-CT specimen imaging
is illustrated in Figure 210. Before surgery, the patient receives an
intravenous injection with a radiotracer, which is often ["®F]FDG in case of
BCa. Then, the patient undergoes BCS, and immediately after excision the
BCa specimen is placed inside the micro-PET-CT scanner for visualisation.
Within approximately 10 min (comparable to the duration of the sentinel
node procedure), a 3D fused micro-PET-CT image of the lumpectomy
specimen is available. This reconstructed image can be interpreted
by the surgeon or another physician to determine the margin status.
As the technique is non-destructive, the specimen can still undergo
subsequent routine histopathological analysis. For optimal micro-PET-CT
image quality, acquisition is ideally performed 1-3 h after ["®*F]FDG injection.
["®F]FDG uptake in most lesions increases during the first two hours
post-injection before reaching a plateau. Therefore, cutting off the blood
supply to the tumour too early may reduce image contrast [82]. On the
other hand, delayed imaging may also compromise image quality due to
radiotracer decay.

Lambert et al. [31] published a feasibility study in 2025 evaluating the
safety and feasibility of implementing this workflow for intraoperative
micro-PET-CT specimen imaging. The technique was applied in 32 surgeries
across various applications (e.g, (para)thyroid surgery, urological surgery,
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oncological procedures such as BCa surgery, etc.) using different types
of radiotracers. Radiation dose rates were monitored throughout the
procedures. The median absorbed dose per procedure, normalized to
an injected activity of 1 MBg/kg, was 15.6 uSv for surgeons and 141 uSv
for instrumenting nurses. These values are well below the dose limit
for occupationally exposed staff of 20 mSv per year. The study further
demonstrated that high-quality images could be obtained at a dose level
of 1 MBq/kg, owing to the high sensitivity of the PET detectors, ensuring
safe and feasible clinical implementation.

2
p—f— [ —@—

\\(‘
Pre-operative Breast-conserving Micro-PET-CT 3D micro-PET-CT Intraoperative
8F-FDG injection surgery specimen scanning  specimenimage  margin evaluation

Figure 210. Workflow for intraoperative micro-PET-CT imaging of
lumpectomy specimens. The figure contains an illustration of the AURA®10
micro-PET-CT specimen scanner by XEOS.

2.5.4. Diagnostic performance for IMA in breast cancer

In this section, the current clinical evidence on the diagnostic accuracy
of micro-PET-CT for IMA in BCS is summarized. Two clinical trials were
dedicated to this performance evaluation: the BIMAP and BrIMA trials.
Results of both studies are described in the following sections.

2.5.41. BIMAP

A first proof-of-concept study, titled “Intra-operative PET-CT: a Novel
Approach to Determine Excision Margins in Lumpectomy Breast Cancer”,
later called the BIMAP (Breast Intraoperative Margin Assessment Pilot)
study, was initiated in 2018 (ClinicalTrials.gov identifier NCTo4343079). This
clinical open-label, prospective, single-arm, interventional study enrolled
patients with early-stage BCa scheduled for BCS at Ghent University
Hospital and had the goal of exploring the feasibility of micro-PET-CT
specimen imaging as a new IMA technique in BCa. The diagnostic
performance and clinical value of the technique were assessed by
comparing with final histopathology as gold standard, as well as with
the SOC IMA technique of specimen radiography applied at the Ghent
University Hospital. As this was a feasibility study, no intraoperative
decisions were taken based on the acquired micro-PET-CT images.
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Goker et al. [30] published intermediate results for the first 20 patients
enrolled in this study in 2020. Patients included 15 NST, 4 ILC, and
1 DCIS case, and patients were preoperatively injected with 4 MBg/kg
["F]FDG. All micro-PET images were reconstructed to emulate a 10 min
acquisition with an injected dose of 0.8 MBqg/kg. A region of high
["®FIFDG uptake was visualised in each lumpectomy specimen, which
corresponded to the tumour as described by histopathological evaluation.
All images were retrospectively analysed by three breast surgeons, who
predicted the margin status for all cases. Comparing the predicted with
the true histopathological margin status for all 20 cases, resulted in a
sensitivity and specificity of 79% and 72%, respectively, averaged across
the three observers. Image assessment took around 1 min per patient, and
considerable inter-reader variability was observed. Image interpretation
was found to be the most challenging for ILC cases, possibly due to their
infiltrative growth pattern resulting in lower tumour volume and lower
["®FIFDG uptake. Overall, this intermediate analysis showed promising
results for micro-PET-CT imaging to facilitate IMA during BCS.

More extensive results were later published in a follow-up study by De
Crem et al. [32] in 2025. In total, 49 patients were enrolled in the study,
of which 41 were found eligible for further analysis. Patients included
31 NST, 6 ILC, 2 DCIS, and 2 neoadjuvant-treated (NAT) cases. The 2 NAT
cases in this study were NST cases pretreated with NAC. Table 2.2 provides
an overview of all studied lumpectomy specimens, together with their
true margin status according to histopathology. For 25 patients, specimen
radiography was performed as SOC IMA technique. While the first study
patients received an injection with 4 MBq/kg ["®F]FDG, this dose was later
adjusted to 0.8 MBq/kg ["®F]FDG. For uniformity, all micro-PET images were
reconstructed to emulate a 10 min acquisition with an injected dose of
0.8 MBg/kg. All images were postoperatively assessed by seven physicians
with varying levels of experience (three breast surgeons, one gynaecology
resident, two nuclear medicine physicians, and one radiologist). All
observers scored the margins as positive, close (<1 mm), or negative,
and results were compared to histopathology and SOC. A more strict
interpretation workflow was followed compared to the first intermediate
analysis reported by Goker et al [30]. In this study the same “ink on tumour”
definition of a positive margin was used for all BCa types, and in case of
invasive tumours, only the invasive tumour component was accounted for.
Best results were obtained when considering close margins as positive.
The average sensitivity and specificity for positive margin detection across
the seven physicians when considering close margins as positive, are
shown in Table 2.2 per BCa type.

For the combined group of all BCa subtypes, the seven physicians reached
an average sensitivity and equal specificity of 81%. For the main focus
group of NST cases, the seven physicians reached an even higher average
sensitivity and specificity of 91% and 86%, respectively. For the NST
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tumours, 9/31 cases were found to have a positive margin according
to histopathology. Of these positive cases, 4/9 were identified through
SOC, and 8/9 were identified by all seven physicians on micro-PET-CT
specimen images. When comparing the performance to other IMA
techniques in Table 21, it is observed that micro-PET-CT specimen
imaging in a combined group of various BCa subtypes is outperforming
specimen radiography, tomosynthesis imaging, micro-CT imaging, and
radiofrequency spectrometry. When looking at the main focus group
of NST tumours, it can be seen that only imprint cytology and Raman
spectrometry are outperforming micro-PET-CT specimen imaging. In
addition, interpretation results for the NST group revealed only min-
imal differences in performance of physicians with different levels of
experience, suggesting even inexperienced physicians can achieve high
diagnostic performance after interpretation training. While ILC, and NAT
cases were more challenging to interpret, the dataset for these cases was
small, and individual results should not be overanalysed. In conclusion, it
was shown that micro-PET-CT specimen imaging can facilitate IMA during
BCS, potentially reducing re-operation rates in the future.

2.5.4.2. BrIMA

In 2022, the BrIMA (Breast Intraoperative Margin Assessment) trial was
initiated (Clinicaltrials.gov identifier NCT04999917). The BrIMA trial is
a multicentre, open-label, prospective, single-arm, interventional study.
This study, titled “Specimen PET-CT imaging for Intraoperative Margin
Assessment in Breast Cancer”, enrolled early-stage BCa patients scheduled
for BCS across six European BCa centres in Belgium (n=3), Germany
(n=2), and lItaly (n=1). Study results were reported by Goker et al. [33].
The primary objective of this study was to evaluate the success rate
of micro-PET-CT specimen imaging in addressing positive margins for
the invasive component in NST BCa specimens. In addition, other BCa
subtypes were also studied as secondary objectives. The most important
difference with the BIMAP study, is that the BrIMA study collected a more
extensive dataset from a larger, more diverse, and more representative
patient population across different countries following a more stringent
study design. Whereas the BIMAP study was conducted in an exploratory
research setting, the BrIMA study integrated micro-PET-CT imaging directly
into the clinical workflow, enabling surgeons to immediately act upon the
imaging results.

In total, 206 patients were included in the study, of which 152 were
found eligible for further diagnostic performance analysis. Patients
included 84 NST, 16 ILC, 13 DCIS, and 39 NAT cases. The 39 NAT cases
in this study comprised 14 cases of NST pretreated with NAC, 16 cases
of NST pretreated with aromatase inhibitors (NST-Al), and 9 cases of ILC
pretreated with aromatase inhibitors (ILC-Al). An overview of all studied
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lumpectomy specimens, together with their true margin status according
to histopathology, can be found in Table 2.2. All patients received a
preoperative injection with 0.8 MBq/kg [*®F]FDG and all specimen images
were acquired with the AURA®10 (XEOS, Belgium), using a 10 min PET
acquisition. An important difference with the proof-of-concept study
was that all micro-PET-CT images were assessed intraoperatively by the
surgeons, enabling them to decide on additional cavity shaves based
on the imaging results. The “ink on tumour” definition of a positive
margin was used for all BCa types, except for DCIS cases where the
margin was considered positive when the minimal distance between
the tumour and the resection border was < 2 mm. We here discuss
the results where only the invasive tumour component is taken into
account in case of invasive BCa specimens, in correspondence with the
primary study objective and with the BIMAP results. Image interpretations
were compared to histopathology and SOC IMA techniques (i.e., specimen
radiography, specimen US, and palpation). The sensitivity and specificity
for positive margin detection reached by the surgeons intraoperatively
interpreting the micro-PET-CT images, are shown in Table 2.2 per BCa type.

For the combined group of all BCa subtypes, the surgeons reached an
average sensitivity and specificity of 77% and 67%, respectively. For
the main study group of NST cases, the surgeons reached a sensitivity
and specificity of 71% and 66%, respectively. For the NST tumours,
14/84 specimens were found to have a positive margin according to
histopathology. Micro-PET-CT imaging identified 10/14 positive cases, while
SOC only identified 3/14 cases. For all patients combined, McNemar's test
with Bonferroni correction showed that the success rate of intraoperatively
addressing positive margins with micro-PET-CT specimen imaging was
significantly higher compared to no use of IMA methods, and compared
to SOC IMA techniques. For the group of NST cases, the success rate
of intraoperatively addressing positive invasive margins also significantly
improved when using micro-PET-CT specimen imaging compared to no
use of IMA methods. However, in the NST group, the differences between
micro-PET-CT specimen imaging and SOC IMA techniques were not found
to be statistically significant.

While higher diagnostic performance was reported for several IMA tech-
nologies, as seen in Table 21, it is important to note that only few studies
employ the same interventional, prospective, and multicentre study design
as the BrIMA study. Notably, the diagnostic performance of micro-PET-CT
specimen imaging was also higher in the BIMAP study [32]. Similar
stringent study designs were applied by Schnabel et al. [93] who found
a sensitivity of 75% and specificity of 46% for radiofrequency spectrometry,
and by Zysk et al. [94] who found a sensitivity of 55%-65% and a specificity
of 68%-70% for optical coherence tomography. The BrIMA study has
shown that micro-PET-CT specimen imaging outperforms both methods.
Overall, micro-PET-CT specimen imaging provides a good balance between
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sensitivity and specificity, while offering important advantages like 3D
imaging of the entire specimen and minimal disruption of the surgical
workflow.

In addition, inter-reader reproducibility was assessed by asking four
surgeons, trained for image interpretation, to independently re-interpret
all images after enrollment was completed. The intraclass correlation
coefficient (ICC) for the average of the four surgeons (ICC(2,4)) was
076, indicating good agreement for the averaged assessments and high
reproducibility when interpretations were combined across observers. In
contrast, the ICC for a single observer (ICC(2,1)) was 0.45, indicating poor
to moderate agreement at the level of individual observers, reflecting
variability in single-reader assessments. In conclusion, it was shown
that micro-PET-CT specimen imaging provides reliable intraoperative
visualisation across BCa subtypes and outperforms SOC IMA methods,
offering clinically relevant improvements in IMA during BCS. The use of this
integrated approach might lead to a substantial reduction of re-excision
rates in BCS.

Table 2.2. Overview of specimens included in the BIMAP and BrIMA studies
per breast cancer (BCa) subtype, as well as the performance of micro-PET-
CT for margin assessment across subtypes. For each study (BIMAP and
BrIMA) and BCa subtype, the number of analysed lumpectomy specimens
(# specimens) and the number of specimens with histopathologically
confirmed positive margins (# positives) are reported. For the BIMAP study,
the mean sensitivity and specificity for positive margin detection, based on
postoperative interpretation of micro-PET-CT images by seven physicians,
are provided per BCa subtype [32]. For the BrIMA study, the sensitivity and
specificity obtained from intraoperative image interpretation by physicians
are reported [33].

Study: BIMAP
BCatype # specimens # positives sensitivity specificity
NST 31 9 (29%) 91% 86%
ILC 6 2 (33%) 50% 54%
DCIS 2 1(50%) 100% 100%
NAT 2 1(50%) 43% 43%
TOTAL Al 13 (32%) 81% 81%
Study: BriMA
BCatype # specimens # positives sensitivity specificity
NST 84 14 (17%) 71% 66%
ILC 16 6 (38%) 83% 70%
DCIS 13 10 (77%) 80% 67%
NAT 39 5 (13%) 80% 68%
TOTAL 152 35 (23%) 77% 67%

NST = invasive carcinoma of no special type, ILC = invasive lobular carcinoma, DCIS = ductal
carcinoma in situ, LCIS = lobular carcinoma in situ, NAT = neoadjuvant-treated carcinoma
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3 Fundamentals of deep learning and its
application to medical image analysis

34. Introduction

In this dissertation, deep learning (DL) models are developed to support
physicians in the interpretation of micro-PET-CT images of lumpectomy
specimens. The first part of this chapter introduces the fundamental
technical concepts underlying DL. The relationships between artificial in-
telligence (Al), machine learning (ML), and deep learning (DL) are clarified,
followed by an overview of the main learning strategies: supervised,
unsupervised, and reinforcement learning. Afterwards, deep artificial
neural networks (ANNs) are introduced as the model architecture used
in DL and their iterative training process is explained. This part is
concluded by discussing regularisation techniques aimed at improving the
generalisation performance of DL models.

In this work, DL models are employed to segment breast tumours in
micro-PET-CT images, thereby allowing the classification of lumpectomy
specimens according to their margin status. The second part of this
chapter therefore focuses on the application of DL in computer vision tasks
for medical image analysis. This part begins by distinguishing between
classification and semantic segmentation tasks. Next, convolutional neural
networks (CNNs) are introduced as a type of ANN that is particularly
suited for image analysis, and the architecture of two widely used CNNs
in computer vision are described: ResNet for classification and U-Net
for segmentation. Afterwards, we discuss commonly applied metrics
to evaluate model performance in both classification and segmentation
problems. The final section of this part addresses specific challenges
associated with DL in medical image analysis, along with emerging trends
in the field.

Finally, we briefly introduce the key concepts of classical iterative image
co-registration algorithms. In this dissertation, we obtain ground-truth
breast tumour segmentations to create the DL models by co-registering
micro-PET-CT images of lumpectomy specimens with the corresponding
histopathology slides. Therefore, we provide the minimal background
needed to understand the ground-truth label generation pipeline presen-
ted in the next chapter.
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3.2. Fundamentals of deep learning

3.24. Artificial intelligence, machine learning, and deep learning

Artificial intelligence (Al) refers to the development of intelligent com-
puter systems capable of mimicking human behaviour [95]. Over the
last few decades, rapid advances in computational power, algorithms,
and data availability have accelerated the development of this field [96].
Early Al systems were primarily knowledge-based systems, relying on
explicitly programmed rules to perform specific tasks. Machine learning
(ML), a subfield of Al, enables systems to learn from example data or past
experience how to perform a specific task rather than relying on predefined
rules [96]. By identifying patterns in data, ML models can make predictions
or decisions, often capturing complex relationships that may not be readily
apparent to human observers. Deep learning (DL) is a subfield of ML
that focuses on a specific type of models, namely deep artificial neural
networks (ANNs) [97]. These models are particularly powerful for tasks that
require detecting complex patterns, such as (medical) image analysis and
natural language processing. In this dissertation, DL models are applied
to analyse micro-PET-CT images of lumpectomy specimens. Despite their
strong performance, DL models typically require large training datasets
and are often considered “black boxes” as they lack interpretability [96].
The relationship between Al, ML, and DL is shown in Figure 311.

Artificial Intelligence

Machine Learning

Deep Learning

Figure 3.1. Relation between artificial intelligence, machine learning, and
deep learning.

3.2.2. Supervised, unsupervised, and reinforcement learning

When training an ML or a DL model to perform a specific task, three main
learning strategies can be applied [95, 96]:
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- Supervised learning is a learning approach in which a model infers
knowledge from labelled data consisting of known input-output
pairs. The model learns the relationship between inputs and their
corresponding outputs by minimising the difference between its
predictions and the ground-truth labels. Once trained, the learned
relationship is used to make predictions for new, unseen data.

- Unsupervised learning involves learning associations in data
without the availability of labelled examples. The aim is to find
hidden structures and relations in input data, by for example
clustering the data into similar groups.

- Reinforcement learning is often used in gaming or robot control.
An artificial agent learns which actions to take in an environment in
order to maximise a cumulative reward. Through trial and error, the
agent explores a wide variety of consecutive actions and evaluates
them based on the rewards received. Over time, it learns a strategy
for selecting appropriate sequences of actions.

Supervised learning remains the most widely used learning strategy and is
also applied in this dissertation [95]. Other common variations and hybrid
learning strategies include semi-supervised, self-supervised, federated,
and active learning, and are further explained in Section 3.3.5.1.

3.2.3. Model architecture: Deep artificial neural networks

An ML or DL model can be seen as a parametric mapping function that is
optimised to map an input to the desired output. The model architecture
used in DL modelsis a deep artificial neural network (ANN). The structure of
ANNSs is inspired by the human brain, a complex network of interconnected
processing units called neurons [96]. The basic building block of an ANN
is an artificial neuron or perceptron, visualised in Figure 3.2. The relation
between the input and output of a perceptron is given by Equation 31. The
perceptron multiplies the inputs (x;) with weights (w;), sums all weighted
inputs together with a bias (»), and applies an activation function (o) to
this sum to produce the output (y) [96].

A fully connected ANN is formed by placing multiple perceptrons in layers,
all connected to each other such that the output of one layer becomes
the input of the next layer [96]. This straightforward ANN structure is also
called a multilayer perceptron (MLP). As indicated in Figure 3.3, the first and
last layers are the input and output layers, respectively, while all layers
in between are hidden layers. A deep ANN has at least two, and often
many more, hidden layers. To model non-linear relationships between
input and output, non-linear activation functions (o) have to be introduced
into the network [96]. The most common activation function is rectified
linear unit (ReLU), which simply sets negative input values to zero [96, 98].
Many improvements on this activation function were introduced: Leaky
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ReLU [99] introduces a small gradient for negative inputs, and Parametric
ReLU (PRelLU) [100] introduces a learnable parameter to define the optimal
gradient. ANNs are powerful because, in theory, they can approximate
almost any continuous mapping function, provided they contain at least
one hidden layer and non-linear activation functions, a property described
in the universal approximation theorem [101].

y= U'(b + 2 Wixi) (31)

Inputs

Weighted Activation

. Output
sum function p

Figure 3.2. The perceptron as the basic building block of an artificial neural
network.

Input Layer Hidden Layers Output Layer

OO0
O 0000

Figure 3.3. Multilayer perceptron or fully connected artificial neural
network.
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3.2.4. Model training

The goal of training an ANN is to find suitable values for the model
parameters (weights and biases) that transform inputs into the desired
outputs [96]. Model performance during training is monitored using a
loss function. In supervised training, this loss quantifies the discrepancy
between predicted outputs and ground-truth labels and should be
minimised. The problem of finding the model parameters for which the
loss function is minimised cannot be solved analytically. Therefore, the
parameters of the ANN are randomly initialised and are optimised using
an iterative process, as illustrated in Figure 3.4.

Each iteration consists of three steps. First, during forward propagation,
the model generates predictions for all training inputs, often grouped in
batches, and the loss is calculated [96]. Second, the loss is backpropagated
from the output to the input layer. At every layer, the gradient of the loss
with respect to the model weights is computed using the chain rule [96].
In deep networks, repeated application of the chain rule can lead to
extremely small (vanishing) or large (exploding) gradients, hindering stable
training. Vanishing gradients can be mitigated by choosing an appropriate
activation function like RelLU which preserves non-zero gradients for
positive inputs. Additional techniques to address these issues are
discussed later in this chapter. Third, model parameters are updated in
the direction of the negative gradient with a step size indicated by the
learning rate [96]. The learning rate is typically reduced when approaching
the loss minimum to prevent overshooting. This optimisation procedure is
known as gradient descent (GD).

Many variations on this optimisation algorithm exist. In standard GD, the
loss is calculated across the entire training dataset before updating the
model parameters. One pass of all training data through the network is
called one epoch. A widely used alternative is stochastic gradient descent
(SGD), where parameter updates are performed after processing a single
data sample or a mini-batch of data, resulting in multiple updates per
epoch. Convergence can be further accelerated using adaptive learning
rates for individual model parameters, indicated as adaptive stochastic
gradient descent (ASGD). In addition, momentum can be incorporated,
which smooths updates by using a moving average of past gradients. A
common implementation is Nesterov momentum [102].

Besides the learnable model parameters (weights and biases), a large
amount of hyperparameters need to be specified prior to model train-
ing [96]. These include the network architecture (number of layers and
neurons per layer), activation functions, optimisation algorithm, batch size,
learning rate, etc. [96]. Hyperparameter choices can strongly influence final
model performance and therefore require careful fine-tuning, as further
explained in Section 3.2.51 [96].
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Figure 3.4. Iterative training of an artificial neural network (ANN).

3.2.5. Model generalisation and regularisation

While ANNs can model highly complex functions to accurately fit the
training data, a major challenge in ML and DL is ensuring that trained
models generalise well. This means that trained models should not only
perform well on the training data but also on new, unseen data [96].
A model that merely memorises the training data without capturing
the underlying patterns or representative features lacks generalisation
capacity and is therefore ineffective when applied to previously unseen
data. This section discusses the importance of appropriate data splitting
to assess generalisation performance, explains the bias-variance trade-off
and its relation to overfitting and underfitting, and reviews regularisation
techniques aimed at improving model generalisation.

3.2.51. Data splits and cross-validation

To assess generalisation performance, the available dataset is typically
divided into three subsets: a training, validation, and test set [96]. The
training set is used to optimise the model parameters, including weights
and biases. During training, model performance is monitored on the
validation set to estimate generalisation performance. Although the
validation set is not used to update model parameters directly, it can guide
hyperparameter tuning and model selection. Grid search is a common
method for selecting appropriate hyperparameters. Candidate values
are defined for each hyperparameter, after which their combinations
are systematically evaluated to optimise model performance. For each
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configuration, the modelis trained on the training set and evaluated on the
validation set to select the best-performing hyperparameter combination.
The search may be exhaustive or restricted to a subset of combinations
using more computationally efficient search strategies. The test set
remains strictly independent throughout the entire process and is used
only after model training is completed to evaluate model performance
on previously unseen data [96]. Ensuring independence is essential as
data leakage, where information from the test set influences training or
validation, can result in overly optimistic and unreliable performance
estimates.

To maximise data utilisation while preventing data leakage,
cross-validation schemes are often applied. In five-fold cross-validation,
the data is divided into five equal partitions. In each iteration, one
partition serves as the validation set, while the remaining four form the
training set. This scheme allows using all available data for both training
and validation. Several variations of cross-validation exist. Stratified
cross-validation preserves class distributions across partitions to enable
reliable model training and validation. Group cross-validation prevents
leakage from related data samples, e.g. multiple images from the same
patient, by keeping them within the same partition. Furthermore, when
datasets are small, cross-validation can be used to estimate model
performance instead of relying on a fixed held-out test set. This results in
a nested cross-validation scheme, as shown in Figure 3.5, where the outer
(test) folds are used to estimate the final model performance, while the
inner (validation) folds are used for hyperparameter tuning.

Outer folds Inner folds
Iteration 1 train m Iteration 1 train m
Iteration 2 train =S tein iteration 2 train [CON test |
Iteration 3 train test train Iteration 3 train train m
teration 4 train  [JEEEN train Iteration 4  train train [ test |
Iteration 5 m train Iteration 5 train m

Figure 3.5. Nested five-fold cross-validation.

3.2.5.2. Bias-variance trade-off

Obtaining good generalisation starts with selecting an appropriate level
of model complexity or capacity (i.e, the number of layers and neurons
in the ANN) [96]. An overly simple model fails to capture the underlying
structure of the data. Such a model has a high bias and underfits the
training data, performing poorly on both the training and test sets. On the
other hand, an overly complex model will adapt too closely to the training
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data, including the noise in the data. Such model has a high variance
and overfits the training data, resulting in poor performance on the test
data despite near-perfect performance on the training data. This balance
between underfitting and overfitting is also known as the bias-variance
trade-off [103]. Figure 3.6 illustrates the bias-variance trade-off for a simple
binary classification example.

Bias .
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Figure 3.6. Bias-variance trade-off when choosing a decision boundary for
a binary classification problem.

3.2.5.3. Regularisation techniques

In addition to selecting the right model capacity, various regularisation
techniques can be applied to limit overfitting and underfitting and improve
the model’s generalisation performance. Several regularisation techniques
that can be applied when training an ANN are discussed below [96, 104].

Data augmentation is used to artificially create new data samples based
on the existing training set [96]. While large amounts of data prevent
overfitting, in practice, the amount of available labelled training samples
is often limited. In this case, additional data can be created by
applying transformations and alterations to the existing data [104].
These transformations typically include random geometric operations
(e.g., rotation and flipping) and intensity modifications (e.g., addition
of Gaussian noise, Gaussian smoothing, or contrast adjustment). By
exposing the model to such variations, data augmentation promotes
model invariance to these alterations, increases robustness to image
degradations, and leads to better generalisation performance.

Transfer learning refers to the technique in which a model trained on
a particular dataset or task is reused to solve a different but related
problem [96]. Rather than training a model from scratch, knowledge
inferred from the initial task is transferred to the new task. Typically, the
model is first trained on a large related dataset to learn general features
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and patterns, after which it is fine-tuned on the target dataset, reducing
the amount of task-specific data required. For example, many image
analysis models are pre-trained on ImageNet, a large-scale natural image
dataset introduced by Deng et al. [105] in 2009. The generic visual features
learned from this dataset can be transferred to other tasks, enabling faster
convergence and improved performance.

Early stopping is a regularisation strategy in which training is stopped
when the validation loss reaches a minimum [96]. As illustrated in
Figure 3.7, the training loss typically decreases steadily with each training
epoch, whereas the validation loss may start to rise at a certain point,
signalling overfitting. In early stopping, the validation loss is monitored
and training is terminated when no improvement is observed for a
predefined number of epochs. The model parameters corresponding to
the lowest validation loss are then selected.

Loss

Underfitting Overfitting

Training

Epochs

Figure 3.7. Early stopping: the dotted line indicates the number of epochs
at which the model will generalise best towards unseen data.

Dropout is atechnique where a fraction of neurons in the ANN is randomly
deactivated during training, meaning their outputs are set to zero and
they do not contribute to forward or backward propagation [96]. Dropout
prevents over-reliance on specific neurons, and forces activated neurons
to perform well regardless of which other neurons are included in the
network. This encourages the extraction of more robust and general
features, thereby improving generalisation performance. Dropout only
affects the training procedure and is not used during inference.

Weight decay is a technique that discourages large model weights by
adding a penalty term to the loss function [96]. Common approaches
include L2 and L1 regularisation. The L2 penalty adds the sum of squared
model weights to the loss function, reducing the influence of individual
features by promoting smaller and more distributed weight values. The
L1 penalty adds the sum of absolute model weights to the loss function,
performing implicit feature selection by driving some parameters to zero.
Both methods favour simpler models with improved generalisation.
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3.3. Deep learning for computer vision in medical images

The application of DL in medical imaging has expanded rapidly in recent
years [96]. DL techniques are being integrated throughout the entire
imaging pipeline, ranging from improvements in scanner performance and
image quality to automated disease detection and diagnosis [96]. In this
work, we focus on the use of DL for computer vision tasks, referring to
the automated analysis and interpretation of visual data. DL models
can enhance the efficiency and accuracy of medical image analysis by
exploiting complex image characteristics (e.g., contrast variations, shapes,
and textures) that are not always readily apparent to human observ-
ers [104]. Owing to these capabilities, DL has achieved state-of-the-art
performance in numerous medical computer vision tasks, particularly in
image segmentation [96, 104, 106, 107]. In this work, DL models are
employed to segment breast tumours in micro-PET-CT images, enabling
the detection and localisation of positive resection margins.

3.34. Classification and segmentation

In this dissertation, we focus on two main subfields of computer vision:
image classification and image segmentation. The objective of medical
image classification is to predict diagnostic or prognostic outcomes
based on imaging data. In classification tasks, one or more labels are
assigned at the image level. The output of a classification model typically
consists of class probabilities, which can be thresholded to determine
the final class label(s). The goal of medical image segmentation is
to accurately delineate the boundaries of anatomical or pathological
structures of interest. Although different subtypes of segmentation
problems exist, this work focuses exclusively on semantic segmentation.
In semantic segmentation, a class label is assigned to each individual
pixel in the image, thereby generating a pixel-wise annotation of the
structures of interest. Throughout this dissertation, the term segmentation
always refers to semantic segmentation. Segmentation models typically
produce probability maps in which each pixel is associated with a
probability of belonging to a certain class. These probability maps can be
thresholded to obtain a final segmentation mask. In this work, we focus on
binary classification and binary semantic segmentation of micro-PET-CT
images of lumpectomy specimens. For margin status classification, two
outcomes are considered: positive or negative margins. For breast tumour
segmentation, each image pixel is assigned one of two labels: malignant
or benign.
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3.3.2. Convolutional neural networks

In computer vision applications, a specific type of ANN is widely used:
the convolutional neural network (CNN) [96]. Although a fully connected
ANN, as described in Section 3.2.3, could be applied to pixel values, this
approach is highly inefficient. Medical images may contain millions of
pixels. Therefore, fully connected ANNs would require a large number
of parameters, resulting in excessive memory usage and computational
cost [96]. Moreover, fully connected ANNs lack translational invariance [96].
Each neuron detects features at fixed spatial locations in the image, such
that even small translations of the input image may lead to substantially
different outputs.

CNNs address these limitations through sparse connectivity and parameter
sharing [96]. Instead of fully connected neurons, CNNs contain convolu-
tional layers with sets of learnable filters or kernels that are convolved
with the input image to extract features. During a convolution operation,
a kernel is systematically scanned across the image using a predefined
step size or stride. At each spatial location, the sum of the element-wise
product between the kernel weights and the corresponding image patch
is computed. The result is a feature map that indicates the presence
of the pattern encoded by the kernel at different image locations. The
kernel weights form the trainable parameters of the network. Figure 3.8
illustrates such a convolution operation in 2D. By reusing the same
kernel across the entire image, CNNs enforce parameter sharing and
achieve translational invariance. A spatial shift in the input image will
produce the same shift in the extracted feature maps. Stacking multiple
convolutional layers yields a hierarchical feature representation, in which
progressively more complex and abstract patterns are extracted. These
learned representations can subsequently be used for tasks such as image
classification or segmentation.
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Figure 3.8. 2D convolution operation. A 7x7 input image (1) is convolved
with a 3x3 kernel (K) with a stride of 1. Figure adapted from [108].

57



3. Fundamentals of DL and its application to medical image analysis

3.3.21. Different layer types

A CNN can have different types of layers, stacked in various configura-
tions [96]. The most important layer types are described below.

Convolutional layers form the backbone of a CNN. They consist of several
kernels, containing the trainable parameters of the network [96]. These
kernels are convolved with the input to perform feature extraction. The
size of each kernel (e.g, 3x3 or 5x5) defines its receptive field, and a stride
> 1 can be used to reduce the input size. A convolutional layer outputs a
set of feature maps, one feature map per kernel.

Fully connected layers of neurons can be applied at the end of the
network, after the convolutional layers, in case of a classification prob-
lem [96]. While the convolutional layers extract different features from
the input images, the fully connected layers combine these features to
determine the final classification output. Such layers are not required for
segmentation problems, where fully convolutional networks are applied.

Activation layers introduce non-linearities into the network through
activation functions (e.g., PRelLU) [96]. The final activation layer constrains
the model output values to the desired range. For binary classification or
segmentation problems, a sigmoid activation is used to obtain an output
in [0,1], representing the probability that an image or image pixel belongs
to the positive class. For multiclass problems, a softmax activation is used
to produce class probabilities in [0,1] that sum to one across all classes. In
the binary setting, sigmoid and softmax are equivalent.

Pooling layers are subsampling operations that reduce the spatial di-
mensions of the input by calculating summary statistics (e.g., maximum,
median, or average) over local neighbourhoods [96]. These neighbour-
hoods commonly have a size of 2x2, thereby halving the input resolution.
Alternatively, similar downsampling can be achieved by introducing strides
into the convolutional layers. This dimensionality reduction decreases
computational cost and enlarges the receptive field of calculated features
relative to the input image. In segmentation networks, upsampling or
transposed convolutional layers are also required to increase the spatial
resolution of feature maps, restoring them to full size for the generation
of segmentation outputs.
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Normalisation layers ensure intermediate normalisation of the feature
maps in the network to zero mean and unit variance [96]. The goal
of normalisation layers is to increase training stability and improve
convergence speed, by avoiding vanishing and exploding gradients in
deep CNNs. Different types of normalisation layers exist, performing
normalisation across different groups of feature maps and batch instances
in one layer. The differences between instance, batch, layer, and group
normalisation are illustrated in Figure 3.9.

Figure 3.9. Illustration of various normalisation methods used in convolu-
tional neural networks: batch, layer, instance, and group normalisation. A
single layer of a 2D network is represented with batch (B), feature/channel
(C), and spatial (XY) dimensions. The grey regions indicate all feature maps
and batch instances that are jointly normalised for each method. In group
normalisation, the number of feature maps per group can vary. Group
normalisation including all channels is equivalent to layer normalisation,
while group normalisation with one channel corresponds to instance
normalisation. Figure adapted from [109].

Dropout layers randomly set input elements to zero during training to
improve generalisation performance of the network [96].
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3.3.2.2. ResNet for classification

The Residual Network (ResNet), introduced by He et al. [100] in 2016, is
a widely used CNN architecture for medical image classification [96]. As
illustrated in Figure 310, the network consists of stacked convolutional
layers that progressively extract more abstract features from the input
image while reducing spatial resolution. A final fully connected layer
combines all extracted features to produce the classification output.

Although increasing network depth generally improves classification per-
formance, He et al. [100] observed that beyond a certain depth, training
accuracy saturates and may even degrade. This behaviour is not caused by
overfitting, butis due to challenges associated with training and optimising
increasingly deep CNNs. In principle, a deeper model should perform
at least as well as its shallower counterpart, since the additional layers
could learn an identity mapping and simply pass their input directly to
the output without modification. In practice, however, learning such an
identity mapping can be difficult because a CNN consists of a sequence
of non-linear transformations. To address this issue, ResNet introduces
residual connections, also known as shortcut connections, which bypass
one or more layers in the network. These connections allow the input of a
block to be directly added to its output. As a result, the network is effec-
tively preconditioned to behave like an identity mapping, and the layers
only need to learn the difference between the desired mapping and the
identity mapping. This difference between the block output and its input
is referred to as the residual function. In addition, the residual connections
improve the flow of gradients during backpropagation, thereby mitigating
the vanishing gradient problem and stabilising training. Consequently,
residual connections facilitate optimisation and allow for effective training
of deeper CNNs.

3.3.2.3. U-Net for segmentation

U-Net and its variants represent the most widely used CNN architectures
for semantic medical image segmentation [96, 104, 110]. U-Net was
originally introduced by Ronneberger et al. [111] in 2015, and was later
extended to a 3D version called V-Net by Milletari et al. [112] in 2016. Today,
these architectures remain state of the art for many segmentation tasks.

U-Net is a fully convolutional network that contains no fully connected
layers and preserves spatial information throughout the network [111].
It maps an input image to a probability map of identical dimensions,
providing pixel-level class probabilities. As illustrated in Figure 311, U-Net
has a symmetric U-shaped architecture. The left arm is the encoder
path which progressively reduces spatial resolution while extracting
increasingly abstract features of the image. The encoder ends in the
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bottleneck that contains a latent representation of the image. The right
arm is the decoder path which subsequently upsamples the feature maps
to restore the original spatial resolution while combining all extracted
features to generate the final output segmentation. In addition, there are
skip connections, shortcuts between corresponding encoder and decoder
layers, that facilitate feature localisation and enhance model optimisation.

Numerous refinements of the U-Net architecture have been
proposed [104]. To improve training stability, convergence speed, and
generalisation performance, normalisation and dropout layers are
commonly incorporated in the network. Furthermore, the residual variant
Residual U-Net (ResU-Net) integrates residual connections within both
the downsampling and upsampling blocks [113], while dense variants
introduce skip connections within the blocks such that each layer gets
access to all preceding feature maps within the same block [104, 110].
Beyond direct encoder-decoder skip connections, nested and densely
connected skip pathways containing intermediate convolutional blocks
allow fusion of features across different scales [104, 110]. Moreover,
standard convolutions can be replaced by dilated convolutions, in which
kernel elements are spaced apart, to enlarge the receptive field without
increasing the number of parameters [104, 110].

Additional extensions include cascaded networks, stacks of encoder-
decoder models that are trained end-to-end to progressively refine
segmentations [104]. In these architectures, successive stages operate
at increasing spatial resolutions, enabling the integration of global
contextual information captured at lower resolutions with finer details
extracted at higher resolutions. In some implementations, the probability
map generated by one stage is provided as input to the next stage,
together with the rescaled input image, to guide further refinement.
Finally, for multimodal inputs, which are common in medical imaging, the
different modalities can either be provided to the network as separate
input channels, or processed by separate encoders that first extract
modality-specific features before combining them within the network.

61



3. Fundamentals of DL and its application to medical image analysis

ResNet18

[ nput (1) b inGes) |

L| iD(64) P 1D(64) |fconv(i28)]

D (128) ] conv (256)|

ID (256) |>f cONV (512) |

ID(512) p{ out(1) |

Output (1)

Conv2D 3x3 + stride 2
Batch normalisation

o
S
=
Qe
3|2
a|g
N

S| E
<3 =]
o<
Oles
[=]
S
o
=]

Conv2D 3x3
Batch normalisaion
Conv2D 3x3
Batch normalisation

=4
S
=
©
=
B
©
o
-
[
o

RelLU activation

=
=
o
5
©
=
£
S
=
=
S
S
©
o

RelLU activation
RelLU activation

~ =
<] i
=] =]
= =
@ @
; ;
S [}
x x
~ ™
[=] [=}
g S
5 5
o o

out

Fully connected 1

c
.2
S
©
=
B
©
=
<]
=
.90
(]

=N [N

|

Figure 3.10. 2D Residual Network (ResNet) for image classification. The original implementation of ResNet18 according to He
et al. [100] is shown for the binary classification of an input image with a single channel. The composition of the input (IN),
identity (ID), convolutional (CONV), and output (OUT) units are shown. Every convolutional unit doubles the number of channels
or feature maps and reduces the image dimensions by half. The fully connected layer at the end combines the extracted image

features into a binary classification output.
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3.3.3. Performance evaluation metrics

Model performance is assessed using quantitative metrics that measure
the agreement between model predictions and ground-truth labels.
Here, we focus on performance metrics for binary classification and
segmentation tasks, although most metrics can easily be extended to
multiclass problems. As medical problems are often characterised by
strong class imbalance, not all evaluation metrics are equally suitable. In
classification problems, the positive (e.g, disease) class often represents
a minority of the population. Similarly, in segmentation problems,
the region of interest (e.g, tumour tissue) typically only occupies a
small fraction of the total image volume. This imbalance is also
present in the problems analysed in this dissertation. For margin status
classification of lumpectomy specimens, approximately 20% of cases
have positive margins, as reported in Section 2.3.5 of Chapter 2. For
breast tumour segmentation in lumpectomy specimens, the tumour often
only covers a limited portion of the specimen, particularly in cases of
invasive lobular carcinoma (ILC) and ductal carcinoma in situ (DCIS).
Consequently, performance metrics and loss functions must be selected
with consideration of class imbalance to ensure a reliable and clinically
meaningful assessment of model performance.

3.3.34. Classification

In binary classification, the predicted probability of belonging to the
positive class is thresholded (e.g, at 0.5) to obtain the final class label
(positive or negative). Depending on the relation between the predicted
and ground-truth label of a data sample, each prediction is categorised as
a correct true positive (TP) or true negative (TN) prediction, or an incorrect
false positive (FP) or false negative (FN) prediction. All predictions are
summarised in a contingency table, also called a confusion matrix, as
illustrated in Figure 3.12.

From this contingency table, several performance metrics can be derived,
including accuracy (Equation 3.2), sensitivity or recall (Equation 3.3),
specificity (Equation 3.4), and precision (Equation 3.5). In imbalanced
classification settings where the positive class is under-represented,
metrics such as accuracy and specificity may yield overly optimistic
performance estimates. In these cases, sensitivity and precision provide
more informative measures of performance. The F1 score (Equation 3.6),
defined as the harmonic mean of recall and precision, offers a balanced
measure of overall classification performance.
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Figure 3.12. Contingency table.
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In practice, a trade-off exists between sensitivity, specificity, and precision,
that can be controlled by adjusting the decision threshold used to
convert predicted class probabilities into class labels. This trade-off
can be visualised using the receiver operating characteristic (ROC) and
the precision-recall (PR) curve. ROC-curves plot sensitivity or recall
against one minus specificity across decision thresholds (e [0,1]), whereas
PR-curves plot recall against precision. Depending on the exact problem,
other thresholds or operating points along these curves can be chosen.
The area under the curve (AUC) (e [01]) is a measure of the overall ability
of the model to distinguish between the positive and negative class. For
imbalanced problems, area under the curve of the precision-recall curve
(PR-AUC) is generally more informative than area under the curve of the
receiver operating characteristic (ROC-AUC). Figure 313 shows illustrations
of the ROC- and PR-curves, including their corresponding AUC values.
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Figure 343. Receiver operating characteristic (ROC) and precision-recall
(PR) curve. The area under the curve (AUC) is also indicated in both cases.

During training, classification models are commonly optimised using the
cross-entropy loss, also called log-loss [96]. Equation 37 represents
the binary cross-entropy (BCE) loss calculated across N data samples,
with y; the ground-truth label (e {01}) and p; the predicted probability
for the positive class (e [0,1]) for sample i. In the presence of class
imbalance, weights can be introduced in the loss function to balance class
contributions.

1 N
BCE loss =~ ) L log(p) + (1=y) log(1=p0l - (37)

4

3.3.3.2. Segmentation

A segmentation task can be interpreted as a pixel-wise classification
problem. Consequently, after thresholding the predicted tumour proba-
bility map (e.g, at 0.5) to obtain a binary segmentation mask, pixel-level
accuracy, sensitivity, specificity, precision, and F1 score can be computed.
Similarly, ROC-AUC and PR-AUC can be calculated per image to assess the
model’s ability to discriminate between positive and negative pixels. As in
classification tasks, accuracy, specificity, and ROC-AUC are less informative
in imbalanced segmentation problems.

A widely used metric for segmentation is the Dice similarity coeffi-
cient (DSC), also called Sgrensen-Dice coefficient [96]. The DSC (e
[01]) quantifies the spatial overlap between predicted and ground-truth
segmentations, making it particularly suitable for imbalanced medical
segmentation tasks [114]. Equation 3.8 shows the calculation of the DSC
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for an image with N pixels, where y; denotes the true label (e {01}) and %;
denotes the thresholded prediction (e {0;}) for pixel i. It can be seen that
the pixel-level F1 score of an image corresponds to the DSC.

C_2~Ym?_ 2- 3N i 9 2.TP
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In addition to overlap-based metrics, metrics focusing on the predicted
segmentation contour or boundary are also commonly used. The Haus-
dorff distance quantifies the maximum distance one can be forced to travel
from a point on the predicted contour to the ground-truth contour, or the
other way around. To reduce the effect of outliers, percentile variants (e.g,,
95 percentile of the Hausdorff distance (95HD)) are commonly applied.
Contour Dice metrics can likewise be computed to assess the overlap
between the predicted and ground-truth contours. The score typically
incorporates a spatial tolerance (e.g., contour Dice with a 1 mm tolerance
(TmmCD)) to allow for minor boundary deviations.

Given the widespread use of the DSC as an evaluation metric, the Dice
loss is commonly employed during training of segmentation models [115].
Equation 3.9 shows the calculation of this loss for an image with N pixels,
where y; isthe true label (e {0,1}) and p; is the predicted tumour probability
(e [07]) for pixel i.

2- S yi- b

—_ (3.9)
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3.3.4. Challenges related to deep learning for medical image analysis

DL-based medical image analysis comes with its own particular challenges
related to medical imaging data. Below, we discuss the most important
challenges.

3.3.4.1. Scarcity of well-curated annotated datasets

A major challenge in developing DL models for medical imaging applica-
tions is the limited availability of large, well-curated datasets [96, 110].
Access to medical data is strictly regulated to protect patient privacy
(e.g, through GDPR in Europe and HIPAA in the US). Data sharing requires
patient consent, proper data anonymisation, and secure data handling at
all times. These legal and administrative requirements introduce logistical
challenges that complicate access to large-scale datasets.
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In addition, supervised learning relies on ground-truth annotations,
which typically require manual image classification or segmentation by
medical experts. This process is labour-intensive and time-consuming [96].
Furthermore, annotations are subject to intra- and inter-reader variability,
introducing uncertainty and potential inconsistencies in the labels [104].

3.3.4.2. Class imbalance

As previously mentioned, many medical imaging tasks are characterised
by class imbalance [96, 110]. In the case of classification tasks, the positive
(e.g, disease) class is often under-represented, whereas in segmentation
problems, the region of interest (e.g., tumour) typically occupies only a
small fraction of the image volume. To prevent overly optimistic per-
formance estimates, balanced loss functions and appropriate evaluation
metrics should be employed during model training and assessment.

3.3.4.3. High-dimensional complex data

Medical image analysis is inherently challenging due to the
high-dimensional and complex nature of the data. Medical imaging
datasets are often 3D and may involve multimodal information, e.g.
combining functional and anatomical signals [96]. This increases both
computational demands and modelling complexity. Furthermore, data is
often of low quality, containing noise, artefacts, or low contrast. These
issues are particularly problematic in segmentation tasks, where target
structures often have complex irregular shapes and weak or low-contrast
boundaries relative to surrounding tissues [104, 110].

3.3.4.4. Data heterogeneity and domain shifts

Beyond data complexity, medical image analysis is also challenging due to
intrinsic and extrinsic sources of data variability. Intrinsic heterogeneity
arises from substantial inter-patient variability [96, 110], as both normal
anatomy and pathological structures can differ considerably in shape,
intensity, and texture. DL models must therefore be sufficiently robust to
generalise across diverse patient populations. Extrinsic variability stems
from differences in scanner hardware and acquisition protocols across
institutions, affecting image resolution, contrast, intensity distributions,
noise characteristics, and artefacts [96, 104, 110]. While spatial and inten-
sity standardisation can be applied prior to model training, considerable
variability remains.
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When such intrinsic or extrinsic differences lead to discrepancies between
training and deployment data distributions, commonly referred to as
domain shifts, model performance may degrade substantially. To mitigate
these effects and avoid bias, models should be trained and validated
on large, diverse, multi-institutional datasets that capture both biological
and acquisition-related variability to ensure robust generalisation across
hospitals, scanners, and patient populations.

3.3.5. Emerging trends in deep learning for medical image analysis
3.3.5.1. Data-Efficient and collaborative learning strategies

Synthetic data generation is increasingly used to expand training datasets
due to the limited availability of annotated medical imaging data. Gener-
ative adversarial networks (GANs) are widely used for this purpose [104].
A GAN consists of a generator that maps random noise to synthetic
images, and a discriminator that distinguishes real from generated images.
Through adversarial training, a process where both networks compete with
each other, the generator learns to produce increasingly realistic medical
images and eventually fools the discriminator. More recently, diffusion
models have emerged as a powerful alternative to GANs. Diffusion models
learn to progressively transform random noise into realistic images, often
providing more stable training and higher-quality results.

Semi-supervised learning is a hybrid learning approach in which a model
is trained on a dataset containing a small proportion of labelled data
alongside a larger amount of unlabelled data [104]. A common strategy
involves first training the model on the labelled subset and subsequently
predicting pseudo-labels for the unlabelled samples. Predictions with high
confidence are then gradually incorporated into the training set, and the
model is retrained to iteratively refine these pseudo-labels.

Self-supervised learning trains models using data for which labels are
automatically generated from the data itself. A so-called pretext task is
used to train the model, encouraging the model to learn meaningful and
transferable feature representations of the data [104]. Self-supervised
learning is often used as a pre-training step, after which the model is
fine-tuned on a (limited) labelled dataset to perform a specific down-
stream task. A common type of pretext task is contrastive learning [104].
In this technique, positive and negative image pairs are constructed,
and the model is trained using a loss function that promotes similar
feature representations for positive pairs and dissimilar representations
for negative pairs. Positive pairs may for example consist of different
augmented versions of the same image. Other pretext tasks, specific for
image segmentation, include rotation prediction, jigsaw puzzle solving,
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and image inpainting. Self-supervised learning is also commonly used
to develop foundation models, large-scale models that are pre-trained
on diverse datasets to learn general-purpose representations transferable
across tasks and domains. An example is MedSAM (“Segment Anything in
Medical Images”), a foundation model trained to perform segmentation
tasks in a broad range of medical images [116].

Federated learning enables the distributed training of DL models without
requiring the exchange of data between institutions, thereby addressing
concerns related to sharing personal health information [104, 110]. In this
setup, a central server hosts a global model, which participating hospitals
download and train locally on their own data. The locally updated model
parameters are then sent back to the central server, where they are
aggregated to update the global model. This approach facilitates safe
multicentre collaboration while preserving patient privacy.

Active learning is a learning strategy that promotes efficient data la-
belling. A model is initially trained on a small labelled dataset and
subsequently used to iteratively identify additional data samples that
would be most informative if labelled [104]. Based on measures reflecting
prediction uncertainty or sample representativeness, the model selects
data points for expert annotation. These newly labelled samples are then
added to the training set, enabling the model to improve efficiently while
requiring less annotation data.

3.3.5.2. Architectural innovations

Multi-task learning refers to training a single model to simultaneously
perform two or more related tasks [104]. By learning these tasks jointly,
the model can develop a shared and more robust latent representation of
the input image, which often leads to improved generalisation. A single
network can therefore handle multiple segmentation and/or classification
tasks at the same time. In practice, some implementations use task-
specific subnetworks or combine a shared encoder with separate task-
specific decoders. This design enables partial parameter sharing across
tasks, while still allowing each task to be fine-tuned individually using its
own dedicated loss function.

Attention mechanisms introduce adaptive feature weighting into CNNs.
Rather than treating all extracted image features equally, attention selec-
tively focuses on task-relevant information, while suppressing irrelevant
background signals [104]. Attention modules are typically lightweight
modules that operate either at the channel level (indicating which
features are relevant) or at the spatial level (indicating which regions to
focus on). In U-Nets, attention gates are commonly integrated into the
skip connections [104]. Importantly, attention mechanisms enhance the
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representational capacity of CNNs without fundamentally altering their
convolutional structure.

Vision transformers adopt a fundamentally different network architecture.
While CNNs rely on convolutional kernels with local receptive fields, trans-
formers use self-attention mechanisms to model pairwise interactions
between image patches [104, 110]. This enables global context modelling
within a single layer and facilitates the capture of long-range anatomical
dependencies. However, compared to their CNN counterparts, vision
transformers generally require larger training datasets and are compu-
tationally expensive, particularly for high-resolution images. Therefore,
in medical image analysis, hybrid CNN-transformer architectures have
become popular, combining strong local feature extraction with global
context modelling through self-attention.

Self-configuring networks aim to reduce the need for manual hyper-
parameter tuning and expert-driven design choices in DL workflows. As
previously mentioned, hyperparameter selection can strongly influence
final model performance [96]. Medical imaging datasets differ considerably
in modality, image size, spatial resolution, and intended application, often
requiring tailored solutions. However, hyperparameter tuning is complex,
as numerous design choices are interdependent, and overall performance
will largely depend on the expertise of the researcher [104]. For semantic
segmentation tasks, Isensee et al. [117] introduced nnU-Net (“No New
Net"), a self-configuring framework that automatically analyses the training
data and adapts a U-Net architecture to the task at hand. In addi-
tion to selecting the network architecture, nnU-Net defines a complete,
dataset-specific pipeline including preprocessing, training, inference, and
postprocessing. This automated approach reduces the need for extensive
expert intervention while maintaining robust performance across diverse
segmentation applications.

3.3.5.3. Advanced optimisation and supervision techniques

Deep supervision improves model optimisation by introducing auxiliary
output branches at intermediate network layers, allowing additional loss
terms to be computed from intermediate predictions. The total loss
function is typically formulated as a weighted sum of the final and auxiliary
losses [104]. As the loss function drives model optimisation, its design has
an important influence on model performance. Deep supervision improves
gradient flow and facilitates convergence, while encouraging the learning
of meaningful intermediate data representations. In segmentation,
deep supervision is commonly applied in the decoder branch, where
intermediate feature maps are upsampled to the original image resolu-
tion and compared against the ground truth to compute auxiliary loss
functions. In some architectures, these upsampled intermediate feature
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maps from different decoder levels are concatenated to produce the final
segmentation output, potentially improving segmentation performance by
combining features at different resolutions.

Learnable loss functions can be used in image segmentation problems
to go beyond pixel-wise accuracy by promoting structural and anatomical
consistency.  Conventional loss functions, such as cross-entropy or
Dice loss, quantify pixel-wise overlap but may fail to capture higher-
order structural similarities between predicted and true segmentation
masks. Learnable loss functions can help address this limitation. One
approach is to use a conditional GAN, consisting of a generator and
discriminator trained adversarially [104]. In this case, the generator,
often implemented as a U-Net, predicts a segmentation mask from
an input image, while the discriminator learns to distinguish between
ground-truth and generated segmentation masks. The generator is
optimised using a combination of a standard segmentation loss and
an adversarial loss derived from the discriminator, which encourages
structurally and anatomically realistic predictions rather than merely
optimising pixel-wise similarities. Auto-encoders provide another strategy
to construct expressive loss functions [104].  An auto-encoder is an
encoder-decoder network trained to reproduce its input. The network can
be trained on ground-truth segmentation masks to learn compact and
meaningful latent representations that capture their essential structural
characteristics. In this way, the auto-encoder embeds prior knowledge
about plausible segmentation shapes into its latent space. During training
of a segmentation model, both predicted and ground-truth masks can be
projected into the latent space of the pre-trained auto-encoder, and their
difference can be used as a loss term to capture structural discrepancies
and encourage predictions that resemble learned anatomical priors.

3.3.5.4. Techniques for efficient and trustworthy deployment

Knowledge distillation compresses the knowledge of a large model or
model ensemble into a single, more lightweight model [104]. Lightweight
models are essential for deploying DL systems in time-sensitive clinical
environments with limited computational resources. CNNs used for
computer vision tasks are often large and highly parametrised, making
inference computationally expensive and time-consuming [110]. Know-
ledge distillation transfers the knowledge from a well-trained complex
teacher network to a smaller and more efficient student network. To
facilitate this transfer, the student network’s loss function is extended
with additional terms that penalise discrepancies between the student
and teacher outputs, as well as differences in their intermediate feature
representations.

72



3.4. Ground-truth generation through medical image co-registration

Uncertainty quantification aims to improve model trustworthiness by
providing quantitative confidence estimates intended to reflect the likely
correctness of predictions and to help detect potential prediction er-
rors [104]. Such transparency is essential for clinical adoption of DL
models, as safe integration into practice requires understanding when
and why a model may fail. Ideally, uncertainty estimates should be well
calibrated, meaning that the predicted confidence accurately reflects the
true probability of a correct prediction. Uncertainty generally arises from
two main sources: epistemic uncertainty, which is related to the model
itself, and aleatoric uncertainty, which stems from the data [104, 118, 119].
Epistemic or model uncertainty arises from a lack of knowledge about the
system, and can often be reduced by collecting more complete training
datasets or improving model design. A common way to estimate model
uncertainty is by comparing predictions from an ensemble of models
trained under different conditions. Aleatoric or data uncertainty stems
from inherent noise or randomness in the data, and is often irreducible. It
can be assessed using techniques such as test-time augmentation, where
multiple predictions are obtained from simple transformations (e.g., flips
or rotations) of the same input image.

3.4. Ground-truth generation through medical image
co-registration

As previously mentioned, supervised training of DL models relies on
labelled medical images. While ground-truth annotations are typically
provided by medical experts, they are subject to intra- and inter-reader
variability. This challenge is particularly relevant to this dissertation,
where ground-truth breast tumour segmentations in micro-PET-CT images
of lumpectomy specimens are required. Producing clinically meaningful
contours is difficult in this case, as nuclear medicine physicians are often
unfamiliar with the high resolution of micro-PET-CT images [104]. To
overcome this limitation, we perform co-registration of micro-PET-CT im-
ages with corresponding histopathology slides of the same specimen and
transfer tumour annotations from histology to the micro-PET-CT images.
Although the specific implementation of this co-registration pipeline is
described in detail in the next chapter, the present section introduces
the fundamental concepts underlying classical image co-registration to
facilitate understanding of the label-generation process.

Image co-registration aims to spatially align two images such that corre-
sponding anatomical structures coincide [96]. Both images are brought
into a shared reference frame in which corresponding coordinates rep-
resent the same physical region. As explained below, classical automatic
registration methods formulate this task as an iterative optimisation
problem. For comprehensive reviews and recent advances in image
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co-registration, including DL-based approaches for similarity estimation
and direct transformation prediction, we refer the reader to the work of
Decuyper et al. [96], Haskins et al. [120], and Darzi et al. [121].

Classical co-registration methods follow an iterative optimisation process
to estimate the parameters of a spatial transformation that aligns anatom-
ical structures in a moving image with their corresponding structures in a
fixed image [121]. This iterative process, illustrated in Figure 3.4, involves
several steps: (1) the current estimate of the spatial transformation is
applied to the moving image in order to align it with the fixed image, (2) the
transformed moving image is interpolated to the grid of the fixed image,
(3) a loss function is calculated to quantify alignment quality, and (4) an
optimiser updates the transformation parameters in the direction of the
negative gradient of the loss function in order to progressively improve
image alignment.

The first component of this iterative framework is the spatial trans-
formation applied to the moving image. This transformation must be
parametrised [121]. In increasing order of complexity and degrees of
freedom, common models are rigid, affine, and deformable transforma-
tions. Rigid transformations include translation and rotation and are
typically sufficient for rigid structures such as bone. Affine transfor-
mations extend this model with scaling and shearing. Deformable or
free-form transformations allow spatially varying deformations and are
generally required for soft tissues that can locally deform. A common
deformable parametrisation is the B-Spline model, in which a grid of
control points defines smooth local deformations. For complex alignment
tasks, a hierarchical approach is often adopted, progressively increasing
transformation complexity and initialising each co-registration stage with
the result of the previous one. The transformation parameters are
iteratively optimised during co-registration. Once the moving image
has been transformed, it must be resampled onto the grid of the
fixed image in order to enable pixel-wise comparison between both
images. Choosing an interpolation method involves a trade-off between
accuracy and computational cost. Common approaches, in order of
increasing complexity, are nearest neighbour, linear, and B-spline (cubic)
interpolation. In practice, lower-order interpolation is often used during
iterative optimisation, while a higher-order interpolation is applied to
obtain the final result.

After transformation and interpolation, the alignment between the moving
and fixed image must be quantified in order to guide the optimisation
process [121]. Image alignment can be expressed using feature-based or
intensity-based approaches. Feature-based methods minimise distances
between corresponding landmarks in both images. Landmarks are often
manually indicated by experts, making this approach labour-intensive,
time-consuming, and error-prone. In some cases, landmarks can be
detected automatically or artificial markers may be introduced prior to
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imaging, although the latter can damage the tissue. Moreover, feature-
based methods are generally less suitable for deformable co-registration.
In contrast, intensity-based methods automatically compute similarity
metrics based on the relation between the intensity distributions of both
images. Several similarity metrics have been proposed for this purpose.
The mean squared difference metric assumes a one-to-one relation, and is
mainly used for monomodal intra-patient co-registration. The normalised
correlation coefficient assumes a linear relation, and is mainly used
for inter- or intra-patient co-registration of closely related modalities.
Normalised mutual information assumes a statistical relation, and can be
used for multimodal co-registration. These metrics can serve both as loss
functions to drive co-registration optimisation and as evaluation measures
for the final alignment. Finally, following the direction of the gradient of
the loss function, an optimiser updates the transformation parameters
to improve image alignment. To this end, gradient descent (GD) and its
variants, introduced in Section 3.2.4, are commonly employed.
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Figure 3.44. Iterative image co-registration.
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4 Co-registration of micro-PET-CT with
histopathology images of lumpectomy
specimens to obtain ground-truth tumour
segmentations

Abstract

Introduction: To correctly interpret positron emission tomography (PET)
images at submillimetre resolution, it is important to gain insight into
radiotracer distributions in tissues at high resolution. To link the molecular
imaging signals to their histological origins, we propose a method for
co-registration of high-resolution (micro-) ex vivo specimen PET images,
combined with computed tomography (CT) images, and the corresponding
specimen histopathology. We apply this method to breast cancer (BCa)
specimens to collect a dataset of micro-PET-CT images with ground-truth
breast tumour annotations, required for the development of deep learning
(DL) models for segmentation.

Methods: The proposed co-registration method has two components.
First, we use an image acquisition scheme that minimises and tracks
tissue deformation: (1) We acquire micro-PET-CT images of approximately
2 mm thick lamellas of fresh surgical specimens, enclosed in tissue
cassettes. (2) We acquire micro-CT images of the same lamellas after
formalin fixation to visualise tissue deformation. (3) We obtain one
haematoxylin and eosin (H&E) stained histopathology section per lamella
of which we capture a digital whole slide image (WSI). Second, we apply
an automatic co-registration algorithm to improve the alignment between
the micro-PET-CT images of the fresh lamellas and WSIs, guided by the
micro-CT of the fixated lamellas. We applied the co-registration method
to BCa specimens of patients who were preoperatively injected with
0.8 MBq/kg ["®F]fluorodeoxyglucose (["®F]FDG). To estimate the spatial
co-registration error, we calculated the distance between corresponding
microcalcifications in the micro-CTs and WSIs. The obtained co-registered
images allowed us to study standardised uptake values (SUVs) of different
breast tissues, as identifled on the WSIs by an experienced breast
pathologist.

Results: We imaged 28 BCa specimens, 19 cases of invasive carcinoma
of no special type (NST), 6 of invasive lobular carcinoma (ILC), and 3 of
ductal carcinoma in situ (DCIS). In total, we applied the co-registration
method to 53, 19, and 10 cassettes of NST, ILC, and DCIS specimens,
respectively. While the cassette framework minimised tissue deformation,
the best alignment between the micro-PET-CT images and WSIs was
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achieved after deformable co-registration. We found an overall average
co-registration error of 0.69 + 0.23 mm between the micro-PET images and
WSls. (Pre)malignant tissue (including NST, ILC, and DCIS) generally showed
higher SUVs than healthy tissue (including healthy glandular, connective,
and adipose tissue). As expected, inflamed tissue and skin also showed
high uptake.

Conclusions: We co-registered micro-PET-CT images of lumpectomy
specimens with their corresponding histopathology WSls, achieving an
accuracy comparable to the spatial resolution of the micro-PET images.
The aligned data provided important insights into the uptake of ["®FIFDG
in different breast tissue types at high resolution. Furthermore, the
obtained dataset of micro-PET-CT images with ground-truth breast tumour
segmentations is crucial for the development and validation of DL-based
segmentation models. While currently we only applied this method to BCa
specimens, we believe the proposed method is applicable to a wide range
of specimens and radiotracers, providing insight into distributions of (new)
radiotracers in human malignancies at a submillimetre resolution.

This chapter contains information previously published in:

Luna Maris, Menekse Goker, Jens M. Debacker, Kathia De Man,
Bliede Van den Broeck, Jo Van Dorpe, Koen Van de Vijver, Vincent
Keereman, and Christian Vanhove. Method for co-registration of
high-resolution specimen PET-CT with histopathology to improve
insight into radiotracer distributions. European Journal of Nuclear
Medicine and Molecular Imaging Physics, 11(1):85, 2024.

Luna Maris, Vincent Keereman, and Christian Vanhove. Method
for co-registration of nuclear images with microscopic histopa-
thology images, Patent with International Application Number
PCT/EP2025/054989, Publication Number WO/2025/186049, and
Priority Date 08.03.2024.
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4A. Introduction

Positron emission tomography (PET), in combination with computed
tomography (CT), has become widely adopted in oncology [80, 81]. In
PET, different types of radiotracers can be used to visualise various tissue
characteristics. In order to correctly interpret PET images, we need to
understand how radiotracers distribute in different types of tissue. As
the correlation of PET images with histopathology is complex, distribution
mechanisms are still unclear, even for ["®Flfluorodeoxyglucose (["®FIFDG),
one of the most common radiotracers in oncology [122]. Especially for
submillimetre (micro-)PET images, where radiotracer distributions are
imaged at unprecedented resolutions, we need to improve our insight into
the distribution of existing and new radiotracers in both cancerous and
healthy tissue.

In order to study radiotracer distributions in different tissues, an accurate
correlation of PET-CT images with histopathology is required. Published
methods perform co-registration between in vivo PET-CT images and
histopathology slices of the tissue after surgical resection. Examples are
the methods introduced by Schiller et al. [123] and Puri et al. [124, 125]
to perform co-registration for the prostate and head and neck region,
respectively.  Existing methods have several limitations [126].  First,
most methods need extensive tissue processing to achieve a match of
orientation and cut between PET-CT images and histopathology [126].
For example, Schiller et al. [123] used special embedding and cutting
equipment to obtain parallel, contiguously cut, and whole-slice histopa-
thology images of the prostate. This limitation was previously addressed
by Puri et al. [124, 125], who developed a method to co-register in vivo
PET-CT images of the head and neck region with histopathology slices
obtained in routine pathology settings. Second, previously published
mathematical co-registration algorithms often rely on minimising the
distance between hand-picked pairs of landmarks in the PET-CT and
histopathology images [124, 126]. This method is prone to error and
sampling bias [127]. Other groups make use of fiducial markers (e.g,
laser burns or ink spots) which lead to tissue damage and information
loss [124, 128, 129]. Due to these challenges, existing co-registration
methods remain time-consuming and labour-intensive, resulting in small
patient cohorts [123, 124, 126]. Additionally, almost all publications focus
on firm tissues that retain their shape after resection, such as prostate
or laryngeal tissue [123, 124, 126]. Correlation is more challenging for
soft tissue, such as breast tissue, which is prone to deformation during
histopathological processing.

To overcome these challenges, we propose a novel strategy to co-register
high-resolution ex vivo PET-CT images with histopathology whole slide
images (WSls). We use a dedicated specimen scanner to capture micro-
PET-CT images of resected tissue. Acquiring ex vivo PET-CT images
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enables maintaining control over tissue deformation, making correlation
with histopathology more straightforward. Another advantage of ex vivo
tissue scanning is the opportunity to achieve a higher spatial resolution
compared to in vivo scanning, allowing us to study radiotracer uptake in
tumour and healthy tissue at a submillimetre resolution. Several groups
already showed that it is feasible to acquire ex vivo (micro-)PET-CT images
of oncological specimens in skin [130], breast [30, 131], ovarian [132],
prostate [133, 134], head and neck [87, 135], thyroid [136], pancreatic [137],
colon [61, 138], liver [61], and lung [139, 140] cancer. While several groups
correlated the ex vivo PET-CT imaging results with histopathology, an
accurate and systematic approach for co-registration is lacking [30, 87, 133,
135, 138, 139]. In previous work by Debacker et al., we already performed
co-registration between autoradiographs of resected human tissue and
the corresponding histopathology [87]. However, we did not succeed
in directly linking ex vivo micro-PET images with histopathology due to
tissue degradation and repositioning caused by the process required
to fixate and slice the tissue for histopathological analysis. In this
work, we address these limitations and develop a co-registration method
that minimises, tracks, and compensates for tissue deformation. Our
method to accurately align micro-PET-CT images of resected tissue with
the corresponding histopathology is inspired by the work of de Boer et
al. [127], who performed co-registration of optical measurements of breast
tissue with histopathology.

As an example application, we evaluate the proposed co-registration
method in breast cancer (BCa). We align ["®F]FDG micro-PET-CT images
of resected BCa specimens with the corresponding histopathology. These
co-registered images can then be used to study the standardised uptake
values (SUVs) of different types of breast tumours at a submillimetre
resolution. PET currently has a limited role in BCa diagnosis as its
sensitivity depends on the lesion’s size and histology [88, 141-143]. It is
especially difficult to detect cases of ductal carcinoma in situ (DCIS) and
invasive lobular carcinoma (ILC), as these breast tumours generally show
lower uptake compared to a case of invasive carcinoma of no special
type (NST) [88, 141-143]. By improving our understanding of radiotracer
distributions in breast lesions at a submillimetre resolution, we gain
insight into whether improvement in the resolution of PET scanners
will enhance the visualisation of BCa in the future. In addition, the
obtained dataset of micro-PET-CT images with ground-truth breast tumour
annotations is crucial for the development and validation of deep learning
(DL) models for segmentation.
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4.2. Methods

4.24. Co-registration method

The proposed co-registration method consists of two components. First,
a strict scheme is followed to acquire micro-PET-CT images of resected
oncological specimens, such that, later on, these micro-PET-CT images
can easily be correlated with the corresponding histopathology sections.
Second, to improve the alignment of both imaging modalities, an auto-
matic mathematical co-registration algorithm is developed and applied.

4.241. Image acquisition scheme

We propose an image acquisition scheme to obtain micro-PET-CT im-
ages of surgically resected specimens of patients preoperatively injected
with a PET radiotracer. This scheme, that minimises and tracks tissue
deformation, consists of different steps: (1) After surgical resection, a
pathologist slices the obtained specimen into lamellas of approximately
2 mm thickness. (2) These lamellas are enclosed in standard meshed
tissue cassettes. (3) Micro-PET-CT images of the cassettes containing
the fresh tissue lamellas are acquired. (4) The tissue is fixated in a
buffered formalin solution for at least 12 hours. (5) Micro-CT images of the
fixated lamellas are acquired to visualise the tissue deformation caused
by the fixation process. (6) The tissue is embedded in paraffin. (7) An
approximately 5 pm thin tissue section is cut from each paraffin block,
parallel to the ground plane of the cassette. These tissue sections are
mounted on glass slides and coloured using haematoxylin and eosin (H&E)
staining. (8) Finally, digital WSIs are obtained from these pathology slides
using a slide scanner. All required tissue processing steps are part of
the standard-of-care procedure for most tumour specimens. The only
adaptation is that the surgical specimen needs to be sliced while it is still
fresh, which is not standard practice in all pathologies. Figure 41 visualises
this image acquisition scheme in case of a BCa specimen. However,
the proposed method can be applied to any surgically resected cancer
specimen.
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Breast ~2 mm thick Fresh lamella Formalin Paraffinised ~5 pm thin H&E
specimen lamellas In cassette  -fixated lamella lamella stained slice

Micro-PET-CT Micro-CT Whole-slide
image image image

Figure 4. Illustration of the proposed image acquisition scheme for a breast cancer specimen. (1) Specimen is sliced into

lamellas of approximately 2 mm thickness. (2) Fresh lamellas are enclosed in tissue cassettes and (3) micro-PET-CT images of

the fresh tissue are acquired. (4) Lamellas are fixated in formalin and (5) micro-CT images of the fixated tissue are acquired. (6)
Lamellas are embedded in paraffin. (7) From these paraffin blocks, thin tissue sections of approximately 5 um thickness are cut,
mounted on glass slides, and coloured using a haematoxylin and eosin (H&E) staining, and (8) digital whole slide images are
captured from these pathology slides.
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4.21.2. Mathematical co-registration algorithm

While the acquisition scheme minimises tissue deformation, tissue fixation
and sectioning will still cause local deformations. To compensate for this,
we perform iterative mathematical co-registration of the micro-PET-CT
images of the fresh lamellas and the corresponding WSlIs. The micro-CT
images of the fixated lamellas are used to guide this algorithm. As
illustrated in Figure 4.2, we apply the following four-step co-registration
algorithm:

Co-register the micro-CTs of the fresh and fixated lamellas

First, we compensate for tissue deformation caused by fixation. We
define the transformation that aligns the 3D micro-CT of a fresh
lamella (moving image) with the 3D micro-CT of the same lamella
after fixation (fixed image). For this step, a free-form B-spline
deformation model is used to account for possibly non-uniform
deformation due to differences in tissue composition. As tissue
densities slightly change during fixation, the normalised correlation
coefficient (NCC) is a suitable metric to match both micro-CT images.

. Select the micro-CT slice of the fresh lamella that matches the WSI

As a second step, we select one slice of the transformed micro-CT
image from step | that matches the WSI. The micro-CT is a 3D image
of a tissue lamella, while the WSI is a 2D image of a thin section cut
from that lamella after paraffin embedding. We match the WSI with
a slice of the transformed micro-CT resulting from step |, assuming
that most tissue deformation occurs during fixation, not paraffin
embedding. We treat the micro-CT as a stack of 2D slices parallel
to the cassette surface, with a slice thickness equal to the voxel
size of the micro-CT. For every micro-CT slice, we perform an affine
co-registration with the WSI, with the normalised mutual information
(NMI) as metric. To express the match of the tissue compositions and
shapes in both images, the sum of the NMI and the Dice similarity
coefficient (DSC) is calculated. The micro-CT slice with the highest
score after affine co-registration is selected.

Co-register the selected micro-CT slice and the WSI

As a third step, the selected micro-CT slice (moving image) is
co-registered with the WSI (fixed image). As recommended by
Albers et al. [144] and de Boer et al. [127], a free-form B-spline
deformation is used to compensate for (possibly non-uniform)
in-plane deformations caused by sectioning of the paraffin blocks
and staining [144]. The NMI metric is again used to match both
modalities.
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IV. Apply the micro-CT transformations to the micro-PET image

Finally, the micro-PET image of the fresh lamella is aligned with the
WSI, by applying the transformations found for the corresponding co-
acquired micro-CT image of the fresh lamella. These transformations
are derived solely from the micro-CT image, while the micro-PET
signal is deliberately not used to drive the co-registration. This is
important to keep the alignment independent of the tracer uptake
distribution, since optimising the alignment on the PET signal itself
would bias the subsequent analysis of tracer uptake across different
tissue types.

We used the SimpleElastix library [145] in Python to implement this co-
registration algorithm. Table 41 lists the key registration components. For
every step, we follow a hierarchical multi-resolution strategy to gradually
increase transformation and data complexity, making the co-registration
more robust. In terms of transformation complexity, we increase the
degrees of freedom by sequentially applying a rigid, affine, and (if
applicable) B-spline transformation. To avoid unrealistic deformations, the
B-spline deformation is regulated using a bending energy penalty, and is
gradually refined across 4 grid levels with increasing density of control
points. In terms of data complexity, we apply Gaussian smoothing to the
images to create four resolution levels. For every level, 500 co-registration
iterations are performed with adaptive stochastic gradient descent (ASGD)
as optimiser and linear interpolation. To speed up the process, a random
coordinate sampler is used to calculate the metrics. Full co-registration
parameter files are found in Appendix A.

Table 41. Registration components for the first three steps of the co-
registration algorithm.

Component Step | Step Il Step 1l

Moving Image Micro-CT fresh Registered micro-CT fresh  Selected slice micro-CT fresh
Fixed Image Micro-CT fixated WSI WSI
Transformation Rigid>Affine>B-spline Rigid > Affine Rigid > Affine>B-spline
Metric NCC NMI NMI

Optimiser ASGD ASGD ASGD
Interpolator Linear Linear Linear

WSI = whole slide image, NCC = normalised correlation coefficient, NMI = normalised mutual
information, ASGD = adaptive stochastic gradient descent.
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Figure 4.2. Illustration of the four-step co-registration algorithm.
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4.2.2. Application and evaluation in breast cancer
4.2.21. Study design and subjects

We applied and evaluated the proposed co-registration method in BCa.
We acquired images of specimens from 28 patients with NST, ILC, or DCIS
BCa undergoing breast-conserving surgery at Ghent University Hospital.
Specimens included 19 NST, 6 ILC, and 3 DCIS cases, and we imaged 53,
19, and 10 cassettes of these specimens, respectively. Patients received a
preoperative injection with either 0.8 MBq/kg or 4 MBq/kg ["®F]FDG. Data
collection occurred within two clinical trials (ClinicalTrials.gov identifiers:
NCT04343079 and NCT04999917), approved by the Ghent University Hospital
ethics committee and conducted in accordance with the Declaration of
Helsinki. All patients provided written informed consent, agreeing to study
participation and publication of the results.

4.2.2.2. Image acquisition

All images were captured following the image acquisition scheme pro-
posed in Section 4.211. After the specimen was cut into lamellas,
the pathologist visually assessed which lamellas contained macroscopic
tumour tissue. From every specimen, at least one lamella with and one
without macroscopic tumour were selected. Large lamellas were further
cut to fit the cassettes. Figure 4.3 provides an overview of all images that
were collected for one lamella. The following sections explain in detail
how these images were acquired.

Micro-PET-CT imaging of lamellas We acquired micro-PET-CT images of
the cassettes containing the fresh lamellas. After fixating the tissue
in a 10% neutral buffered formalin solution for 12-18 hours, we also
acquired micro-CT images of the cassettes with the fixated lamellas.
All micro-PET-CT images for this study were either acquired with the
B-CUBE® and X-CUBE® (MOLECUBES, Belgium), or the AURA®10 (XEOS,
Belgium). While the B-CUBE® and X-CUBE® are meant for preclinical in vivo
imaging, and the AURA®10 is dedicated to ex vivo specimen scanning, both
scanners have similar specifications, and offer similar image quality with
a submillimetre spatial resolution for PET. Only one micro-PET-CT and one
micro-CT acquisition per patient was required, as the bed or container of
these scanners could simultaneously fit all cassettes. To obtain a uniform
dataset, all images were reconstructed to emulate a PET acquisition
time of 10 min and an injected dose of 0.8 MBg/kg. PET images were
reconstructed using 20 iterations of the maximum likelihood expectation
maximisation (MLEM) algorithm, with an energy window of 50% around the
511 keV photopeak and an isotropic voxel size of 400 um. CT acquisition
took 3 min with the X-CUBE® and 1 min with the AURA®10. CT images
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were reconstructed using the image space reconstruction algorithm (ISRA)
(X-CUBE®) or filtered backprojection (FBP) (AURA®10), with an isotropic
voxel size of 100 pm. The result was a set of co-registered micro-PET and
micro-CT images in DICOM format. The 3D micro-CT images were expressed
in Hounsfield units (HUs) and the 3D micro-PET images were converted
to lean body mass SUVs using the Janmahasatian formulation [92]. All
micro-PET images were attenuation corrected and median filtered (kernel
size of 5x5%5 voxels) to remove noise.

Whole slide imaging of H&E stained tissue sections After micro-PET-CT
imaging, the cassettes containing the fixated tissue underwent standard
histopathological processing to obtain one H&E stained tissue section per
cassette. Digital WSIs were captured from these sections using a slide
scanner (NanoZoomer®, Hamamatsu Photonics, Japan), resulting in 2D RGB
images in NDPI format with a resolution of 0.456 pm.

Fresh breast lamella Fixated breast lamella Pathology slide

Optical
Photo

Micro-
CT

Micro-
PET-CT

Figure 4.3. Overview of images collected for one breast lamella. (1) Micro-
PET-CT image of the fresh lamella, (2) Micro-CT image of the lamella after
formalin fixation, and (3) Digital whole slide image of the haematoxylin
and eosin stained thin tissue section. Only one slice is shown for the
3D micro-PET and micro-CT images. The spatial scale of the images is
expressed in mm.
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4. Co-registration of micro-PET-CT with histopathology images

4.2.2.3. Mathematical co-registration

Before co-registration, the collected images required preprocessing. We
used the resize function from the Python library OpenCV [146] to inter-
polate the micro-PET images and WSIs to the same isotropic voxel size
as the micro-CT images (100 um). A linear (“INTER_LINEAR”") interpolation
was applied to upsample the micro-PET images, whereas area-weighted
averaging (“INTER_AREA”) was used to downsample the WSIs [146]. In
area-weighted averaging, each output pixel is the average of the corre-
sponding input pixels weighted by their fractional area of overlap with the
output pixel. Using AMIDE [147], we cropped the micro-PET-CT images to
separate the different tissue samples and to remove the cassettes from
the micro-CT images. We segmented the tissue in the micro-CT images
and WSIs to define binary tissue masks. For the micro-CT images, we
applied Otsu’s thresholding and selected the largest connected tissue
structure using OpenCV. For the WSIs, we manually segmented the largest
connected tissue structure using QuPath [148]. The resulting tissue masks
were used to remove the background from the micro-CT images and WSls,
and to crop the images with a margin of 5 voxels around the tissue in
all directions. We padded all images that belonged to one lamella to the
same dimensions, and we converted the WSIs to greyscale images. Finally,
the WSIs were rotated manually to obtain an approximate initial alignment
with the micro-PET-CT images. After preprocessing the data, the four-step
co-registration algorithm introduced in Section 4.21.2 was applied.

4.2.2.4. Co-registration evaluation

The alignment between the transformed micro-PET-CT images of the
fresh breast lamellas and the WSIs was evaluated qualitatively through
visual inspection and quantitatively using two approaches. For the first
approach, we calculated the overlap between corresponding tissues in
both images using the DSC, as done by Schiller et al. [123] and de Boer
et al. [127]. We calculated the DSC for two types of tissue segmentations:
tissue shape, and tissue composition segmentations. For the tissue shape
segmentations, we used the binary tissue masks of the micro-CT images
and WSIs after co-registration. For the tissue composition segmentations,
we distinguished between adipose and non-adipose tissue, as these two
tissue types can be separated both in micro-CT images and in WSIs in
case of breast tissue. To separate both tissues in micro-CT images, we
applied Otsu’s thresholding to all tissue voxels, after clipping the voxel
intensities to [-1000:1000] HUs. The WSIs show the greatest contrast
between adipose and non-adipose tissue in the green channel. In QuPath,
this channel was manually thresholded after applying the binary tissue
mask and a Gaussian filter with a sigma of 1 pixel. To calculate the DSC
for the composition segmentation, we averaged the DSCs for adipose and
non-adipose tissue. The DSC scores based on these tissue shape and
composition segmentations are here referred to as DSCshape and DSCeomp.
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As a second evaluation method, we calculated the spatial co-registration
error, using an approach similar to Puri et al. [124, 125]. To obtain a mean
overall co-registration error between micro-PET and histopathology, we
calculated the root sum square (RSS) of the following three errors:

(1) Error between micro-PET and micro-CT of fresh lamellas To estimate
the misalignment between consecutively acquired micro-PET and micro-CT
images, we averaged the co-registration errors of six different micro-PET-
CT scanners, measured using an in-house developed spatial calibration
phantom.

(2) Error between micro-CTs of fresh and fixated lamellas To estimate the
misalignment between co-registered micro-CTs of the fresh and fixated
lamellas (step 1), we calculated the distances between pairs of landmarks
in both images. As landmarks, we used the microcalcifications that are
visible in the micro-CT images. First, we segmented the microcalcifications
in the micro-CT images of the fresh lamellas. We thresholded the images
at 400 HUs to identify dense structures. The thresholded images were
manually corrected to exclude dense spots of histological marking ink.
Next, we identified the corresponding microcalcifications in the micro-CT
images of the fixated lamellas following the same approach. Per lamella,
we calculated the co-registration error as the root mean square (RMS) of all
distances between centres of gravity of corresponding microcalcifications.

(3) Error between micro-CT slices of fresh lamellas and WSIs To estimate
the misalignment of co-registered selected micro-CT slices of fresh
lamellas and WSls (step 1), we could again employ the microcalcifications
astheyare also visible on the WSIs. We identified the remaining microcalci-
fications on the selected micro-CT slices, and a breast pathologist with over
15 years of experience segmented the corresponding microcalcification in
the WSIs using QuPath. We selected (clusters of) microcalcifications with
a minimal diameter of 100 um to account for the micro-CT resolution. Per
lamella, we again calculated the co-registration error as the RMS of all
distances between centres of gravity of corresponding microcalcifications.
Note that this method could not address possible mismatches between
WSls and selected micro-CT slices (step ).

4.2.2.5. Standardized uptake values

The co-registration method establishes a direct mapping between micro-
PET-CT images and the corresponding WSIs, facilitating the analysis of
radiotracer uptake in different histological tissue types. An experi-
enced breast pathologist annotated the breast WSIs. Using QuPath,
(pre)malignant tissue was delineated, distinguishing between different
histological subtypes: NST, DCIS, ILC, and lobular carcinoma in situ
(LCIS). Other types of benign and healthy tissue that were annotated are
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4. Co-registration of micro-PET-CT with histopathology images

hyperplasia, inflamed tissue, healthy glands, and skin. The remaining
tissue was separated into adipose and connective tissue, using a threshold
as described above in Section 4.2.2.4.

We used these annotations together with the co-registered micro-PET
images to calculate the mean and maximum SUVS (SUVmean and SUVpmax)
of different breast tissues. In order to do this, we assigned one tissue
label to every PET pixel. The WSI annotations were exported with an
isotropic pixel size of 3.6 pm. To interpolate these annotations to the 100
pum pixel size of the co-registered micro-PET images, we used a method
that accounts for the spatial resolution of micro-PET. The signal of a PET
pixel can be seen as a weighted sum of signals originating from different
tissues surrounding the PET pixel. The relative contribution of a tissue
signal to the PET pixel signal decreases with distance from the PET pixel.
These relative contribution weights can be represented by a normalised
2D Gaussian kernel that is centred on the PET pixel. In correspondence
with the resolution of the micro-PET scanner, we used a Gaussian kernel
with a full width at half maximum (FWHM) of 1 mm and a size ranging
from -30 to +30 in both directions. To every PET pixel, we assigned the
label of the tissue type that has the highest total relative weight, and as
such contributes the most to the PET pixel signal. In practice, this can be
seen as a filtering process. The Gaussian kernel was scanned over the full
resolution annotation with a stride of 100 um in both directions. At every
kernel position, corresponding to one PET pixel, we selected the tissue type
with the highest total relative weight according to the Gaussian kernel. This
filtering process is illustrated in Figure 4.4.

Full Resolution Gaussian Kernel Gaussian Filtered
Annotation FWHM =1 mm Annotation

Figure 4.4. |Illustration of the Gaussian filtering process of a tissue
annotation. The figure illustrates how a full resolution annotation with an
isotropic pixel size of 3.6 um is turned into a Gaussian filtered annotation
with an isotropic pixel size of 100 pym. The Gaussian kernel with full width
at half maximum (FWHM) of 1 mm is scanned over the original annotation
with a stride of 100 pm, and at every position the label of the tissue type
with the highest relative weight is chosen. The spatial scale of the images
is expressed in mm. Note that the Gaussian kernel is not displayed in its
actual relative size.
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4.3. Results

4.341. Image acquisition in breast cancer

Micro-PET-CT imaging of the fresh breast lamellas was successful in
all cases. The mean time between ["®F]FDG injection and micro-PET
acquisition was 4h37min + 53min across all patients. Micro-CT images
of the lamellas after formalin fixation were only captured for the first 22
patients. Comparing the 3D binary tissue masks of the micro-CT images
before and after fixation for these 22 patients revealed an average tissue
volume increase of 0.8 + 3.9% relative to the volume of the fresh lamellas
across all patients. Thus, some lamellas slightly increased in volume, while
others slightly decreased. We did not observe any relation between tissue
volume increase during fixation and tissue composition in terms of the
volume ratio of adipose and non-adipose tissue in a lamella. We have to
keep in mind that these results might be affected by partial volume effects
in the micro-CT images.

Encouraged by these findings, an intermediate analysis of the collected
data was performed to investigate the value of the micro-CT of the fixated
lamella in the co-registration process. It was found that including the
co-registration of the micro-CTs of the fresh and fixated lamellas (step 1),
as opposed to omitting this first step, led to minimal differences in the
final result. Appendix B shows a detailed qualitative and quantitative
comparison between co-registration results with and without guidance
of the micro-CT of the fixated lamellas. As collecting micro-CT images
of the fixated lamellas was labour-intensive, it was chosen to omit this
acquisition for the final six patients.

On average, H&E stained pathology slides were available three days after
the specimen arrived at the pathology lab. WSIs of the pathology slides
could be acquired for all lamellas. A clear correlation between the
micro-PET-CT images and histopathology was immediately visible, due to
the cassette framework that minimised tissue deformation.

4.3.2. Mathematical co-registration in breast cancer

Mathematical co-registration of the micro-CT images of the fresh lamellas
with the WSIs was performed fully automatically (after preprocessing).
The entire co-registration pipeline (steps I, 11, Ill, and 1V) took on average
6 + 2 min across all lamellas of the first 22 patients when run on an 11
Gen Intel Core i7 CPU. For the last 6 patients the co-registration pipeline
(steps 11, 11, and IV) took on average 8 + 3 min across all lamellas. The
intermediate results of the co-registration process are visualised for one
lamella in Figure 4.5. Table 4.2 displays quantitative metrics to show the
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4. Co-registration of micro-PET-CT with histopathology images

improvement in image alignment after the different co-registration steps.
The top part of the table (Co-registration of the micro-CTs of the fresh and
fixated lamellas) contains the data for all lamellas of the first 22 patients,
while the bottom part (Co-registration of the micro-CT slice of the fresh
lamella and the WSI) contains the data for all lamellas of all 28 patients.

The found transformations were applied to the micro-PET images of
the fresh lamellas. Figure 4.6 shows the resulting alignment of the
micro-PET-CT images of the fresh lamellas and the corresponding WSls
for some representative NST, ILC, and DCIS cases. The mathematical
co-registration further optimised the alignment between the micro-PET-CT
images and WSIs, showing a good correspondence between both imaging
modalities in all cases.

To estimate the mean overall spatial co-registration error between micro-
PET and histopathology, we calculated the RSS of three co-registration
errors.  The mean co-registration error between the micro-PET and
micro-CT images of the fresh lamellas was 0.35 = 0.06 mm. In the micro-CT
images of the fresh lamellas, we identified 64 microcalcifications across
20 lamellas of 17 patients. For 14 of these patients, accounting for 31
microcalcifications across 15 lamellas, micro-CT images of the fixated
lamellas were acquired. For these patients, corresponding microcalcifica-
tions were easily identified in the micro-CT images of the fixated lamellas.
After co-registration of the micro-CTs of the fresh and fixated lamellas
(step I), the mean co-registration error was 0.21 + 0.26 mm across the
15 lamellas. After selecting micro-CT slices matching the WSIs (step 11), 6
microcalcifications across 5 slices from 5 different patients remained. The
corresponding microcalcifications were found in the WSIs for 5 out of 6
microcalcifications. The WSI without a corresponding microcalcification
showed a void, suggesting the microcalcification was lost during slide
preparation. After co-registration of the micro-CT slices and WSIs (step
1), the mean co-registration error was 0.49 + 0.33 mm across the 4 slices
with corresponding microcalcifications. The resulting RSS of these three
errors was 0.69 + 0.23 mm, averaged across the 4 lamella slices for which
all three errors could be calculated. Figure 4.7 visualises the centres of
gravity of corresponding microcalcifications in the micro-CT images and
WSlIs for one lamella.
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Figure 4.5. Intermediate results of the mathematical co-registration
process for one breast lamella. (A) Alignment between the micro-CTs of
the fresh and fixated lamella after rigid, affine and B-spline co-registration.
Colour fusions show the overlap between both micro-CT images, as well
as their shape and composition segmentations. The overlap metrics
(normalised correlation coefficient (NCC) and Dice similarity coefficient
(DSC)) are shown below the images. Only a central slice of the 3D micro-CT
images is shown. (B) Alignment of the selected micro-CT slice of the
fresh lamella with the histopathology whole slide image (WSI) after rigid,
affine and B-spline co-registration. Chequerboards show the overlap
between the micro-CT image and WSI, and colour fusions show the overlap
between their shape and composition segmentations. The overlap metrics
(normalised mutual information (NMI) and DSC) are shown below the
images.
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Figure 4.6. Overview of the alignment between the micro-PET-CT
images and histopathology whole slide images (WSls) after mathematical
co-registration.  Representative lamellas containing different breast
tumours are shown: 2 carcinomas of no special type (NST), 2 invasive
lobular carcinomas (ILCs), and 1 ductal carcinoma in situ (DCIS). For each
lamella the following images are shown: the WSI, the WSI annotation,
the co-registered micro-PET-CT image of the fresh lamella, and the
micro-CT image without the micro-PET overlay. The original unfiltered WSI
annotations are shown. Micro-PET images are displayed with an absolute
window of 0-3 standardised uptake values (SUVs) and micro-CT images
are shown in Hounsfield units (HUs). The spatial scale of the images is
expressed in mm.
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Table 4.2. Quantitative metrics expressing the image alignment after the
different co-registration steps. The mean + standard deviation of all
guantitative metrics across the different lamellas are shown after every
co-registration step.
NCC NMI DSCshape DSCcomp
Co-registration of the micro-CTs of the fresh and fixated lamella

Unaligned 0.86 + 0.06 / 0.87 + 0.06 0.69 + 0.1
Rigid 0.92 + 0.04 / 0.93 + 0.04 078 + 0.09
Affine 0.94 + 0.03 / 0.94 + 0.02 0.80 + 0.08

B-spline  0.97 £ 0.01 / 0.97 £ 0.01 0.83 + 0.06

Co-registration of the micro-CT slice of the fresh lamella and the WS

Unaligned / 018 £ 0.04  0.79 £ 011 0.54 + 015
Rigid / 020+ 0.04 0.82+0M 0.58 + 016
Affine / 025+ 0.04 0.89 + 0.07 0.63 + 014

B-spline / 027 £ 0.04 0.92 + 0.06 0.66 + 015

WSI = whole slide image, NCC = normalised correlation coefficient, NMI = normalised mutual
information, DSC = Dice similarity coefficient

micro-CT fresh micro-CT fixated

Co-registered CTs (step 1)

micro-CT fresh WSI

20

Co-registered CT and WSI (step IIl)

0 10 20 0 10 20

Figure 4.7. Illustration of corresponding microcalcifications in micro-CT
images and histopathology whole slide images (WSIs). The top row shows
one slice of the aligned micro-CTs of the fresh and fixated lamellas after
co-registration step I. The bottom row shows the aligned micro-CT slice
and WSI after co-registration step Ill. Red crosses indicate the centres of
gravity of two microcalcifications in all images. The spatial scale of the
images is expressed in mm.
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4.3.3. Standardised uptake values in breast cancer

After co-registration, we used the histopathology annotations to calculate
the SUVs of different breast tissues. Examples of these annotations
are shown in Figure 4.6, together with the aligned micro-PET-CT images.
Table 4.3 shows the SUVnean and SUVmax values per breast tissue type, as
defined by the Gaussian filtered annotations. The average and standard
deviation of SUVmean and SUVnyax were calculated across patients. The box
plots in Figure 4.8 give a more detailed view on the spread in SUVpean and
SUVmax across all patients. While LCIS was detected in several lamellas, no
LCIS regions remained after Gaussian filtering of the annotations. Hence,
no results on the SUVs of LCIS could be reported. To evaluate how well
different breast tissue types can be distinguished from healthy tissue,
we calculated the uptake of each tissue type relative to that of healthy
tissue per patient. Table 4.4 shows the ratios of SUVs of different breast
tissue types relative to healthy tissue, here defined as the combination
of adipose, connective, and healthy glandular tissue. The averages and
standard deviations of the ratios of SUVmean and SUVmax Were calculated
across patients. The box plots in Figure 4.9 give a more detailed view on
the spread in SUVpmean and SUVpax ratios across all patients.

Table 4.3. Standardised uptake values (SUVs) of different breast tissue
types as measured in ["F]FDG micro-PET images. The mean + standard
deviation of SUVmean and SUVnax across all patients are shown. The
number of patients included in each average is indicated in parentheses.

SUVmean SUVmax

NST (19) 3.65 + 432 932 + 840
ILC (6) 0.56 + 0.48 1.88 +1.03
DCIS (3) 092 + 0.4 175+ 175
LCIS (o) - -
Hyperplasia (1) 0.04 0.09
Inflammation (9) 154 +1.84 296 + 427

Healthy glands (7) 0214015 074+ 0.62

Connective tissue (28) 0.50 + 0.58 414 + 3.26

Adipose tissue (28) 011+ 010 3.63 + 4.85
Skin (1) 2.99 6.80

NST = carcinoma of no special type, ILC = invasive lobular carcinoma, DCIS = ductal
carcinoma in situ, LCIS = lobular carcinoma in situ
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Figure 4.8. Box plots showing the spread in standardised uptake values
(SUVs) of different breast tissue types. The top plot shows the spread
in SUVmean, while the bottom plot shows the spread in SUVpyax across all
patients. The number of patients included in each box plot is indicated in

parentheses.
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Table 4.4. Ratios of standardised uptake values (SUVs) of different breast
tissue types relative to healthy tissue, as measured in ["®F]FDG micro-PET
images. Healthy tissue is defined as combined adipose, connective, and
healthy glandular tissue. The mean + standard deviation of the SUVmean
and SUVnax ratios across all patients are shown. The number of patients
included in each average is indicated in parentheses.

SUVnean SUVmax
SUVpeanHealthy Tissue  SUVpaxHealthy Tissue

NST (19) 778 +5.82 1.87 + 1.00

ILC (6) 618 + 5.89 1.82 + 113

DCIS (3) 218 + 0.58 0.38 + 0.26

LCIS (o) - -

Hyperplasia (1) 0.09 0.02

Inflammation (9) 3.37 + 1.41 0.60 + 0.47
Skin (1) 112 0.53

NST = carcinoma of no special type, ILC = invasive lobular carcinoma, DCIS = ductal
carcinoma in situ, LCIS = lobular carcinoma in situ
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Figure 4.9. Box plots showing the spread across patients of ratios of
standardised uptake values (SUVs) for different breast tissue types relative
to healthy tissue. Per patient, the ratios of SUVmean and SUVpmax were
calculated per tissue type with respect to healthy tissue (combined
adipose, connective, and healthy glandular tissue). The number of patients
included in each box plot is indicated in parentheses.
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4.4. Discussion

We developed a method for co-registration of submillimetre PET images of
ex vivo tissue lamellas with the corresponding histopathology. While the
idea of imaging sliced tissue specimens as an intermediate co-registration
step was already introduced by Puri et al. [125], our method has several
advantages over existing co-registration methods that align in vivo PET
images with histopathology [123, 124, 126—-129]. First, the only requirement
of our method, in addition to the standard histopathological processing,
is that the tissue should be sliced in lamellas while it is still fresh. Second,
our mathematical co-registration method is fully automatic as we use
intensity-based similarity metrics based on the entire images. Finally,
ex vivo PET imaging of tissue allows visualising radiotracer uptake at
a submillimetre resolution that cannot yet be reached by in vivo PET
scanners.

We applied the proposed method to resected BCa specimens. The
micro-PET-CT images and the corresponding WSIs showed good visual
alignment after co-registration. Quantitative metrics (NCC, NMI, and DSC
scores) improved with more complex co-registration transformations. This
indicates the need to correct for free-form deformations to reach accurate
alignment, consistent with the conclusions of de Boer et al. [127]. Schiller
et al. [123] reported a maximal DSC of 0.90 + 0.02 for the overlap between
the prostate shapes in in vivo CT and histopathology. A maximal DSC
of 094 + 0.02 was reported by de Boer et al. [127] for the overlap
between the breast tissue shapes in ex vivo white light images and
histopathology. While not strictly comparable, we found a similar maximal
DSC of 0.92 + 0.06 for the overlap between the breast tissue shapes in ex
vivo micro-CT slices of the fresh lamellas and WSIs. The DSCcomp Scores
were lower than the DSCghape Scores. This is most likely influenced by the
fact that CT images do not always show high contrast between adipose
and non-adipose tissue, resulting in small inaccuracies in the composition
segmentations. Using the microcalcifications as landmarks, we found a
mean overall co-registration error between micro-PET and histopathology
of 0.69 + 0.23 mm, which is comparable to the spatial resolution of the
used specimen micro-PET scanner. This error is also smaller than the
co-registration error of 3.0 £ 0.7 mm reported by Puri et al. [124, 125] for
the alignment between in vivo PET images and histopathology slices in
laryngeal cancer. These results show that the proposed co-registration
method is successful, even for soft tissue like breast tissue.

The co-registration method allowed us to collect a unique dataset of
["®F]FDG micro-PET-CT images of lumpectomy specimens with ground-
truth breast tumour segmentations, required for the development of
DL-based segmentation models. Furthermore, this dataset also provided
valuable insights into the uptake of ["®F]FDG in different types of breast
tissue at a high resolution. According to the resulting SUVmean values,
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4. Co-registration of micro-PET-CT with histopathology images

(pre)malignant tissue (including NST, ILC, and DCIS) in general showed
higher uptake compared to healthy tissue (including healthy glandular,
connective, and adipose tissue). ILC and DCIS showed lower uptake
compared to NST, which corresponds to what is reported in literature for
in vivo ["®F]FDG PET [88, 141, 143, 149, 150]. While it is often difficult to detect
ILC and DCIS in in vivo PET, our results suggest that micro-PET-CT images
can visualise ILC and DCIS tumours. Hyperplasia showed low uptake, in the
same range as healthy tissue. As expected, we also found notable uptake
of ["®F]FDG in inflamed tissue and in the skin. It is known that [*®F]FDG
suffers from low specificity and can show non-specific uptake in inflamed
tissue, in benign hyperplasia, in sebaceous glands in the skin, and even in
healthy breast glands [88, 141, 149].

In terms of SUVmax values, our results follow the same trend compared
to values reported by other groups for in vivo ["®F]FDG PET. Fujii et al.
found mean SUVnax values of 3.44 + 3.03 and 2.25 + 1.99 for NST and ILC
respectively [143]. Azuma et al. found a mean SUVmax 0f 2.9 + 0.5 for the
DCIS subtype [150]. Uptake of normal breast tissue is in general found to
be homogeneous, with SUVmax below 2.5 [149, 151]. The specimen SUVmax
values we found for BCa of the NST type are clearly higher compared
to the values reported for in vivo PET. A possible reason for this is that
the improved spatial resolution of ex vivo PET reduces the partial volume
effect [152]. In addition, specimen PET does not suffer from decreased SUVs
caused by respiratory motion [152].

We found a wide range of BCa SUVs. In addition to the histological BCa
type, there are other factors that influence tumour SUVs. For example,
the molecular subtype and grade of the tumour also influence ["®F]FDG
uptake, as well as the tumour cell density, the microvessel density, and
the level of tumour infiltrating immune cells [88, 141, 143, 149, 150, 153—155].
In future work, we could further investigate the relation between breast
tumour characteristics and radiotracer uptake.

The proposed co-registration method has many other applications. It
bridges the gap between high-resolution molecular imaging and histo-
pathology, stimulating the novel field of transpathology as introduced
by Tian et al. [156]. The method provides a unique opportunity to study
the distribution of existing and new radiotracers in different types of
human tissue at a submillimetre resolution. These insights will help
nuclear medicine physicians to correctly interpret clinical PET scans, in
particular when the resolution of PET scanners improves. The co-registered
micro-PET-CT images and WSIs also allow gaining insight into the tumour
microenvironment and the underlying causes of heterogeneity in tumour
metabolism. These findings may eventually result in more personalised
patient care.
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4.4. Discussion

While the co-registration method shows good results, there are some
limitations. First, the micro-CT images and the corresponding WSls can
never be matched perfectly due to artefacts in the WSIs. During slicing
and colouring of the tissue sections, tissue folds and tears can occur, and
small tissue pieces can break off [157]. These artefacts can lead to strong
local deformations in the micro-CT images during co-registration. Second,
the poor soft tissue contrast of the CT images limits the co-registration
accuracy. Third, in the proposed method we make the assumption that
the tissue section in the WSI can be matched with a section of the fixated
lamella, parallel to the cassette surface. This is an approximation as the
tissue might slightly deform when embedding it in paraffin. In addition,
cutting may not be performed perfectly parallel to the cassette surface.

Second, the strategy we used to evaluate the spatial co-registration error
based on pairs of microcalcifications, also has several shortcomings.
First, this evaluation method is not entirely independent as we used
intensity-based metrics to perform fully automatic co-registration. Second,
not all imaged tissue lamellas contained microcalcifications, so we could
only estimate the co-registration error for a subset of the data. Third, large
microcalcifications can migrate or even get lost during preparation of the
histopathology slides, possibly affecting the co-registration error.

Furthermore, the approach we used to calculate breast tissue SUVs also
has some limitations. First, as we are comparing a micro-PET image
with an isotropic resolution of around 1 mm with a histopathology WSI
with a resolution of 0.456 um and a thickness of around 5 um, partial
volume effects inevitably influence the results. While we perform 2D
Gaussian filtering of the WSI annotations to account for the limited
in-plane micro-PET resolution, the PET signal is influenced by the 3D tissue
configuration. These partial volume effects will lead to partial volume loss,
as well as spillover, which may explain why the resulting SUVmax values
of healthy glandular, connective, and adipose tissue are rather high. As
mentioned by Puri et al. [125], obtaining contiguous histopathology slices
to account for the 3D tissue configuration would be more accurate, but
introduces unwanted complexity in the co-registration strategy. Second,
there are also limitations to the accuracy of the annotations. For maximal
accuracy, the annotations should be performed on cellular level, which is
not feasible to do manually. Third, the time between radiotracer injection
and imaging was quite large, which might have increased the image noise
levels. However, in general, visual inspection of the images showed clear
PET signals.

Finally, while the proposed co-registration method is considerably less
labour-intensive and time-consuming compared to existing methods [123,
124], intermediate image acquisition of fresh and fixated tissue lamellas
still involves some manual steps. It was already shown that the proposed
workflow can be simplified by omitting the acquisition of micro-CT images
of fixated lamellas with minor impact on the final result. In future work,
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we aim to develop a method to co-register micro-PET-CT images of full
specimens with the corresponding histopathology WSIs, eliminating the
need to acquire micro-PET-CT images of tissue lamellas. In addition, such
method would be more widely applicable, as it no longer requires fresh
cutting of the specimens. A possible approach for such a method would
be to combine the methods proposed by Rusu et al. [158, 159] to co-register
3D medical images with a stack of equally spaced histopathology WSls
with our slice matching technique for improved accuracy in high-resolution
images.

4.5. Conclusions

We developed a novel method to accurately and automatically co-register
high-resolution PET-CT images with histopathology in resected tissue. Our
method consists of an image acquisition scheme that minimises and tracks
tissue deformation, followed by a mathematical co-registration algorithm
to further optimise image alignment. Our method is less labour-intensive
and time-consuming compared to previously proposed protocols, making
it feasible to study larger patient groups.

We applied our method to BCa specimens and showed that, even for highly
deformable breast tissue, co-registration can be successfully performed
with an accuracy comparable to the spatial resolution of micro-PET. We
collected a unique dataset of ["®F]JFDG micro-PET-CT images of breast
tissue that are co-registered with the corresponding histopathology.
This dataset with ground-truth breast tumour segmentations is crucial
for the development and validation of DL-based segmentation models.
Furthermore, this dataset allowed a detailed study of SUVs of different
types of breast tissue. We found that (pre)malignant breast tissue in
general shows higher uptake compared to healthy tissue. This not only
includes the NST tumours, but also the ILC and DCIS subtypes that are
in general more difficult to detect in in vivo PET. As expected, high
non-specific uptake was also detected in inflamed tissue and in the skin.

We believe that the proposed technique can also be applied to other
types of tumours and radiotracers. The proposed method can provide a
better understanding of the in vivo distribution of (new) radiotracers in
different tissues on a submillimetre scale, and may clarify the underlying
mechanisms of radiotracer uptake. These insights will eventually improve
clinical practice and patient care.
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5 Breast tumour segmentation in
micro-PET-CT images of lumpectomy
specimens

Abstract

Introduction: Complete tumour removal is vital in curative breast cancer
(BCa) surgery to prevent recurrence. Recently, imaging of lumpec-
tomy specimens with high-resolution ["®F]fluorodeoxyglucose (["®FIFDG)
positron emission tomography (PET), in combination with computed
tomography (CT), has shown promise for intraoperative margin assessment
(IMA). To aid physicians in interpreting micro-PET-CT images, we aim to
develop a decision-support system.

Methods: We trained and evaluated a 2D Residual U-Net (ResU-Net) to
delineate (pre)malignant tissue in micro-PET-CT lumpectomy images. For
this, we used the dataset of 2D micro-PET-CT images of BCa lamellas
with corresponding true histopathology-defined tumour segmentations
collected in Chapter 4. In total, the dataset consisted of 82 2D images
from 28 patients with invasive carcinoma of no special type (NST),
invasive lobular carcinoma (ILC), or ductal carcinoma in situ (DCIS).
We compared the performance of the ResU-Net with conventional PET
intensity thresholding.

Results: Group five-fold cross-validation yielded a Dice similarity coef-
ficient (DSC) of 073 + 0.20 for segmentation of NST tumours with the
ResU-Net. The area under the curve (AUC) of the precision-recall (PR)
curve was 0.83 + 0.14 for the NST tumours, and the ResU-Net outperformed
conventional intensity thresholding in terms of the PR-AUC value. Although
similar trends were observed for ILC and DCIS, due to the small datasets,
we could not show statistically significant improvements compared to
intensity thresholding for these BCa subtypes. In addition, we showed that
combining micro-PET and micro-CT information is essential for accurate
tumour delineation, with dual-modality input models outperforming
single-modality input models.

Conclusions: While additional and more diverse datasets are required
to further improve and evaluate the segmentation models, overall, the
results highlight the ResU-Net's potential as a first step towards a decision-
support system to enhance micro-PET-CT-based IMA in BCa.
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5.1. Introduction

54. Introduction

Early-stage breast cancer (BCa) is often treated with breast-conserving
surgery (BCS), involving local tumour excision [5, 7]. As explained in
Section 2.3 of Chapter 2, successful BCS or lumpectomy requires complete
removal of the primary tumour with a margin of surrounding healthy
tissue [7]. The gold standard to assess the margin status is sectional
histopathology [20]. This process involves inking the surface of the
resected specimen, and according to the 2014 Society of Surgical Oncology
and American Society for Radiation Oncology (SSO-ASTRO) consensus, a
positive margin for invasive BCa is defined as “ink on tumour” (i.e., the
tumour reaches the specimen surface) [18]. However, this procedure
typically requires at least 16 hours, and often even 3-5 days [20]. Following
initial excision, positive margins are found in around 20% of patients with
invasive BCa, with reported rates of 7%-36% [7, 21, 22]. Since positive
margins are the most important risk factor for local recurrence after BCS,
patients with inadequate margins often have to undergo re-surgery to
remove any remaining tumour cells from the breast [15].

To avoid re-surgery, intraoperative margin assessment (IMA) is crucial,
allowing immediate removal of additional tissue when margins are
suspected to be positive. As previously discussed in Section 2.5 of
Chapter 2, specimen imaging with high-resolution (micro-) positron emis-
sion tomography (PET), in combination with computed tomography (CT),
recently emerged as a promising technique for IMA during BCS [30-32].
For this technique, the radiotracer ["®F]fluorodeoxyglucose (["®F]FDG) is
preoperatively administered to the patient. Afterwards, during BCS, the
resected lumpectomy specimen is visualised in 3D using a dedicated
micro-PET-CT specimen scanner, allowing fast margin assessment.

As discussed in Section 2.5.4 of Chapter 2, the BIMAP and BrIMA studies
previously investigated how well physicians can interpret micro-PET-CT
images of lumpectomy specimens in terms of positive margin detec-
tion [30, 32, 33]. In a combined group of 41 lumpectomy specimens of
different BCa subtypes, the BIMAP study showed an average sensitivity
and equal specificity of 81% across seven physicians postoperatively
interpreting the micro-PET-CT images [32]. In the BrIMA study, a sensitivity
and specificity of 77% and 67%, respectively, were found for a group
of 152 lumpectomy specimens of various BCa subtypes intraoperatively
interpreted by the surgeons [33]. GOker et al. [34] reported an average
interpretation time of 1 min per 3D micro-PET-CT image and found
substantial inter-reader variability for the interpretation of a subset
of images from the BIMAP study. In contrast, De Crem et al. [32]
found minimal performance differences between physicians with various
experience levels after proper interpretation training. In an inter-reader
reproducibility study applied to the BrIMA data, high reproducibility
was shown when combining interpretations across four surgeons, while
variability was seen in single-reader assessments [33].
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5. Breast tumour segmentation in lumpectomy micro-PET-CT

Although study results look promising, we hypothesise that a decision-
support system, to aid physicians in micro-PET-CT interpretation, might
further enhance inter-reader reliability, reduce the time needed to inter-
pret the images intraoperatively, and perhaps improve sensitivity and spe-
cificity. The need for automatic (artificial intelligence-based) algorithms
that can enhance micro-PET-CT image interpretation, was previously also
expressed by Lambert et al. [31] and Moraitis et al. [35]. In this chapter,
we present a deep learning (DL) model that automatically segments
(pre)malignant breast tissue in micro-PET-CT lumpectomy images. Such
a DL model can form the basis of a clinical decision-support tool.

5.2. Methods

5.21. Dataset

To train and test the DL-based breast tumour segmentation models, we
collected 2D micro-PET-CT slices of lumpectomy lamellas together with
their true histopathological semantic tumour annotations. This dataset
was used for supervised training and testing of the DL models. In the
previous chapter, Chapter 4, it was discussed in detail how this dataset
was collected. We here summarise the most important steps.

5.2141. Study design and subjects

As discussed in Section 4.2.21 of Chapter 4, we collected micro-PET-
CT images of lumpectomy lamellas from 28 patients with early-stage
BCa undergoing BCS at the Ghent University Hospital. Patients were
preoperatively injected with 0.8 MBq/kg or 4 MBq/kg ["®FIFDG. Imaged
specimens included 19 invasive carcinomas of no special type (NST), 6
invasive lobular carcinomas (ILCs), and 3 cases of ductal carcinoma in
situ (DCIS). In total, we collected micro-PET-CT images of 53, 19, and 10
lamellas of the NST, ILC, and DCIS specimens, respectively, along with
the corresponding histopathology whole slide images (WSIs). All data
were collected at the Ghent University Hospital in two clinical trials
(ClinicalTrials.gov identifiers: NCT04343079 and NCT04999917).

5.2:1.2. Micro-PET-CT images of breast lamellas

We collected micro-PET-CT images of lumpectomy lamellas. Immediately
after resection, the fresh tumour specimens were cut into approximately
2 mm thick lamellas, and two to three lamellas were imaged per patient.
All micro-PET-CT images for this study were either acquired with the
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B-CUBE® and X-CUBE® (MOLECUBES, Belgium), or the AURA®10 (XEOS,
Belgium). To obtain a uniform dataset, all images were reconstructed
to emulate a PET acquisition time of 10 min and an injected dose of
0.8 MBq/kg. Image acquisition and reconstruction details are discussed
in Section 4.2.2.2 of Chapter 4. The results were 3D co-registered micro-PET
and micro-CT images in DICOM format, with an isotropic voxel size of
400 pm and 100 pm, respectively. The micro-CT images were expressed in
Hounsfield units (HUs) and the micro-PET images were converted to lean
body mass standardised uptake values (SUVs) using the Janmahasatian
formulation [92]. All micro-PET images were corrected for attenuation and
median filtered with a 2 mm isotropic kernel to remove noise.

For further processing, DICOM images were converted to NUMPY arrays. The
micro-PET images were linearly interpolated to the grid of the micro-CT
images. Micro-CT images were thresholded using Otsu’s method to define
binary tissue masks [160]. Only the largest connected tissue structures
were selected, and the obtained tissue masks were used to remove the
background from the micro-CT images and crop the micro-PET-CT images
to only include the tissue.

5.21.3. Breast tumour segmentation labels

After micro-PET-CT imaging, each lamella was further processed following
clinical routine to obtain one haematoxylin and eosin (H&E) stained
tissue section, of which a digital WSl was captured (NanoZoomer®,
Hamamatsu Photonics, Japan). The collected micro-PET-CT images and the
corresponding WSIs were co-registered using the four-step co-registration
algorithm explained in Section 4.21.2 of Chapter 4. Per lamella, this resulted
in one 2D micro-PET-CT image, aligned with the 2D histopathology WSI.

A pathologist with more than 15 years of experience in breast pathology
annotated the NST, ILC, and DCIS tumours in the WSIs using QuPath [148].
As such, we obtained binary tumour annotations, distinguishing between
(pre)malignant and benign breast tissue. Lobular carcinoma in situ
(LCIS) was included in the benign category, as it does not affect the
histopathological margin status. For the NST cases we focused on the
invasive tumour component, and did not include the DCIS components.
Due to small co-registration inaccuracies, as well as tears and folds in
the WSIs, the tissue in the micro-PET-CT images and WSIs did not always
perfectly overlap. Hence, pixels that did not show tissue in the micro-CT
image were automatically classified as benign. Pixels that showed tissue
in the micro-CT image, but not in the WSI, were labelled as “unknown” and
were ignored during model training and testing. Holes in the obtained
tumour segmentations were filled as we are mainly interested in correctly
predicting the tumour contours for margin assessment.
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5.2.2. Deep learning model
5.2.24. Architecture: ResU-Net

A commonly used DL model architecture for semantic segmentation is
U-Net and its variants [111]. In this work, we trained and evaluated a
Residual U-Net (ResU-Net) to segment (pre)malignant breast tissue in
micro-PET-CT lumpectomy images. ResU-Net was previously successfully
applied in various biomedical image segmentation applications [161]. We
used the MONAI [162] implementation of the ResU-Net, as introduced
by Kerfoot et al. [113]. The building blocks of this model are residual
down- and upsampling units, connected with each other through skip
connections. Each block contains two convolutional layers, each followed
by a normalisation, dropout, and activation layer. The usage of residual
units helps to mitigate vanishing gradients, enabling training of deeper
networks with faster convergence [113, 161]. Figure 51 visualises the
composition of the blocks. The model takes either a micro-CT, a micro-PET,
or micro-PET-CT image as input and provides a probability map, indicating
pixel-wise tumour probabilities (e [0,1]), as output. All code for this work
was implemented using PyTorch [163].

5.2.2.2. Data splits, preprocessing, and augmentation

The dataset with tumour segmentation labels was split in train, test, and
validation sets using a stratified group nested five-fold cross-validation
scheme, with both outer and inner loops containing five folds. Before
feeding the images to the model, they were preprocessed. First, the
micro-PET and micro-CT images were normalised to a range of [0,1] using
min-max scaling. As HUs are considered to be quantitative units, the 5t
and 95t percentiles of the combined foreground voxel intensities of all
train images were used as the lower and upper limit to perform absolute
scaling of the micro-CT images for all patients. As SUVs are considered
to be semi-quantitative units, 0 and 80% of the maximal SUV per patient
were used as the lower and upper limit for relative patient-specific scaling
of the micro-PET images. Intensities outside the defined ranges were
clipped to improve image contrast. In addition, we also implemented
image augmentation. In every epoch, random patches were extracted from
all train images. Selected image patches could undergo random rotations,
flipping, or image degrading effects (addition of Gaussian noise, Gaussian
smoothing, or contrast adjustment). When using the trained ResU-Nets to
make predictions for test cases, the test images were min-max scaled and
clipped using the same lower and upper limits as defined for the train set.
In addition, the test images were padded with background pixels up to the
smallest size suited to pass through the network.
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Figure 5. Illustration of the Residual U-Net (ResU-Net) architecture used
in this work. The composition of the residual downsampling, bottleneck,
and upsampling units is shown. The number of layers shown in this figure
is only indicative, as a suited number of layers is defined using a grid
search. The number of channels (n) is doubled for every downsampling
unit and halved for every upsampling unit. We used the MONAI [162]
implementation of the architecture introduced by Kerfoot et al. [113].

5.2.2.3. Hyperparameter optimisation

The ResU-Net was initialised using the standard Kaiming
initialisation [100]. Parametric ReLU (PRelLU) activations, introduced
by He et al. [100], were implemented throughout the network, except for
the last layer, where a sigmoid activation was used. We used the Dice loss
with background exclusion and batch-wise summation of intersection and
union, as implemented in MONAI [162]. The stochastic gradient descent
(SGD) optimisation algorithm with Nesterov momentum was used [102],
and a learning rate scheduler was implemented, reducing the learning
rate with a factor of two every time a plateau was reached in the validation
Dice similarity coefficient (DSC). To tune other model hyperparameters,
we performed a grid search using the Optuna framework [164]. Variations
were made in the number of down- and upsampling layers in the network,
the number of channels in the first layer, the convolutional kernel
size, the type of normalisation layers (instance, batch, layer, or group
normalisation), the dropout ratio, the learning rate, the batch size, the
patch size, the number of random patches extracted per image every
epoch, the bias towards selecting a patch with a positive pixel at the
centre, and the magnitude of the L2 penalty. Per test fold, we compared
the results of 100 hyperparameter combinations, chosen through a
Bayesian approach. For every hyperparameter combination, we trained
five models (one per validation fold), each for 150 epochs. Per test fold, we
chose the hyperparameter combination for which on average, across the
five validation folds, the highest validation DSC was reached. The results
were five hyperparameter combinations, one per test fold.
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5.2.2.4. Training

Using the hyperparameters as defined through the grid search, we trained
five models per test fold. To avoid overfitting of the models, we used the
validation data to perform early stopping. We trained models for three
different inputs: (1) CT-only input, (2) PET-only input, (3) dual channel
PET-CT input. Exactly the same data splits were used for all three model
inputs, and separate grid searches were performed. All models were
first trained using only the NST data samples. Afterwards, we performed
transfer learning to fine-tune the models for ILC and DCIS segmentation.
Model training was conducted on an NVIDIA V100 GPU with 32 GB VRAM.

5.2.3. Intensity thresholding

To gain more insight into the value of using a DL model in this seg-
mentation task, we compared the performance of the ResU-Net to a
conventional intensity thresholding approach. We used the same stratified
group five-fold train-test split to find the most optimal intensity thresholds
to segment the (pre)malignant breast tissue in micro-PET-CT images. The
train set was used to define the threshold that on average resulted
in the highest DSC when comparing the predicted and true tumour
segmentations. For the micro-CT images, an absolute threshold expressed
in HUs was defined. For every train set, we varied the threshold between
-2000 and +2000 HUs with a step size of 2, and chose the threshold
that on average produced the highest DSC for these train samples. In
case of micro-PET images, we used the common approach of defining a
relative threshold per patient, expressed as a percentage of the maximum
SUV [165-169]. For every train set, we varied the threshold between 0%
and 100% of the maximum SUV per patient with a step size of 01%,
and chose the relative threshold that on average produced the highest
DSC for these train samples. For the combined micro-PET-CT images, we
first identified high-density tissues in the micro-CT images using Otsu's
thresholding method [160]. The obtained high-density regions were then
used to mask the micro-PET signal, before defining the most suited relative
SUV threshold following the same approach as explained before for the
micro-PET images. Separate thresholds were defined for the NST, and the
combined ILC and DCIS tumours.

5.2.4. Segmentation performance evaluation

To evaluate the models’ ability to correctly segment (pre)malignant breast
tissue, we used the trained ResU-Nets and intensity thresholds to predict
tumour segmentations for all test cases with true segmentation labels.
We made predictions for three model inputs: (1) micro-CT, (2) micro-PET,
and (3) micro-PET-CT. For NST cases, tumour segmentations were predicted
using the models trained only on NST data, while for ILC and DCIS cases,
tumour segmentations were predicted using the models obtained after
transfer learning on the joint ILC and DCIS data. In case of the ResU-Nets,
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we averaged the predictions of the appropriate ensemble of five trained
models to obtain an average tumour probability map per test case. The
final predicted tumour segmentation was obtained by thresholding the
tumour probability map at 0.5, and performing hole-filling. In case of
intensity thresholding, we obtained tumour probability maps by applying
min-max scaling to the micro-CT or micro-PET images using the minimum
and maximum intensity value per patient as the lower and upper limit,
respectively. The final tumour segmentation was obtained by applying the
appropriate optimal threshold, as found for the train set, to the input test
image and performing hole-filling.

To compare the predicted tumour probability maps and tumour segmenta-
tions with the true histopathological tumour segmentations, we calculated
the DSC and area under the curve of the precision-recall curve (PR-AUCQ).
The DSC (e [07]) scores the overlap between the true and predicted
tumour segmentations. It is a well-suited metric to evaluate segmentation
performance in medical images with extensive class imbalance [114]. In
addition, as we eventually want to use the tumour segmentations to
predict the margin status, it is important that the tumour contour is
accurately predicted. To compare the predicted and true tumour contours,
we calculated the 95t percentile of the Hausdorff distance (95HD), as
well as the contour Dice with a 1 mm tolerance (1mmcCD). For the 1mmCD
we implemented a 2D variant of the surface Dice as implemented in
MONAI [162]. All metrics were calculated per patient, by combining the
predictions for all 2D slices that belong to this patient. It should be
noted that for the calculation of the 95HD, slices that only contained a
predicted or true tumour segmentation could not be taken into account as
the relative positions of the 2D image slices in the 3D volume is unknown.

To statistically assess differences in tumour segmentation performance
between the ResU-Nets and intensity thresholding models, the Wilcoxon
signed-rank test was applied. Pairwise p-values were calculated for each
evaluation metric, stratified per BCa type (NST, ILC, and DCIS), and per
model input (micro-CT, micro-PET, and micro-PET-CT). A significance level
« = 0.05 was used, and a Bonferroni-Holm correction was performed
within each BCa type and model input, to compensate for multiple testing
across the four evaluation metrics (m=4). In addition, the Wilcoxon
signed-rank test was also conducted to compare the performance of
the ResU-Nets and intensity thresholding models across different model
inputs: micro-PET, micro-CT, and micro-PET-CT. Pairwise p-values were
calculated for each evaluation metric and each comparison of model
inputs, stratified per BCa type and model type (ResU-Nets and intensity
thresholding models): (1) micro-PET vs. micro-CT, (2) micro-PET-CT vs.
micro-CT, (3) micro-PET-CT vs. micro-PET. A significance level « = 0.05 was
used, and a Bonferroni-Holm correction was performed within each BCa
type and model type to compensate for multiple testing across the three
model input comparisons and four evaluation metrics (m =3 - 4 = 12).
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5.3. Results

5.3.1. Dataset

For supervised training and testing of the DL models for segmentation,
we obtained 2D micro-PET-CT images of breast lamellas, co-registered
with the corresponding histopathology WSls. The (pre)malignant tissue,
here including NST, ILC, and DCIS tumours, was annotated in the WSIs to
obtain binary tumour segmentations. Figure 5.2 visualises an example
of a 2D micro-PET-CT slice with the co-registered histopathology WSI
and the corresponding true tumour annotation. For some tissue pixels
in the micro-PET-CT images, the labels were unknown. The fraction of
tissue pixels with an unknown label was on average 1112% + 5.80%,
8.27% =+ 3.85%, and 21.92% + 12.93% across all patients with NST, ILC,
and DCIS BCa, respectively. The data was also strongly imbalanced. The
fraction of labelled tissue pixels that was (pre)malignant was on average
16.66% + 9.91%, 9.55% + 5.85%, and 0.34% + 0.17% across all patients with
NST, ILC, and DCIS BCa, respectively.
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Figure 5.2. Example of a micro-PET-CT slice with the corresponding
true tumour segmentation, as annotated on the histopathological whole
slide image (WSI) by the pathologist, for an invasive carcinoma of no
special type (NST). On the left, the 2D micro-PET-CT image, aligned
with the WSI, is visualised. The micro-PET and micro-CT images are
expressed in standardised uptake values (SUVs) and Hounsfield units
(HUs), respectively. In the middle, the WSl is shown. On the right, the binary
tumour annotation is visualised. Malignant (NST), benign, and unknown
pixels are shown in white, black, and grey, respectively.

5.3.2. Trained models

Table 51 provides an overview of all models trained in this work. A
stratified group nested five-fold cross-validation scheme resulted in a
total of 25 trained ResU-Nets, five per test fold. Models were trained for
three different inputs: micro-CT, micro-PET, and micro-PET-CT. The same
five-fold cross-validation scheme was used for the three different model
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inputs, resulting in a total of 75 trained models, 25 per model input type.
All models were first trained using only the NST data, and transfer learning
was performed for the joint ILC and DCIS data. This doubled the amount
of models, resulting in a final total of 150 models. An overview of the
hyperparameters of the different models, optimised through grid search,
can be found in Table C1 of Appendix C. It took around 15 min to train one
ResU-Net on the NST data. Performing transfer learning for the combined
ILC and DCIS cases took around 5 min per ResU-Net. Figures C1 and C2
of Appendix C show the evolution of the train and validation loss across
epochs for model training on the NST and combined ILC and DCIS cases,
respectively.

For the conventional intensity thresholding approach, we used the same
stratified group five-fold train-test split to find the most optimal intensity
thresholds. As the cross-validation scheme was not nested in this case,
we obtained 5 intensity thresholds in total, one per test fold. Separate
thresholds were defined for the three different model inputs (micro-CT,
micro-PET, and micro-PET-CT) and the different tumour types (the NST
tumours, and the joint ILC and DCIS tumours), resulting in a final total of
30 intensity thresholds.

Table 5.1. Overview of all 150 Residual U-Nets (ResU-Nets) and 30 intensity
thresholds (Intens thresh) trained in this work, with their respective input
images, and the breast cancer (BCa) type they were trained to segment.

# ResU-Nets # Intens thresh
Input BCa type # ResU-Nets | test fold # Intens thresh | test fold
micro-CT NST 25 5 5 1
micro-PET NST 25 5 5 1
micro-PET-CT NST 25 5 5 1
micro-CT ILC + DCIS 25 5 5 1
micro-PET ILC + DCIS 25 5 5 1
micro-PET-CT ILC + DCIS 25 5 5 1

NST = carcinoma of no special type, ILC = invasive lobular carcinoma, DCIS = ductal
carcinoma in situ

5.3.3. Segmentation performance

To evaluate the models’ performance, we used the trained ResU-Nets
and intensity thresholds to segment the (pre)malignant tissue in the
micro-PET-CT images of all test cases with true segmentation labels.
Predicting the tumour segmentation for one 2D micro-PET-CT slice, using
the appropriate ensemble of five trained ResU-Nets of the corresponding
fold, took less than one second. Figure 5.3 visualises the predicted
tumour segmentations for a representative NST test case. By comparing
the predicted and true tumour segmentations, we could calculate the
DSC, PR-AUC, 95HD, and 1mmCD. Table 5.2 shows the mean scores of the
evaluation metrics across the test patients with NST tumours. The box
plots in Figure 5.4 show the distribution of the metric values in more
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detail for the NST tumours. The tumour segmentation performance of
the ResU-Nets and intensity thresholding models was compared using the
Wilcoxon signed-rank test. Table 5.2 shows the p-values resulting from this
analysis for the NST tumours. Furthermore, the Wilcoxon signed-rank test
was also conducted to compare the performance of the ResU-Nets and
intensity thresholding models across different model inputs: micro-PET,
micro-CT, and micro-PET-CT. The p-values resulting from this analysis for
the NST tumours are shown in Table 5.3.

Full test results for ILC and DCIS tumours can be found in Appendix D.
Given the limited number of data samples for these BCa types, the results
should be interpreted with caution. Visualisations of predicted tumour
segmentations for a representative ILC and DCIS case can be found in
Figures D1 and D.2 of Appendix D, respectively. The mean metric values
across the test patients with ILC and DCIS tumours can also be found in
Table D1 of Appendix D. The box plots in Figures D.3 and D.4 of Appendix D
show the distribution of the metric values in more detail for the ILC
and DCIS tumours, respectively. In addition, Table D1 also shows the
p-values resulting from the Wilcoxon signed-rank test to compare the
performance of the ResU-Nets with the intensity thresholding models.
Furthermore, Table D.2 of Appendix D shows the p-values resulting from
the Wilcoxon signed-rank test conducted to compare the performance of
the ResU-Nets and intensity thresholding models across different model
inputs: micro-PET, micro-CT, and micro-PET-CT.

When looking at model performance for the NST tumours, best perfor-
mance was found when combining micro-PET with micro-CT to predict
tumour segmentations. For both the ResU-Nets and intensity thresholding
models, using combined micro-PET-CT inputs generally resulted in signi-
ficantly improved performance in terms of DSC, PR-AUC, and 1mmCD, com-
pared to using micro-PET or micro-CT alone. For the NST cases, ResU-Net
performed slightly better than intensity thresholding, but differences were
small. For the models with micro-PET-CT input, a significant difference
was seen in the PR-AUC, where ResU-Net demonstrated greater precision
than intensity thresholding and provided more consistency across test
patients. While in general the same trends were seen for the ILC and DCIS
cases, we could not show any significant differences in model performance.
Tumour segmentation is particularly challenging for the DCIS cases, where
we found a low performance in terms of DSC and PR-AUC. The 95HD scores
showed large variability for all BCa types due to outliers with large contour
distances. Most outliers arise from the model mistakenly identifying small
tumour spots alongside the main tumour mass. A possible solution is
to retain only the largest connected structure of the predicted tumour
segmentation. However, this should only be applied in 3D to avoid
unintended removal of parts of the main tumour mass.
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Table 5.2. Metric values to evaluate the agreement between true and
predicted tumour segmentations for test patients with invasive carcinoma
of no special type (NST). The mean =+ standard deviation of the DSC, PR-AUC,
95HD, and 1mmCD across all test patients is shown per model input,
and per segmentation strategy (Intensity thresholding (Intens thresh) or
Residual U-Net (ResU-Net)). P-values (p) resulting from the Wilcoxon
signed-rank test, comparing the performance of the ResU-Nets with the
intensity thresholding models, are reported for each metric, stratified per
model input. Significant performance differences following Bonferroni-
Holm correction (a = 0.05, m = 4) are indicated in bold.

BCa type: NST (N=19)
Metric Input Intens thresh ResU-Net P ResU-Net vs.
Intens thresh
DSC micro-CT 0.58 + 016 0.61 + 017 0.2101
PR-AUC micro-CT 0.59 + 016 071+ 019 0.0028
95HD micro-CT 5.34 + 256 4.01 + 2.06 0.0230
1mmcCD micro-CT 0.40 + 019 0.46 + 018 0.2413
DSC micro-PET 0.67 + 0.22 0.69 + 019 0.0955
PR-AUC micro-PET 075 £ 0.21 079 + 016 0.0874
95HD micro-PET 3.36 + 1.71 3.43 £ 1.60 07086
1mmcCD micro-PET 0.67 = 0.22 0.61 + 0.22 0.0095
DSC micro-PET-CT 071+ 0.22 0.73 £ 0.20 01564
PR-AUC micro-PET-CT 077 £ 0.20 0.83 + 014 0.0000
95HD micro-PET-CT 3.27 178 315 + 1.62 0.7086
1mmcCD micro-PET-CT 0.69 + 0.21 071+ 019 0.3124

DSC = Dice similarity coefficient, PR-AUC = area under the curve of the precision-recall curve,
95HD = 95" percentile of the Hausdorff distance (in mm), immCD = contour Dice with a
1 mm tolerance

Table 5.3. P-values (p) resulting from the Wilcoxon signed-rank test,
comparing the performance of the ResU-Nets and intensity thresholding
(Intens thresh) models across different model inputs for segmentation of
invasive carcinoma of no special type (NST). P-values are reported for each
metric and each comparison of model inputs, stratified per segmentation
strategy. Significant performance differences following Bonferroni-Holm
correction (x = 0.05, m = 12) are indicated in bold.

BCa type: NST (N=19)
Metric Model p mic.ro-PET p micr(?-PET-CT p mich-PET-CT
vs. micro-CT vs. micro-CT vs. micro-PET

DSC Intens thresh 0.0323 0.0108 0.0002

PR-AUC Intens thresh 0.0095 0.0039 0.0002
95HD Intens thresh 0.0004 0.0002 0.0323

1mmCD Intens thresh 0.0008 0.0001 0.2101
DSC ResU-Net 0.0323 0.0028 0.0204

PR-AUC ResU-Net 0.0446 0.0039 0.0004
95HD ResU-Net 0.3124 0.0230 01956

1mmCD ResU-Net 0.0401 0.0010 0.0003

DSC = Dice similarity coefficient, PR-AUC = area under the curve of the precision-recall curve,
95HD = 95" percentile of the Hausdorff distance (in mm), 1mmCD = contour Dice with a
1 mm tolerance
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Figure 5.3. Example of the tumour segmentations predicted with intensity
thresholding and Residual U-Net (ResU-Net) for an invasive carcinoma of
no special type. Predictions are shown for three different inputs: micro-CT,
micro-PET, and micro-PET-CT. The micro-PET and micro-CT images are
expressed in standardised uptake values (SUVs) and Hounsfield units
(HUs), respectively. True positive (TP), true negative (TN), false positive
(FP), and false negative (FN) pixels are shown in white, black, blue, and
orange, respectively. Grey pixels indicate pixels with unknown labels.
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Figure 5.4. Box plots showing metric distributions assessing agreement
between true and predicted tumour segmentations for test patients with
invasive carcinoma of no special type. The following metrics are shown:
Dice similarity coefficient (DSC), area under the curve of the precision-
recall curve (PR-AUC), 95t percentile of the Hausdorff distance (95HD) in
mm, and contour Dice with a 1 mm tolerance (1immcCD). The metrics are
shown per model input (micro-CT, micro-PET, or micro-PET-CT) and per
segmentation strategy (Intensity thresholding, or Residual U-Net (ResU-
Net)).
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5.4. Discussion

To our knowledge, we were the first to apply the well-known ResU-Net DL
model to perform automatic tumour segmentation in micro-PET-CT images
of lumpectomy specimens. We used a dataset with true segmentation
labels to train and evaluate a ResU-Net to segment (pre)malignant breast
tissue in 2D micro-PET-CT lumpectomy images. The ResU-Net performed
best when taking the combined micro-PET-CT images as input, compared
to only providing one of both modalities to the model. This indicates that
the combination of the metabolic information from micro-PET, with the
higher spatial resolution from micro-CT, is crucial to accurately segment
the tumour. The best performing ResU-Net reached a DSC of 0.73 + 0.20,
and a PR-AUC of 0.83 + 0.14 for the segmentation of NST breast tumours.
While the performance of the ResU-Net was slightly higher compared to
conventional intensity thresholding, the difference in NST segmentation
performance was only found to be significant in terms of the PR-AUC. While
similar trends were observed when studying the ILC and DCIS cases, the
limited datasets for these cases did not allow us to show any statistically
significant differences in tumour segmentation performance between the
ResU-Nets and intensity thresholding models.

Other groups have used DL to automatically segment breast tumours in
other types of intraoperative lumpectomy images. Veluponnar et al. [170]
and Yeung et al. [171] developed DL models to segment breast tumours in
ultrasound (US) images of lumpectomy specimens, while Shia et al. [172]
worked on tomosynthesis images, and Kho et al. [173] on hyperspectral
images of lumpectomy specimens. Veluponnar et al. [170] reported a
median DSC of 0.88 on a set of 109 US images of 86 patients (78 NST and
8 ILC cases), and Yeung et al. [171] reported a mean DSC of 0.96 + 0.05 on
a test set of around 732 US images of three patients (BCa type unclear).
Shia et al. [172] reported a mean DSC of 0.86 on a test set of five breast
tomosynthesis images of five patients (BCa type unclear). Kho et al. [173]
did not report a DSC, but they reached a pixel-level sensitivity of 0.76 + 0.24
and precision of 0.93 + 0.09 for a test set of 26 hyperspectral images of 13
tissue slices of 13 patients (10 NST or ILC cases and 3 DCIS cases). Although
we obtained a lower DSC of 0.73 + 0.20 for the NST tumours, the scores
are not directly comparable. Except for Kho et al. [173], all groups used
manual expert annotations rather than histopathology as gold standard
for their segmentation algorithms [170-173]. Instead of aiming to predict
histopathology, these methods were optimised to match the performance
of human experts, making their evaluation fundamentally different from
ours. In contrast, histopathology provides a more clinically relevant ground
truth of tumour extent, especially when using high-resolution PET images
that may reveal tumour heterogeneity beyond the familiarity of nuclear
medicine experts [135, 168, 169].

This study contains several limitations related to the data. First, there
might be slight inaccuracies in the segmentation labels. There might
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be imperfections in the tumour annotations created by the pathologist.
Amgad et al. [174] reported a DSC of 0.87 when comparing annotations of
triple negative BCa made by two senior pathologists. In addition, while
in the previous chapter we showed that accurate co-registration can be
obtained between the micro-PET-CT images and WSls, slight misalignment
might still limit the accuracy of the segmentation labels [175]. Second,
the datasets used in this work are rather small. Especially for ILC and
DCIS tumours, more data is required to enhance and validate ResU-
Net performance. While it was found to be challenging to accurately
segment ILC and DCIS tumours in micro-PET-CT images of lumpectomy
specimens, due to the limited datasets, no meaningful conclusions on
model performance could be drawn for these subtypes. Moreover, the
application of the model is currently limited to segmenting NST, ILC, and
DCIS tumours. It is assumed that the BCa type is known from preoperative
biopsy, such that the most suited tumour segmentation model can be
applied. In rare cases with mixed or unclear BCa types, a combination of
the proposed models can still be used, but the performance might slightly
decrease. Third, we only have 2D micro-PET-CT images with true tumour
segmentations available, while the eventual goal is to segment 3D tumours.
Due to the micro-PET resolution of around 1 mm, the PET signal in a 2D
image is the result of a 3D tissue configuration, which cannot be exploited
by the 2D ResU-Net at this point. These 2D segmentation images also limit
the accuracy of contour metrics like the 95HD and 1mmCD, as we cannot
account for overlap or distances between contours across slices.

Before the proposed DL models could be used in clinical practice,
additional steps are required. Future research could focus on collecting
more data to further improve and validate the DL models. In particular for
ILC and DCIS tumours, for which obtaining clear margins can be challenging
in clinical practice, model performance should be further improved and
evaluated. Collecting micro-PET-CT images with 3D true histopathological
tumour segmentations may offer improved insight in the signature of ILC
and DCIS tumours in micro-PET images. Such 3D images with segmentation
labels could be exploited to train and evaluate a 3D ResU-Net, possibly
enhancing model performance. Furthermore, as the ultimate objective
is to enable intraoperative margin assessment, it should be investigated
how reliable margin status predictions can be derived from the tumour
segmentations predicted by the models. In the next chapter, we evaluate
the margin assessment performance of the ResU-Nets and the intensity
thresholding models. In addition, to further enhance clinical applicability,
it should be investigated how trustworthiness of the models can be
improved. In Chapter 7, we will investigate how the predicted tumour
probability maps, which express spatially-resolved prediction uncertainty,
can be calibrated so that the probabilities reflect the true likelihood of
malignancy. Finally, we might explore how the DL models can support
physicians to improve performance and efficiency for IMA, and we might
consider faster, lightweight models for intraoperative use.
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5.5. Conclusions

We trained and evaluated a ResU-Net to segment (pre)malignant breast
tissue in micro-PET-CT images of lumpectomy specimens. By training
and evaluating the model on 2D images with ground-truth histopathology
segmentations, we showed that combining micro-PET and micro-CT in-
formation is essential for accurate tumour delineation, with dual-modality
input models outperforming single-modality input models. For the
segmentation of invasive carcinoma of the NST type, the ResU-Net
outperformed conventional intensity thresholding in terms of the PR-AUC
score. Although similar trends were observed for ILC and DCIS, due to the
small datasets, we could not show statistically significant improvements
compared to intensity thresholding for these BCa types. Additional work is
required before the ResU-Net can be adopted in clinical practice, including
the collection of larger and more diverse datasets to further improve and
evaluate the segmentation models, especially for [LC and DCIS tumours. In
addition, it should be investigated how reliable margin status predictions
can be derived from the predicted tumour segmentations, and how model
trustworthiness and efficiency can be improved to support intraoperative
clinical decision-making. Overall, the results highlight the ResU-Net's
potential as a first step towards a decision-support system to enhance
IMA in BCa based on micro-PET-CT, while underscoring the need for further
(clinical) validation.
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6 Margin status prediction based on
micro-PET-CT images of lumpectomy
specimens

Abstract

Introduction: Imaging of lumpectomy specimens with high-resolution
positron emission tomography (PET), in combination with computed
tomography (CT), has shown promise for intraoperative margin assessment
(IMA) during breast-conserving surgery (BCS). Our objective is to develop
a decision-support system to aid physicians in interpreting these micro-
PET-CT images of lumpectomy specimens. In Chapter 5, a 2D Residual
U-Net (ResU-Net) was developed to automatically segment (pre)malignant
tissue in micro-PET-CT images of lumpectomy specimens. In this chapter,
we validate the ResU-Net's ability to accurately predict the margin status
of lumpectomy specimens.

Methods: To evaluate margin assessment performance, we applied the
ResU-Net to the datasets collected in the BIMAP and BrIMA studies,
which contain micro-PET-CT images of lumpectomy specimens together
with the histopathological ground-truth margin status. The BIMAP and
BrIMA studies collected images of 41 and 152 lumpectomy specimens,
respectively, from patients with invasive carcinoma of no special type
(NST), invasive lobular carcinoma (ILC), ductal carcinoma in situ (DCIS),
or neoadjuvant-treated (NAT) breast cancer (BCa). The ensemble of
ResU-Nets trained in Chapter 5 was used to segment (pre)malignant
tissue in all images, after which the margin status was predicted based
on whether the segmented tumour touched the specimen border. The
performance of the ResU-Nets was compared with the performance of
conventional PET intensity thresholding models, as well as with the
intraoperative and postoperative margin assessments made by physicians
interpreting the same micro-PET-CT images.

Results: When comparing the predicted and true histopathological margin
status in all NST cases, the ResU-Nets reached an F1 score of 84%
and 1% for the BIMAP and BrIMA datasets, respectively. For all BCa
subtypes combined, the ResU-Nets reached an F1 score of 76% and
50% for the BIMAP and BrIMA datasets, respectively. Both for the NST
tumours and for the combined group of all BCa subtypes in the BIMAP and
BrIMA datasets, the ResU-Nets showed margin assessment performance
statistically equivalent to intraoperative and postoperative physicians’
assessments, while consistently outperforming intensity thresholding.
Although statistical significance could not always be shown for smaller ILC,
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DCIS, and NAT subsets, the ResU-Nets generally showed higher specificity,
precision, and F1 scores compared to intensity thresholding models.

Conclusions: The fully automatic ResU-Net showed a performance com-
parable to physicians when predicting the margin status of lumpectomy
specimens based on micro-PET-CT images. This highlights its potential
as a clinical support tool, possibly improving consistency and reducing
decision-making time when interpreting micro-PET-CT images. While more
extensive validation of the ResU-Net (in a clinical context) is required, this
deep learning model, capable of predicting both tumour segmentation and
margin status, represents an important step towards a decision-support
system that enhances micro-PET-CT-based IMA in BCa, facilitating its
clinical adoption.

This chapter contains information previously published in:

Luna Maris, Menekse Goker, Kathia De Man, Bliede Van den Broeck,
Sofie Van Hoecke, Koen Van de Vijver, Christian Vanhove, and
Vincent Keereman. Supporting intraoperative margin assessment
using deep learning for automatic tumour segmentation in breast
lumpectomy micro-PET-CT. npj Breast Cancer, Nature Publishing
Group, 11(1):88, 2025.

124



6.1. Introduction

64. Introduction

Imaging of lumpectomy specimens with high-resolution positron emission
tomography (PET), in combination with computed tomography (CT), has
recently shown promise for intraoperative margin assessment (IMA) during
breast-conserving surgery (BCS) [30, 32]. Although study results for
this technique look promising, we hypothesize that a decision-support
system, to aid physicians in micro-PET-CT interpretation, might further
enhance inter-reader reliability, reduce the time needed to interpret the
images intraoperatively, and perhaps even improve margin assessment
performance [32, 33]. In this chapter, we continue our work on the Residual
U-Nets (ResU-Nets) for automatic segmentation of (pre)malignant breast
tissue in micro-PET-CT images, introduced in Chapter 5. Building further
on these deep learning (DL) models, we here evaluate whether the correct
surgical margin status can be derived from the tumour segmentations
predicted by these models. As the eventual goal of the decision-support
system is to help physicians in the critical task of performing IMA in BCS,
validating the margin assessment performance of the proposed DL models
is of high clinical relevance.

To this end, we apply the trained ResU-Nets to the 3D micro-PET-CT images
of lumpectomy specimens collected in two clinical studies: BIMAP and
BrIMA. The BIMAP and BrIMA studies, previously described in Section 2.5.4
of Chapter 2, both include the histopathological ground-truth margin
status for all lumpectomy specimens [32, 33]. The predicted margin status
derived from the automated tumour segmentation of the ResU-Nets is
compared with histopathology, as well as with the margin assessments
performed by physicians interpreting the same images intraoperatively
and postoperatively in the BIMAP and BrIMA studies. Evaluating how the DL
models are performing in comparison with human observers is essential
to determine the clinical applicability of these models as decision-support
tools.

6.2. Methods

6.21. Datasets

We validated the DL models in terms of margin assessment accuracy on the
BIMAP [32] and BrIMA [33] datasets, previously discussed in Section 2.5.4
of Chapter 2. Both datasets contain 3D micro-PET-CT images of entire
lumpectomy specimens, together with the true histopathological margin
status (positive or negative). Table 2.2 of Chapter 2 provides an overview
of patients included in the BIMAP and BrIMA studies, along with their breast
cancer (BCa) subtypes and ground-truth margin status. We here summarize
the most important steps in the collection of both datasets.
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6.21.1. Study design and subjects: BIMAP and BriMA

All data to validate the DL models in terms of margin assessment accuracy
were collected in the BIMAP (ClinicalTrials.gov identifier: NCT04343079)
and BrIMA (ClinicalTrials.gov identifier: NCT04999917) studies. While the
BIMAP study was conducted at Ghent University Hospital in Belgium, the
BrIMA study was conducted at six European BCa centres in Belgium (n=3),
Germany (n=2), and Italy (n=1). Both studies were approved by all local
ethics committees and conducted in accordance with the Declaration
of Helsinki. All patients provided written informed consent for study
participation and publication of the results.

Micro-PET-CT images and histopathological data from specimens of pa-
tients with early-stage BCa undergoing BCS were collected. Patients with
invasive carcinoma of no special type (NST), invasive lobular carcinoma
(ILC), or ductal carcinoma in situ (DCIS), as well as neoadjuvant-treated
(NAT) patients were enrolled. Both studies included patients with NST BCa
who were pretreated with neoadjuvant chemotherapy (NAC), and the BriIMA
study also included cases of NST pretreated with aromatase inhibitors
(NST-AI) and ILC pretreated with aromatase inhibitors (ILC-Al). In the BIMAP
study, 3D micro-PET-CT images of 41 BCa specimens were collected, all from
different patients, including 31 NST, 6 ILC, 2 DCIS, and 2 NAC cases. In the
BrIMA study, 3D micro-PET-CT images of 152 BCa specimens were collected,
once again all from different patients, including 84 NST, 16 ILC, 13 DCIS, 14
NAC, 16 NST-Al, and 9 ILC-Al cases.

6.2.1.2. Micro-PET-CT images of breast cancer specimens

In both studies, we collected 3D micro-PET-CT images of the entire
lumpectomy specimens immediately after they were resected from the
patient. Patients who participated in these studies received a preoperative
injection with ["®F]fluorodeoxyglucose (["®F]FDG). In the BIMAP study,
patients either received 0.8 MBq/kg or 4 MBq/kg ['"®F]FDG, while in the
BrIMA study all patients received 0.8 MBq/kg [®F]FDG. In the BIMAP
study, micro-PET-CT images were either acquired with the B-CUBE® and
X-CUBE® (MOLECUBES, Belgium), or the AURA®10 (XEOS, Belgium), while in
the BrIMA study, all images were acquired with the AURA®10. Although
designed for different applications, both scanners offer similar image
quality with a submillimetre spatial resolution for PET. To obtain a uniform
dataset, all images in both studies were reconstructed to emulate a
PET acquisition time of 10 min and an injected dose of 0.8 MBq/kg.
Micro-PET images were reconstructed using 20 iterations of the maximum
likelihood expectation maximisation (MLEM) algorithm, with an energy
window of 50% around the 511 keV photopeak and an isotropic voxel
size of 400 pym. CT acquisition took 3 min with the X-CUBE® and 1 min
with the AURA®10. CT images were reconstructed using the image space
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reconstruction algorithm (ISRA) (X-CUBE®) or filtered backprojection (FBP)
(AURA®10), with an isotropic voxel size of 100 pm. The results were
co-registered micro-PET and micro-CT images in DICOM format. The 3D
micro-CT images were expressed in Hounsfield units (HUs) and the 3D
micro-PET images were converted to lean body mass standardised uptake
values (SUVs) using the Janmahasatian formulation [92]. All micro-PET
images were corrected for attenuation and median filtered with a 2 mm
isotropic kernel to remove noise.

6.2.1.3. Margin status classification labels

At the histopathology department, all lumpectomy specimens were pro-
cessed following standard-of-care procedures. In the BIMAP dataset, the
maximal tumour diameter measured during histopathological processing
of the specimens was on average 1819 + 9.22 mm, 2017 + 8.80 mm,
25.00 + 15.56 mm, and 6.00 + 8.49 mm for the NST, ILC, DCIS, and NAC
cases. In the BrIMA dataset, the maximal tumour diameter measured
during processing of the specimens was on average 19.20 # 7.04 mm,
18.44 + 12.97 mm, 23.92 + 2224 mm, 1579 + 894 mm, 1856 + 6.09 mm,
and 22.56 + 1216 mm for the NST, ILC, DCIS, NAC, NST-Al, and ILC-Al cases.
The true margin status of all specimens was assessed following ASCO-CAP
protocols [176, 177]. The BIMAP dataset was previously described by De
Crem et al. [32]. In accordance with De Crem et al. [32], for the BIMAP
data, we used the same “ink on tumour” definition of a positive margin
for all BCa types, and in case of invasive tumours (NST and ILC) we only
accounted for the invasive tumour component. The same definitions were
applied to the BrIMA data, except that for DCIS cases, the margin was
considered positive when the minimal distance between the tumour and
the resection border was <2 mm. This margin status is further indicated
as the “true histopathological margin status” of the specimens. Following
these definitions, in the BIMAP dataset, 9 NST, 2 ILC, 1 DCIS, and 1 NAC case
were found to have a positive margin. In the BrIMA dataset, 14 NST, 6 ILC,
10 DCIS, 2 NST-Al, and 3 ILC-Al cases were found to have a positive margin.
None of the NAC cases in the BrIMA study had a positive margin.

6.2.2. Workflow for margin status prediction

In the previous chapter, DL and intensity thresholding models were
developed to segment breast tumours from 2D micro-PET-CT images of
breast lamellas. An overview of all trained ResU-Nets and intensity
thresholds was provided in Table 51 of Chapter 5. To predict the margin
status of a BCa specimen, it can be evaluated whether the predicted
tumour segmentation touches the border of the specimen. In the current
chapter, we evaluate the performance of this approach by comparing the
predicted with the true histopathological margin status for BCa specimens.
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6.2.2.1. Data preprocessing and splits

Before feeding the micro-PET-CT images of the BIMAP and BrIMA datasets
to the DL and intensity thresholding models, they had to undergo several
preprocessing steps. DICOM images were converted to NUMPY arrays. The
3D micro-PET images were interpolated to the grid of the micro-CT images
with a third-order interpolation. The mouse beds (X-CUBE®), or specimen
containers (AURA®10), were removed from the micro-CT images, after which
the images were thresholded using Otsu’s method to define a binary tissue
mask [160]. Only the largest connected tissue structure was selected, and
the obtained tissue mask was used to remove the background from the
micro-CT images and crop the micro-PET-CT images to only include the
tissue of interest.

Specifically for the DL models, the micro-PET-CT images also had to be
min-max scaled to a range of [0,1] and clipped. For this scaling, the
same lower and upper limits as defined for the train set were used, as
discussed in Section 5.2.2.2 of Chapter 5. Clipping is especially important to
suppress high intensities in the micro-CT images when making predictions
for specimens that contain metal wires. In addition, the input images
were padded with background pixels up to the smallest size suited to pass
through the network.

For 3 patients in the BIMAP dataset, and 22 patients in the BrIMA dataset,
we collected both lamella images with the true tumour segmentations,
as well as images of the full specimens with the true histopathological
margin status. As a consequence there is an overlap between the dataset
with segmentation labels used to train the DL and intensity thresholding
models, and the dataset with margin status labels used to validate the
models’ margin assessment performance. To avoid data leakage, it was
ensured that models were never trained and validated on data from the
same patient.

6.2.2.2. Deep learning model

We used the ensemble of 25 ResU-Nets, trained in Chapter 5, to segment
(pre)malignant breast tissue in the micro-PET-CT images of all BCa
specimens in the BIMAP and BrIMA datasets. We used the ensemble of
models that take the micro-PET-CT images as input, as these models were
found to have the best segmentation performance. To predict tumour
segmentations for the 3D micro-PET-CT images using the 2D ResU-Nets,
first, tumour probability maps were predicted slice-per-slice in three
orthogonal directions. All predicted probability maps were averaged per
case across the three directions and across the 25 models, resulting in
one predicted probability map per case. Afterwards, the final tumour
segmentation was obtained by thresholding this probability map at 0.5. For
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the 3 BIMAP and 22 BrIMA cases for which data from the same specimen
was previously used during training of the ResU-Nets, only 5/25 ResU-Nets
could be used to predict the tumour segmentation to avoid data leakage.

For NST specimens, tumour segmentation was performed using the
ResU-Nets trained on NST data. For ILC and DCIS specimens, tumours
were segmented using the ResU-Nets obtained through transfer learning
on combined ILC and DCIS data. No models were trained to segment
NAT breast tumours, pretreated with NAC or aromatase inhibitors, as no
ground-truth segmentation labels were available for these cases. As
such, for NAC, NST-Al, and ILC-Al specimens, tumour segmentation was
performed using the ResU-Nets transfer learned on the combined ILC and
DCIS data. This choice was made as successful treatment with NAC and
aromatase inhibitors has been shown to reduce ["®F]FDG uptake, which is
similarly lower in ILC and DCIS cases [178, 179].

Some post-processing steps were applied to the predicted tumour seg-
mentations. To increase specificity, only the largest connected component
of the tumour segmentation was retained. It was assumed that this step
would have minimal influence on the sensitivity as multifocal BCa is often
considered as a contraindication for BCS, making lumpectomy specimens
with multifocal tumours uncommon [180]. When multifocal breast tumours
are identified through preoperative imaging, this post-processing step can
be disabled. In addition, we filled all holes in the tumour segmentation as
only the tumour contour is of importance for margin assessment.

To derive the margin status from the obtained tumour segmentation, we
defined the minimum distance between the outer contour of the predicted
tumour segmentation, and the specimen contour. The specimens were
segmented by applying Otsu’s thresholding to the micro-CT images as
described in the previous section [160]. The predicted margin status was
considered to be positive when the minimum distance between the tumour
contour and the specimen contour was < 01 mm. This was done to account
for uncertainty on the exact location of the specimen contour due to
the limited spatial resolution of the micro-CT images. Only for the DCIS
specimens in the BrIMA dataset, a larger contour distance < 2 mm was
used to define a positive margin. Figure 6.1 visualises the entire workflow
when using the DL model to predict the margin status from a micro-PET-CT
image of a lumpectomy specimen.
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Figure 6.1. Illustration of the automated workflow for tumour segmentation and margin status prediction from a micro-PET-CT
image of a lumpectomy specimen using a deep learning (DL) model. The DL model takes a 3D micro-PET-CT image as input,
and predicts voxel-wise tumour probabilities (e [0,1]) as output, here represented by a heatmap on top of the micro-CT. The
predicted tumour segmentation, obtained by thresholding the predicted tumour probabilities at 0.5, is shown in orange on top
of the micro-CT. A positive margin is found at the location where the tumour contour (in orange) touches the specimen contour
(in blue). Every figure panel only shows one slice of the 3D image of the lumpectomy specimen.
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6.2.2.3. Intensity thresholding

For margin assessment, we again compared the performance of the
DL models with a conventional intensity thresholding approach. We
used the obtained ensemble of five intensity thresholds from Chapter 5
to segment (pre)malignant breast tissue in all 3D micro-PET-CT images
of the BIMAP and BrIMA datasets. We used the intensity thresholds
based on the combined micro-PET-CT inputs, as they led to the best
segmentation performance. Accordingly, the 3D micro-PET image was first
masked to include only high-density tissues as defined on the 3D micro-CT
image. Afterwards, the five relative SUV thresholds were applied to the
masked 3D micro-PET image to generate five tumour segmentations. These
segmentations were averaged per case and thresholded at 0.5 to obtain
the final tumour segmentation. For the 3 BIMAP and 22 BrIMA cases for
which data from the same specimen was previously used during training
of the intensity thresholds, only 1/5 intensity thresholds could be used to
predict the tumour segmentation to avoid data leakage.

In line with the approach for the ResU-Nets, tumour segmentation for NST
specimens was performed using the optimal intensity thresholds found
for the NST training data. For ILC and DCIS specimens, tumours were
segmented using the intensity thresholds found for the combined ILC
and DCIS training data. These last intensity thresholds were also used
to segment breast tumours in NAC, NST-Al, and ILC-Al specimens. Once
again, to increase specificity, only the largest connected component of
the predicted tumour segmentation was retained, and hole-filling was
performed. The predicted margin status was again considered positive
when the minimum distance between the contour of the predicted tumour
segmentation and the specimen contour was < 0.1 mm, or <2 mm for the
DCIS specimens in the BrIMA dataset.

6.2.3. Margin assessment performance evaluation

To evaluate the performance of the ResU-Nets and intensity thresholding
models in terms of margin assessment accuracy, we compared the
predicted margin status with the true histopathological margin status for
all BIMAP and BrIMA cases. In addition, the margin status predictions
of the ResU-Nets and intensity thresholding models were compared
with the predictions of physicians who manually interpreted the same
images. As described in Section 254 of Chapter 2, in the BIMAP
study, seven physicians (three breast surgeons, one gynaecology resident,
two nuclear medicine physicians, and one radiologist) postoperatively
interpreted the micro-PET-CT images and predicted the margin status
for all cases. Results of this interpretation study were published by
De Crem et al. [32]. We compared the margin status predictions of
the ResU-Nets and intensity thresholding models with the postoperative
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majority vote of these seven physicians. It is important to note that the
metric values reported in Table 2.2 of Chapter 2 evaluate the average
margin assessment performance of these seven physicians, and therefore
do not correspond to the metrics reported in this chapter to evaluate
the performance of the majority vote of these physicians. In the BrIMA
study, all micro-PET-CT images were interpreted intraoperatively by the
breast surgeons [33]. Furthermore, after study completion, a panel of four
breast surgeons participating in the BrIMA study was asked to perform a
blinded postoperative re-interpretation of all images. The margin status
predictions of the ResU-Nets and intensity thresholding models were
compared to the intraoperative predictions of the physicians, as well as
to the postoperative majority vote of these four physicians.

Contingency tables were constructed for the margin status predictions
performed with the ResU-Nets and intensity thresholding models, as
well as for the physicians’ intraoperative decisions and postoperative
majority votes. Separate contingency tables were generated for each study
(BIMAP and BrIMA) and for each BCa subtype. Based on these tables, we
calculated sensitivity, specificity, precision, and F1 score for the detection
of positive margins. Metrics were again calculated per study and per
BCa subtype. To statistically assess differences in margin assessment
performance between the ResU-Nets, intensity thresholding models, and
the physicians’ interpretations, McNemar's test was applied. Given the
limited sample size, the exact version of McNemar's test was used. Pairwise
p-values were calculated for each comparison of margin assessment
strategies, stratified per BCa subtype. Asignificance level o= 0.05 was used,
and a Bonferroni-Holm correction was performed within each BCa subtype
to compensate for multiple testing across different pairwise comparisons
of margin assessment strategies. For the BIMAP study, the following three
pairwise comparisons were performed: (1) Postoperative majority vote
of seven physicians vs. ResU-Net prediction, (2) Postoperative majority
vote of seven physicians vs. intensity thresholding prediction, (3) ResU-
Net prediction vs. intensity thresholding prediction. A Bonferroni-Holm
correction with m = 3 was performed. For the BrIMA study, the following
six pairwise comparisons were performed: (1) Intraoperative prediction
of physicians vs. ResU-Net prediction, (2) Intraoperative prediction of
physicians vs. intensity thresholding prediction, (3) Postoperative majority
vote of four physicians vs. ResU-Net prediction, (4) Postoperative majority
vote of four physicians vs. intensity thresholding prediction, (5) ResU-Net
prediction vs. intensity thresholding prediction, and (6) Intraoperative
prediction of physicians vs. postoperative majority vote of four physicians.
A Bonferroni-Holm correction with m = 6 was performed.
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Finally, as in any medical classification problem, there is a trade-off
between sensitivity, specificity, and precision when performing margin
assessment. An additional analysis was performed to get more insight
into this trade-off and study the general power of the ResU-Nets and
intensity thresholding models to distinguish between positive and neg-
ative resection margins. Initially, the margin assessment performance of
the ResU-Nets and intensity thresholding models was evaluated at the
operating point corresponding to optimal segmentation performance as
measured by the Dice similarity coefficient (DSC), hereafter referred to
as the “segmentation operating point”. However, selecting an operating
point solely based on segmentation performance may not be optimal
for margin status classification and alternative operating points should
be evaluated. For this purpose, we constructed the receiver operating
characteristic (ROC) and precision-recall (PR) curves for both methods. To
construct the ROC- and PR-curves for the ResU-Nets, the predicted tumour
probability maps were thresholded at different values ranging from 0% to
100% in steps of 5% to obtain tumour segmentations and derived margin
status predictions. To construct the curves for the intensity thresholding
models, the micro-PET images, masked by the micro-CT segmentations of
non-adipose tissue, were thresholded at values ranging from 0% to 100%
of the patient-specific maximum PET intensity in 5% steps to obtain tumour
segmentations and derived margin status predictions. Separate curves
were drawn for each study (BIMAP and BrIMA), as well as for the group of
NST tumours and the combined group of all BCa subtypes. The area under
the curve (AUC) was calculated for all curves to quantify the overall ability
of both methods to discriminate between positive and negative margins.

In addition, we assessed the performance of the ResU-Nets and intensity
thresholding models at an alternative operating point selected from the
ROC- and PR-curves through a leave-one-out (LOO) strategy. The aim
was to match the sensitivity obtained by the physicians. For each case in
the BIMAP and BrIMA datasets, the ROC- and PR-curves were constructed
using all remaining cases in the dataset. For each case, the operating
point was then selected as the highest threshold for which the sensitivity
was at least equal to that achieved by the physicians. This procedure
was performed for both the ResU-Nets and intensity thresholding models
to choose an appropriate tumour probability threshold and a relative
PET intensity threshold, respectively. Finally, for each case, the found
LOO thresholds were applied to segment the tumour and predict the
margin status. The margin assessment performance of the ResU-Nets
and intensity thresholding models at this alternative operating point was
studied in the same way as before, by constructing the contingency tables,
deriving performance metrics, and performing statistical analyses using
McNemar's test.
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6.3. Results

We used the trained ResU-Nets and intensity thresholds described in
Chapter 5 to segment the tumour and predict the margin status for all
3D micro-PET-CT lumpectomy images in the BIMAP and BrIMA datasets.
Using the ensemble of 25 trained ResU-Nets, it took around 1 min in
total to predict the tumour segmentation for a 3D micro-PET-CT image
on an NVIDIA Vioo GPU with 32 GB VRAM. Tumour segmentation using
five intensity thresholds took only several seconds per 3D image. In this
section, we evaluate the margin assessment performance of the ResU-Nets
and intensity thresholding models separately for the BIMAP and BrIMA
datasets.

6.3.1. Margin assessment performance
6.311. BIMAP

Figure 6.2 visualises the tumour contours predicted with the ResU-Nets and
intensity thresholding models for three representative NST specimens of
the BIMAP dataset. Visualisations of predicted tumour contours for two ILC,
two DCIS, and two NAC specimens can be found in Figures E1, E.2, and E.3
of Appendix E, respectively. Contingency tables, comparing the predicted
and true histopathological margin status, were created for all BIMAP cases.
Separate tables were constructed for the predictions obtained using the
ResU-Nets and intensity thresholding models, as well as for the predictions
based on the postoperative majority vote of seven physicians. Figure 6.3
displays the contingency results for the NST cases, as well as for all
combined BCa subtypes in the BIMAP dataset. Separate contingency tables
for the ILC, DCIS, and NAC cases can be found in Figure E.4 of Appendix E.
From these contingency tables, sensitivity, specificity, precision, and F1
score for positive margin detection were calculated for each margin
assessment strategy. Table 61 shows all metric values for the NST cases,
as well as for all combined BCa subtypes of the BIMAP dataset. Separate
scores for the ILC, DCIS, and NAC cases are shown in Table E1 of Appendix E.
It was confirmed that the best results were obtained when only considering
the largest connected structure of the predicted tumour segmentation.
While this post-processing step entails a risk of missing tumour spots,
it increased the specificity, while maintaining the same sensitivity for
positive margin detection.

P-values resulting from McNemar's test to evaluate differences in margin
assessment performance between the ResU-Nets, intensity thresholding
models, and the postoperative majority vote of seven physicians, are
reported in Figure 6.4 for the NST cases, as well as for all combined BCa
subtypes in the BIMAP dataset. Figure E.5 of Appendix E shows separate
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results for the ILC, DCIS, and NAC cases. For the NST cases, the margin
status predictions obtained with the ResU-Nets were the same as those
obtained through postoperative majority voting of seven physicians. The
intensity thresholding models showed significantly lower performance for
margin assessment in the NST cases, with lower values for the specificity,
precision, and F1 score. When looking at the combined group of all
BCa subtypes in the BIMAP dataset, the predictions obtained with the
ResU-Nets were found to be statistically equivalent to the postoperative
majority vote of seven physicians. The intensity thresholding models
again showed significantly lower performance for margin assessment in
the combined group of all BCa subtypes, compared to both the ResU-Net
predictions and the postoperative majority vote of seven physicians. Once
again, the intensity thresholding models showed lower values for the
specificity, precision, and F1 score. When studying the ILC, DCIS, and NAC
cases separately, all three margin assessment strategies were found to be
statistically equivalent.

Table 64. Metric values to evaluate the agreement between the true
histopathological and predicted margin status for the BIMAP dataset,
shown separately for invasive carcinomas of no special type (NST), and for
all breast cancer (BCa) subtypes combined. Margin status was predicted
using intensity thresholding (Intens thresh) and the Residual U-Net (ResU-
Net) applied to the micro-PET-CT input. The performance of both methods
is compared to the postoperative majority vote of seven physicians. The
performance of these seven physicians was previously described by De
Crem et al. [32].

BCa type: NST (N=31)
Metrics Intens thresh ResU-Net 7 PhyS|C|ar'|s
Postoperative
Sensitivity (Recall) 1.00 0.89 0.89
Specificity 0.59 0.91 0.91
Precision 0.50 0.80 0.80
F1 score 0.67 0.84 0.84
BCa type: All types (N=41)
Metrics Intens thresh ResU-Net / PhySICIaI'lS
Postoperative
Sensitivity (Recall) 0.92 0.85 077
Specificity 0.54 0.82 0.86
Precision 0.48 0.69 071
F1 score 0.63 0.76 0.74
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Figure 6.2. Predicted tumour contours for three (a, b, and c) invasive
carcinomas of no special type from the BIMAP dataset. For every
specimen, three orthogonal slices are visualised. The top row shows
the micro-PET-CT input (expressed in standardised uptake values (SUVs)
and Hounsfield units (HUs)), and the bottom row shows the contours
overlaid on the micro-CT (blue = specimen, orange = tumour predicted
by the Residual U-Net (ResU-Net), green = tumour predicted through
intensity thresholding). (a) The ResU-Net prediction is true negative, while
the intensity thresholding prediction is false positive. (b) The ResU-Net
prediction is false negative, while the intensity thresholding prediction is
true positive. (c) Both ResU-Net and intensity thresholding predictions are
true positive.
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Figure 6.3. Contingency tables for margin status prediction in the BIMAP
dataset, shown separately for invasive carcinomas of no special type (NST),
and for all breast cancer (BCa) subtypes combined. Margin status was
predicted using intensity thresholding (Intens thresh) and the Residual
U-Net (ResU-Net) applied to the micro-PET-CT input, as well as through
the postoperative majority vote of seven physicians. The predicted margin
status was evaluated against the true histopathological margin status. The
performance of the seven physicians was previously described by De Crem
et al. [32].
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Figure 6.4. P-values (p) resulting from McNemar's test to compare different
approaches to predict the margin status for the BIMAP dataset, shown
separately for invasive carcinomas of no special type (NST), and for
all breast cancer (BCa) subtypes combined. The following strategies
were compared: postoperative majority voting of seven physicians,
prediction with Residual U-Nets (ResU-Nets), and prediction with intensity
thresholding (Intens thresh) models. Significant performance differences
following Bonferroni-Holm correction (« = 0.05, m = 3) are indicated in
bold.
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6.3.1.2. BrIMA

Figure 6.5 visualises the tumour contours predicted with the ResU-Nets and
intensity thresholding models for three representative NST specimens of
the BrIMA dataset. Visualisations of predicted tumour contours for two
ILC, two DCIS, and three NAT specimens (one NST after NAC, one NST-Al,
and one ILC-Al) can be found in Figures E.6, E7, and E.8 of Appendix E,
respectively. Contingency tables were created for all BrIMA cases. Separate
tables were constructed for the predictions obtained using the ResU-
Nets and intensity thresholding models, as well as for the physicians’
intraoperative predictions and the postoperative majority vote of four
physicians. Figure 6.6 displays the contingency results for the NST cases,
as well as for all combined BCa subtypes in the BrIMA dataset. Separate
contingency tables for the ILC, DCIS, and combined NAT cases can be found
in Figure E9 of Appendix E. From these contingency tables, sensitivity,
specificity, precision, and F1 score for positive margin detection were
calculated for each margin assessment strategy. Table 6.2 shows all metric
values for the NST cases, as well as for all combined BCa subtypes of the
BrIMA dataset. Separate scores for the ILC, DCIS, and combined NAT cases
are shown in Table E.2 of Appendix E.

P-values resulting from McNemar's test to evaluate differences in margin
assessment performance between the ResU-Nets, intensity thresholding
models, the intraoperative physicians’ predictions, and the majority vote
of four physicians, are reported in Figure 6.7 for the NST cases, as well
as for all combined BCa subtypes in the BrIMA dataset. Figure E10 of
Appendix E shows separate results for the ILC, DCIS, and combined NAT
cases. For the NST cases, the margin assessment performance of the
ResU-Nets was found to be statistically equivalent to the intraoperative
physicians’ predictions, as well as to the postoperative majority vote of
four physicians. While the ResU-Nets showed a higher sensitivity, the
specificity was lower compared to the physicians’ predictions. The intensity
thresholding models showed significantly lower performance for the NST
cases, compared to both the ResU-Net predictions and the intraoperative
and postoperative physicians’ predictions. The intensity thresholding
models showed lower values for the specificity, precision, and F1 score.
When looking at the combined group of all BCa subtypes in the BrIMA
dataset, the same trends were found. The performance of the ResU-Nets
was again statistically equivalent to the intraoperative and postoperative
physicians’ predictions. The intensity thresholding models again showed
significantly lower performance for margin assessment in the combined
group of all BCa subtypes, compared to both the ResU-Net predictions and
the intraoperative and postoperative physicians’ predictions, with lower
values for the specificity, precision, and F1 score. When studying the ILC,
DCIS, and NAT cases separately, it was found that for the DCIS cases,
none of the differences between the four margin assessment strategies
was statistically significant. For the ILC and combined NAT cases, the
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ResU-Net predictions were found to be statistically equivalent to the
intraoperative physicians’ predictions and the postoperative majority vote
of four physicians. The performance of the intensity thresholding models
for the ILC and combined NAT cases was found to be significantly different
from the performance of the ResU-Nets and the intraoperative predictions
of the physicians, with a lower specificity, precision, and F1 score.

Table 6.2. Metric values to evaluate the agreement between the true
histopathological and predicted margin status for the BrIMA dataset,
shown separately for invasive carcinomas of no special type (NST), and for
all breast cancer (BCa) subtypes combined. Margin status was predicted
using intensity thresholding (Intens thresh) and the Residual U-Net (ResU-
Net) applied to the micro-PET-CT input. The performance of both methods
is compared to the intraoperative interpretations of the physicians, as well
as to the postoperative majority vote of four physicians. The performance
of the physicians is also described by Goker et al. [33].

BCa type: NST (N=84)
Metrics Intens thresh ResU-Net Physmlan_s 4 Physu'.lar.ls
Intraoperative  Postoperative
Sensitivity (Recall) 1.00 0.86 0.71 0.71
Specificity 014 0.54 0.66 0.67
Precision 019 0.27 0.29 0.30
F1score 0.32 0.4 0.42 0.43
BCa type: All types (N=152)
Metrics Intens thresh ResU-Net Physman§ 4 Physuuaps
Intraoperative  Postoperative
Sensitivity (Recall) 1.00 0.83 0.77 0.83
Specificity 015 0.56 0.67 0.55
Precision 0.26 0.36 0.1 0.35
F1 score 0.41 0.50 0.53 0.50
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Figure 6.5. Predicted tumour contours for three (a, b, and c) invasive
carcinomas of no special type from the BrIMA dataset. For every
specimen, three orthogonal slices are visualised. The top row shows
the micro-PET-CT input (expressed in standardised uptake values (SUVs)
and Hounsfield units (HUs)), and the bottom row shows the contours
overlaid on the micro-CT (blue = specimen, orange = tumour predicted
by the Residual U-Net (ResU-Net), green = tumour predicted through
intensity thresholding). (a) The ResU-Net prediction is true negative, while
the intensity thresholding prediction is false positive. (b) The ResU-Net
prediction is false negative, while the intensity thresholding prediction is
true positive. (c) Both ResU-Net and intensity thresholding predictions are
true positive.
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Figure 6.6. Contingency tables for margin status prediction in the BriMA
dataset, shown separately for invasive carcinomas of no special type (NST),
and for all breast cancer (BCa) subtypes combined. Margin status was
predicted using intensity thresholding (Intens thresh) and the Residual
U-Net (ResU-Net) applied to the micro-PET-CT input, as well as through
intraoperative physicians’ assessments and the postoperative majority
vote of four physicians. The predicted margin status was evaluated
against the true histopathological margin status. The performance of the
physicians is also described by Goker et al. [33].
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Figure 6.7. P-values (p) resulting from McNemar's test comparing different
approaches to predict the margin status for the BrIMA dataset, shown
separately for invasive carcinomas of no special type (NST), and for
all breast cancer (BCa) subtypes combined. Following strategies were
compared: intraoperative interpretations of physicians, postoperative
majority voting of four physicians, prediction with Residual U-Nets (ResU-
Nets), and with intensity thresholding (Intens thresh) models. Significant
differences following Bonferroni-Holm correction (x = 0.05, m = 6) are
shown in bold.
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6.3.2. Performance stability across operating points

Both for the BIMAP and BrIMA datasets, the margin assessment perfor-
mance of the ResU-Nets was found to be significantly better than that
of the intensity thresholding models, both for the NST tumours and for
the combined group of all BCa subtypes. However, inspection of the ROC-
and PR-curves in Figures 6.8 and 6.9, indicates that operating points exist
at which the performance of the ResU-Nets and intensity thresholding
models is more comparable. Figures 6.8 and 6.9 show the ROC- and
PR-curves for margin status prediction with the ResU-Nets and intensity
thresholding models for the BIMAP and BrIMA datasets, respectively.
Separate curves are drawn for the NST cases and for all combined BCa
subtypes in the BIMAP and BrIMA datasets. This observation suggests
that the operating point previously selected for the intensity thresholding
models may not be optimal for margin assessment. In Section 6.31, we
evaluated the performance of both models at the “segmentation operating
point”, corresponding to optimal tumour segmentation performance as
measured by the DSC. A potential mismatch may exist between the
intensity thresholds that optimise tumour segmentation performance,
and those that maximise margin assessment performance. One possible
explanation is that the DSC does not explicitly focus on the correct
delineation of the tumour contour, which is critical for an accurate margin
status prediction. Another possibility is that the dataset with segmentation
labels was too small to choose a robust intensity threshold for tumour
segmentation.

Because of these considerations, an alternative strategy was explored
to select an operating point on the ROC- and PR-curves. We assessed
the performance of the ResU-Nets and intensity thresholding models at
an operating point chosen through a LOO strategy, trying to match the
sensitivity achieved by the physicians. This procedure was performed
for both the ResU-Nets and intensity thresholding models. All results
of this analysis can be found in Appendix F, both for the BIMAP and
BriIMA datasets. Margin assessment performance of the ResU-Nets and
intensity thresholding models at this operating point was calculated for
the NST cases and for all combined BCa subtypes in both datasets.
Figures F1 and F.3 show the contingency tables for the BIMAP and BriMA
datasets, respectively. The sensitivity, specificity, precision, and F1score for
positive margin detection can be found in Tables F1 and F.2 for the BIMAP
and BrIMA datasets, respectively. P-values resulting from McNemar's test
to evaluate differences in margin assessment performance between the
ResU-Nets, the intensity thresholding models, and the intraoperative and
postoperative physicians’ predictions are reported in Figures F.2 and F.4 for
the BIMAP and BrIMA datasets, respectively.

In accordance with what was reported for the segmentation operating
point, it was found that the performance of the ResU-Nets was still

12



6.3. Results

statistically equivalent to the intraoperative physicians’ predictions and to
the postoperative majority vote of the physicians, both for the NST cases
and the combined group of all BCa subtypes, and both for the BIMAP and
BrIMA datasets. In contrast to the findings reported for the segmentation
operating point, for the BIMAP dataset, no statistically significant differ-
ences in performance were observed between the intensity thresholding
models and either the ResU-Nets or the postoperative majority vote of
seven physicians, both for the NST cases and the combined group of all
BCa subtypes. However, for the BrIMA dataset, the performance of the
intensity thresholding models was again found to be significantly different
from the ResU-Nets, the intraoperative physicians’ predictions, and the
postoperative majority vote of four physicians, both for the NST cases
and the combined group of all BCa subtypes. The intensity thresholding
models obtained a lower specificity, precision, and F1 score compared to
the physicians’ predictions.

The persistently lower performance of the intensity thresholding models
compared to the ResU-Nets for the BrIMA dataset, indicates that identifying
a robust PET intensity threshold that leads to correct margin status
predictions across a large number of cases remains challenging. Looking
at the ROC- and PR-curves for the intensity thresholding models, it can be
noted that they evolve in large steps. A relatively small change of 5% in
the intensity threshold can lead to strong variations in the performance
metrics. Although performing a more fine-grained search for a suited
threshold might improve the final performance metrics, the need for such
a fine-grained search also suggests instability and sensitivity to the data at
hand. In contrast, looking at the ROC- and PR-curves for the ResU-Nets, it
can be noted that around the performance level of the physicians, multiple
operating points with a similar performance can be found, indicating more
stability. Overall, these findings suggest that intensity thresholding is less
robust and less reliable than the ResU-Nets for margin status prediction.
Finally, many alternative operating points could be targeted, depending on
the relative importance assigned to reaching a high sensitivity, specificity,
or precision.
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Figure 6.8. Receiver operating characteristic (ROC) and precision-recall
(PR) curves for margin status prediction for the BIMAP dataset, shown
separately for invasive carcinomas of no special type (NST), and for
the combined group of all breast cancer (BCa) subtypes. For intensity
thresholding (Intens thresh), the micro-PET signal, masked by the micro-CT
segmentation of non-adipose tissue, was thresholded at values ranging
from 0% to 100% of the patient-specific maximum PET intensity in 5%
steps to predict the margin status. For the Residual U-Nets (ResU-Nets),
tumour probability maps were predicted from the micro-PET-CT input, and
thresholded at values ranging from 0% to 100% in 5% steps to predict
the margin status. The area under the curve (AUC) values are shown
in the figure legends. All figures also display the performance of the
postoperative majority vote of seven physicians. The performance of these
seven physicians was previously described by De Crem et al. [32].
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Figure 6.9. Receiver operating characteristic (ROC) and precision-recall
(PR) curves for margin status prediction for the BrIMA dataset, shown
separately for invasive carcinomas of no special type (NST), and for
the combined group of all breast cancer (BCa) subtypes. For intensity
thresholding (Intens thresh), the micro-PET signal, masked by the micro-CT
segmentation of non-adipose tissue, was thresholded at values ranging
from 0% to 100% of the patient-specific maximum PET intensity in 5%
steps to predict the margin status. For the Residual U-Nets (ResU-Nets),
tumour probability maps were predicted from the micro-PET-CT input, and
thresholded at values ranging from 0% to 100% in 5% steps to predict
the margin status. The area under the curve (AUC) values are shown
in the figure legends. All figures also display the performance of the
intraoperative interpretations by the physicians, and the postoperative
majority vote of four physicians. The performance of the physicians is also
described by Goker et al. [33].
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6.4. Discussion

To our knowledge, we were the first to apply the well-known ResU-Net
model to perform automatic tumour segmentation and margin assessment
based on micro-PET-CT images of lumpectomy specimens. In this chapter,
we used the BIMAP and BrIMA datasets, consisting of 3D micro-PET-CT
lumpectomy images with true histopathological margin status labels, to
evaluate the performance of the ResU-Nets trained in Chapter 5 in terms
of margin assessment. When focussing on the results in Section 6.31, it
was found that for the NST tumours, the ResU-Nets reached F1 scores
of 84% and 41% for the BIMAP and BrIMA datasets, respectively. For the
BIMAP dataset, the ResU-Nets were found to match the postoperative
majority vote of seven physicians. For the BrIMA dataset, the performance
of the ResU-Nets was also found to be statistically equivalent to the
intraoperative physicians’ assessments and to the postoperative majority
vote of four physicians. For the NST cases, the ResU-Nets were found to
outperform intensity thresholding models both for the BIMAP and BrIMA
datasets. For all BCa subtypes combined, the ResU-Nets reached F1 scores
of 76% and 50% for the BIMAP and BrIMA datasets, respectively. Both
for the BIMAP and BrIMA datasets, the performance of the ResU-Nets
was again found to be statistically equivalent to the intraoperative and
postoperative predictions of the physicians, while outperforming intensity
thresholding. This finding is particularly relevant, as the combined cohort
of all BCa subtypes reflects the broader BCa population, with subtype
proportions approximately corresponding to their prevalence in larger
clinical populations, as discussed in Section 2.2.4.3 of Chapter 2.

While similar trends were observed when studying the ILC, DCIS, and
NAT cases separately, the more limited datasets for these subgroups
did not always allow us to show statistically significant differences in
margin assessment performance between the ResU-Nets and intensity
thresholding models. The performance of the ResU-Nets and intensity
thresholding models were only found to be significantly different for the
ILC and NAT cases in the BrIMA dataset. The performance of the intensity
thresholding models was also shown to be significantly different from the
intraoperative physicians’ predictions for the ILC and NAT cases in the
BrIMA dataset. For these cases, the intensity thresholding models showed
a lower specificity, precision, and F1 score compared to the ResU-Nets
and intraoperative and postoperative physicians’ predictions. While the
segmentation models were only trained on NST, ILC, and DCIS tumours, it
was found that the ResU-Nets could also be used to segment NAT breast
tumours and predict the margin status, with a performance similar to
physicians interpreting the images.

Overall, the same trends were observed in both the BIMAP and BrIMA
datasets, although effects were more pronounced in the BrIMA dataset.
For instance, while the intensity thresholding models already showed
lower specificity and precision than the ResU-Nets in the BIMAP dataset,
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these metrics substantially decreased in the BrIMA dataset. Due to
the increased sample sizes in the BrIMA dataset, statistically significant
differences could also be shown in subgroups of more rare BCa types. In
general, the ResU-Nets achieved higher performance on the BIMAP dataset
compared to the BrIMA dataset. However, this pattern was consistent
with the performance of the physicians. Importantly, the BriIMA dataset
is considered more clinically relevant, as it was collected following a more
stringent study design in a larger, more diverse, and more representative
patient population. Unlike the BIMAP study, which can be considered more
as a pilot study conducted primarily in a research setting, the BrIMA study
involved multiple BCa centres across several countries and integrated
micro-PET-CT imaging directly into the clinical workflow.

Other groups have used DL to create similar workflows for automatic IMA
in BCa based on other intraoperative imaging techniques. Veluponnar et
al. [170] and Yeung et al. [171] applied a similar approach to ultrasound
(US) images of lumpectomy specimens. As discussed in Chapter 5, they
first also developed DL models to segment tumours in their respective
lumpectomy images, and afterwards, they tested the performance of their
DL models for margin assessment. Veluponnar et al. reached a sensitivity
and a specificity of 96% and 76%, respectively, for predicting positive and
close margins (< 2 mm) for 86 patients (of which 91% were of the NST
type). For the NST tumours in the BIMAP dataset, we found a slightly lower
sensitivity of 89%, with a higher specificity of 91%. For the NST tumours in
the BrIMA dataset, we found a lower sensitivity and specificity of 86% and
54%, respectively. However, the scores reported by Veluponnar et al. [170]
might suffer from data leakage, as they seem to have optimised their
ensemble of DL models on their test set. In addition, they only distinguish
between wide (> 2 mm) and close (< 2 mm) margins, which does not match
the clinical “ink on tumour” definition for invasive carcinomas. Yeung et
al.[171] reached a sensitivity of 75% and a specificity of 43% when predicting
the margin status for five breast specimens (of unknown BCa subtype). We
reached a higher performance for the NST tumours and for the combined
group of all BCa subtypes in both the BIMAP and BrIMA datasets. However,
the dataset used by Yeung et al. [171] is very small and might not provide
reliable results. Unfortunately, F1 scores are rarely reported in literature
in the context of margin assessment, while the data is often strongly
imbalanced, such that metrics like sensitivity, specificity, and accuracy
give an overly optimistic view. Furthermore, automatic margin assessment
based on micro-PET-CT images of cancer specimens has been performed
before. Moraitis et al. [35] proposed an iterative thresholding method to
segment tumours in ["®F]PSMA-1007 (prostate-specific membrane antigen)
micro-PET-CT images of resected prostate specimens. They only evaluated
this segmentation approach in terms of margin assessment performance.
They reported a sensitivity of 83% and a specificity of 100% for the
detection of positive margins for 18 prostate lesions in seven patients [35].
Despite the small dataset, the results look promising. In future work,
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we could also investigate the performance of such iterative thresholding
method for lumpectomy specimens.

This study contains several limitations related to the data. First, there
might be slight inaccuracies in the data labels. Mistakes in the margin
status labels might occur due to sampling bias in the histopathological
workup [31]. Second, the datasets in this work are still rather small for BCa
types other than the most common NST type. Especially for DCIS cases,
more data is required to validate the ResU-Nets as currently no significant
difference could be shown for the margin assessment performance of the
ResU-Nets and intensity thresholding models. As mentioned in Chapter 5,
it is assumed that the BCa type is known from preoperative biopsy,
such that the most suited tumour segmentation model can be applied.
Performance might slightly decrease when using a model not tailored to
the BCa subtype. The model might also incorrectly detect tumours in
entirely benign specimens, as in this case, relative scaling might amplify
noise in the micro-PET images. Third, the ResU-Nets trained for breast
tumour segmentation are 2D models, while the goal is to segment 3D
tumours. As mentioned in Chapter 5, this means that the 3D information
in the micro-PET-CT images cannot be exploited by the 2D ResU-Nets,
possibly limiting the performance. Moreover, mismatches between the
2D lamella images used to train the ResU-Nets, and the 3D images of
entire BCa specimens used for model validation can also limit model
performance. While we used the same imaging, reconstruction, and
processing conditions for the fresh lamellas and entire BCa specimens
to improve consistency between these two datasets, minor differences
remain. Some lamellas contain a clean cut edge made by the pathologist.
While such straight cut edges are usually not found in entire BCa
specimens, we believe the effect on model training and performance is
negligible. In addition, the lamellas have a limited thickness of 2-3 mm,
possibly leading to lower signals in the micro-PET images. However, we
expect these partial volume effects to be minimal.

Before this DL-based software could be integrated in the micro-PET-CT
specimen scanners and applied in clinical practice, some additional steps
are required. Additional data still needs to be collected to further
improve and validate the DL models, especially for BCa types other
than the most common NST type. It may also be valuable to examine
whether the proposed models correctly predict the orientation of positive
margins. In addition, it should be assessed how we can quantify the
model’'s confidence when predicting the margin status. In the next
chapter, we will calibrate the predicted tumour probability maps, which
express spatially-resolved prediction uncertainty, so that the pixel-level
probabilities reflect the true likelihood of malignancy, thereby enhancing
model trustworthiness. Finally, we should also investigate how the DL
models can support physicians to improve performance and efficiency for
micro-PET-CT-based IMA in BCS.
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6.5. Conclusions

We validated the ability of ResU-Nets to segment the tumour and predict
the margin status based on 3D micro-PET-CT images of lumpectomy
specimens. The ResU-Nets showed margin assessment performance
statistically equivalent to intraoperative and postoperative predictions
of physicians, while consistently outperforming intensity thresholding
for NST tumours and for the combined group of BCa subtypes in the
BIMAP and BrIMA datasets. Although statistical significance could not
always be shown for smaller ILC, DCIS, and NAT subsets, the ResU-Nets
generally showed higher specificity, precision, and F1 scores compared to
intensity thresholding models. Notably, despite not being trained on NAT
tumours, the model achieved performance comparable to physicians for
this subtype, highlighting its robustness. The fact that the fully automatic
ResU-Net showed a margin assessment performance comparable to
physicians, highlights its potential as a clinical support tool, possibly
improving consistency and reducing decision-making time. Although the
results look promising, more extensive validation of the ResU-Net (in a
clinical context) is required. This DL model, capable of predicting both
tumour segmentation and margin status, represents an important step
towards a decision-support system that enhances micro-PET-CT-based IMA
in BCa, facilitating the adoption of this technique in clinical practice.
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7 Calibration of tumour probability maps for
trustworthy interpretation of micro-PET-CT
images of lumpectomy specimens

Abstract

Introduction: Accurate interpretation of high-resolution (micro-) positron
emission tomography (PET) images, in combination with computed tomo-
graphy (CT) images, of lumpectomy specimens for intraoperative margin
assessment during breast-conserving surgery remains challenging in some
cases. A decision-support system is therefore being developed to aid
physicians in image interpretation. Previous work (Chapters 5 and 6)
introduced an ensemble of Residual U-Nets (ResU-Nets) for breast tumour
segmentation and margin status prediction. While performance looked
promising, reliable clinical use of such deep learning (DL) models also
requires insight into prediction uncertainty, which is absent in current
binary outputs. In this study, we aim to improve model trustworthiness
by calibrating predicted tumour probability maps, making the spatially-
resolved uncertainty they express more reliable to support risk-informed
clinical decisions.

Methods: Tumour probability maps predicted by the ResU-Nets were
calibrated using the inductive cross-Venn-ABERS method. Calibration
was performed and quantitatively evaluated using a dataset of 53 2D
micro-PET-CT images from lumpectomy lamellas of 19 patients with
early-stage breast cancer of no special type (NST), along with ground-truth
histopathology-derived tumour segmentations. Calibrated tumour prob-
ability maps were also predicted for 84 3D micro-PET-CT images of NST
lumpectomy specimens. The impact of calibration on tumour segmenta-
tion and margin assessment performance of the models was evaluated
using the lamella and full-specimen datasets, respectively. Additionally,
calibrated tumour probability maps were qualitatively analysed for both
lamella and full-specimen data.

Results: Venn-ABERS substantially improved the calibration of pixel-level
tumour probabilities, reducing expected calibration error, binary cross-
entropy loss, and Brier loss by 60.5%, 17.7%, and 14.8%, to final values of
0.017, 0172, and 0.052, respectively. Tumour segmentation performance re-
mained stable, while margin assessment showed a slight decrease in area
under the curve of the precision-recall curve. Qualitatively, the probability
maps provided transparent, spatially-resolved uncertainty visualisations,
and calibration made these estimates more reliable, allowing uncertain
tumour boundaries and ambiguous margin regions to be identified.
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Conclusions: Calibration using Venn-ABERS improved alignment between
predicted pixel-level tumour probabilities and observed frequencies of
malignant pixels, while largely preserving segmentation and margin
assessment performance. Calibrated tumour probability maps offered
transparent insight into spatially-resolved prediction uncertainty, poten-
tially supporting more efficient and informed clinical decisions. While
efforts are required to evaluate the interpretability and clinical utility
of the calibrated tumour probability maps for margin assessment, this
work marks an important step towards trustworthy deployment of the DL
models.
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74. Introduction

Interpreting high-resolution (micro-) positron emission tomography (PET)
images, in combination with computed tomography (CT) images, of
lumpectomy specimens for intraoperative margin assessment (IMA) during
breast-conserving surgery (BCS) can be time-consuming and challenging
in some cases. To aid physicians in image interpretation, we are
developing a decision-support system. In Chapter 5 we introduced an
ensemble of deep learning (DL) models for automatic segmentation of
malignant breast tissue in micro-PET-CT images. In Chapter 6, it was
demonstrated how the margin status of a lumpectomy specimen could
be derived from these predicted tumour segmentations, achieving margin
assessment performance statistically equivalent to intraoperative and
postoperative predictions of physicians in a multicentre dataset. However,
the ultimate goal of such DL models is not merely predicting binary tumour
segmentations or margin status labels, but informing clinical decisions.
Binary outputs lack transparency on prediction uncertainty, which is
essential for assessing prediction reliability and identifying potential
errors. For safe clinical integration, models should provide probabilistic
outputs that reflect their confidence, thereby improving interpretability
and trust.

Uncertainty estimation is increasingly recognised as a key component
in bridging the gap between algorithmic predictions and clinical prac-
tice [118]. Uncertainty in DL generally arises from two main sources:
aleatoric (data-related) and epistemic (model-related) uncertainty [104,
118, 119]. Aleatoric uncertainty stems from inherent randomness and
unpredictability of the studied system, such as noise in the data. Epistemic
uncertainty arises from a lack of knowledge about the system caused by
incomplete training data, or suboptimal model design and optimisation
choices. While aleatoric uncertainty is often irreducible, epistemic
uncertainty can be reduced given enough data or improvements in
model design. Accurately quantifying uncertainty is crucial for identifying
unreliable predictions. An important requirement for meaningful and
reliable uncertainty estimation is calibration of probabilities, where
predicted probabilities reflect the true likelihood or frequency of an
outcome [119, 181]. Poor probability calibration, common in DL, often
leads to overconfident predictions posing potential clinical risks [119,
181].  Conformal prediction methods, introduced by Vovk et al. [182],
offer a promising solution by providing statistically valid uncertainty
estimates without strong assumptions on data distribution, dataset size,
or underlying DL models [118, 119].

In this chapter, we aim to improve the trustworthiness of our DL models
by calibrating their predicted tumour probability maps using methods
from the conformal prediction framework. By moving from binary
segmentations to probability maps, we provide transparent, spatially-
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resolved insight into prediction uncertainty, and by calibrating these
maps we aim to make that uncertainty more reliable. Understanding
uncertainty in the location of the tumour boundary relative to the
specimen margin helps physicians distinguish between confident and
ambiguous regions. This may allow more informed, patient-specific
decision-making and can improve efficiency by directing attention to
uncertain areas. Ultimately, this approach aims to enhance transparency,
reliability, and trust, facilitating safe clinical adoption of the DL models.

7.2. Methods

7.241. Datasets
7.211. 2D micro-PET-CT of lamellas with tumour segmentation labels

To calibrate the tumour probability maps predicted by the DL models,
we used a dataset of 2D micro-PET-CT slices of lumpectomy lamellas
with corresponding true tumour segmentations derived from aligned
histopathological whole slide images (WSls). The co-registration method
used to construct this dataset was described in Chapter 4, and the same
dataset was previously employed in Chapter 5 to train and evaluate the DL
models for tumour segmentation. In this study, we focused on the largest
subgroup of invasive carcinomas of no special type (NST). The dataset
consists of 53 2D micro-PET-CT images from lumpectomy lamellas of 19
patients with early-stage NST breast cancer (BCa), along with ground-truth
tumour annotations. These annotations provide pixel-wise binary tumour
labels, required to perform and evaluate the calibration of pixel-level
tumour probabilities. Further details on dataset collection including study
design, imaging protocol, and annotation procedures, are provided in
Section 5.21 of Chapter 5.

7.21.2. 3D micro-PET-CT of specimens with margin classification labels

To further evaluate the calibration approach, we used a dataset of
3D micro-PET-CT images of lumpectomy specimens with known true
histopathological margin status. For this study, we focused on the NST
subgroup from the multicentre BrIMA study [33], previously introduced
in Section 2.5.4 of Chapter 2, and used to evaluate margin assessment
performance of the DL models in Chapter 6. The dataset contains 3D
micro-PET-CT images of 84 lumpectomy specimens from patients with
early-stage NST BCa, of which 14 cases had a positive margin according to
the “ink on tumour” definition. These images with ground-truth margin
status labels can be used to assess the value of calibrated tumour
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probability maps to aid in margin assessment. Further details on the
collection of this dataset are provided in Section 6.2.1 of Chapter 6.

7.2.2. Venn-ABERS calibration of pixel-level tumour probabilities

The ensemble of 25 Residual U-Nets (ResU-Nets), introduced in Chapter 5,
predicts tumour probability maps with pixel-level probabilities € [0, 1]
from micro-PET-CT images. Our goal is to calibrate these pixel-level
probabilities such that they better reflect the true frequency of malignant
pixels. To this end, we applied Venn-ABERS calibration, a post hoc method
proposed by Vovk and Petej [183] to calibrate predicted probabilities for
binary classification problems. This approach is part of the conformal
prediction framework and offers theoretical guarantees of valid calibra-
tion, regardless of the data distribution, dataset size, or underlying DL
model [183].

In the computationally efficient inductive variant of Venn-ABERS, the
available dataset with known classification labels is split into a training
and calibration set [119, 184]. The DL model is trained on the training set
and subsequently used to predict probability outputs for the calibration
set. Isotonic regression can be applied to the calibration set with known
true classification labels to learn a monotonically increasing, piecewise
constant mapping from uncalibrated to calibrated probabilities. When
making a prediction for a new test sample, its predicted uncalibrated
probability is temporarily added to the calibration set twice, once assuming
the sample belongs to the negative class (label = 0) and once assuming
it belongs to the positive class (label = 1). Afterwards, two separate
isotonic regressions are performed, resulting in two probabilities for the
test sample: po and p;. These probabilities form an interval [po, p1],
representing lower and upper bounds on the probability of the test sample
belonging to the positive class. Vovk et al. [184] showed that this interval
is guaranteed to be well calibrated. For practical use, this interval is
often reduced to a single probability p using Equation 71. Although
this combination sacrifices the strict theoretical guarantees, it has been
shown to consistently outperform more traditional calibration methods
such as Platt scaling and standard isotonic regression in a wide variety of
classification problems [119, 183, 184].

P1

= (71)
1=po+p1

p

In this work, the segmentation task is approached as a pixel-wise
classification problem, enabling the application of Venn-ABERS calibration
at the pixel level. The ResU-Nets were trained on 2D micro-PET-CT images
of lumpectomy lamellas with known tumour segmentations, using a group
nested five-fold cross-validation scheme as described in Section 5.2.2.2 of
Chapter 5. Given the limited dataset size, we did not retrain the ResU-Nets
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and used the validation folds as calibration sets. For each test sample,
this resulted in five pixel-level tumour probability intervals [pg, p1], one
per validation fold. Figure 7.1 illustrates how one interval is obtained for a
single test pixel using one validation (or calibration) fold. The five obtained
probability intervals were combined into a single calibrated probability p
per pixel using the geometric mean (GM) across all five py and p; values,
as defined in Equation 7.2. This approach to use inductive Venn-ABERS
in a cross-validation scheme, also referred to as cross-Venn-ABERS, was
introduced by Vovk et al. [184]. Although this variant does not retain formal
calibration guarantees, it has shown strong empirical performance [184].
When applying the full ensemble of 25 ResU-Nets to unseen micro-PET-CT
images (e.g.,, specimens from the BrIMA dataset), the same combination
strategy can be used, now computing the geometric mean across 25 pg and
p1 values. In practice, Venn-ABERS calibration was implemented using the
Python library by Petej [185].

GM(p1)

= BM(L= po) + GM(pD) 72

p

7.2.3. Calibration evaluation
7.2.34. Quantitative calibration assessment

Venn-ABERS calibration was applied to all tumour probability maps
predicted for the test cases in the dataset of 2D micro-PET-CT images with
ground-truth tumour segmentations. Calibration performance was quanti-
tatively assessed by comparing predicted pixel-level tumour probabilities
with their true labels, both before and after application of the Venn-ABERS
method. Calibration plots were constructed using all pixels from the test
samples [119]. In these plots, pixels are grouped into bins based on their
predicted probabilities. For each bin, the observed frequency of true
malignant pixels is plotted against the mean predicted tumour probability
across all pixels in that bin. A perfectly calibrated model would yield points
alongthe diagonal (45°angle), indicating agreement between the predicted
tumour probabilities and observed frequencies of malignant pixels.

Next, we calculated several quantitative calibration metrics: the expected
calibration error (ECE), the binary cross-entropy (BCE) loss, and the Brier
loss. The ECE, defined in Equation 7.3, quantifies how well predicted
probabilities align with the observed frequency of the positive class [119].
To compute it, the N data points (pixels) are partitioned into M equally
spaced bins based on their predicted tumour probabilities. For each bin
B, the accuracy (acc) and confidence (conf) are computed. The accuracy
corresponds to the fraction of pixels with a positive label within the bin,
with y; € {0,1} the true label of pixel i and |B,,| the total number of
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pixels in bin B,,. The confidence represents the average predicted tumour
probability of all pixels in the bin, with p; € [0,1] the predicted tumour
probability for pixel i. The ECE is then obtained as the weighted average
of the absolute differences between accuracy and confidence across all
bins, where the weights reflect the proportion of samples in each bin. This
score can also be interpreted as the weighted average distance from the
diagonal in the calibration plot. Lower ECE values € [0, 1] indicate better
calibration. The BCE loss or log-loss, given in Equation 7.4, measures how
well the predicted tumour probabilities align with the true binary labels
by penalising confident but incorrect predictions more strongly through
the logarithmic function. Lower values of the positive BCE loss indicate
better calibration. The Brier loss, defined in Equation 7.5, measures the
mean squared difference between predicted probabilities and true binary
labels across all pixels [119]. By squaring the errors, larger deviations are
penalised more heavily. Lower values of the Brier loss € [0, 1] indicate
better calibration.

M
ECE = Z ujv—”" lacc(By) — conf(B,)| (73)
m=1

1
acc(By) = Bl Z Vi
m

ieB,,
1
conf(B) = —— Pi
| B l.;m
N
1 . X
BCE Loss = == > [y; - log(pi) + (1= y) - log(1 - )] (7.4)
N i=1
1 N
Brier Loss = — i —Di)? :
rier Loss N ;(y pi) (7.5)
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Figure 7. Illustration of inductive Venn-ABERS calibration for a single test
pixel using one calibration fold. The top panels show the distribution (left)
and calibration (right) of predicted tumour probabilities for all pixels in one
calibration fold. The bottom panels illustrate the Venn-ABERS calibration
for a single test pixel with predicted probability p; = 0.7. The test pixel
is added to the calibration set twice, assuming labels y; = 0 and y; = 1.
Isotonic regression is performed in both cases to obtain the lower and
upper limit of the calibrated probability interval [pg, p1] for pixel i. Black
ovals indicate changes in the calibration plots (left) and isotonic regression

curves (right) due to the inclusion of the test pixel.

For visu

alisation

purposes, only 1% of pixels from one validation fold are shown. This
procedure needs to be performed for each calibration fold and each pixel.
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7.2.3.2. Impact on segmentation and margin assessment performance

Furthermore, we evaluated whether tumour segmentation and margin as-
sessment performance of the ResU-Nets were preserved after Venn-ABERS
calibration. To evaluate tumour segmentation performance, predictions
for the test set of 2D lumpectomy lamella images with ground-truth
tumour segmentations were used. The predicted tumour probability
maps were thresholded at probabilities in the range [0,1] to generate
per-patient receiver operating characteristic (ROC) and precision-recall
(PR) curves, reflecting pixel-level classification performance. The mean
and standard deviation of the area under the curve of the receiver
operating characteristic (ROC-AUC) and area under the curve of the
precision-recall curve (PR-AUC) across patients were compared before and
after calibration to evaluate the models’ ability to distinguish between
benign and malignant pixels. For evaluation of the margin assessment
performance, tumour probability maps were first predicted for all micro-
PET-CT images of lumpectomy specimens from the BrIMA dataset and
subsequently calibrated using the Venn-ABERS method. As indicated in
Section 6.2.21 of Chapter 6, there is a small overlap between the datasets
with segmentation and margin status labels. Once again, it was ensured
that tumour probability maps were never predicted using models trained
or calibrated on data from the same patient. These tumour probability
maps were then thresholded at probabilities in the range [0, 1] to obtain
tumour segmentations, from which margin status labels were derived
following the procedure described in the previous chapter. Predicted and
true margin status labels were compared to construct a single ROC- and
PR-curve across all patients. The corresponding ROC-AUC and PR-AUC
values were compared before and after calibration to evaluate the models’
ability to discriminate between specimens with positive and negative
margins.

7.2.3.3. Qualitative analysis of calibrated tumour probability maps

Following quantitative evaluation, we performed a visual comparison of
tumour probability maps before and after Venn-ABERS calibration. Tumour
probability maps were generated for several representative lumpectomy
lamellas and several full specimens from the BrIMA dataset, to assess
how calibration affects the representation of spatially-resolved prediction
uncertainty. In addition, an alternative visualisation was created using
the calibrated tumour probability maps. Tumour contours were drawn
to delineate regions exceeding specific probability thresholds. For the
selected cases, we examined whether these calibrated tumour probability
maps and contours provided insight into tumour boundary locations
relative to the specimen margins, and discussed the relation with the true
margin status of the lumpectomy specimens.
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7.3. Results

7.31. Quantitative calibration assessment

We applied inductive cross-Venn-ABERS calibration to the pixel-level
tumour probabilities generated by the ResU-Nets using micro-PET-CT
images as input. The calibration process was both fitted and evaluated on
the dataset of NST lumpectomy lamella images with ground-truth tumour
segmentations using the cross-validation scheme described above. This
dataset contains approximately 1.3 million labelled tissue pixels, of which
14% are classified as malignant based on histopathology. Figure 7.2
presents both distribution and calibration plots for all predicted pixel-level
tumour probabilities across the test set of 53 lamella images, shown before
and after Venn-ABERS calibration. The initial calibration plot indicates
that the uncalibrated ResU-Nets are overconfident, as the observed
frequency of positive pixels falls below the mean predicted tumour
probabilities.  After applying Venn-ABERS calibration, the alignment
improves substantially, although the resulting calibration plot does not
perfectly match the diagonal. This enhancement in calibration is further
supported quantitatively by reductions in all three calibration metrics (ECE,
BCE loss, and Brier loss), as reported in Table 7:.

Table 74. Calibration metrics for pixel-level tumour probabilities before
and after Venn-ABERS calibration. Tumour probability maps were gener-
ated using the Residual U-Nets based on micro-PET-CT inputs. Reported
values were calculated across approximately 1.3 million pixel-level tumour
probabilities predicted for the test set of 53 lumpectomy lamella images
from 19 patients with invasive carcinoma of no special type, with
corresponding ground-truth tumour segmentations. Reductions in metric
values are reported relative to the uncalibrated baseline values.

Metrics B.efor.e {\fter_ Rela'tive
calibration calibration reduction (%)
ECE 0.043 0.017 60.5
BCE Loss 0.209 0172 17.7
Brier Loss 0.061 0.052 14.8

ECE = expected calibration error (calculated for 10 bins), BCE = binary cross-entropy
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Distribution and calibration plots for pixel-level tumour

probabilities before and after Venn-ABERS calibration. Tumour probability
maps were generated using the Residual U-Nets based on micro-PET-CT
inputs. The results are shown for approximately 1.3 million pixel-level
tumour probabilities predicted for the test set of 53 lumpectomy lamella
images from 19 patients with invasive carcinoma of no special type, with
corresponding ground-truth tumour segmentations.
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7.3.2. Impact on segmentation and margin assessment performance

Next, we evaluated the tumour segmentation and margin assessment
performance of the calibrated ResU-Nets. Table 7.2 presents a comparison
of ROC-AUC and PR-AUC values for both tasks before and after Venn-ABERS
calibration.  While tumour segmentation performance remains largely
unchanged following calibration, margin assessment performance shows
a slight decline with a lower PR-AUC value.

Table 7.2. Metrics expressing the tumour segmentation and margin
assessment performance of the Residual U-Nets (ResU-Nets) before
and after Venn-ABERS calibration. The ResU-Nets were applied to the
micro-PET-CT inputs. For the segmentation performance, the average
(+ standard deviation) of the ROC-AUC and PR-AUC across all 19 test
patients are reported for the dataset of lumpectomy lamellas from
invasive carcinomas of no special type (NST) with ground-truth tumour
segmentations. For the margin assessment performance, the ROC-AUC
and PR-AUC are reported for the BrIMA dataset of 84 NST lumpectomy
specimens with ground-truth margin status.

Tumour segmentation
Metrics B.eforc-e !-\fter.
calibration calibration
ROC-AUC 0.96 + 0.04 0.96 + 0.03
PR-AUC 0.83 £ 014 0.82 + 016
Margin assessment
Metrics B:eforg !-\fter.
calibration calibration
ROC-AUC 0.74 0.73
PR-AUC 0.39 0.30

ROC-AUC = area under the curve of the receiver operating characteristic, PR-AUC = area
under the curve of the precision-recall curve
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7.3.3. Qualitative analysis of calibrated tumour probability maps

Figure 7.3 compares the predicted tumour probability maps for four NST
lamellas before and after Venn-ABERS calibration. While the uncalibrated
tumour probability maps generally show overly confident sharp transitions
between regions with high and low tumour probabilities, the calibrated
maps provide a more nuanced representation. After calibration, the prob-
ability maps represent prediction uncertainty more reliably: regions where
the model is confident about the tumour boundary are distinguished from
broader transition zones that reflect higher uncertainty. This behaviour
is also evident in the displayed tumour contours for different calibrated
probability levels: closely spaced contours indicate confident tumour
boundaries, whereas widely spaced contours highlight uncertainty.

Figures 7.4-77 present similar comparisons of tumour probability maps
before and after Venn-ABERS calibration for four BrIMA specimens with NST
tumours. The example images include specimens with a true positive (TP),
true negative (TN), false positive (FP), and false negative (FN) margin status
prediction based on a 50% threshold applied to the uncalibrated tumour
probability maps as explained in the previous chapter. For the TP case in
Figure 7.4, the calibrated tumour probability map shows a sharp transition
near the specimen border, indicating high confidence in a positive margin.
For the TN case in Figure 7.5, a broader transition zone is observed
in the calibrated tumour probability map, but it remains distant from
the specimen border, supporting a confident negative margin prediction.
In contrast, the FP and FN cases in Figures 7.6 and 7.7, respectively,
exhibit large transition zones extending to the specimen border, reflecting
substantial uncertainty and suggesting that these predictions should be
interpreted with caution.
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Figure 7.3. Visual comparison of tumour probability maps for lumpectomy lamellas before and after Venn-ABERS calibration. Four
lamellas from four different patients with invasive carcinoma of no special type are presented (one per row). For each lamella,
the micro-PET-CT image (expressed in standardised uptake values (SUVs) and Hounsfield units (HUs)) is displayed alongside
the ground-truth tumour segmentation based on histopathology. Tumour probability maps generated by the Residual U-Nets
from the micro-PET-CT inputs are shown before and after calibration. Tumour contour lines are shown, delineating regions with
calibrated pixel-level tumour probabilities exceeding 20%, 40%, 60%, and 80%, respectively.
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Figure 7.4. Visual comparison of tumour probability maps before and
after Venn-ABERS calibration for a BrIMA lumpectomy specimen of
invasive carcinoma of no special type with a positive margin according
to histopathology. Three orthogonal slices are shown (one per column).
For each slice, the micro-PET-CT input (expressed in standardised uptake
values (SUVs) and Hounsfield units (HUs)) is displayed alongside tumour
probability maps generated by the Residual U-Nets from the micro-PET-CT
inputs, both before and after calibration. Tumour contour lines are shown,
delineating the largest connected regions with calibrated pixel-level
tumour probabilities exceeding 20%, 40%, 60%, and 80%, respectively.
Applying a 50% threshold to the uncalibrated tumour probability map
resulted in a true positive margin status prediction, following the
procedure described in the previous chapter.
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Figure 7.5. Visual comparison of tumour probability maps before and after
Venn-ABERS calibration for a BrIMA lumpectomy specimen of invasive
carcinoma of no special type with a negative margin according to
histopathology. Three orthogonal slices are shown (one per column).
For each slice, the micro-PET-CT input (expressed in standardised uptake
values (SUVs) and Hounsfield units (HUs)) is displayed alongside tumour
probability maps generated by the Residual U-Nets from the micro-PET-CT
inputs, both before and after calibration. Tumour contour lines are shown,
delineating the largest connected regions with calibrated pixel-level
tumour probabilities exceeding 20%, 40%, 60%, and 80%, respectively.
Applying a 50% threshold to the uncalibrated tumour probability map
resulted in a true negative margin status prediction, following the
procedure described in the previous chapter.
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Figure 7.6. Visual comparison of tumour probability maps before and
after Venn-ABERS calibration for a BrIMA lumpectomy specimen of invasive
carcinoma of no special type with a negative margin according to
histopathology. Three orthogonal slices are shown (one per column).
For each slice, the micro-PET-CT input (expressed in standardised uptake
values (SUVs) and Hounsfield units (HUs)) is displayed alongside tumour
probability maps generated by the Residual U-Nets from the micro-PET-CT
inputs, both before and after calibration. Tumour contour lines are shown,
delineating the largest connected regions with calibrated pixel-level
tumour probabilities exceeding 20%, 40%, 60%, and 80%, respectively.
Applying a 50% threshold to the uncalibrated tumour probability map
resulted in a false positive margin status prediction, following the
procedure described in the previous chapter.
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Figure 7.7. Visual comparison of tumour probability maps before and
after Venn-ABERS calibration for a BrIMA lumpectomy specimen of
invasive carcinoma of no special type with a positive margin according
to histopathology. Three orthogonal slices are shown (one per column).
For each slice, the micro-PET-CT input (expressed in standardised uptake
values (SUVs) and Hounsfield units (HUs)) is displayed alongside tumour
probability maps generated by the Residual U-Nets from the micro-PET-CT
inputs, both before and after calibration. Tumour contour lines are shown,
delineating the largest connected regions with calibrated pixel-level
tumour probabilities exceeding 20%, 40%, 60%, and 80%, respectively.
Applying a 50% threshold to the uncalibrated tumour probability map
resulted in a false negative margin status prediction, following the
procedure described in the previous chapter.
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7.4. Discussion

The inductive cross-Venn-ABERS method was applied to calibrate tumour
probability maps predicted from micro-PET-CT images of lumpectomy
specimens using an ensemble of ResU-Nets. This resulted in a clear
improvement in pixel-level probability calibration, with reductions of
60.5%, 17.7%, and 14.8% in ECE, BCE loss, and Brier loss, respectively.
Calibration plots indicated that the Venn-ABERS method improved the
alignment between the mean predicted tumour probabilities and the
observed frequency of malignant pixels. Additionally, tumour seg-
mentation performance of the DL models remained largely unchanged
after calibration, while margin assessment performance showed only a
slight decrease in PR-AUC. Furthermore, a qualitative comparison of the
tumour probability maps before and after Venn-ABERS calibration, for
lumpectomy lamellas and full specimens from the BrIMA dataset, showed
that calibration produced more nuanced maps with broader transition
zones indicating uncertain tumour boundaries. Overall, the tumour
probability maps, together with their corresponding tumour contours,
offered a more transparent and informative representation of model
predictions than binary tumour segmentations or margin status labels,
giving spatially-resolved insight into prediction uncertainty. Calibration
then ensured that this uncertainty was reliably represented, thereby
improving interpretability and fostering trust. Because the calibrated
maps reflect the true likelihood of malignancy, they distinguish confidently
positive, confidently negative, and genuinely ambiguous regions along
the specimen margin, potentially allowing physicians to direct their
attention to uncertain areas, thereby improving efficiency. In addition,
reliable probability-based predictions might allow physicians to make
risk-informed clinical decisions, tailored to the individual patient and
clinical context.

In this work, we evaluated only a single calibration approach, namely
Venn-ABERS calibration, although many alternative methods exist. Other
post hoc techniques that could be investigated include Platt scaling
and isotonic regression [119]. However, these non-conformal methods
impose stricter requirements on data distribution, dataset size, and model
flexibility, and they do not provide the same theoretical guarantees of
valid calibration as Venn-ABERS [119, 183]. In addition, in many other
DL applications, Venn-ABERS has outperformed Platt scaling and isotonic
regression in terms of calibration performance [119, 184]. Furthermore,
there are ad hoc calibration approaches that require retraining of the DL
models. For example, Mehrtash et al. [181] demonstrated that using an
ensemble of models instead of a single model can substantially improve
calibration, an approach already adopted in our work. They also found
that training with BCE loss, a proper scoring rule, can enhance calibration
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compared to the Dice loss used in our study [181]. Future work could involve
a systematic comparison of different calibration methods.

While the calibrated tumour probability maps presented in this work offer
improved insight into prediction uncertainty regarding the location of
the tumour boundary, they do not provide formal guarantees on tumour
boundary location. Davenport et al. [186] and Mossina et al. [187] proposed
patient-level conformal prediction methods, as opposed to our pixel-level
approach, that yield spatial boundaries with statistical guarantees that the
true tumour contour lies between them. This direction is promising for
future research, however, these methods require substantially more data
as each patient contributes only a single data point to the calibration set.
According to Angelopoulos et al. [188] and Manokhin et al. [119], an ideal
calibration set should contain around 500 data points and not fewer than
100 to ensure reliable calibration.

Although qualitative evaluation of the tumour probability maps showed
promising results, further validation is required. In future work, we
could develop a user-friendly interface that enables physicians to interact
with calibrated tumour probability maps and tumour contours, allowing
evaluation of the interpretability and usefulness of these maps for margin
assessment. Hemon et al. [118] previously mentioned the importance
of qualitative clinician feedback on the usefulness of probability maps.
De Biase et al. [189] performed such a study in which they showed
that DL-generated tumour probability maps based on PET-CT images of
patients with head-and-neck tumours were perceived as intuitive and
transparent by radiation oncologists to assist in gross tumour volume
segmentation. As proposed by this group, interactive tools such as sliders
could be incorporated to visualise tumour contours at different probability
thresholds.

Our study contains several limitations. First, while Venn-ABERS improved
calibration performance, the resulting calibration plot still deviated
from the ideal diagonal. This discrepancy might be due to unmet
assumptions of the Venn-ABERS method: (1) because of the limited
dataset, validation folds were used for calibration instead of entirely
independent calibration sets, and (2) pixel-level tumour probabilities
within the same lumpectomy specimen are spatially correlated, violating
the assumption of independent and identically distributed samples.
Acquiring additional data with ground-truth tumour segmentation labels
could enable the construction of truly independent calibration sets
and potentially improve calibration performance. Second, calibration of
the tumour probability maps for the full lumpectomy specimens was
performed using lamella data. Although we believe that pixel-level
probabilities from lamellas are exchangeable with voxel-level probabilities
from full specimens, we could not quantitatively evaluate the calibration
for full specimens. Such evaluation would require 3D micro-PET-CT data
with corresponding ground-truth segmentation labels. Third, this work
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only considered a single calibration approach. Future studies should
compare multiple post hoc and ad hoc methods, both at the pixel and
patient levels. Fourth, although representative examples were selected
for qualitative assessment of calibrated tumour probability maps, the
visualisations were limited to a small subset of the data and interpretation
remains inherently subjective. Future work should assess the clinical
interpretability and usefulness of calibrated tumour probability maps to
aid physicians in margin assessment. Finally, calibration was performed
only for NST lumpectomy specimens, as the number of data samples with
ground-truth tumour segmentation labels for less common BCa subtypes,
such as invasive lobular carcinoma (ILC) and ductal carcinoma in situ
(DCIS), was too limited to support reliable calibration. Future work will
focus on expanding the dataset to include these subtypes.

7.5. Conclusions

In this work, we aimed to enhance the trustworthiness of our DL
models to aid physicians in the interpretation of micro-PET-CT images
of lumpectomy specimens by moving from binary tumour segmenta-
tion to calibrated tumour probability maps. By applying inductive
cross-Venn-ABERS calibration to calibrate pixel-level tumour probabilities,
we substantially improved the alignment between predicted tumour
probabilities and observed frequencies of malignant pixels. Tumour
segmentation performance was largely preserved after calibration, and
margin assessment performance was only slightly affected. Importantly,
moving from binary segmentations to probability maps gave insight
into spatially-resolved prediction uncertainty, and calibration made this
uncertainty more reliable. The calibrated tumour probability maps
and contours might therefore allow physicians to focus their attention
on genuinely uncertain regions along the specimen border, potentially
improving decision-making efficiency. Probabilistic and well-calibrated
predictions might also allow physicians to tailor decisions to individual
patients and specific clinical contexts.

This work takes a first step in closing the gap towards clinical deployment
of a decision-support system to aid physicians in micro-PET-CT image
interpretation.  Future research should focus on expanding datasets
to improve and validate calibration, exploring alternative calibration
methods, and validating clinical usability and value of calibrated tumour
probability maps to aid in margin assessment for lumpectomy specimens.
Ultimately, improving model calibration and communicating prediction
uncertainty towards physicians are key for enhancing trustworthiness and
interpretability, and for enabling reliable deployment of the DL models in
clinical practice.
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8 Conclusions and future perspectives

84. Results summary

This dissertation explored the first steps towards a decision-support
system to assist physicians in interpreting micro-PET-CT images of lumpec-
tomy specimens for intraoperative margin assessment (IMA) during breast-
conserving surgery (BCS). For this purpose, a deep learning (DL) model was
developed that automatically segments breast tumours in micro-PET-CT
images of lumpectomy specimens, thereby also enabling automated
margin status prediction.

To develop such a DL model, we collected a dataset of micro-PET-CT images
of breast cancer (BCa) specimens with ground-truth tumour segmenta-
tions. In Chapter 4, we proposed a method to co-register micro-PET-CT
images of tissue lamellas with corresponding histopathology whole slide
images (WSIs). The approach combined an image acquisition scheme
that minimises tissue deformation with a mathematical co-registration
algorithm that optimises image alignment. Compared with existing in
vivo PET-histopathology alignment methods, the proposed workflow is
less labour-intensive and time-consuming, requiring only fresh cutting of
lamellas in addition to standard histopathology, and performing automatic
co-registration using intensity-based similarity metrics. The method was
applied to 53, 19, and 10 cassettes from 19 specimens of invasive carcinoma
of no special type (NST), 6 of invasive lobular carcinoma (ILC), and 3 of
ductal carcinoma in situ (DCIS), respectively, from patients preoperatively
injected with [®®F]fluorodeoxyglucose (["®FIFDG). Using microcalcifications
as landmarks, the mean co-registration error between micro-PET and
histopathology was 0.69 + 0.23 mm. The co-registered 2D micro-PET-CT
images and WSls, annotated by a pathologist, provided insight into high-
resolution ['®F]FDG uptake patterns. In general, higher mean standardised
uptake values (SUVs) were found for (pre)malignant tissue (NST, ILC, DCIS)
compared to healthy tissue (glandular, connective, and adipose). As
expected, inflammation and skin also demonstrated high ["®F]FDG uptake.

The collected dataset of 2D ["®F]FDG micro-PET-CT images of lumpectomy
lamellas with histopathology-derived ground-truth tumour segmentations
was used in Chapter 5 to develop DL models for breast tumour segmenta-
tion. We used a stratified group nested five-fold cross-validation scheme
to train and evaluate an ensemble of 2D Residual U-Nets (ResU-Nets) to
delineate (pre)malignant tissue in micro-PET-CT images of BCa specimens.
For the segmentation of NST tumours, the ResU-Nets reached a Dice
similarity coefficient (DSC) of 0.73 + 0.20, and the area under the curve
of the precision-recall curve (PR-AUC) was 0.83 + 014. The ResU-Nets
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outperformed conventional PET intensity thresholding in terms of PR-AUC
for the NST cases. The segmentation of ILC and DCIS tumours was found
to be more challenging. Although the ResU-Nets performed better than
intensity thresholding, due to the small datasets, we could not show
statistically significant improvements for these BCa subtypes. Furthermore,
we showed that combining micro-PET and micro-CT information is es-
sential for accurate tumour delineation, with dual-modality input models
outperforming single-modality input models.

In Chapter 6, we validated the ability of the ResU-Nets to accurately predict
the margin status of BCa specimens. For this purpose, we used the 3D
micro-PET-CT images of 41 and 152 early-stage BCa specimens (including
NST, ILC, DCIS, and neoadjuvant-treated (NAT) tumours) collected in the
BIMAP and BrIMA studies, respectively. The ensemble of ResU-Nets was
used to segment (pre)malignant tissue in these previously unseen images,
after which margin status was predicted based on whether the segmented
tumour touched the specimen border. Comparing predicted and true
histopathological margin status in all NST cases (BIMAP: N=31, BrIMA: N=84,),
the ResU-Nets reached an F1 score of 84% and 41% for the BIMAP and
BrIMA datasets, respectively. For all BCa subtypes combined, F1 scores
of 76% and 50% were obtained for the BIMAP and BrIMA datasets. Both
for the NST tumours and for the combined group of all BCa subtypes in
the BIMAP and BrIMA datasets, the ResU-Nets showed margin assessment
performance statistically equivalent to intraoperative and postoperative
physicians’ assessments, while outperforming intensity thresholding. Al-
though statistical significance could not be shown for some smaller ILC,
DCIS, and NAT subsets, ResU-Nets generally showed higher specificity,
precision, and F1 scores compared to intensity thresholding.

Safe clinical deployment of these DL models requires insight into pre-
diction uncertainty. The tumour probability maps predicted by the
ResU-Nets express this uncertainty at the pixel level, and Chapter 7
focused on calibrating them so that the predicted probabilities reflect
the true likelihood of malignancy, thereby improving the trustworthiness
and interpretability of the model outputs. Inductive cross-Venn-ABERS
calibration was applied to these probability maps, focusing on the largest
subgroup of NST BCa patients. Calibration was evaluated on the dataset of
53 2D micro-PET-CT images from lumpectomy lamellas of 19 patients with
NST BCa, with true histopathology-derived tumour segmentations. Cal-
ibration substantially improved agreement between predicted pixel-level
tumour probabilities and observed frequencies of malignant pixels. The
expected calibration error (ECE), binary cross-entropy (BCE) loss, and Brier
loss were reduced by 60.5%, 17.7%, and 14.8%, to 0.017, 0172, and 0.052,
respectively. Calibrated probability maps were also generated for the 843D
micro-PET-CT images of NST specimens in the BrIMA dataset with known
margin status labels. While segmentation performance remained stable
after calibration, margin assessment showed a slight decrease in PR-AUC.
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Qualitatively, the calibrated tumour probability maps provided reliable
spatially-resolved uncertainty visualisations, enabling identification of
uncertain tumour boundaries and ambiguous margin regions.

8.2. Future perspectives

We demonstrated a complete workflow to develop a DL-based decision-
support system for micro-PET-CT specimen image interpretation, covering
data collection, model development and evaluation, and communication
of prediction uncertainty to physicians. However, this implementation re-
presents only one possible approach, and improvements remain possible
throughout the pipeline. In this section we discuss the most important
directions for future work.

8.21. Data and ground truth development
8.2.1.1. Improved co-registration using high-contrast images

The limited soft tissue contrast in micro-CT images constrains
co-registration accuracy. This could be improved by simultaneously
capturing imaging modalities with higher contrast, such as MRI or
contrast-enhanced CT, which can serve as intermediate references for
more accurate alignment between histopathology and micro-PET-CT.
Alternatively, such high-contrast imaging modalities could improve
evaluation of co-registration accuracy as they allow easier identification
of matching landmarks with histopathology, rather than relying on
microcalcifications present in only a subset of images.

8.2.1.2. 3D micro-PET-CT data with ground-truth tumour segmentations

The proposed co-registration method generates 2D micro-PET-CT images
with ground-truth breast tumour segmentations, whereas the ultimate
objective is tumour segmentation in 3D images. The use of 2D data
introduces several limitations. First, it constrains the accuracy of SUV
analysis across breast tissue types, as the PET signal in 2D image slices
depends on the surrounding 3D tissue configuration due to partial volume
effects. Second, 3D labelled data could provide better insight into
the micro-PET signature of ILC and DCIS tumours, which often exhibit
infiltrative growth patterns that are difficult to characterise from a single
2D slice. Third, the dataset only enables training of 2D DL models, possibly
limiting segmentation performance. In addition, using 2D images may
limit the accuracy of segmentation performance evaluation, as the lack of
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spatial relationships between slices prevents contour-based metrics, such
as the Hausdorff distance and contour Dice, from properly evaluating the
3D structures. Finally, margin assessment performance may be affected
by mismatches between the 2D lamella images used for training and
the 3D full-specimen images used for validation, although this effect is
expected to be minimal due to consistent imaging, reconstruction, and
processing conditions. Similarly, although we believe that pixel-level
tumour probabilities predicted for lamellas are exchangeable with voxel-
level probabilities predicted for full specimens, calibration performance
could not be evaluated for the full specimens. In future work, we plan
to develop a method to co-register 3D micro-PET-CT images of entire
specimens with a stack of the corresponding histopathology WSIs to obtain
3D ground-truth tumour segmentations. One possible approach is to first
co-register the micro-PET-CT volume with a full stack of equally spaced
histopathology WSIs, and then apply our slice matching technique from
the 2D co-registration algorithm to further refine the alignment. This
approach would eliminate the need to acquire micro-PET-CT images of
tissue lamellas, thereby reducing the labour-intensity of the method.
Moreover, it would broaden the applicability of the method, as it would no
longer require fresh cutting of specimens, thereby causing less disruption
to the standard histopathological workflow.

8.21.3. Improved insight into radiotracer uptake in breast tumours

The dataset of co-registered micro-PET-CT images and histopathology
WSIs contains substantial unexplored information. We observed a wide
range of SUVs across patients with the same histological tumour type,
and tumours frequently exhibited heterogeneous [*®F]FDG uptake. Beyond
histological BCa type, several other factors may influence tumour SUVs,
including molecular subtype, tumour grade, cell density, microvessel
density, and the presence of tumour infiltrating immune cells. Future work
may investigate how these tumour characteristics relate to radiotracer
uptake, using these insights to improve interpretation of micro-PET-
CT images. Moreover, the co-registered micro-PET-CT images and WSIs
provide a unique opportunity to study the tumour microenvironment and
the biological drivers of metabolic heterogeneity, which may ultimately
contribute to more personalised patient care.

8.2.2. Improving model performance
8.2.21. Data-efficient and collaborative learning strategies

To further improve, validate, and calibrate the proposed DL models,
additional micro-PET-CT images with ground-truth tumour segmentations
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and margin status labels should be collected. This is particularly
important for ILC and DCIS tumours, where achieving clear margins
remains challenging in clinical practice. However, since collecting such
data is time-consuming and labour-intensive, alternative data-efficient
strategies should be explored to improve model performance. One
option is synthetic data generation using generative adversarial networks
(GANSs) or diffusion models, as discussed in Section 3.3.51 of Chapter 3.
Another approach to obtain artificial data is to create a digital twin of
the micro-PET-CT scanner and use Monte Carlo simulations to generate
realistic images of modelled lumpectomy specimens. In addition, data-
efficient learning strategies may further improve performance. Transfer
learning from existing pre-trained models, such as ImageNet or MedSAM,
could already boost model performance without requiring additional
labelled data. Self-supervised learning, as introduced in Section 3.3.5.1
of Chapter 3, can also be used to exploit micro-PET-CT images without
tumour annotations to learn meaningful feature representations before
fine-tuning the models using labelled data. Finally, as previously discussed
in Section 3.3.51 of Chapter 3, active learning could improve labelling
efficiency by iteratively selecting the most informative specimen images for
annotation, while federated learning could expand the effective training
set by enabling multicentre collaboration without the need to exchange
patient data.

8.2.2.2. Alternative model architectures

While currently a standard ResU-Net architecture was used for automatic
breast tumour segmentation, alternative architectures could be explored.
Vision transformers, introduced in Section 3.3.5.2 of Chapter 3, have
recently gained popularity due to their strong global context modelling
capabilities. However, they typically require large training datasets and
are computationally demanding. Applying them to the current problem
would therefore likely require selecting a suitable pre-trained model and
fine-tuning it on the limited available labelled dataset. In addition,
the current pipeline trains a tumour segmentation model, from which
the output is subsequently used to determine the margin status for
lumpectomy specimens. An alternative approach could be a multi-task
model that simultaneously performs tumour segmentation and margin
status prediction, as described in Section 3.3.5.2 of Chapter 3. Joint learning
of these tasks might encourage the model to develop a more robust
shared latent representation of the input image. However, such a model
would require careful regularisation to avoid inconsistencies between the
predicted segmentation and margin status classification. Moreover, this
approach reduces pipeline interpretability, as the mechanism underlying
the margin status prediction becomes less transparent and the model may
rely on incorrect imaging features for classification.
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8.2.2.3. Improved optimisation and supervision

Exploring alternative optimisation strategies might further improve the
DL model's performance. While a standard Dice loss was used in
this work, deep supervision (introduced in Section 3.3.5.3 of Chapter 3)
could encourage the model to learn more meaningful intermediate data
representations. In addition, learnable loss functions based on GANs
or auto-encoder frameworks (introduced in Section 3.3.5.3 of Chapter 3),
might promote structurally and anatomically plausible segmentations.
Particularly for less common BCa types, such as ILC and DCIS, which often
present with smaller tumour volumes and infiltrative growth patterns,
more advanced loss functions might be required to capture higher-order
structural similarities beyond pixel-wise accuracy.

8.2.3. Trustworthy and efficient deployment in clinical practice

Before this DL-based software could be integrated into the micro-PET-CT
specimen scanner and deployed in clinical practice, several additional
steps are required. First, further evaluation of the model’s clinical outputs
may be valuable. While currently we only evaluated the ability of the
DL models to accurately predict the specimen-level margin status, it
might also be important to assess whether the models can correctly
identify the orientation of positive margins, which is clinically relevant
for guiding cavity shaving. However, such evaluation is challenging
because positive margin orientation can be subjective and as discussed
in Section 2.3.4 of Chapter 2, discrepancies between surgeons’ and
pathologists’ assessments are common due to specimen deformation or
disorientation. Furthermore, model outputs should be presented in an
intuitive and interpretable way that supports, rather than replaces, clinical
decision-making. Transparency in prediction uncertainty is essential to
identify potential errors and enhance trustworthiness. While we presented
one possible approach for calibrating the tumour probability maps to
improve the reliability of the spatially-resolved uncertainty they express,
future work should compare alternative post hoc and ad hoc calibration
methods.  Conformal prediction at the patient level is a promising
approach for generating valid tumour segmentation boundaries, although
it requires large datasets for reliable calibration. Additionally, physician
feedback is needed to assess interpretability and usefulness of these
calibrated tumour probability maps, and determine which visualisations
best support faster and more accurate decisions. Aspects like uncertainty
quantification, model trustworthiness, and model-surgeon interaction are
also emphasised in the artificial intelligence (Al) Act and are important
considerations for regulatory approval. Finally, a more efficient and
lightweight implementation of the DL model will be required to enable
fast intraoperative breast tumour segmentation in 3D micro-PET-CT images
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without extensive computational resources. One approach could be
to investigate whether comparable segmentation performance can be
achieved when running inference on downsampled micro-PET-CT images.
Another option is to apply knowledge distillation, as introduced in
Section 3.3.5.4 of Chapter 3, to compress the knowledge of the trained
ensemble of ResU-Nets into a single lightweight model.

8.2.4. Regulatory considerations

Clinical adoption of the proposed DL-based decision-support software
would require Conformité Européenne (European Conformity) (CE) marking
in Europe. In its current form, the AURA®10 by XEOS performs micro-PET-CT
imaging of resected specimens and is regulated under the In Vitro
Diagnostic Regulation (IVDR) as a low-risk Class A device. Extending
its intended purpose to margin assessment, with Al software guiding
intraoperative decisions, would substantially raise the associated risk. As
the software would analyse data derived from resected specimens, it would
remain within the scope of the IVDR and qualify as Software as a Medical
Device (SaMD). Under IVDR Annex VIII, software intended for the screening,
diagnosis, or staging of cancer falls under classification Rule 3(h) and
is assigned to Class C. Unlike the current Class A device, a Class C
device requires notified-body approval before market entry, followed by
annual surveillance assessments and approval of any significant software
changes, together with a performance evaluation covering scientific valid-
ity, analytical performance, and clinical performance. Alongside the IVDR,
two further frameworks would also apply: the General Data Protection
Regulation (GDPR), which governs the protection of personal health data,
and the Al Act, which emphasises the need for continuous human oversight
and the use of unbiased, high-quality data for model training and testing,
among other requirements. This human-oversight requirement aligns
with the intended role of the software, which supports physicians to
make intraoperative decisions and does not replace definitive margin
confirmation by postoperative histopathology. It should be noted that the
above classifications and requirements reflect preliminary assumptions
rather than definitive conclusions, and would need further investigation
and confirmation with regulatory experts, particularly as Al legislation
continues to evolve.

8.2.5. Extension towards other cancer types and radiotracers

Although this work focused on [®F]FDG micro-PET-CT images of BCa
specimens, the same strategy could be used to develop DL models to
support micro-PET-CT interpretation for other cancer types and radio-
tracers. While images for different tumour types and radiotracers share
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visual similarities, differences in intensity, contrast, radiotracer uptake
patterns, and specimen morphology may still require model retraining
or fine-tuning. Ultimately, a foundation model could be trained on a
diverse set of micro-PET-CT images from different cancerous resection
specimens with different radiotracers, requiring only limited labelled
datasets to fine-tune the model for new applications. Nevertheless,
labelled data will still be required to refine and validate models for other
specimen types and radiotracers. Although feasibility of the proposed
co-registration method was demonstrated in highly deformable breast
tissue, other specimens may introduce different challenges. For instance,
prostate specimens often show more homogeneous micro-CT images
which may lack internal anatomical structures to properly guide alignment.
In head-and-neck specimens, the presence of bone prevents fresh cutting
of lamellas, further motivating the need for 3D co-registration algorithms.
Another limitation of the current implementation is that the BCa subtype
must be known beforehand, typically through biopsy, in order to select
the appropriate model and obtain optimal segmentation results. Future
work could aim to automate this step. In addition, the current models
cannot distinguish between benign and malignant specimens. Due to
relative scaling of micro-PET intensities, noise in benign specimens may
be amplified, which can result in the DL models incorrectly detecting a
tumour.

8.3. Conclusions

In this PhD dissertation, we have taken important steps towards the
development of a decision-support system to aid physicians in interpreting
micro-PET-CT images of lumpectomy specimens. First, we developed a
novel method to accurately and automatically co-register micro-PET-CT
specimen images with corresponding histopathology WSIs to collect a
unique dataset of 2D ["®F]FDG micro-PET-CT images of breast tissue
aligned with histopathology. We showed that, even for highly deformable
breast tissue, co-registration can be successfully performed with an
accuracy comparable to the spatial resolution of micro-PET. The collected
dataset demonstrated that (pre)malignant breast tissue in general shows
higher ["F]JFDG uptake compared to healthy tissue, also including the
ILC and DCIS subtypes that are more difficult to detect in in vivo
PET. We believe that the proposed technique can also be applied to
other types of tumours and (new) radiotracers to provide a better
understanding of the in vivo radiotracer distribution in human tissues
on a submillimetre scale. These insights might eventually improve
clinical practice and patient care. Afterwards, a DL-based segmentation
model was developed using the collected dataset of micro-PET-CT images
with histopathology-derived ground-truth breast tumour segmentations.
The DL model outperformed conventional intensity thresholding for
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segmentation of NST tumours, and showed similar trends for ILC and
DCIS. Furthermore, it was shown that combining micro-PET and micro-CT
information is essential for accurate tumour delineation. A unique aspect
of our study is the use of histopathology instead of manual expert
annotations as the segmentation gold standard, providing a more clinically
relevant measure of tumour extent. Next, we validated the ability of the
DL models to correctly predict the margin status from 3D micro-PET-CT
images of lumpectomy specimens. The DL models achieved margin
assessment performance statistically equivalent to intraoperative and
postoperative physicians’ evaluations, while consistently outperforming
intensity thresholding for NST tumours and for the combined group of
BCa subtypes. Notably, this equivalence was demonstrated in a large
multicentre dataset with diverse BCa subtypes, reflecting clinical reality.
Finally, we improved the trustworthiness of our DL models by replacing
binary tumour segmentations with calibrated tumour probability maps
for NST tumours. Calibration improved the alignment between predicted
pixel-level probabilities and the true frequency of malignant pixels, while
largely preserving segmentation and margin assessment performance. The
calibrated maps provided a transparent visualisation of spatially-resolved
prediction uncertainty, helping physicians identify ambiguous margin
regions and potentially make more efficient, risk-informed decisions.

These findings highlight the potential of the proposed DL models to
predict both tumour segmentations and margin status labels, as well
as communicate spatially-resolved prediction uncertainty. Together,
these capabilities may improve consistency and reduce decision-making
time when interpreting micro-PET-CT images of lumpectomy specimens.
Although the results look promising, more extensive validation of the DL
models is required before they can be adopted in clinical practice. Larger
and more diverse datasets, particularly including rarer BCa types such as
ILC and DCIS, are needed to further improve and evaluate the models. In
addition, future work should focus on improving model efficiency for fast
intraoperative decision-making, as well as on further enhancing model
trustworthiness to support effective physician-model collaboration. The
clinical usability and value of the proposed DL models should still be
investigated. While underscoring the need for further (clinical) validation,
overall, the results highlight the DL model's potential as a first step
towards a decision-support system to enhance IMA during BCS based on
micro-PET-CT, facilitating the adoption of this technique in clinical practice.
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A Co-registration parameters

This appendix includes the full parameter files used for rigid, affine,
and B-spline co-registration. For all registration parameters that are not
explicitly mentioned, the default values from the Python SimpleElastix
library are used [145]. Metrics are indicated in italic as they depend on
the co-registration step as indicated in Table 4.1 in Chapter 4.

Rigid transformation:

(AutomaticParameterEstimation "true")
(AutomaticScalesEstimation "true")
(CheckNumberOfSamples "true")

(DefaultPixelValue -1000)
(FinalBSplinelnterpolationOrder 1)

(FixedImagePyramid "FixedSmoothinglmagePyramid")
(ImagePyramidSchedule 8 42 1)

(ImageSampler "RandomCoordinate")

(Interpolator "LinearInterpolator")
(MaximumNumberOfiterations 500)
(MaximumNumberOfSamplingAttempts 8)

(Metric "AdvancedNormalizedCorrelation")

(Metric "NormalizedMutualinformation")
(MovinglmagePyramid "MovingSmoothinglmagePyramid")
(NewSamplesEverylteration "true")
(NumberOfResolutions )
(NumberOfSamplesForExactGradient 4096)
(NumberOfSpatialSamples 2048)

(Optimiser "AdaptiveStochasticGradientDescent")
(Registration "MultiResolutionRegistration")
(Resamplelnterpolator "FinalBSplinelnterpolator")
(Resampler "DefaultResampler")
(Transform "EulerTransform")
(UseDirectionCosines "true")

Affine transformation:

(AutomaticParameterEstimation "true")
(AutomaticScalesEstimation "true")
(CheckNumberOfSamples "true")

(DefaultPixelvalue -1000)
(FinalBSplinelnterpolationOrder 1)
(FixedImagePyramid "FixedSmoothinglmagePyramid")
(ImagePyramidSchedule 8 42 1)

(ImageSampler "RandomCoordinate")
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(Interpolator "LinearInterpolator")
(MaximumNumberOflterations 500)
(MaximumNumberOfSamplingAttempts 8)

(Metric "AdvancedNormalizedCorrelation")

(Metric "NormalizedMutuallnformation")
(MovinglmagePyramid "MovingSmoothinglmagePyramid")
(NewSamplesEverylteration "true")
(NumberOfResolutions 4)
(NumberOfSamplesForExactGradient 4096)
(NumberOfSpatialSamples 2048)

(Optimiser "AdaptiveStochasticGradientDescent")
(Registration "MultiResolutionRegistration")
(Resamplelnterpolator "FinalBSplinelnterpolator")
(Resampler "DefaultResampler")

(Transform "AffineTransform")
(UseDirectionCosines "true")

B-spline transformation:

(AutomaticParameterEstimation "true")
(CheckNumberOfSamples "true")

(DefaultPixelValue -1000)
(FinalBSplinelnterpolationOrder 1)
(FinalGridSpacingInPhysicalUnits 40)

(FixedImagePyramid "FixedSmoothinglmagePyramid")
(GridSpacingSchedule 6 42 1)

(ImagePyramidSchedule 8 42 1)

(ImageSampler "RandomCoordinate")

(Interpolator "LinearInterpolator")
(MaximumNumberOfiterations 500)
(MaximumNumberOfSamplingAttempts 8)

(Metric "AdvancedNormalizedCorrelation" "TransformBendingEnergyPenalty")
(Metric "NormalizedMutuallnformation" "TransformBendingEnergyPenalty")
(MetricoWeight 0.5)

(MetriciWeight 0.5)

(MovinglmagePyramid "MovingSmoothinglmagePyramid")
(NewSamplesEverylteration "true")
(NumberOfResolutions 4)
(NumberOfSamplesForExactGradient 4096)
(NumberOfSpatialSamples 2048)

(Optimiser "AdaptiveStochasticGradientDescent")
(Registration "MultiMetricMultiResolutionRegistration")
(Resamplelnterpolator "FinalBSplinelnterpolator")
(Resampler "DefaultResampler")

(Transform "RecursiveBSplineTransform")
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B Impact of fixated micro-CT guidance on
co-registration accuracy

This appendix shows the results of an analysis performed to investigate the
added value of using the high-resolution (micro-)CT image of the fixated
lamella as guidance during the co-registration procedure (step 1). For this
purpose, we studied the impact of omitting step | of the co-registration
procedure on the final result for four lamellas. The resulting co-registered
micro-CT images with and without step | were compared qualitatively
and quantitatively. For this analysis, we selected the four lamellas
containing corresponding microcalcifications in the final co-registered
micro-CT images and whole slide images (WSls), allowing to calculate the
spatial co-registration error.

Figure Ba shows the final micro-CT images of these four fresh lamellas
co-registered with the WSIs with and without guidance of the micro-CT
of the fixated lamellas. Only small differences can be detected in these
images. Table Ba1shows quantitative metrics expressing the final alignment
between the micro-CT images and WSls after co-registration with and
without guidance of the fixated micro-CT. Only a minor decrease is seen
in the Dice similarity coefficient (DSC) evaluating the overlap in tissue
composition segmentations between the co-registered micro-CT images
and WSIs. When calculating the distances between corresponding micro-
calcifications in the co-registered micro-CT images and WSIs, we found a
slight decrease in the mean spatial co-registration error: 0.49 + 033 mm
versus 0.47 + 0.25 mm, with and without guidance of the fixated micro-CT,
respectively.

Considering these qualitative and quantitative results, we conclude that
using the micro-CT of the fixated lamella to guide the co-registration
procedure only has a minor influence on the final result. To make
the co-registration process less labour-intensive, the acquisition of the
micro-CT images of the fixated lamellas can be safely omitted.

Table Ba. Quantitative metrics expressing final alignment between
the micro-CT images and histopathology whole slide images after
co-registration with and without guidance of the micro-CT of the fixated
lamellas. The mean + standard deviation of all quantitative metrics across
four selected lamellas are shown after final co-registration.
NMI DSCshape DSCcomp
With Fixated CT 028 £+ 0.02 095+ 0.01 079 + 0.08
Without Fixated CT  0.28 £ 0.02 0.95 + 0.01 0.77 + 0.08

NMI = normalised mutual information, DSC = Dice similarity coefficient




B. Impact of fixated micro-CT guidance on co-registration accuracy
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Figure Ba. Difference between micro-CT images of fresh lamellas co-
registered with the histopathology whole slide images with and without
guidance of the micro-CT of the fixated lamellas. Results are shown for
four lamellas of different patients.
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C ResU-Net hyperparameters and learning
curves

This appendix contains details on the chosen model hyperparameters and
learning curves for the 2D Residual U-Nets (ResU-Nets) trained to segment
(pre)malignant breast tissue in micro-PET-CT images of lumpectomy
specimens. Table Ca1 shows the chosen hyperparameters of the different
ResU-Nets, optimised through grid search. Figures C1 and C2 show the
evolution of the train and validation loss across epochs for training of the
ResU-Nets on the invasive carcinomas of no special type (NST) and on the
combined cases of invasive lobular carcinoma (ILC) and ductal carcinoma
in situ (DCIS), respectively.
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Figure Ca. Evolution of training and validation Dice loss across epochs
during the training of 75 Residual U-Nets (ResU-Nets) on data from cases
with invasive carcinoma of no special type (NST). Training curves are
grouped by model input (micro-CT, micro-PET, and micro-PET-CT). Each
plot displays 25 training curves, corresponding to 25 models trained in a
five-fold nested cross-validation scheme.
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Figure C.2. Evolution of training and validation Dice loss across epochs
during the transfer learning of 75 Residual U-Nets (ResU-Nets) on data
from cases with invasive lobular carcinoma (ILC) and ductal carcinoma
in situ (DCIS). Training curves are grouped by model input (micro-CT,
micro-PET, and micro-PET-CT). Each plot displays 25 training curves,
corresponding to 25 models trained in a five-fold nested cross-validation
scheme.
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Table Ca. Overview of hyperparameters of the Residual U-Nets (ResU-Nets) obtained through grid search. Hyperparameters
were defined per model input and per test fold. The same hyperparameters were used when training the models using only the
invasive carcinomas of no special type (NST), and when performing transfer learning for the cases of invasive lobular carcinoma
(ILC) and ductal carcinoma in situ (DCIS). The batch size indicates the number of distinct images that is part of one batch, and
should be multiplied with the number of patches per image to obtain the final batch size.

Input: micro-CT micro-PET micro-PET-CT

Test fold: 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
# layers 5 5 5 6 2 4 4 4 5 4 4 4 4 4 5
# channels 16 16 8 16 32 32 8 8 16 32 8 32 16 16 8
kernel size 5 5 5 5 5 5 3 5 7 5 3 5 3 3 5
normalisation type B B B B L B B B B B B B B B B
dropout ratio 0.05 0.05 005 005 00 005 00 005 005 01 005 00 0.05 0.05 0.05
learning rate 1e-3 1e-2 1e-2 1e-2 1e-3 1e-3 1e-3 1e-3 1e-3 1e-3 1e-2 1e-2 1e-2 1e-2 1e-2
batch size 2 8 8 6 6 2 10 2 6 4 6 10 6 6 4
patch size 160 320 160 320 60 240 80 240 320 240 160 80 240 160 160
# patches per image 2 4 4 4 8 4 6 4 4 4 4 6 2 2 4
positive patch bias 1 2 1 2 2 1 2 1 1 1 2 1 1 2 2
L2 penalty 01 01 02 00 02 00 01 0.0 01 01 01 0.2 01 01 01

# layers = number of down- and upsampling layers in the network
# channels = number of channels in the first layer
kernel size = side length of the square kernel in pixels
normalisation type: B = batch, L = layer
patch size = side length of square image patches in pixels
# patches per image = number of random patches extracted per image every epoch
positive patch bias = bias towards selecting a patch with a positive pixel at the centre:
1= patches are selected at random, 2 = the chance of selecting a patch with a positive centre pixel is twice as high
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D Tumour segmentation performance for
micro-PET-CT images of ILC and DCIS
lumpectomy specimens

This appendix contains the full test results for the performance of the
Residual U-Nets (ResU-Nets) and intensity thresholding models when seg-
menting tumours of invasive lobular carcinoma (ILC) or ductal carcinoma
in situ (DCIS) in micro-PET-CT images. Visualisations of predicted tumour
segmentations for a representative ILC and DCIS case can be found in
Figures D1 and D.2, respectively. The mean metric values (Dice similarity
coefficient (DSC), area under the curve of the precision-recall curve
(PR-AUC), 95t percentile of the Hausdorff distance (95HD), and contour
Dice with a 1 mm tolerance (1mmCD)) across the test patients with ILC and
DCIS tumours are shown in Table Da. The box plots in Figures D.3 and D.4
show the distribution of the metric values in more detail for the ILC and
DCIS tumours, respectively. In addition, Table D1 also shows the p-values
resulting from the Wilcoxon signed-rank test to compare the performance
of the ResU-Nets with the intensity thresholding models. Furthermore,
Table D.2 shows the p-values resulting from the Wilcoxon signed-rank test
conducted to compare the performance of the ResU-Nets and intensity
thresholding models across different model inputs: micro-PET, micro-CT,
and micro-PET-CT.

Given the limited number of data samples for these breast cancer (BCa)
types, the results should be interpreted with caution. Both for ILC and
DCIS tumours, best performance was found when combining micro-PET
with micro-CT to predict tumour segmentations. However, differences in
performance were not statistically significant. While in general, ResU-Net
performed better than intensity thresholding, once more no statistically
significant differences were found. Tumour segmentation is particularly
challenging for the DCIS cases, where we found a low performance in terms
of DSC and PR-AUC.



D. Tumour segmentation for micro-PET-CT of ILC and DCIS specimens
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Figure DA. Example of the tumour segmentations predicted with intensity
thresholding and Residual U-Net (ResU-Net) for an invasive lobular
carcinoma. Predictions are shown for three different inputs: micro-CT,
micro-PET, and micro-PET-CT. The micro-PET and micro-CT images are
expressed in standardised uptake values (SUVs) and Hounsfield units
(HUs), respectively. True positive (TP), true negative (TN), false positive
(FP), and false negative (FN) pixels are shown in white, black, blue, and
orange, respectively. Grey pixels indicate pixels with unknown labels.
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Figure D.2. Example of the tumour segmentations predicted with intensity
thresholding and Residual U-Net (ResU-Net) for a ductal carcinoma
in situ. Predictions are shown for three different inputs: micro-CT,
micro-PET, and micro-PET-CT. The micro-PET and micro-CT images are
expressed in standardised uptake values (SUVs) and Hounsfield units
(HUs), respectively. True positive (TP), true negative (TN), false positive
(FP), and false negative (FN) pixels are shown in white, black, blue, and
orange, respectively. Grey pixels indicate pixels with unknown labels.
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D. Tumour segmentation for micro-PET-CT of ILC and DCIS specimens
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Figure D.3. Box plots showing metric distributions assessing agreement
between true and predicted tumour segmentations for test patients with
invasive lobular carcinoma. The following metrics are shown: Dice
similarity coefficient (DSC), area under the curve of the precision-recall
curve (PR-AUC), 95t percentile of the Hausdorff distance (95HD) in mm, and
contour Dice with a 1 mm tolerance (1mmCD). The metrics are shown per
model input (micro-CT, micro-PET, or micro-PET-CT) and per segmentation
strategy (Intensity thresholding, or Residual U-Net (ResU-Net)).
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Figure D.4. Box plots showing metric distributions assessing agreement
between true and predicted tumour segmentations for test patients with
ductal carcinoma in situ. The following metrics are shown: Dice similarity
coefficient (DSC), area under the curve of the precision-recall curve
(PR-AUC), 95t percentile of the Hausdorff distance (95HD) in mm, and
contour Dice with a 1 mm tolerance (1mmcCD). The metrics are shown per
model input (micro-CT, micro-PET, or micro-PET-CT) and per segmentation
strategy (Intensity thresholding, or Residual U-Net (ResU-Net)).
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D. Tumour segmentation for micro-PET-CT of ILC and DCIS specimens

Table DaA. Metric values to evaluate the agreement between true and
predicted tumour segmentations for test patients with invasive lobular
carcinoma (ILC) and ductal carcinoma in situ (DCIS). The mean + standard
deviation of the DSC, PR-AUC, 95HD, and 1mmCD across all test patients
is shown per breast cancer (BCa) type, per model input, and per
segmentation strategy (Intensity thresholding (Intens thresh) or Residual
U-Net (ResU-Net)). P-values (p) resulting from the Wilcoxon signed-rank
test, comparing the performance of the ResU-Nets with the intensity
thresholding models, are reported for each metric, stratified per BCa type
and model input. Following Bonferroni-Holm correction (x = 0.05, m = 4),
no significant performance differences were found.

BCa type: ILC (N=6)
Metric Input Intens thresh ResU-Net P ResU-Net vs.
Intens thresh
DSC micro-CT 0.27 = 0.24 0.27 + 0.24 0.3125
PR-AUC micro-CT 0.39 + 0.26 0.31+ 0.31 1.0000
95HD micro-CT 6.47 + 3.46 732 £2.81 1.0000
1mmCD micro-CT 0.27 + 0.07 0.29 + 018 0.5625
DSC micro-PET 0.33 + 017 0.48 + 0.24 01562
PR-AUC micro-PET 0.47 + 0.28 0.58 + 0.20 0.0938
95HD micro-PET 6.52 + 4.21 5.30 + 4.50 0.0938
1mmcCD micro-PET 0.31 + 0.06 0.39 £ 011 0.5625
DSC micro-PET-CT 0.41 + 018 0.49 + 0.26 0.2188
PR-AUC micro-PET-CT 0.52 + 0.29 0.60 + 0.25 0.0625
95HD micro-PET-CT 6.27 + 4.28 5.88 + 4.34 0.5625
1mmCD micro-PET-CT 0.37 £ 015 0.46 + 0.25 1.0000
BCa type: DCIS (N=3)
Metric Input Intens thresh ResU-Net P ResU-Net vs.
Intens thresh
DSC micro-CT 0.02 + 0.00 0.02 + 0.00 0.5000
PR-AUC micro-CT 0.01 + 0.00 0.01 + 0.00 0.7500
95HD micro-CT 15.97 + 4.02 15.53 + 4.49 0.5000
1mmCD micro-CT 0.12 + 0.05 018 + 0.07 0.2500
DSC micro-PET 0.02 + 0.02 0.03 + 0.02 0.5000
PR-AUC micro-PET 0.02 + 0.01 017 + 0415 0.2500
95HD micro-PET 1213 + 6.08 12.50 + 6.23 0.2500
1mmCD micro-PET 0.31+ 017 0.27 + 013 0.5000
DSC micro-PET-CT 0.02 + 0.02 0.03 + 0.02 0.5000
PR-AUC micro-PET-CT 0.02 = 0.01 0.03 = 0.03 1.0000
95HD micro-PET-CT 12.96 + 614 12.68 + 6.47 1.0000
1mmCD micro-PET-CT 0.23 £ 0.09 0.33 £ 019 0.5000

DSC = Dice similarity coefficient, PR-AUC = area under the curve of the precision-recall curve,
95HD = 95" percentile of the Hausdorff distance (in mm), TmmCD = contour Dice with a
1 mm tolerance
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Table D.2. P-values (p) resulting from the Wilcoxon signed-rank test,
comparing the performance of the ResU-Nets and intensity thresholding
(Intens thresh) models across different model inputs for segmentation
of invasive lobular carcinoma (ILC) and ductal carcinoma in situ (DCIS).
P-values are reported for each metric and each comparison of model
inputs, stratified per breast cancer (BCa) type and segmentation strategy.
Following Bonferroni-Holm correction («x = 0.05, m = 12), no significant
performance differences were found.

BCa type: ILC (N=6)
Metric Model p mic.ro-PET p micrg-PET—CT p mich-PET-CT
vs. micro-CT vs. micro-CT vs. micro-PET
DSC Intens thresh 0.4375 01562 0.0312
PR-AUC Intens thresh 0.0938 0.0625 0.0312
95HD Intens thresh 0.8438 1.0000 0.0625
1mmCD Intens thresh 0.3125 01562 0.2188
DSC ResU-Net 01562 01562 1.0000
PR-AUC ResU-Net 0.0625 0.0312 0.5625
95HD ResU-Net 0.4375 0.6250 0.8438
1mmcCD ResU-Net 0.5625 0.5625 0.4375
BCa type: DCIS (N=3)
Metric Model p mic.ro-PET p micrt.)-PET-CT p mich-PET-CT
vs. micro-CT vs. micro-CT vs. micro-PET
DSC Intens thresh 0.7500 0.7500 1.0000
PR-AUC Intens thresh 0.2500 0.2500 0.5000
95HD Intens thresh 0.2500 0.5000 0.2500
1mmCD Intens thresh 0.2500 0.2500 0.7500
DSC ResU-Net 0.7500 0.7500 0.7500
PR-AUC ResU-Net 0.2500 0.5000 0.2500
95HD ResU-Net 0.2500 0.5000 0.5000
1mmCD ResU-Net 0.2500 0.2500 0.2500

DSC = Dice similarity coefficient, PR-AUC = area under the curve of the precision-recall curve,
95HD = 95" percentile of the Hausdorff distance (in mm), 1TmmCD = contour Dice with a
1 mm tolerance
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E Margin assessment performance for
micro-PET-CT images of ILC, DCIS, and
neoadjuvant-treated lumpectomy
specimens

This appendix contains the detailed evaluation of the margin assess-
ment performance of the Residual U-Nets (ResU-Nets) and intensity
thresholding models when applied to micro-PET-CT images of lumpectomy
specimens with invasive lobular carcinoma (ILC) and ductal carcinoma in
situ (DCIS), as well as of neoadjuvant-treated (NAT) specimens. These NAT
specimens include invasive carcinomas of no special type (NST) pretreated
with neoadjuvant chemotherapy (NAC), and cases of NST pretreated with
aromatase inhibitors (NST-Al) and ILC pretreated with aromatase inhibitors
(ILC-Al). Margin assessment performance is evaluated separately for the
datasets collected in the BIMAP and BrIMA studies.

Ea. BIMAP

Visualisations of predicted tumour contours for two ILC, two DCIS, and
two NAC specimens are shown in Figures E1, E2, and E.3, respectively.
Figure E.4 shows the contingency tables for the ILC, DCIS, and NAC
cases, comparing the predicted and true histopathological margin status.
Separate tables were constructed for the predictions obtained using the
ResU-Nets and intensity thresholding models, as well as for predictions
based on the postoperative majority vote of seven physicians. From
these contingency tables, sensitivity, specificity, precision, and F1 score
for positive margin detection were calculated for each margin assessment
strategy. Table Ea1 shows all metric values for the ILC, DCIS, and NAC cases.
P-values resulting from McNemar's test to evaluate differences in margin
assessment performance between the different strategies are reported in
Figure E.5 for the ILC, DCIS, and NAC cases.

For the ILC cases, the best performance was reached by the postoperative
majority vote of seven physicians, followed by the ResU-Nets, and intensity
thresholding models. For the DCIS cases, the margin status was correctly
predicted for the two available specimens using all three methods. For
the NAC cases, the ResU-Nets and intensity thresholding models both
classified one of two cases correctly, while the postoperative majority
vote of seven physicians lead to two incorrect predictions. When studying
the ILC, DCIS, and NAC cases separately, none of the differences between
the three margin assessment strategies were found to be statistically
significant.



E. Margin assessment from micro-PET-CT of ILC, DCIS, and NAT specimens

Table Ea. Metric values to evaluate the agreement between the true
histopathological and predicted margin status for the BIMAP dataset,
shown separately for invasive lobular carcinoma (ILC), for ductal carcinoma
in situ (DCIS), and for invasive carcinoma of no special type pretreated
with neoadjuvant chemotherapy (NAC). Margin status was predicted using
intensity thresholding (Intens thresh) and the Residual U-Net (ResU-Net)
applied to the micro-PET-CT input. The performance of both methods is
compared to the postoperative majority vote of seven physicians. The
performance of these seven physicians was previously described by De
Crem et al. [32].

BCa type: ILC (N=6)
Metrics Intens thresh ResU-Net / Physmar_ls
Postoperative
Sensitivity (Recall) 0.50 0.50 0.50
Specificity 0.25 0.50 0.75
Precision 0.25 0.33 0.50
F1 score 0.33 0.40 0.50
BCa type: DCIS (N=2)
Metrics Intens thresh ResU-Net / Physmar.ns
Postoperative
Sensitivity (Recall) 1.00 1.00 1.00
Specificity 1.00 1.00 1.00
Precision 1.00 1.00 1.00
F1 score 1.00 1.00 1.00
BCa type: NAC (N=2)
Metrics Intens thresh ResU-Net / PhyS|C|a|_1$
Postoperative
Sensitivity (Recall) 1.00 1.00 0.00
Specificity 0.00 0.00 0.00
Precision 0.50 0.50 0.00
F1 score 0.67 0.67 NA

NA = not applicable
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E1. BIMAP
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Figure Ea. Predicted tumour contours for two (a and b) invasive lobular
carcinomas from the BIMAP dataset. For every specimen, three orthogonal
slices are visualised. The top row shows the micro-PET-CT input (expressed
in standardised uptake values (SUVs) and Hounsfield units (HUs)), and the
bottom row shows the contours overlaid on the micro-CT (blue = specimen,
orange = tumour predicted by the Residual U-Net (ResU-Net), green
= tumour predicted through intensity thresholding). (a) The ResU-Net
prediction is true negative, while the intensity thresholding prediction is
false positive. (b) Both ResU-Net and intensity thresholding predictions
are true positive.

205



E. Margin assessment from micro-PET-CT of ILC, DCIS, and NAT specimens
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Figure E.2. Predicted tumour contours for two (a and b) ductal carcinoma
in situ specimens from the BIMAP dataset. For every specimen, three
orthogonal slices are visualised. The top row shows the micro-PET-CT input
(expressed in standardised uptake values (SUVs) and Hounsfield units
(HUS)) and the bottom row shows the contours overlaid on the micro-CT
(blue = specimen, orange = tumour predicted by the Residual U-Net
(ResU Net), green = tumour predicted through intensity thresholding).
(a) Both ResU-Net and intensity thresholding predictions are true negative.
(b) Both ResU-Net and intensity thresholding predictions are true positive.
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E1. BIMAP
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Figure E.3. Predicted tumour contours for two (a and b) invasive
carcinomas of no special type from the BIMAP dataset, pretreated with
neoadjuvant chemotherapy. For every specimen, three orthogonal slices
are visualised. The top row shows the micro-PET-CT input (expressed in
standardised uptake values (SUVs) and Hounsfield units (HUs)), and the
bottom row shows the contours overlaid on the micro-CT (blue = specimen,
orange = tumour predicted by the Residual U-Net (ResU-Net), green =
tumour predicted through intensity thresholding). (a) Both ResU-Net and
intensity thresholding predictions are false positive. (b) Both ResU-Net
and intensity thresholding predictions are true positive.
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E. Margin assessment from micro-PET-CT of ILC, DCIS, and NAT specimens
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Figure E.4. Contingency tables for margin status prediction in the BIMAP
dataset, shown separately for invasive lobular carcinoma (ILC), for ductal
carcinoma in situ (DCIS), and for invasive carcinoma of no special type
pretreated with neoadjuvant chemotherapy (NAC). Margin status was
predicted using intensity thresholding (Intens thresh) and the Residual
U-Net (ResU-Net) applied to the micro-PET-CT input, as well as through
the postoperative majority vote of seven physicians. The predicted margin
status was evaluated against the true histopathological margin status. The
performance of the seven physicians was previously described by De Crem
et al. [32].
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E1. BIMAP
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Figure E.5. P-values (p) resulting from McNemar's test to compare different
approaches to predict the margin status for the BIMAP dataset, shown
separately for invasive lobular carcinoma (ILC), for ductal carcinoma in
situ (DCIS), and for invasive carcinoma of no special type pretreated with
neoadjuvant chemotherapy (NAC). The following strategies were compared:
postoperative majority voting of seven physicians, prediction with Residual
U-Nets (ResU-Nets), and prediction with intensity thresholding (Intens
thresh) models. Following Bonferroni-Holm correction (« = 0.05, m = 3),
no significant performance differences were found.
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E. Margin assessment from micro-PET-CT of ILC, DCIS, and NAT specimens

E.2. BriIMA

Visualisations of predicted tumour contours for two ILC, two DCIS, and
three NAT specimens (one NST after NAC, one NST-Al, and one ILC-Al)
are shown in Figures E.6, E7, and E.8, respectively. Figure E.9 shows the
contingency tables for the ILC, DCIS, and combined NAT cases. Separate
tables were constructed for the predictions obtained using the ResU-
Nets and intensity thresholding models, as well as for the physicians’
intraoperative predictions and the postoperative majority vote of four
physicians. Table E.2 shows the sensitivity, specificity, precision, and F1
score for positive margin detection for each margin assessment strategy for
the ILC, DCIS, and combined NAT cases. P-values resulting from McNemar's
test to evaluate differences in margin assessment performance between
the different strategies are reported in Figure Eao for the ILC, DCIS, and
combined NAT cases.

For the ILC cases, the sensitivity of the ResU-Nets was lower, while
the specificity, precision, and F1 score were higher compared to the
intraoperative physicians’ predictions and the postoperative majority vote
of four physicians. The ResU-Net predictions were found to be statistically
equivalent to the intraoperative and postoperative physicians’ predictions.
The performance of the intensity thresholding models was found to
be significantly different from the performance of the ResU-Nets and
the intraoperative predictions of the physicians, with a lower specificity,
precision, and F1score. Forthe DCIS cases, none of the differences between
the four margin assessment strategies were found to be statistically
significant. The specificity was 0% for all strategies, except for the
intraoperative interpretations of the physicians where two out of three
specimens with a negative margin were correctly identified. For the NAT
cases, the ResU-Net predictions were found to be statistically equivalent
to both intraoperative and postoperative predictions of the physicians.
The performance of the intensity thresholding models was found to
be significantly different from the performance of the ResU-Nets and
the intraoperative predictions of the physicians, with a lower specificity,
precision, and F1 score. For the NAT cases, a significant difference was
also found between the intraoperative physicians' predictions and the
postoperative majority vote of four physicians.
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E.2. BriMA

Table E.2. Metric values to evaluate the agreement between the true
histopathological and predicted margin status for the BrIMA dataset,
shown separately for invasive lobular carcinoma (ILC), for ductal carcinoma
in situ (DCIS), and for all neoadjuvant-treated (NAT) cases combined.
The combined group of NAT cases consists of invasive carcinomas of
no special type (NST) pretreated with neoadjuvant chemotherapy (NAC),
cases of NST pretreated with aromatase inhibitors (NST-Al), and cases
of ILC pretreated with aromatase inhibitors (ILC-Al). Margin status was
predicted using intensity thresholding (Intens thresh) and the Residual
U-Net (ResU-Net) applied to the micro-PET-CT input. The performance
of both methods is compared to the intraoperative interpretations of the
physicians, as well as to the postoperative majority vote of four physicians.
The performance of the physicians is also described by Goker et al. [33].

BCa type: ILC (N=16)
Metrics Intens thresh ResU-Net Physman§ & Physumarjs
Intraoperative  Postoperative
Sensitivity (Recall) 1.00 0.67 0.83 1.00
Specificity 0.00 0.80 0.70 0.30
Precision 0.38 0.67 0.63 0.46
F1 score 0.55 0.67 071 0.63
BCa type: DCIS (N=13)
Metrics Intens thresh ResU-Net Physman§ 4 Physmar}s
Intraoperative  Postoperative
Sensitivity (Recall) 1.00 0.90 0.80 0.80
Specificity 0.00 0.00 0.67 0.00
Precision 0.77 0.75 0.89 0.73
F1 score 0.87 0.82 0.84 0.76
BCa type: NAT (N=39)
Metrics Intens thresh ResU-Net Physman:s 4 Physman}s
Intraoperative  Postoperative
Sensitivity (Recall) 1.00 0.80 0.80 1.00
Specificity 0.24 0.59 0.68 0.1
Precision 016 0.22 0.27 0.20
F1 score 0.28 0.35 0.40 0.33
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E. Margin assessment from micro-PET-CT of ILC, DCIS, and NAT specimens
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Figure E.6. Predicted tumour contours for two (a and b) invasive lobular
carcinomas from the BrIMA dataset. For every specimen, three orthogonal
slices are visualised. The top row shows the micro-PET-CT input (expressed
in standardised uptake values (SUVs) and Hounsfield units (HUs)), and the
bottom row shows the contours overlaid on the micro-CT (blue = specimen,
orange = tumour predicted by the Residual U-Net (ResU-Net), green
= tumour predicted through intensity thresholding). (a) The ResU-Net
prediction is true negative, while the intensity thresholding prediction is
false positive. (b) The ResU-Net prediction is false negative, while the
intensity thresholding prediction is true positive.
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E.2. BriMA
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Figure E.7. Predicted tumour contours for two (a and b) ductal carcinoma
in situ specimens from the BrIMA dataset. For every specimen, three
orthogonal slices are visualised. The top row shows the micro-PET-CT input
(expressed in standardised uptake values (SUVs) and Hounsfield units
(HUs)) and the bottom row shows the contours overlaid on the micro-CT
(blue = specimen, orange = tumour predicted by the ResU-Net, green
= tumour predicted through intensity thresholding). (a) The ResU-Net
prediction is false negative, while the intensity thresholding prediction is
true positive. (b) Both ResU-Net and intensity thresholding predictions are
false positive.
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E. Margin assessment from micro-PET-CT of ILC, DCIS, and NAT specimens
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Figure E.8. Predicted tumour contours for three (a, b, and c) neoadjuvant-
treated (NAT) lumpectomy specimens from the BrIMA dataset. For every
specimen, three orthogonal slices are visualised. The top row shows the
micro-PET-CT input (expressed in standardised uptake values (SUVs) and
Hounsfield units (HUs)), and the bottom row shows the contours overlaid
on the micro-CT (blue = specimen, orange = tumour predicted by the
Residual U-Net (ResU-Net), green = tumour predicted through intensity
thresholding). (a) Invasive carcinoma of no special type (NST) pretreated
with neoadjuvant chemotherapy. The ResU-Net prediction is true negative,
while the intensity thresholding prediction is false positive. (b) NST case
pretreated with aromatase inhibitors (NST-AI). The ResU-Net prediction is
true negative, while the intensity thresholding prediction is false positive.
(c) Invasive lobular carcinoma (ILC) pretreated with aromatase inhibitors
(ILC-Al). The ResU-Net prediction is false negative, while the intensity
thresholding prediction is true positive.
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E.2. BriMA
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Figure E.9. Contingency tables for margin status prediction in the
BriIMA dataset, shown separately for invasive lobular carcinoma (ILC),
for ductal carcinoma in situ (DCIS), and for all neoadjuvant-treated
(NAT) cases combined. The combined group of NAT cases consists of
invasive carcinomas of no special type (NST) pretreated with neoadjuvant
chemotherapy (NAC), cases of NST pretreated with aromatase inhibitors
(NST-Al), and cases of ILC pretreated with aromatase inhibitors (ILC-Al).
Margin status was predicted using intensity thresholding (Intens thresh)
and the Residual U-Net (ResU-Net) applied to the micro-PET-CT input,
as well as through intraoperative physicians’ assessments and the
postoperative majority vote of four physicians. The predicted margin
status was evaluated against the true histopathological margin status. The
performance of the physicians is also described by Goker et al. [33].
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E. Margin assessment from micro-PET-CT of ILC, DCIS, and NAT specimens
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Figure E10. P-values (p) resulting from McNemar's test to compare
different approaches to predict the margin status for the BrIMA dataset,
shown separately for invasive lobular carcinoma (ILC), for ductal carcinoma
in situ (DCIS), and for all neoadjuvant-treated (NAT) cases combined. The
combined group of NAT cases consists of invasive carcinomas of no special
type (NST) pretreated with neoadjuvant chemotherapy (NAC), cases of NST
pretreated with aromatase inhibitors (NST-Al), and cases of ILC pretreated
with aromatase inhibitors (ILC-Al). The following strategies were compared:
intraoperative interpretations of physicians, postoperative majority voting
of four physicians, prediction with Residual U-Nets (ResU-Nets), and
prediction with intensity thresholding (Intens thresh) models. Significant
performance differences following Bonferroni-Holm correction (« = 0.05,
m = 6) are indicated in bold.
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F Leave-one-out strategy to choose an
operating point for margin status
prediction from micro-PET-CT images of
lumpectomy specimens

In this appendix, we explore an alternative strategy for selecting an opera-
ting point on the receiver operating characteristic (ROC) and precision-
recall (PR) curves to evaluate the margin assessment performance of
the Residual U-Nets (ResU-Nets) and intensity thresholding models. In
Section 6.31 of Chapter 6, we evaluated the performance of both models at
the operating point corresponding to optimal segmentation performance
as measured by the Dice similarity coefficient (DSC), hereafter referred to
as the “segmentation operating point”. In this appendix, we instead assess
the performance at an operating point chosen through a leave-one-out
(LOO) strategy. For each case in the datasets collected in the BIMAP
and BrIMA studies, the ROC- and PR-curves were constructed using all
remaining cases in the dataset. For each case, the operating point was
then selected as the highest threshold for which the sensitivity was at least
equal to that achieved by the physicians. This procedure was performed
for both the ResU-Nets and intensity thresholding models to choose an
appropriate tumour probability threshold and a relative PET intensity
threshold, respectively. Finally, for each case, the found LOO thresholds
were applied to segment the tumour and predict the margin status.

The LOO strategy was applied separately for the BIMAP and BriMA
datasets. For the BIMAP dataset, we chose to target the sensitivity of
the postoperative majority vote of seven physicians, whereas for the
BrIMA dataset, we targeted the sensitivity of the physicians’ intraoperative
predictions. For invasive carcinomas of no special type (NST), the operating
points (i.e., the thresholds) were chosen based on all remaining NST cases
in the same dataset. For invasive lobular carcinomas (ILCs) and cases
of ductal carcinoma in situ (DCIS), the operating points were selected
based on all remaining combined ILC and DCIS cases in the same dataset.
For neoadjuvant-treated (NAT) cases, the operating points were chosen
based on all remaining combined ILC, DCIS, and NAT cases within the
same dataset. Results for the BIMAP and BrIMA datasets are shown in
the sections below.
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Fa. BIMAP

Figure Fa displays the contingency tables, comparing the predicted and
true histopathological margin status, for the NST cases and for all
combined breast cancer (BCa) subtypes in the BIMAP dataset. Separate
tables were constructed for the predictions obtained using the ResU-Nets
and intensity thresholding models, as well as for predictions based on the
postoperative majority vote of seven physicians. From these contingency
tables, sensitivity, specificity, precision, and F1 score for positive margin
detection were calculated for each margin assessment strategy. Table F1
shows all metric values for the NST cases and for all combined BCa
subtypes of the BIMAP dataset.

P-values resulting from McNemar's test to evaluate differences in margin
assessment performance between the ResU-Nets, intensity thresholding
models, and the postoperative majority vote of seven physicians are
reported in Figure F.2 for the NST cases and for all combined BCa subtypes
in the BIMAP dataset. For the NST cases, the margin status predictions
obtained with the ResU-Nets and intensity thresholding models were
identical to those obtained through postoperative majority voting of
seven physicians. For the combined group of all BCa subtypes in the
BIMAP dataset, both the ResU-Nets and intensity thresholding models
achieved a higher sensitivity than the postoperative majority vote of
seven physicians, with a similar specificity and precision. As reported
in Section 6.31.1 of Chapter 6 for the segmentation operating point, the
margin assessment performance of the ResU-Nets was again found to be
statistically equivalent to the majority vote of seven physicians, both for
the NST cases and for the combined group of all BCa subtypes in the
BIMAP dataset. In contrast to the findings reported in Section 6.311 of
Chapter 6 for the segmentation operating point, no statistically significant
differences in performance were here observed between the intensity
thresholding models and either the ResU-Nets or the majority vote of
seven physicians, both for the NST cases and the combined group of all
BCa subtypes in the BIMAP dataset.
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Table F1. Metric values to evaluate the agreement between the true
histopathological and predicted margin status for the BIMAP dataset, using
the leave-one-out strategy to select the operating point, shown separately
for invasive carcinomas of no special type (NST), and for all breast cancer
(BCa) subtypes combined. Margin status was predicted using intensity
thresholding (Intens thresh) and the Residual U-Net (ResU-Net) applied
to the micro-PET-CT input. The performance of both methods is compared
to the postoperative majority vote of seven physicians. The performance
of these seven physicians was previously described by De Crem et al. [32].

BCa type: NST (N=31)
Metrics Intens thresh ResU-Net 7 Physicians
Postoperative
Sensitivity (Recall) 0.89 0.89 0.89
Specificity 0.91 0.91 0.91
Precision 0.80 0.80 0.80
F1 score 0.84 0.84 0.84
BCa type: All types (N=41)
Metrics Intens thresh ResU-Net 7 PhyS|C|ar-|s
Postoperative
Sensitivity (Recall) 0.85 0.85 077
Specificity 0.89 0.86 0.86
Precision 0.79 073 071
F1 score 0.81 0.79 0.74
"f‘"“i‘l“ Intens thresh ResU-Net Plzroy:;iiaat?:e
‘:g +| TP | FN | 8| 8 | 1 8 | 1
© =
s =
e —| FP TN 2 2 20 2 20 2 20
o
T
é 1 2 11 2 10 3
§-
2 3 |25 4| 24 4 | 24
=

Figure F1. Contingency tables for margin status prediction in the BIMAP
dataset, using the leave-one-out strategy to select the operating point,
separately for invasive carcinomas of no special type (NST), and for all
breast cancer (BCa) subtypes combined. Margin status was predicted
using intensity thresholding (Intens thresh) and the Residual U-Net
(ResU-Net) applied to the micro-PET-CT input, as well as through the
postoperative majority vote of seven physicians. The predicted margin
status was evaluated against the true histopathological margin status. The
performance of the seven physicians was previously described by De Crem
et al. [32].
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NST (N=31) All types (N=41)
%] %)
© 5a T G a
29 T T3 29 T T3
2f 3 2B gf 3 28
o o 4 o
~ N~
Intens
1.0000 | 1.0000 1.0000 | 1.0000
thresh
ResU-Net 1.0000 1.0000
7 Physicians
Postop

Figure F.2. P-values (p) resulting from McNemar's test to compare different
approaches to predict the margin status for the BIMAP dataset, using the
leave-one-out strategy to select the operating point, shown separately
for invasive carcinomas of no special type (NST), and for all breast
cancer (BCa) subtypes combined. The following strategies were compared:
postoperative majority voting of seven physicians, prediction with Residual
U-Nets (ResU-Nets), and prediction with intensity thresholding (Intens
thresh) models. Following Bonferroni-Holm correction (« = 0.05, m = 3),
no significant performance differences were found.
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F.2. BrIMA

Figure F3 displays the contingency results for the NST cases and all
combined BCa subtypes in the BrIMA dataset. Separate tables were
constructed for the predictions obtained using the ResU-Nets and in-
tensity thresholding models, as well as for the physicians’ intraoperative
predictions and the postoperative majority vote of four physicians. From
these contingency tables, sensitivity, specificity, precision, and F1 score
for positive margin detection were calculated for each margin assessment
strategy. Table F.2 shows all metric values for the NST cases and for all
combined BCa subtypes of the BrIMA dataset.

P-values resulting from McNemar's test to evaluate differences in margin
assessment performance between the ResU-Nets, intensity thresholding
models, the intraoperative physicians’ predictions, and the majority vote
of four physicians, are reported in Figure F4 for the NST cases and
for all combined BCa subtypes in the BrIMA dataset. As reported in
Section 6.31.2 of Chapter 6 for the segmentation operating point, the
margin assessment performance of the ResU-Nets was again found to
be statistically equivalent to the intraoperative physicians’ predictions
and to the majority vote of four physicians, both for the NST cases and
for the combined group of all BCa subtypes in the BrIMA dataset. In
agreement with the findings reported in Section 6.31.2 of Chapter 6 for
the segmentation operating point, statistically significant differences in
performance were observed between the intensity thresholding models
and the ResU-Nets, both for the NST cases and the combined group
of all BCa subtypes. In addition, the performance of the intensity
thresholding models was again found to be significantly different from
the intraoperative physicians’ predictions and the postoperative majority
vote of four physicians, both for the NST cases and the combined group
of all BCa subtypes. The intensity thresholding models obtained a lower
specificity, precision, and F1 score compared to the physicians’ predictions.
The consistently lower performance of the intensity thresholding models
compared with the ResU-Nets for the BrIMA dataset, indicates that
identifying a robust PET intensity threshold for accurate margin status
prediction across a large number of cases remains challenging.
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Table F.2. Metric values to evaluate the agreement between the true
histopathological and predicted margin status for the BrIMA dataset, using
the leave-one-out strategy to select the operating point, shown separately
for invasive carcinomas of no special type (NST), and for all breast cancer
(BCa) subtypes combined. Margin status was predicted using intensity
thresholding (Intens thresh) and the Residual U-Net (ResU-Net) applied
to the micro-PET-CT input. The performance of both methods is compared
to the intraoperative interpretations of the physicians, as well as to the
postoperative majority vote of four physicians. The performance of the
physicians is also described by Goker et al. [33].

BCa type: NST (N=84)
Metrics Intens thresh ResU-Net PhyS|C|an§ 4 Physman}s
Intraoperative  Postoperative
Sensitivity (Recall) 0.86 0.71 0.71 071
Specificity 0.46 0.57 0.66 0.67
Precision 0.24 0.25 0.29 0.30
F1 score 0.38 0.37 0.42 0.43
BCa type: All types (N=152)
Metrics Intens thresh ResU-Net Physmlan:s 4 PhySICIaI.IS
Intraoperative  Postoperative
Sensitivity (Recall) 0.89 0.83 0.77 0.83
Specificity 0.42 0.54 0.67 0.55
Precision 0.31 0.35 0.4 0.35
F1 score 0.46 0.49 0.53 0.50
Prediction Physicians 4 Physicians
+ ehe! Intensthresh  ResU-Net  |ntraoperative Postoperative
=
E+| TP |FN 3 | 2| 2]||w0|4]||w0f4]|]|w0]a
3 i
g =
e —| FP | TN 2 38 | 32 30 | 40 24 | 46 23 | 47
S
~
10
i) 31 4 29 6 27 8 29 6
3
s 68 | 49 54 | 63 || 39 | 78 53 | 64
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Figure F.3. Contingency tables for margin status prediction in the BrIMA
dataset, using the leave-one-out strategy to select the operating point,
shown separately for invasive carcinomas of no special type (NST), and
for all breast cancer (BCa) subtypes combined. Margin status was
predicted using intensity thresholding (Intens thresh) and the Residual
U-Net (ResU-Net) applied to the micro-PET-CT input, as well as through
intraoperative physicians’ assessments and the postoperative majority
vote of four physicians. The predicted margin status was evaluated
against the true histopathological margin status. The performance of the
physicians is also described by Goker et al. [33].
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NST (N=84) All types (N=152)
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Figure F.4. P-values (p) resulting from McNemar's test to compare different
approaches to predict the margin status for the BrIMA dataset, using the
leave-one-out strategy to select the operating point, shown separately
for invasive carcinomas of no special type (NST), and for all breast
cancer (BCa) subtypes combined. The following strategies were compared:
intraoperative interpretations of physicians, postoperative majority voting
of four physicians, prediction with Residual U-Nets (ResU-Nets), and
prediction with intensity thresholding (Intens thresh) models. Significant
performance differences following Bonferroni-Holm correction (« = 0.05,
m = 6) are indicated in bold.
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