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Abstract 
 

On average 19% of patients undergoing breast conserving surgery (BCS) require re-

excision due to positive margins. Augmenting a surgeon’s intraoperative visualization 

of margin disease could improve precision. Multispectral imaging (MSI) utilizes 

spectral differences between normal and tumour tissues to characterise pathology in 

real-time. The diagnostic accuracy of a custom-built MSI camera was assessed. 

BCS patients were recruited to a single centre, prospective study (REC= 

08/H0719/37). Multispectral images were acquired from each resection surface of 

freshly excised BCS specimens. Image pre-processing included data normalization 

and dimensionality reduction. Intraoperative radiography and gold standard 

histological analysis were used to extract ground truth. Four machine learning 

classifiers were used for data analysis. 

46 patients were recruited. MSI images provide information about tissues up to 

depths of 3mm, therefore image analysis was conducted on resection surfaces where 

tumour was noted within this depth. 6 specimens were excluded due to gross 

contamination with blue dye or poor image quality. Therefore, 38 surface images from 

23 specimens were included for final analysis. Logistic regression resulted in an area 

under the curve of 89% (SD ± 7), sensitivity 86% (SD ± 12), and specificity 80% (SD 

± 8). 

MSI can distinguish between normal and malignant breast cancer tissues. 

Unlike existing systems, MSI provides immediate visualisation and evaluates the 

entire resection surface. Future work will focus on adapting MSI to overcome spectral 

artifacts and improving image analysis using varying machine learning classifiers, as 

speed and accuracy will optimize surgical workflow. 
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Chapter 1: Background to Breast Cancer and 
Current Clinical Problem 

1.1 Breast Cancer Incidence 
 

Breast cancer represents a significant global health challenge, being the most 

prevalent cancer worldwide. In 2020, 2.26 million women were diagnosed with breast 

cancer [1] and 685,000 deaths were associated globally [2]. Breast cancer transcends 

socio-economic status and is seen in every country globally. In the United Kingdom, 

approximately 56,000 invasive cancer [3] and 8,000 cases of in-situ, non-invasive 

breast cancer are diagnosed each year [4]. In 2020, in England, 40,000 new breast 

cancer cases diagnoses were made, which accounts for 28% of all new cancer 

diagnoses [5]. 

 

1.2 Evolution of Breast Cancer Management 
 

Historically, the earliest documentation of breast cancer dates back three thousand 

years in the Egyptian papyrus [6]. However, it was not until the second century AD that 

the term ‘mastectomy’ was coined [7]. Mastectomy is defined as the surgical removal 

of all, or part of the breast. Until the nineteenth century, mastectomy procedures were 

aggressive and brutal in nature, occurring in a period before the advent of anaesthesia 

and antisepsis [7].  

In 1894, William Halsted published a paper detailing his concept of the ‘radical 

mastectomy’,  in which the whole breast, underlying pectoralis muscle and ipsilateral 

axillary contents were removed [8]. This paper impacted surgical practice worldwide 

from here on. Radical mastectomy became the standard of care for patients with 

breast cancer for decades. However, with time the radical mastectomy was met with 

criticism due to significant intraoperative blood loss and deformity leading to poor 

cosmesis [9]. In the early 1930s, D.H Patey introduced the ‘modified radical 
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mastectomy’, where he spared the pectoralis muscle as this was believed not to add 

further survival benefit [10]. 

Over the past three decades there has been a transition in the surgical 

approach to breast cancer, from radical mastectomy to breast conserving surgery 

(BCS). BCS is defined as an oncological procedure with three primary aims. Firstly, to 

achieve oncological control, by removing all cancer with adequate margins; secondly, 

to preserve the breast aesthetic; and lastly, to enable survival to be equivalent to that 

of the traditional mastectomy. This transition has occurred via a systematic and 

evidence-based de-escalation process through landmark trials [11-16]. These trials 

have established that there is no difference in overall and disease free-survival 

between BCS and mastectomy [11-16]. The trials identified that the use of adjuvant 

radiotherapy after BCS is crucial with respect to control and survival rates. More 

recently, a large prospective cohort study suggests that BCS and radiotherapy may 

yield better survival than mastectomy alone [17]. 

Breast cancer management has evolved to become multifaceted, rather than 

surgical intervention alone. Apart from surgery with or without radiotherapy, breast 

cancer patients can also be treated with chemotherapy, endocrine treatment, 

immunotherapy or targeted therapies [18, 19]. A more recent focus on survivorship 

allows for a transition of care from disease management to the maintenance of the 

health and well-being of patients [19]. Particular therapies, namely chemotherapy, 

endocrine treatment and targeted therapy, can be given either in the neoadjuvant 

setting (pre-operatively) or adjuvant setting (post-operatively) [20]. Neoadjuvant 

systemic therapies not only serve the purpose of allowing reduction in breast cancer 

size to facilitate BCS, but also facilitate precision medicine by assessing the response 

to neoadjuvant therapy to predict outcomes and select the optimal adjuvant therapy 

[21]. Adjuvant systemic therapies aim to improve disease free survival and overall 

survival by treating latent micrometastases [21]. This transformation has been 

achievable with better knowledge of molecular and genetic pathways driving breast 

cancer [22]. This knowledge has facilitated precision medicine, including a more 

targeted approach in the neoadjuvant and adjuvant setting, with assessment tools for 

prognosis and prediction of treatment benefit also now available [23]. 
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1.3 Margins in Breast Cancer 
 

The issue of margins is critical for oncological control in BCS. During BCS, the surgeon 

aims to remove the cancer with a rim or border of normal healthy breast tissue 

surrounding it. This border zone around the tumour is defined as the surgical “margin”. 

A pathologist evaluates this specimen to determine the distance between the edge of 

disease to the resection margin, this distance is referred to as the margin width (Figure 

1.1). Margin width is established by the pathologist measuring the distance from the 

outer edge of cancer cells to the edge of normal tissue that was excised. Based on 

the resection margin width, the adequacy of the resection is categorised as either 

“negative” (clear); “close” or “positive” (involved). Negative margins contain no cancer 

cells at the outer inked edge of the tissue. A positive margin is defined by cancer cells 

or tumour that extends to the edge of the sample (Figure 1.1). A close margin is where 

there are cancer cells close to, but do not touch, the rim of healthy tissue that is free 

of cancer. 

 

 
Figure 1.1 Diagram to illustrate the difference between negative, close and positive margins. The black 
arrow in the ‘negative’ and ‘close’ images depicts how a pathologist measures the margin width from 
the outer aspect of cancer cells to the outer edge of the healthy tissue excised by a surgeon. A ‘negative’ 
margin contains no cancer cells at the outer edge of the inked specimen. A ‘positive’ margin has cancer 
cells that extend to the edge of the specimen, but a ‘close’ margin is any distance between negative or 
positive margins. 
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1.3.1 Margin width practice 

 

Margin width dimensions in breast surgical practice in the United Kingdom vary 

between non-invasive breast cancer and invasive breast cancer. For non-invasive 

disease, namely ductal carcinoma in situ (DCIS), the negative margin width 

recommended by the National Institute of Clinical Excellence (NICE NG101) is two 

millimetres [24]. However, with invasive breast cancer, NICE advise to achieve a 

negative margin width of one millimetre. Chapter three of this thesis will discuss in 

more detail the international variation in margin width guidance, and how variation in 

negative, close or positive margins can affect local recurrence rates.  

 

1.3.2 Factors influencing positive margins 

 

There are several known predictors of positive margins in BCS which can be 

categorised into either clinical or pathological factors, as depicted in Figure 1.2. 

Clinical factors which lead to risk of a positive margin include larger tumour size, 

multifocality of disease, increased breast density, presence of mammographic 

microcalcifications and pre-operative localisation of impalpable tumours. In a large 

population-based cohort study, in which 25,311 patients who underwent BCS were 

assessed it was identified that larger tumours, described as over 5cm had a higher 

risk of a positive margin (odds ratio (OR) 6.31, 95% confidence interval (CI) 4.54 – 

8.77) compared to those between 2 to 5cm (OR 1.78, 95% CI 1.65 – 1.92) [25]. 

Multifocal tumours are described as tumours located within the same breast quadrant, 

which have resulted from a single cell tumour cell clone spreading within the ductal or 

lobular complexes. Multifocality has been shown to have a threefold increase in the 

risk of positive margins (OR 3.25; 95% CI 2.68 – 3.95) [25]. Breast density refers to 

the mammographic density of the breast correlating to the amount of radiodense 

fibroglandular tissue that exists, and can increase the risk of breast cancer four-fold 

[26]. Breast density is also a predictor of a positive margin, with those with the most 

dense breasts having an increased odds for re-excision surgery (OR 3.2, 95% CI 1.2 

– 11) [27]. Calcifications, which present on mammograms as white opaque markings 

in a variety of distributions and morphologic patterns, and represent calcium deposits 
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also increase risk of positive margins. Specifically, the detection of calcifications 

increases the odds for re-excision surgery approximately two-fold (OR 2.14, 95% CI 

1.22 – 3.77) [28]. 

Pre-operative localization of impalpable breast tumours involves radiological 

insertion of a tumour guidance system, which is performed by a radiologist [29], and 

post-insertion imaging is then performed to confirm accurate placement. The surgeon 

then assesses tumour size and localization on imaging prior to surgery, and once they 

locate the tumour epicentre during surgery, they aim to remove a healthy rim of tissue 

around the lesion. The surgeon is predicting how wide this healthy rim should be, and 

therefore there is an element of imprecision here as the surgeon cannot directly 

visualise the healthy-cancer tissue interface. There are several categories of tumour 

localization systems to identify the epicentre of a tumour, wire guided localization or 

wire-free, with the latter further being divided into radioactive or non-radioactive 

techniques.  

Wires are inserted via a needle under radiological guidance and are deployed 

with a hook within or near the lesion [30]. Wires can dislodge or migrate following 

insertion [31]. Radioactive wire free localization techniques are radioactive occult 

lesion (ROLL) or radioactive seed localisation (RSL). ROLL utilises a radioactive tracer 

which is injected into a lesion under radiological guidance, whereas RSL involves 

inserting a radioactive iodine seed into a cancer which emits low-energy gamma 

radiation, and a handheld gamma probe is used by the surgeon to detect emitted 

radiation from ROLL or RSL during surgery [32, 33]. Advantages of these radioactive 

techniques is that they do not cause discomfort to the patient and that they have less 

involved surgical margins than wire localizations [34]. Non-radioactive localization 

techniques are more popular, and include a  ferromagnetic seed (Magseed®; 

Endomag, Cambridge, UK), or a reflector to electromagnetic radar signals (SAVI 

SCOUT®; Meritmedical, South Jordan, UT, USA) [31, 35, 36] which are also placed 

into the tumour under radiological guidance. Shirazi et al. performed a meta-analysis 

to compare the pooled re-excision rates following wire and non-wire localisation 

techniques, identifying ROLL was 12.6%, wire 20.8%, Magseed 13.4% and 

SAVISCOUT was 8.6%. Despite variety in localization techniques, there remains 

imprecision in identifying the tumour-healthy interface for surgeons leading to positive 

margins [30].  
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Pathological features that increase the risk of incurring a positive margin are 

DCIS, lobular histology, higher tumour grade, lymphovascular invasion, and extensive 

intraductal component. Breast tissue is composed of epithelial elements, namely 

lobules and ducts, but also stromal elements which surrounds these structures 

consisting of adipose and fibroconnective tissue with neurovascular components. 

DCIS is described as malignant cells within the ductal lumen, but have not invaded the 

basement membrane of the ductal lining [37]. DCIS is a strong predictor for re-excision 

surgery, whether it is present alone (OR 2.71, 95% CI 2.29 – 3.22), or present with 

invasive disease (relative risk (RR) 8.76; 95% CI 6.64 – 11.56) [25]. Lobular breast 

cancer is characterized microscopically by small discohesive tumour cells with scanty 

cytoplasm and monomorphic nuclei, found in single lines due to a lack of a cohesive 

cell-adhesion protein [38]. These features mean lobular cancer is detected less on 

mammograms, is more multifocal and is a risk factor for re-excision surgery (OR 2.79, 

95% CI 2.38 – 3.28) [25, 38]. All breast cancers are graded from one to three using 

the Bloom-Richardson system, taking into account nuclear pleomorphism, mitotic 

count and the amount of tubule formation, and reflects how abnormal the cancer cells 

appear under the microscope in comparison to normal cells [39]. Grade two (OR 1.38, 

95% CI 1.27 – 1.51) and three (OR 1.32, 95% CI 1.19 – 1.46) tumours are associated 

with a higher risk of a positive margin [25]. Lymphovascular invasion is defined as the 

presence of tumour cells within either lymphatic or vascular  endothelial lined spaces, 

and is known to increase the risk of metastasis [40] and positive margins (OR 1.63, 

95% CI 1.33 – 2.01) [25].  
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Figure 1.2 Table highlighting clinicopathological features which contribute to positive margins. 

 

1.4 Re-excision Surgery 

 
Where patients are found to have residual cancer cells in their excised specimen (i.e. 

positive or close margins) it has long been recommended that they undergo further 

surgery. This surgery is either re-excision of margins whereby the previous tumour 

cavity is identified, and a further rim of tissue is excised from the relevant margin, or 

completion mastectomy. It is known that residual disease increases the risk of local 

recurrence [41-43].  

 It is important to note that in patients with positive or close margins who undergo 

re-excision surgery, there is still an issue of disease persistence within the re-excised 

margin. Various studies have explored disease persistence at the newly excised 

margin, and rates of persistent disease ranged from 25.8% to 65%, with 

clinicopathological variables contributing [44-46]. This indicates there is a clinical need 

to have techniques that can improve the precision of disease detection within the 

tumour cavity intraoperatively or detect whether margins are clear at the time of 

surgery. 
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1.4.1 GIRFT Report – How to Tackle The Problem of Re-excision 
Surgery 

 

The “Getting It Right First Time“ (GIRFT) is a national programme within the National 

Health Service (NHS) aiming to improve patient care and outcomes. GIRFT identifies 

national delivery of services and care, with the aim to minimize variation. In 2021, the 

GIRFT report for breast surgery data was accumulated from 130 hospital trusts across 

England, where in total over 100,000 breast procedures were carried out from 2015 to 

2018 [47]. Data was gathered from the hospital episode statistics database. 

The GIRFT report identified that between 2014 to 2017 the national average re-

excision rate for patients undergoing BCS was 19% [47]. A relevant finding was that 

national re-excision rates ranged from 8 to 33% [47].  Following a wide local excision, 

re-excision surgery was a margin shave, and therefore these patients still achieved 

breast conservation. However, the second surgery where mastectomy was required 

due to inadequate margins, varied from 2.54% to 34.38% [47]. It is also important to 

note significant differences in practice amongst different hospital trusts, with 13 trusts 

having a re-excision rate of 25% but only eight trusts had re-excision rates less than 

the national average at 12.5% [47]. Therefore, GIRFT has highlighted significant 

national variation in breast surgery performance. 

Interestingly, the data presented by GIRFT is from the past ten years of surgical 

practice, and if compared to data from prior to this there has been a minimal reduction 

in re-excision rates. Jeevan et al. assessed 55,297 patients who underwent BCS from 

2005 to 2008, from 156 hospital trusts (data also from hospital episode statistics) [48]. 

They identified 20% of women needed at least one breast re-operation. In 29.5% of 

patients with DCIS, they required at least one further operation compared with 18% of 

patients with invasive breast cancer [48]. They also concluded practice varied amongst 

trusts ranging from re-excision rates of 12.2% to 30.2%, when adjusting for 

clinicopathological factors [48]. Therefore, in the past 12 years there has been almost 

no change in average re-excision rates. 

It is evident that because of imprecision in breast conserving surgery, the 

burden of close/positive margins and re-excision surgery is an urgent healthcare 

problem to be addressed. GIRFT serves to reduce national variation in breast surgery, 
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and suggested several recommendations to help reduce re-excision rates [47]. These 

include better use of localising techniques; improved accuracy of MDT 

(multidisciplinary team meetings) to complete diagnostic work-up and preoperative 

assessment of disease extent and the use of primary systemic therapy. Relevant to 

this thesis, GIRFT suggests adopting the use of intraoperative margin assessment 

(IMA) techniques. Although GIRFT suggests use of IMA techniques, they stop short of 

recommending a specific technology, as they require robust evidence from clinical 

trials. To date, there is no single IMA technique validated in clinical trials. 

 

1.4.2 Harmful Impact of Re-excision Surgery 

 
Re-excision surgery can cause a harmful impact not only to the patient, but also to the 

healthcare system (Figure 1.3) as outlined below: 

 

 
Figure 1.3 Schematic identifying how re-excision surgery impacts the patient and the healthcare 
system. Re-excision surgery can delay radiotherapy or chemotherapy; affect the cosmetic appearance 
of the breast; lead to anxiety, stress and affect quality of life; have financial implications to the patient 
due to delayed return to work but also puts a financial burden onto the healthcare system; there is a 
risk of mastectomy if positive margins persist; there is an environmental impact due to emission of 
greenhouse gases from further surgery. 
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1.4.2.1 Impact on adjuvant therapy 

 

Breast cancer care is multifaceted, and the initiation of adjuvant therapy must be 

delayed until the patient has evidence of clear margins. It has been reported that 

completion of adjuvant therapy can take up to at least one year following surgery [49]. 

The optimal time to initiate adjuvant chemotherapy is unknown, however there is 

evidence that in particular types of breast cancer with a less favourable receptor status 

(triple negative or human epidermal growth factor receptor 2 positive status) who start 

chemotherapy more than 61 days after surgery compared to those who start one 

month after surgery had worse survival (hazard ratio (HR) 3.09; 95% CI, 1.49 to 6.39 

and 1.54; 95% CI 1.09 to 2.18) [50]. Similarly, with radiotherapy the importance of the 

time interval between surgery and initiation of radiotherapy, has not been well studied. 

However again there is evidence to show that significant delays of more than three 

months can contribute to a higher risk of mortality (HR 3.84; 95% CI 3.01-4.91) [51]. 

Delayed adjuvant therapy can therefore affect overall oncological outcomes in terms 

of survival, but also delay a patient’s road to recovery if there are treatment delays 

influencing their perceptions of cancer care and affects their quality-of-life related 

outcomes [52]. 

 

1.4.2.2 Cosmetic outcome 

 

Reoperative intervention  risks poor cosmesis, and may negatively influence patients’ 

perceptions of aesthetic outcomes [53]. Patient reported outcome measures (PROMS) 

are a method to assess the quality of care delivered to patients from their perspective 

and are collected in short self-completed questionnaires. In a study where 564 women 

underwent re-excision BCS, it was evident that they had statistically significant lower 

breast satisfaction scores using BREAST-Q, a type of PROMS, than those who did 

not require re-excision surgery, particularly immediately post-operatively (73.6 ± 20.8 

vs. 77.6 ± 20.2, p=0.009) [54]. Re-excision by definition, means a larger volumes of 

tissue will be excised, and Cochrane et al. have reported that patient satisfaction with 

cosmesis is 83.5% when low volume tissue is excised, compared with only 37% 

patient satisfaction when larger volumes (of more than 20% breast volume) was 

removed [55]. 
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1.4.2.3 Psychosocial and emotional impact 

 

Anxiety is defined as ‘a normal response to unpleasant stimuli’ leading a patient to 

adapt to these responses [56]. However, if there is an imbalance in coping 

mechanisms, a patient can be under undue stress, and hence why anxiety is one of 

the commonest psychological challenges a patient with breast cancer is expected to 

face. Several factors, which can be categorized, contribute to anxiety in breast cancer 

patients namely physical, psychosocial and environmental [56].  

Physical factors which trouble patients include side effects of adjuvant therapy, 

hormonal changes, fertility issues, and increased fatigue [57]. Psychosocial 

adjustment is reported following BCS [58], including cognitive changes, mood 

disturbances and sexual well-being which can be protracted [59]. In a study where 

PROMS were assessed, patients who underwent re-excision BCS had lower sexual 

well-being scores two years postoperatively than women who underwent primary BCS 

(64.0 ± 22.7 vs. 70.2 ± 22.5, p=0.011) [54]. Patients who undergo BCS have altered 

perception of their body image. If anxiety is not addressed during treatment, there is a 

risk of development of clinical anxiety disorders such as post-traumatic stress disorder 

and even clinical depression [60].  

Environmental factors contributing to anxiety include numerous hospital visits 

which impacts on day-to-day life, but can have financial implications if their work is 

affected or there are care-giving costs [61]. Re-operative intervention is likely to delay 

a patient’s return to work. Employment provides not only an income for a patient, but 

also health benefits [62]. Studies demonstrate that certain breast cancer patients do 

not return to work, with one study reporting up to 21% of patients do not return, and 

those who suffer significant psychological consequences are least likely to return [63]. 

Re-excision surgery can further compound on the factors described above and create 

further anxiety. 

 

1.4.2.4 Higher cost and healthcare utilization 

 

Re-excision surgery has financial implications not only for the patient, but also the 

healthcare system [63, 64]. One study computed that re-excision costs the NHS up to 
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£2136 per patient, equating to £118 million per annum additional cost to the healthcare 

system [65]. Histopathology departments are already stretched, and specimens from 

re-excision surgery creates a further workload. Only 3% of histopathology departments 

have enough staff to meet clinical demands [66]. 

 Surgical site infection (SSI) is associated with revisional procedures, and a 

retrospective cohort study has shown that re-excision BCS carries a 2.44% risk SSI, 

and SSI remained significantly higher when accounting for multiple revisional 

procedures (odds ratio 1.34, 95% confidence interval, 1.07-1.67) [67]. Of note, if a 

patient with a positive margin required a mastectomy and reconstruction, there is a 

higher risk of SSI associated and therefore incurs a further cost to the healthcare 

system [68]. 

 

1.4.2.5 Risk of mastectomy 

 

Multiple indications for mastectomy exist, however in the context of this thesis a 

mastectomy needs to be considered for a patient with BCS if they have persistently 

positive margins and there is a lack of breast volume to retain cosmesis [69]. The 

GIRFT report states that the number of women who require conversion to a 

mastectomy following an initial BCS procedure within the first year of surgery ranged 

from 2.54% to 34.48%.  

 Mastectomy has significant implications for patients and the healthcare system. 

As expected, patients who require a mastectomy experience a greater psychosocial 

distress [70]. However, it is well evidenced that having reconstruction with a 

mastectomy can lower this level of distress,  For example, a meta-analysis by Chen 

et al. reported a decrease in the incidence of anxiety (RR=0.54, 95% CI 0.32-

0.93,p=0.0006) and depression (RR=0.54, 95% CI 0.32-0.93,p=0.02) in patients 

receiving reconstruction [71]. Reconstruction could be an autologous free flap 

(vascularized tissue from the patient) or an implant/expander based form, with this 

being offered at the time of mastectomy or delayed following adjuvant treatment [72]. 

GIRFT estimates the average cost of a initial free flap reconstruction at £6548 

compared to £3824 for an implant based operation. BCS is normally a day case 

procedure, but GIRFT reports only 19% of patients undergoing a simple mastectomy 

are discharged the same day, with mastectomy and implant based reconstruction 
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having an average length of stay of two days, with mastectomy and free flap 

reconstruction having an average length of stay of seven days [47]. The cost of the 

mastectomy and hospital stay is an implication following surgical re-excision. 

Complications related to mastectomy and reconstruction are extensive and include 

seroma, haematoma, capsular contracture and need for revisional surgery, which also 

have financial consequences to the healthcare system [73]. 

 

1.4.2.6  Environmental impact 

 

Climate change is a global issue that is most associated with devastating 

environmental disasters, caused by the emission of the greenhouse gases (carbon 

dioxide, methane and nitrous oxide). The healthcare industry is a direct contributor to 

climate change responsible for 4.4% of greenhouse gas emissions globally, and the 

NHS in England is responsible for 25 mega tonnes of carbon dioxide equivalents [74, 

75]. The main mechanism by which healthcare industries contribute to greenhouse 

gas emissions is from production from the operating room itself, with a single operation 

itself producing between six kilograms (kg) to 814kg of carbon dioxide alone, which is 

equivalent to an average petrol car travelling at 2273 miles [74]. Other contributors 

from healthcare industries are the anaesthetic gases used, consumable supply chain, 

sterilization of equipment and electricity required to power an operating room.   

Breast cancer surgery is a significant contributor to greenhouse gas emissions 

due to the high volume of procedures and the shorter operating times compared to 

other surgical specialities [74]. Re-excision surgery for positive breast margins is 

therefore a cause for concern and strategies to reduce this should be sought. Some 

of the methods to mitigate greenhouse emissions in healthcare include patient 

selection and surgical decision making; altering delivery of anaesthesia to low flow 

rates and anaesthetic alternatives; recycling and prioritisation of reusable medical 

devices [76]. In the context of this thesis, there is a clear clinical requirement to 

adequately identify breast cancer intraoperatively at the time of primary BCS to reduce 

the need for re-excision surgery.  
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1.5 Techniques to Reduce Reoperation Rates 
 

As outlined above (sections 1.4.2), there is a clear need to tackle imprecision in breast 

conserving surgery, as re-excision has a significant societal impact. Therefore, non-

surgical and surgical approaches need to be discussed in attempt to find solutions to 

reduce re-excision surgery rates. This section will in turn discuss these different 

approaches and present the advantages and disadvantages of each. 

 

1.5.1 Non-Surgical Approaches 

 

There have been substantial developments in neoadjuvant and adjuvant therapies, 

allowing for improved survival [18], due to our understanding of breast cancer biology 

and genetics. It could be argued that the use of such therapies, including endocrine 

treatment, chemotherapy or radiotherapy could negate the effect of positive margins, 

and therefore avoid re-excision. Despite a paradigm shift in precision medicine neither 

chemotherapy, radiotherapy nor endocrine treatments can substitute for re-excision to 

achieve clear margins [77]. There are no prospective randomised trials and hence no 

evidence to support this. The risk of local recurrence exists even in low-risk tumours, 

and therefore accepting positive margins is presently unacceptable.   

 

1.5.2 Surgical approaches 

 
1.5.2.1 Increase Volume of Tissue Excised 

 

Thus far I have discussed standard BCS. However, an alternative oncoplastic BCS 

also exists, which extends the principles of BCS by integrating plastic surgery 

techniques for immediate re-shaping of the breast after wide excision of the tumour 

[78]. Oncoplastic BCS can be classified into two levels, level I and II. A level I 

procedure is selected if less than 20% of the breast volume is being excised, and 

where no skin excision is required. A level II procedure is where 20 – 50% of the breast 

volume is excised requiring skin excision to restore breast shape [78]. 
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By increasing the volume of tissue excised with oncoplastic BCS, the chances 

of a positive margin have been shown to be lower [79-81]. A systematic review by De 

La Cruz et al. identified 39 studies where oncoplastic BCS was performed, and re-

excision rates ranged from 0% to 26.7%, with a weighted average re-excision rate of 

6% and conversion to mastectomy rate of 6.2% [82]. Chen et al. report that re-excision 

rate was significantly lower in oncoplastic BCS compared to standard BCS (RR 0.06; 

p=0.001) [83]. In a meta-analysis of 18,103 patients where standard BCS was 

compared to oncoplastic BCS, oncoplastic BCS had a lower risk of re-operation (RR 

0.64; 95% CI 0.46 – 0.89); p=0.01) but once publication bias was adjusted for 

differences in re-operation became insignificant (RR 0.86; 95% CI 0.56-1.31;p=0.44) 

[84]. Similarly publication bias was noted in a recent Cochrane study comparing 

oncoplastic BCS to standard BCS, where there oncoplastic BCS favoured lower re-

operation rates (RR 0.76; 95% CI 0.69 – 0.85; p=0.003) [85]. 

Oncoplastic BCS has several disadvantages which counterbalances a lower 

positive margin rate and cannot be a generalised technique recommended to reduce 

re-excision rates. Firstly, it requires specific oncoplastic training. Secondly, not all 

patients are amenable  for oncoplastic techniques, with relative contraindications of 

multifocal tumours, low volume breasts with a lack of ptosis, and medical co-

morbidities [86]. Complications for oncoplastic BCS include liponecrosis, skin 

necrosis, seroma, infection, nipple necrosis and delayed wound healing, and are like 

that of standard BCS. However, Tenofsky et al. identified patients undergoing 

oncoplastic BCS compared to standard BCS had a higher rate of non-healing wounds 

(8.6% versus 1.2%; p=0.042), and a higher rate of fat necrosis (25.9% versus 9.5%; 

p=0.009) [87]. 

 

1.5.2.2 Selective or Routine Cavity Shave Margin Excision 

 

Selective margin excision involves removing an extra area of tissue within the tumour 

cavity following tumour excision, where it is believed there is likely to be residual 

cancer, either due to the surgeon palpating the lesion at the edge of a BCS specimen 

or else if specimen radiographic imaging suggests close margins (see section 1.7.1.1). 

The SHAVE trial is level I evidence in support of immediate routine cavity margin 

shaves [88]. In the SHAVE trial, Chagpar et al. randomised patients undergoing partial 
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mastectomy (wide local excision) to undergo either selective shaves as described 

above or comprehensive cavity shaves of all radial margins [88]. Prior to 

randomization, there was no significant difference in rates of positive margins between 

the shave (36%) and no shave group (34%, P = 0.69) [88]. Cavity margin shaves 

involve circumferentially taking shaves of tissue from all aspects of the cavity and 

orientating these (normally via a suture) for histopathological validation. Retrospective 

[89-91] and prospective studies [88, 92-94] have identified that cavity margin shave 

excisions can reduce re-excision rates, with the SHAVE II trial achieving a positive 

margin rate of 9.7% in the “shave” group compared to 36% in the “no shave” group 

(p=0.001) [93]. 

There is variability in undertaking BCS with cavity shave, dependent on the 

surgeon and institution [95]. Although a cheap, technology free way to lower re-

excision rates this solution lacks precision in identifying the healthy-tumour interface, 

and increases operative time compared to standard BCS (79 ± 4 minutes versus 67 ± 

3 minutes, p=0.0002) [95]. BCS aims to preserve cosmesis, however cavity shaves 

can cause a larger volume of tissue to be excised. Chagpar et al. documented that the 

median total volume of cavity shaves equated to 36.3 cm3 (range 2.1 – 440.2), and in 

comparison, to standard BCS this increases the volume of excision up to at least 50% 

more [88, 96]. 

 

1.6 Intraoperative Margin Assessment Techniques 
 

1.6.1 Traditional 

 

Currently established techniques for IMA include specimen radiography, frozen 

sections and imprint cytology. Each technique will be discussed to detail their accuracy 

rate and their advantages and disadvantages 

 

1.6.1.1 Specimen Radiography 

 

Specimen radiography (SR) has historically been used to assess if a non-palpable 

breast lesion has been adequately excised. Following excision of the cancer, 
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commonly a single two-dimensional (2D) radiograph is taken of the specimen. The 

surgeon will then identify if the lesion, and the localization method used to identify the 

tumour within the breast (i.e. magnetic seed, wire, or reflector) has been excised 

(Figure 1.4 A-B). If the lesion or any microcalcifications are close to any of the resection 

margins, then the surgeon may take a decision to excise further tissue from the 

resection cavity surface of concern. Conventionally, this is done by using a mobile 

radiography unit or taking the specimen to the radiology department, where the 

specimen is compressed between two mammography plates or a portable unit exists 

within the operating theatre and the surgeon places the specimen onto a plate already 

orientated, and images are taken [97]. It is well evidenced that SR has poor diagnostic 

accuracy, with a recent meta-analysis highlighting that SR has a pooled sensitivity of 

53% (95% CI: 45 – 61%), and specificity of 84% (95% CI: 77 – 89%) [98].  

A more advanced technology is digital specimen tomosynthesis, which takes 

multiple X-ray images of the specimen in 1mm slices to achieve a three-dimensional 

(3D) image construct [99]. Digital tomosynthesis provides a more detailed image for 

cancer detection particularly microcalcifications, as there is reduced anatomical noise 

from superimposed tissues [100], and avoids transportation so speeds up image 

acquisition time (Figure 1.4 C). Kaufman et al. described how conventional SR can 

take up to 20.7 minutes, whereas digital SR can take 1.1 minutes [101]. Compared to 

2D radiography, digital tomosynthesis has been evidenced in a recent meta-analysis 

to have superior sensitivity for cancer detection  (3D 76% versus 2D 67%) [102], with 

comparative clinical studies showing a range of sensitivity (66.67% to 91.67%) and 

specificity (74% to 91%) [99, 103]. 

The main limitation of specimen radiography is the inability to differentiate 

between cancer and fibroglandular tissue at the level of the edge of a specimen to 

guide a surgeon, hence why this method has a low sensitivity [104]. It has been 

demonstrated that following excision, breast specimens are flattened in height by up 

to 50%, and this can have implications in terms of margin assessment [105]. Digital 

tomosynthesis has improved accuracy however is very expensive to purchase and to 

maintain. Despite the ease of use of this technique, interpretation of images is 

subjective and to save time many surgeons interpret the image themselves. There 

remains imprecision in identifying residual disease at the specimen margin and 

specimen radiography is more useful if the person performing the localisation is 

present. 
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Figure 1.4 Illustration of the equipment for two dimensional (2D) specimen radiography and associated 
2D radiographs produced (a-b); and set up of the three dimensional (3D) digital tomosynthesis machine 
and associated 3D image produced. (A) A 2D radiograph where a Magseed® localisation technique 
has been used to find the epicentre of the cancer. The dotted blue line highlights the Magseed® location 
and associated cancer. It is difficult to establish the boundaries of the cancer. (B) A 2D radiograph from 
a patient who received neoadjuvant chemotherapy and to help identify the lesion post treatment, a 
SAVISCOUT was inserted. The dotted blue circle shows the location of the localizer and a previous 
biopsy clip. The orange arrows highlight two wires used to “bracket” where disease on preoperative 
imaging was seen. (C) A 3D image construct from a lesion which was localized with a Magseed.® This 
image gives more detail about the lesion extent. 

 

1.6.1.2 Frozen Section Analysis 

 

Frozen section analysis involves sampling tissue from areas from an excised 

specimen where the surgeon has concerns about residual disease (Figure 1.5 A) from 

either the specimen radiograph or macroscopic features [106]. The small pieces of 

tissue from these regions are placed in special medium and frozen at -20oC in a 

cryostat. The tissue is sliced into four micrometre slices and each tissue section is 

attached to glass slides and then stained with haematoxylin and eosin (H&E) [107, 

108]. An experienced pathologist reads the slides to identify the presence of normal 

or malignant breast tissue (Figure 1.5 B). A recent systematic review and meta-

analysis found that frozen section has a pooled sensitivity of 86% (95% CI: 78 – 91%) 

and pooled specificity of 96% (95% CI: 92 – 98%) [98], with evidence also to show 
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that this technique can reduce re-excision rates to 3.6% [109]. Other level one studies 

have found comparative accuracy rates [107, 110].  

Despite good accuracy rates, frozen section analysis is disruptive to surgical 

workflow as processing time can range from 13 minutes to 53 minutes [110], and 

occurs whilst the patient remains under anaesthesia. It also requires a histopathologist 

to perform and interpret results, which can be a challenge particularly out-of-hours if 

an operating list is extensive and hence incurs a cost to the pathology department. 

Other weaknesses of this technique are that it is less effective at detecting DCIS; only 

the region of interest is examined and not the entire surface; and the freezing process 

can affect tissue for routine histological analysis [111]. Thus, the diagnostic ability of 

frozen section is outweighed by the logistical set up required and lack of surface 

scanning ability. 

 

 
Figure 1.5 Illustration to depict how frozen section and imprint cytology are performed, and following a 
pathologist inspecting slides under a microscope the histopathological findings from the same specimen 
where a patient has invasive ductal carcinoma. (A) A freshly excised specimen is orientated as a 
clockface and small tissue samples are in this case taken circumferentially and prepared into slides 
following H&E staining (B) Under a microscope the histopathological findings following frozen section 
from one small area (C) One side of an excised specimen is pressed against a slide and then prepared 
to be read by a pathologist (D) A cytological slide following imprint cytology. (This illustration has been 
created from modified images from the following sources: Tamanuki et al., Osaka et al., and Pallialil et 
al. [ [48, 112-114] with permission from publishers granted). 
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1.6.1.3 Imprint Cytology 

 

With imprint cytology each surface of a resected specimen is positioned and pressed 

onto a slide (Figure 1.5 C). The slide is then fixed and stained and read by an 

experienced pathologist (Figure 1.5 D). It is based on the premise malignant cells will 

adhere to the slide, unlike adipose cells [111]. In contrast to frozen section analysis 

therefore, imprint cytology offers the ability to examine the whole resection surface. A 

recent meta-analysis demonstrated that imprint cytology has a pooled sensitivity of 

91% (95% CI: 71 – 97%) and pooled specificity of 95% (95% CI: 90 – 98%) [98]. 

Again, there is disruption to surgical workflow as here processing time has been 

reported to take up to 17 minutes [110], and an experienced pathologist is required to 

be available in theatre or at the time of surgery to interpret the slides. The effectiveness 

of interpretation of imprint cytology slides is impacted by several factors such as 

cauterization, dryness over the resection surface, and irregularity of the surface can 

alter results [111, 115]. There is also a limitation of measuring the distance of the 

tumour from the surgical margin [116]. Once again, the diagnostic accuracy of imprint 

cytology is offset by costs, availability of experienced staff and relies on specimen 

surfaces to be in optimal condition. 

 

1.6.2 Emerging Technologies 

 

Novel IMA technologies are currently being researched worldwide to improve precision 

in BCS. Based on their methodology, they can be broadly categorized into four groups. 

These technologies are imaging based (X-ray or magnetic resonance imaging (MRI)); 

optical imaging-based; detecting the electrical properties of tissue; and those 

technologies which exploit the biochemical differences in tissue (Figure 1.6) [117]. 
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Figure 1.6 Emerging IMA tools categorized into four groups; imaging (e.g. X-ray; MicroCT, Bruker Inc); 
Optical (e.g. fluorescence imaging, SPY Elite, Stryker); Bioimpedance (e.g. Margin Probe); Mass 
Spectrometry (e.g.iKnife, Waters). 

 

1.6.2.1 Technologies Using Imaging 

 

Certain imaging modalities can provide a surgeon with multi-dimensional images to 

guide them during surgery. The use of X ray; computed tomography (CT) and magnetic 

resonance imaging (MRI) focus on capturing anatomical structures.  

 

1.6.2.1.1 Micro-computed Tomography 

 

Micro-computed tomography (micro-CT) produces a 3D volumetric image of a breast 

specimen using high resolution CT, via a compact scanner that sits within the operating 

room (Figure 1.7). They can image specimens in the tens of microns range (70 to 

1000µm) and therefore have high spatial resolution [118]. A meta-analysis by 

Manhoobi et al. report a pooled sensitivity of 68% (95% CI: 34 – 90%) and pooled 

specificity of 69% (95% CI: 34 – 90%) [102]. Although commercial systems are 

available such as VSI-360™ (CLARIX Imaging), not many trials have been performed, 

but a recent observational study showed that out of 32 specimens imaged with micro-

CT, 64% correctly matched with final histology, with a negative predictive value of 89% 

[119]. Microcalcifications are the main discriminator in micro-CT images to distinguish 
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between benign and malignant tissue (Figure 1.7 A & B). The limitation of this 

technology is that there is often an inability to distinguish between tumour and 

fibroglandular tissue, and it cannot identify isolated microcalcifications but more of 

clusters [111]. Another drawback is the technology is expensive to purchase and 

maintain, and some radiologic training will be required by the user as interpretation of 

images will be subjective as for specimen radiography. 

 

 
Figure 1.7 Representation of the mobile units of a micro-CT and MRI system used for intraoperative 
assessment of an excised specimen, and the corresponding images acquired. (A) Micro-CT 
tomography system used to image a specimen with invasive ductal cancer, with the red arrow 
highlighting disease at the posterior margin. (B) Micro-CT image of a specimen containing ductal 
carcinoma in-situ, with evidence of calcifications at the edge of the specimen highlighted by the red 
arrow. (C) A freshly excised specimen inked with pathology ink and the white squares depict the areas 
scanned by the MRI system. (D) Following image processing the MRI system highlights which areas 
have disease (purple squares) and those with normal breast tissue (blue/black squares). 

 

1.6.2.1.2 Magnetic Resonance Imaging 

 

MRI exploits the magnetic properties of certain nuclei within tissue cells [111]. By 

placing a breast specimen into a MRI machine, which can stand within the operating 

room (Figure 1.7), the nuclei align due to the magnetic field. By then applying a 

radiofrequency pulse, this creates signals that can be converted into detailed images 

(Figure 1.7 C & D). One study where 77 specimens were imaged with a ClearSight™ 

(Clear-Cut Medical Ltd., Rehovot, Israel) found that MRI achieved a sensitivity of 91% 
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and specificity of 93% [120]. Similarly to micro-CT, the main disadvantage of MRI is 

the cost of the device and scanning times [111], and the requirement for training to 

interpret images with evidence that there is interpersonal variability in reading MRI 

scans [121]. Another notable limitation is the lack in ability of MRI to accurately detect 

DCIS [121, 122]. 

 

1.6.2.2 Technologies using optical imaging 

 

Tissue optical imaging technologies employ different wavelengths of light to illuminate 

tissue and then capture the interaction of light with tissue components via spatial and 

temporal data acquisition. Two of the hallmarks of cancer, increased vascularity and 

proliferation, are accessible to this technique. Optical techniques encompass an array 

of technologies including photoacoustic imaging, Raman spectroscopy, multimodal 

photon imaging, diffuse optical imaging and fluorescence imaging [123].  

 

1.6.2.2.1 Photoacoustic tomography 

 

Photoacoustic tomography combines the principles of photoacoustics and ultrasound 

to create images of tissue [123]. Here tissue is exposed to laser pulses, and absorbs 

the light energy and undergoes thermal expansion, generating ultrasonic waves. 

These waves are detected by an ultrasound transducer, in contact with the tissue, and 

converted to electrical signals (Figure 1.8 A). Vasculature is the main differentiating 

factor here between normal and cancerous tissue (Figure 1.8 B)[123]. In one study 

where 15 specimens were interrogated with this technology, the sensitivity was 100% 

and specificity was 96% [124]. 
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Figure 1.8 Representation of handheld devices used for photoacoustic imaging and Raman 
spectroscopy and the corresponding images produced from these devices. (A) The ultrasonic 
transducer once placed onto breast tissue produces a image which here shows a hypoechoic mass 
with irregular edges which relates to a tumour. (B) A corresponding photoacoustic image of the same 
area highlights as red which represents vessels feeding the tumour. (C) A Raman spectroscopy probe 
produces raw Raman spectra to help distinguish between normal (purple) and malignant (green) breast 
tissue. Each peak relates to a specific molecular vibrational bond. 

 

1.6.2.2.2 Raman Spectroscopy 

 

Raman spectroscopy, is a form of vibrational spectroscopy, that detects the interaction 

of monochromatic laser light with molecules by measuring the inelastic photon 

scattering [123]. The differences in energy between the incident and scattered photon 

relate to the biochemical composition of breast tissue and can be used in the form of 

a handheld probe for margin assessment (Figure 1.8 C). Majumder et al. found Raman 

spectroscopy could detect invasive breast cancer with a 99% accuracy, with data from 

74 frozen-thawed tissue samples [125]. Although results appear promising, only small 

sample sizes have been used in studies and only small areas of breast tissue 

interrogated. Other limitations of this technique are weak signal intensity, a minimal 

field of view so lacks the ability to scan a whole resection surface, and has limited 

penetration depth [123] which do not preclude it being a suitable IMA tool [126].  
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1.6.2.3 Technologies Based on Differences in Electrical Properties of Tissue 

 

Other handheld probe technologies exist, that can exploit the varying features of 

electrical properties of tissue, to determine positive margins. Malignant tissue has 

different electrical properties compared to benign tissue [117].  

 

1.6.2.3.1 MarginProbe 

 

MarginProbe® (Dune Medical Devices Ltd, Caesarea, Israel) is a commercialised 

device that measures local electrical properties in breast tissue within the 

radiofrequency range [127]. When tissues become malignant, physiologic changes 

occur which affect electrical properties. These changes are congruent with the 

hallmarks of cancer namely alterations in nuclear content, increased vascularity and 

changes in spatial cellular connectivity [128]. The MarginProbe® system applies an 

electrical field to breast tissue and analyses the reflection over a wide range of 

radiofrequency frequencies (Figure 1.9 A). Compared to other emerging technologies 

discussed in this chapter, there is evidence of prospective randomized trials 

investigating the efficacy of MarginProbe® , with one enrolling 596 patients  and 

achieving a sensitivity of 75.2% but a specificity of 46.4% [127]. However, it was noted 

there was a high false positive rate, and larger volumes of tissue were excised. A 

recent randomised control trial performed in the UK of 457 patients showed that 

MarginProbe® did not impact re-excision rates [129], however a recent systematic 

review exploring the use of MarginProbe®  in 2680 patients identified a 54.68% 

reduction in re-excision rates [130]. Despite the amount of work in this area this review 

has highlighted critical limitations to explain why MarginProbe®  has not been widely 

adopted including: a lack of breast tissue heterogeneity in studies; too few randomized 

controlled trials; single-centre or single-surgeon users leading to bias; minimal patient 

heterogeneity (many studies had older patients with low density breast tissue and 

subsequent lower margin re-excision rates); poor definition of margin width in studies 

[130].  
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1.6.2.3.2 Clear Edge 

 

In comparison, a different handheld device called Clear Edge™ utilises bioimpedance 

spectroscopy to assess intracellular and extracellular variations of tissue dielectric 

properties [131]. A study by Dixon et al. showed that this device had a sensitivity of 

84.3% and specificity of 81.9% [131]. Although this was a two-phase cohort study trial, 

there has been no randomized controlled trials reporting clinical data outcomes.  

 

 
Figure 1.9 Representation of MarginProbe and mass spectrometry devices as would be used in the 
intraoperative setting, and the corresponding images produced to help guide a surgeon about margin 
pathology. (A) The MarginProbe device identifies cellular changes associated with cancer and this is 
reflected in electrical properties. These signals are captured and compared to known tissue signatures 
to help distinguish between healthy or malignant breast tissue and produces red (cancer) or blue 
(healthy tissue) bars on a chart. (B) Following electrosurgical cautery during dissection of breast tissue, 
the aerosol produced represents release of cellular content to a gas phase. This gas is transferred via 
plastic tubing to a mass spectrometry machine which performs mass spectrometric chemical analysis, 
and machine learning helps to differentiate the chemical differences between tissue types. The graph 
represents mean spectral intensities of metabolites. Molecules are assessed by measuring the mass-
to-charge ratio (m/z) of molecular ions within the aerosol. 

 

1.6.2.4 Technologies Based on Biochemical Differences in Tissue 

 

Cellular metabolism differs between normal and malignant tissue. Electrosurgical 

dissection causes cellular lysis and release of cellular content into a gaseous phase 

[117]. Rapid evaporation ionization mass spectrometry (REIMS) can analyse the 
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smoke plume created from diathermy used in cutting breast tissue. REIMS quantifies 

the mass-to-charge ratio of aerolized particles and therefore reflects the chemical 

composition of recently evaporated tissues (Figure 1.9 B) [132]. St John et al. showed 

that REIMS could achieve a sensitivity of 90.9% and specificity of 98.8% [133], with a 

rapid turnover time. However, it has several disadvantages including the large footprint 

of existing machines impacting on theatre space and acoustic noise impinging on 

communication in theatre. REIMS is a destructive technique, hence accurate 

histopathological cross-reference to mass spectrometry signals may be challenging. 

[133]. 

 

1.6.3 Future IMA Tool Characteristics 

 

This chapter has discussed the significant impact of re-excision surgery and the 

clinical issue of imprecision in BCS. Despite a fundamental change in breast cancer 

management in terms of delivery of adjuvant treatment, there is a lack of progression 

in methods to improve precision to guide tumour excision intraoperatively to prevent 

positive margins. Imprecision could potentially be overcome if an intraoperative tool 

was available to assess the excised specimen (and even the cavity), on a microscopic 

and macroscopic level. An IMA tool with the ability to give rapid and accurate 

information about the micro-morphology of tissue over a wide field-of-view, would be 

an asset to breast surgeons to avoid further surgical procedures. Characteristics of 

any future IMA tool are considered below: 

 

• Speed - Surgeons require real time feedback to ensure surgical workflow is 

maintained. Ideally a device that relays information to the surgeon within 

minutes.  

• Scanning the entire surface of the specimen - A useful tool should provide 

the surgeon with a whole field-of-view of the specimen, not only a region of 

concern. The total area of an excised specimen from breast conserving surgery 

can be variable, and the time needed to scan therefore can be time consuming.  

• Adequate depth penetration- An ideal tool can penetrate to a depth of at least 

2mm as current margin guidance states the risk of local recurrence is 

decreased if no cancer cells are present from the surface of an excised 
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specimen at this distance. Chapter three will discuss the international debate 

on the adequate margin width and how this relates to the technology being 

investigated in this thesis. 

• Ability to discriminate between benign and malignant tissue - A successful 

tool must have the ability to detect histological changes at the margin, but 

consider the large inter-patient variation, as well as intra-patient variation of 

breast tissue with breast tissue heterogeneity as discussed in chapter two.  

• Utilisation and ideally interpretation by the surgeon alone - An effective tool 

must require minimal personnel, and ultimately not require a pathologist. 

Artificial intelligence and deep learning algorithms provide a path to remove the 

need for expert interpretation. 

• Accuracy - A high level of sensitivity and specificity to detect cancer will prevent 

further re-excision surgery. 

• Ergonomics - For efficiency in the operating room, any IMA tool must have 

ease of function. 

• Cost – A low-cost system is advantageous to any healthcare system, including 

costs attributed to maintenance of equipment. 

 

 
Figure 1.10 Schematic to highlight key characteristics of any future intraoperative margin assessment 
tool (IMA) for breast conserving surgery. Features that should be exhibited include speed of use to fit 
into surgical workflow; the ability to scan a whole resection surface of an excised specimen; a tool that 
can visualise beyond the surface of the specimen; breast tissue and patients are heterogeneous, an 
ideal IMA tool must account for this; the surgeon should be able to use the tool by themselves and not 
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rely on other trained staff; the best IMA tool must be accurate in discriminating between normal and 
malignant breast tissue; the IMA tool should have ease of function and not occupy too much room in 
the operating theatre. 

 

1.7 Thesis summary 
 

1.7.1 Hypothesis 

 

Breast cancer tissue exhibits distinct pathological and biochemical characteristics 

compared to normal breast tissue, and these differences can be detected and 

distinguished using multispectral imaging through their unique spectral signatures. 

Spectral databases can be built from spectral data derived from malignant and non-

malignant breast tissue in the ex-vivo and in-vivo setting, and this can be used to 

classify new breast tissue according to tumour or normal tissue type. Multispectral 

imaging can be used in the intraoperative setting to identify positive breast cancer 

margins and has the potential to be an IMA tool for surgeons. 

 

1.7.2 Summary 

 

In subsequent chapters, this thesis will explore the interaction between light and breast 

tissue (Chapter two) to help construct technology to detect breast cancer in the 

intraoperative setting. By exploring previous research on this topic, we can build on 

previous discoveries to add novelty to this area. Two important characteristics of any 

IMA tool include the depth penetration of light and spatial resolution. Chapter three 

establishes what margin width guidelines that are used internationally currently to 

achieve oncological negative margins in BCS, which is relevant to technology 

development. This area is further scrutinized to establish if there is enough evidence 

to decide on an exact negative margin width to lower the risk of cancer recurrence but 

also justify the use of an IMA tool intraoperatively. Chapter four is the first experimental 

chapter within this thesis and explores the interaction of diffusely reflected light with 

freshly frozen breast tissue samples, using a custom-built spectroscopy probe. The 

aim of this chapter is to develop a spectral library, in the form of an ex-vivo database, 
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to help train future machine learning models in the development of an IMA tool to be 

used in the intraoperative breast surgical setting. Results of this chapter are compared 

to findings from chapter two and are unique to this thesis as freshly frozen samples 

are used unlike previous studies; tissue heterogeneity is explored; machine learning 

classifiers are applied for spectral data analysis; and lastly the potential use of 

spectroscopy in other aspects of breast diagnostics is discussed.  

This thesis aims to explore the use of a custom-built multispectral camera for 

suitability in intraoperative breast cancer detection, as a potential IMA tool. Chapter 

five describes the background to multispectral imaging, and the hardware and 

software components of the multispectral camera utilized for subsequent experimental 

chapters. Multispectral imaging was used to interrogate both freshly frozen breast 

tissue samples in the ex-vivo setting in chapter five to establish a spectral database. 

Machine learning classifiers are used to assess the ability of multispectral imaging to 

distinguish between healthy and malignant breast tissue. Methodological challenges 

are discussed here, including the limitations of tissue samples used. Freshly surgically 

excised wide local specimens in the in-vivo setting are then imaged with the same 

multispectral system, and the performance metrics following data analysis are 

assessed. These results are compared to currently available IMA devices. In chapter 

six, to further assess the usefulness of multispectral imaging in the intraoperative 

setting, its ability to detect breast cancer is compared to a custom-built fluorescence 

imaging system. In this last experimental chapter, patients are given fluorescent 

agents which exploits another interaction of light and tissue, fluorescence. The ability 

of a fluorescent imaging system to distinguish between malignant and healthy breast 

tissue is compared to that of multispectral imaging. 

Finally, chapter seven provides a comprehensive summary of the key findings 

presented throughout this thesis and discusses how the work has contributed to 

advancing the development and application of multispectral imaging within the 

intraoperative setting of breast surgery.
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Chapter 2: Light – Tissue Interactions 
 

2.1 Tissue Optics Background 
 

The interaction between light and biological tissue is the basis of an optical IMA tool 

for precision breast surgery. Light delivered to biological tissues undergoes several 

processes, as illustrated in Figure 2.1 including reflection, refraction, scattering, 

absorption and intrinsic fluorescence occur [134]. 

 
Figure 2.1 Schematic showing the different processes light undergoes when it interacts with breast 
tissue. (1) Specular reflection is when light reflects at an equal but opposite angle to the incident light 
ray. (2) Scattering is a phenomenon that occurs when incident light interacts with the ultrastructures of 
tissue and is caused by variations in the refractive index. (3) In breast tissue light is absorbed by 
molecules called chromophores, namely water and b-carotene. (4) Light is also absorbed by 
haemoglobin (both oxygenated and deoxygenated forms) which are found in blood vessels. (5) Diffuse 
reflection is defined by how an incident light ray is reflected at many different angles from the tissue 
surface. (6) Fluorescence is where incident light is absorbed by molecules called ‘fluorophores’ and re-
emitted at a different wavelength. Relevant fluorophores in breast are nicotinamide adenine 
dinucleotide and hydrogen, flavin adenine dinucleotide, collagen, elastin and tryptophan and lipo-
pigments. (Image created using Biorender.com software). 
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2.1.1 Reflection and refraction 

 

Reflection and refraction of light within tissues, which are inhomogenous, is related to 

the change of direction and speed of light. When light rays reflect off a surface, they 

change direction. When light rays hit the uneven surface of biological tissue, they are 

reflected in many different directions, or “diffusely”. With reflection, light reflects into 

the same medium (Figure 2.2). Refraction is defined as the change of direction of a 

light ray when passing obliquely from one medium into another (Figure 2.2), in which 

the light speed (refractive index) differs [135]. 

 
Figure 2.2 Diagram illustrating the way in which the direction of light changes with reflection and 
refraction when an incident light ray hits breast tissue. With reflection the light hits the breast tissue 
surface and is reflected into the air in a different direction. Comparatively, with refraction the incident 
light ray passes through breast tissue and changes speed and direction. 

 

2.1.2 Scattering 

 

Light scattering is the way light behaves when it interacts with a medium that contains 

particles, or the boundary between different mediums where structures or defects are 

present. In relation to breast tissue, this is cellular components or tissue structures, 

respectively. In breast tissue, scattering is sensitive to breast density (reflective of 

fibroglandular content) [136]. Collagen is another scatterer, which is involved in tumour 

progression through increased collagen deposition [137]. 
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2.1.3 Absorption 

 

Light may be absorbed by molecules called “chromophores”, which include water, lipid 

and haemoglobin [138]. The main absorbers of light in breast include b-carotene 

stored in adipocytes (reflective of fatty tissue) and haemoglobin found within red blood 

cells (reflective of vasculature). Absorption of these molecules occurs in the visible 

spectral range (450 – 600nm) of the electromagnetic spectrum [139]. When light is 

absorbed, molecules extract energy. Absorption peaks are related to transitions 

between two energy levels in a molecule at a specific wavelength, therefore provide 

information about molecules response to light [134, 139]. 

 

2.1.4 Intrinsic Fluorescence 

 

Fluorescence is a further interaction of interest in tissue optics. Here, light energy is 

absorbed by fluorophores in the tissue (either endogenous or naturally occurring or 

else exogenous molecular probes) and then re-emitted at a longer ‘red-shifted’ 

wavelength [140]. Fluorescence in the visible and near infrared spectral ranges is 

typically a weaker interaction than scattering or absorption, although it becomes more 

significant for shorter wavelength (ultraviolet) illumination wavelengths. In breast 

tissue, inherent fluorescent molecules include nicotinamide adenine dinucleotide and 

hydrogen (NADH), flavin adenine dinucleotide (FAD), collagen, elastin and tryptophan 

and lipo-pigments [137]. 

NADH is a coenzyme integral for cellular metabolism [141] and NADH 

concentration changes during tumour progression [142]. Tumour growth causes a shift 

from oxidative phosphorylation to aerobic glycolysis [142]. NADH levels are expected 

to be higher in breast cancer tissue. Similarly, FAD is a coenzyme involved in cellular 

metabolism. FAD levels also change in breast cancer secondary to the metabolic 

requirements of tumour progression [143]. Normally NADH, acting as an electron 

donor, reduces FAD to FADH2. FADH2 is then oxidized to FAD following a few 

intermediate reactions [142, 143]. However, in tumour growth, there are more hypoxic 

conditions causing lower levels of FAD in breast cancer [143]. The NADH/FAD ratio is 

a more useful parameter in assessing the metabolic state of tissue [137]. 
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2.2 Systematic Review and Meta-Analysis 
 

Although there is an array of optical technologies being investigated worldwide, for the 

purposes of this thesis a systematic review was conducted focused on literature in 

which diffusely reflected light has been interrogated for breast cancer detection in the 

intra-operative setting. This focus on diffusely reflected light supports the basis of how 

instrumentation for experimental chapters in this thesis have been designed. Only 

papers that exploit endogenous breast tissue properties have been evaluated here, 

rather than studies relying on exogenous agents. To date, there has been no recent 

review appraising the effectiveness of technology which uses spectrally-resolved 

diffusely reflected light tested intraoperatively. This review enables the evaluation of 

the utilization of diffusely reflected light as a potential intraoperative margin 

assessment tool in breast conserving surgery and informs the work of this thesis with 

respect to the further research required to progress the field. 

This review identified three optical imaging techniques capitalising on 

reflectance of light that may be sub-categorized into three related areas including a) 

diffuse reflectance spectroscopy (DRS) b) multi- or hyperspectral imaging (MSI/HSI) 

and finally c) spatial frequency domain imaging (SFDI). Figure 2.3 illustrates the 

hardware components and visual outcome of each technique. 

 

2.2.1 Diffuse Reflectance Spectroscopy 

 

Diffuse reflectance spectroscopy (DRS) measures the intensity of diffusely reflected 

light as a function of wavelength [144, 145]. To allow for DRS measurements a fibre 

optic probe is in contact with tissue. This probe contains several fibres, one of which 

is connected to a broadband light source and transmits light to the tissue being studied 

(Figure 2.3 A). Light is then diffusely reflected (sensitive to absorption and scattering) 

in tissue and collected by different fibres within the probe for measurement by a 

spectrometer. A spectrometer captures light through a narrow slit, which is then 

reflected onto a concave mirror. The collimating light beam that is produced, is directed 

onto a diffraction grating. The grating disperses the spectral components of light at 
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varying angles, which is then focused by a second concave mirror and imaged onto a 

detector. The detector measures the amount and intensity of light absorbed at each 

wavelength, and then digitalizes the signal as a proportional electrical signal which is 

displayed via a computer. Spectroscopy instrumentation is further discussed in chapter 

four (section 4.3). Important characteristics of the spectrum that is measured is the 

spectral resolution, which determines the closest wavelengths that can be determined 

and spectral range in which spectra are measured [146]. 

Tissue morphology determines the amount of absorption and scattering of light 

which can then be inferred from changes in the DRS spectrum [147]. Various methods 

allow the spectral analysis of diffuse reflectance, to enable the extraction of useful 

information about the optical properties of biological tissues. This is described as 

diffuse reflectance modelling. Most methods used to model diffuse reflectance from 

biological tissues involve approximations to the radiative transport equation (such as 

diffusion theory) which incorporate potential inaccuracies and deviations into the final 

model [148, 149]. Monte Carlo simulations is a commonly used method for spectral 

analysis [150]. This statistical method relies on calculating the propagation of many 

photons. Therefore, data processing requires long computational times [151]. To 

overcome this, machine learning methods may be utilized for data processing and 

these techniques are discussed in chapter four. 
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Figure 2.3 Schematic of the three imaging categories; (a) diffuse reflectance spectroscopy, (b) 
multispectral/hyperspectral imaging; (c) spatial frequency domain imaging. (A) With diffuse reflectance 
spectroscopy a probe is applied to a tissue sample. The probe delivers light to tissue in one fibre, and 
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in different fibres collects diffusely reflected light which is measured by a spectrometer. (B) Multispectral 
or hyperspectral imaging systems capture light reflected from a tissue sample via a lens, which has 
been illuminated with light from an external source. The spectral filtering component selectively 
disperses light according to its wavelength onto a charged couple device (CCD), which breaks the two-
dimensional image elements into pixels. Each pixel (depicted by a red square) represents a spectral 
band of the electromagnetic spectrum. A three-dimensional data cube is generated which has spatial 
and spectral coordinates. (C) With spatial frequency domain imaging systems, a projector illuminates 
the target tissue area with a two-dimensional light pattern composed of various frequency modulations 
of a sinusoidal wave. The reflectance pattern of this sinusoidal patten is captured by the camera lens. 
The CCD component picks up the emitted diffuse light, which then undergoes demodulation by a 
computer to extract diffuse reflectance. Demodulation is a process that calculates amplitude modulation 
for every pixel of the image. Optical properties per pixel are extracted using light propagation models. 

 

This review does not evaluate literature where exogenous agents have been 

given to enhance fluorescence. However, the use of fluorescence spectroscopy is 

evaluated ‘intrinsic fluorescence spectroscopy (IFS)’, as it is seen used with DRS in 

several studies. Here, the acquired fluorescence signal is leveraged to probe the 

presence of inherent fluorophores [152]. Fluorescence spectroscopy, as a separate 

entity, is not evaluated as it is outside the scope of this thesis. However, in chapter six 

the topic of fluorophores is discussed. 

 

2.2.2 Multispectral/Hyperspectral Imaging 

 

Spectral imaging is a technology that combines conventional imaging with 

spectroscopy (Figure 2.3 B), to obtain spatial and spectral information of an object 

[153]. Traditional optical imaging techniques such as red-green-blue (RGB) cameras 

only use three visible bands of light and have limited identification capability. Spectral 

imaging uses significantly more bands, helping to identify the alterations in tissue 

caused by tumour progression. Spectral imaging can be divided into either 

multispectral (MSI) or hyperspectral (HSI) categories, depending on the number of the 

acquired spectral bands, or else the spectral resolution [153]. Chapter five of this 

thesis elaborates on components of spectral imaging. 

Multispectral or hyperspectral imaging systems contain a lens which captures 

light reflected from a tissue sample, which has been illuminated with light from an 

external source. Light enters the spectral filtering component, which selectively 

transmits light according to its wavelength. Like spectroscopy, this component 

disperses each wavelength of light to focus onto a charged couple device (CCD). A 
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CCD is a sensor that breaks the two-dimensional image elements into pixels. Each 

pixel represents a spectral band or part of the electromagnetic spectrum. 

Image quality is paramount in spectral imaging to determine the amount of 

information about tissue being studied. Several parameters characterize the image 

captured including spatial resolution, lowest detectable signal, dynamic range, and 

field of view [146]. Spatial resolution determines the smallest discernible features 

amongst tissue being imaged, and depends on the signal quality, wavelength of light 

illuminating tissue, the aperture of the lens, magnification and pixel size of the CCD. 

Lowest detectable signal is reliant on the efficiency of the detector, noise level of the 

system and the numerical aperture of the optics. Dynamic range of the acquired data 

is defined by the ratio between the maximum and minimum measurable light 

intensities (white and black images essentially). Field of view (FOV) represents the 

maximum area that can be imaged [146]. 

The human eye only perceives light in the visible range (400 – 700 nm) which 

is a very small portion of the EM spectrum, but MSI/HSI systems frequently acquire 

bands from the ultraviolet through to the near infrared (NIR) spectral ranges. MSI/HSI 

creates a three-dimensional dataset called a ‘hypercube’ which has both spatial and 

spectral coordinates (Figure 2.3 B and 2.4) [154]. A three-dimensional hypercube is 

generated which is comprised of a set of two-dimensional images of a sample and 

records spectral information of each pixel in the image. Multispectral imaging provides 

discrete and discontinuous portions of the spectral range, whereas hyperspectral 

imaging uses a larger number of contiguous bands. 
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Figure 2.4 Illustration of a ‘hypercube’ produced from a spectral imaging data set. Each two dimensional 
small square (x,y) represents a pixel. Each three dimensional small square represents a spectral image 
(x,y,l). A hypercube can be interpreted as an image (x,y) at each wavelength (l), or as a spectrum at 
every pixel (x,y). (Modified from Garini et al.[148]). 

 

The benefit of the NIR range is that it augments vision of the human eye and it 

has the ability to penetrate tissue from several millimetres (mm) to centimetres (cm) 

due to reduced scattering and absorption [155]. MSI/HSI allows for a greater surface 

area of tissue to be imaged in real time compared to probe-based DRS [156]. 

 

2.2.3 Spatial Frequency Domain Imaging 

 

Spatial frequency domain imaging (SFDI) can separate the effects of the absorption 

and scattering of tissue. SFDI projects a two-dimensional light pattern onto a sample, 

which consists of sinusoidal stripes of varying spatial frequencies (i.e. stripes per mm) 

and a digital camera captures the reflectance image (Figure 2.3 C). Due to the 

absorption and scattering within the medium, the visibility of the projected pattern 

decreases, resulting in a measurable change in modulation depth. The demodulation 

is calculated for every pixel of an image for several spatial frequencies, from which a 

light propagation model can be used to extract the optical properties [157]. 
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2.3 Methodology 
 

2.3.1 Literature Search Methodology 

 

Using the ‘Preferred Reporting Items for Systematic Reviews and Meta-analyses’ 

(PRISMA), a literature review was conducted. An electronic search of Medline, 

Embase and Scopus databases was conducted. Studies relevant to this review were 

identified from July 1985 to December 2021. Suitable search terms defining both 

‘breast cancer’ and ‘breast surgery’; were identified. These were then combined using 

the Boolean operator ‘AND’ for search terms identifying the optical technologies being 

investigated in this review. The aim was to identify the use of the above three 

discussed modalities in the intraoperative setting, rather than the pathology setting. A 

combination of ‘Medical Subject Headings’ (MeSH) and free text words were identified 

to capture the various sections of the research question. Relevant papers were 

imported into Covidence software (Veritas Health Innovation, Melbourne, Australia) 

where duplicate papers were removed. The full search strategy is available in 

Appendix A. This review and meta-analysis were registered with PROSPERO (CRD 

42022356216). 

 

2.3.1.1 Study selection 

 

Title and abstract screening were conducted according to pre-defined inclusion and 

exclusion criteria (Figure 2.4).  
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Figure 2.5 Inclusion and exclusion criteria used to screen abstracts 

 

2.3.1.2 Data Collection 

 

Independent assessment of selected studies by two investigators (Dhurka 

Shanthakumar and Colm Kelliher (BSc student)) was conducted using Covidence 

software. Any conflicts were discussed and resolved with explanations of ‘yes’, ‘no’ or 

‘uncertain’. All ‘uncertain’ cases underwent full text screening and were discussed with 

Dr Maria Leiloglou and Professor Dan Elson. A pre-defined Excel spreadsheet was 

used to collate the required information. Data extraction included sample size; 

wavelength of light; type of modality used and its type (i.e., probe geometry/imaging 

set-up); data acquisition time; tissue area sampled; tissue histological subtype under 

evaluation, and diagnostic accuracy to detect cancer. 
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2.4 Meta-Analysis 
 

Before meta-analysis, studies were divided into two main sub-categories, namely 

either probe-based studies or imaging-based studies. Conclusions drawn from data 

analysis from these categories has informed designing experimental chapters four and 

six, and to ensure novelty within this thesis. Within these categories, further 

subdivisions occurred as depicted in Figure 2.5. Specifically, probe-based studies 

were divided into diffuse reflectance spectroscopy (DRS) or diffuse reflectance 

combined with intrinsic fluorescence spectroscopy (DRS-IFS). Imaging-based studies 

were divided into hyperspectral imaging (HSI) or spatial frequency domain imaging 

(SFDI). 

 

 
Figure 2.6 Studies were divided into probe-based (point based) or imaging-based studies (whole field-
of-view). Within these groups further subdivisions occurred. Probe-based studies were divided 
dependent on the type of modality described in studies:  diffuse reflectance spectroscopy (DRS) or DRS 
combined with intrinsic fluorescence spectroscopy, that is the probe system relies on the inherent 
fluorescent properties of breast tissue rather than when exogenous agents are given. Imaging based 
studies where subcategorized depending on the type of hardware components used: 
multi/hyperspectral imaging or spatial frequency domain imaging. 

 

Heterogeneity between the studies for each main group, and subsequent group 

subdivisions was calculated using the Q statistic and was performed by Dr Maria 

Leiloglou. The null hypothesis was that the sensitivity (or the specificity) was the same 

in all the studies and that any in-between study variations in sensitivity (or specificity) 

All Studies

Probe-Based Studies

Diffuse Reflectance 
Spectroscopy 

Diffuse Reflectance 
Spectroscopy & Intrinsic 

Fluorescence Spectroscopy

Imaging Based Studies

Muliti/Hyperspectral 
Imaging

Spatial Frequency Domain 
Imaging
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existed only due to sampling errors. After extraction of the Q statistic, the 

corresponding p-value was calculated with the use of the cumulative chi-squared 

distribution and with N-1 degrees of freedom, where N was the number of studies in 

each group. Alongside the p-value of the Q statistic, the posterior probability for 

heterogeneity Pr(Het|Q) was used as an in-between study heterogeneity indicator 

[158]. This probability was calculated according to Bayes theorem, taking into 

consideration the power of the Q test, the significance level used (a=0.05), and a prior 

probability for heterogeneity [159]. This prior probability reflected the observed in-

between study heterogeneity including tissue samples and hardware equipment used, 

data acquisition / processing and ground truth extraction methods. In the cases where 

the null hypothesis could not be rejected, the posterior probability Pr(Het|Q) was close 

to the prior probability for heterogeneity for a Q test of low power or far from the prior 

probability for a Q test of high power. Both a fixed and a random effects model analysis 

were used to extract pooled sensitivity/specificity. Finally, the pooled 

sensitivity/specificity values for probe-based studies were compared with those of 

image-based studies with the help of the Q-statistic and chi-squared distribution. The 

same methodology was also used to compare the pooled results between the 

subdivisions (DRS; DRS-IFS; HSI; or SFDI) within the probe-based and image-based 

studies. 

 

2.5 Results 
 

The literature search identified 3614 studies, and nineteen of these studies met the 

inclusion criteria (Figure 2.6). 

 

2.5.1 Categorization of Selected Studies 

 

2.5.1.1 Tissue Optic Modality Type 

 
Of the nineteen studies eligible for this study (Table 2.1), thirteen applied probe-based 

systems, and six studies used image-based modalities. Regarding image-based 

modalities, selected studies used the phrases ‘hyperspectral imaging’ and ‘spatial 
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frequency domain imaging’. Although the term ‘multispectral imaging’ was searched; 

no studies using this phrase were found for intraoperative application, although some 

of the hyperspectral studies may be termed multispectral depending on the preferred 

definitions. 

 

 
Figure 2.7 PRISMA flowchart highlighting the study selection process. Following electronic searches 
on Medline, Embase and Scopus 3614 studies were identified. 2850 abstracts were screened using the 
inclusion and exclusion criteria, from which 54 studies were then read in full text. 19 studies were utilized 
for final meta-analysis. 

 

All studies used ex-vivo samples, and no in vivo work was identified. Most 

studies used the visible wavelength range [136, 147, 160-168], however six included 

the use of the near infrared range [169-175]. 

 
Table 2.1 Summary of modality and wavelength range for the technology being assessed in the 
selected 19 studies. 

Author Year Modality  
type 

Probe or imaging 
based 

Wavelengths used(nm) 

Nachabe[169] 2011 DRS Probe 500-1600 
de Boer[170] 2015 DRS Probe 400-1600 

Zhu[160] 2006 DRS Probe 350-600 
Brown[136] 2013 DRS Probe 450-600 
Evers[171] 2013 DRS Probe 400-1700 
Brown[161] 2010 DRS Probe 381-630 
Zhu[162] 2005 DRS-IFS Probe 300-440 

Volynskaya[147] 2008 DRS-IFS Probe 300-800 
Breslin[163] 2004 DRS-IFS Probe 300-600 
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Keller[176] 2007 DRS-IFS Probe 400-850 
Palmer[164] 2003 DRS-IFS Probe 300-600 

Ramanujam[165] 2009 DRS-IFS Probe 380-780 
Keller[166] 2010 DRS-IFS Probe 300-600 
Pourezza-
Shahri[167] 

2013 HSI Imaging 380-780 

Kho[173] 2019 HSI Imaging 953-1645 
Aboughhaleb[168] 2020 HSI Imaging 420-620 

Kho[172] 2019 HSI Imaging 450-1650 
McClatchy[174] 2019 SFDI Imaging 658,730,850 
Laughney[175] 2013 SFDI Imaging 658,730,850,970 

 

2.5.1.2 Probe-Based Systems vs. Imaging Based Systems 

 

An ideal IMA tool provides the surgeon with rapid visualisation of the region of interest. 

Of the nineteen studies, only six used whole field-of-view imaging modalities (Table 

2.1). The rest all used probe-based technology to identify malignancy in breast tissue. 

The set-up of probe systems was variable (Table 2.2). Probe geometry varied in terms 

of being either single or multichannel; and inter-fibre distance varied. 

Although the search term “Multispectral Imaging” was used, no papers were 

identified using precisely this term, hence imaging-based studies were divided into HSI 

and SFDI. The advantage of these technologies is that both a larger surface area of 

tissue can be examined with more rapidity. Certain studies quantified the maximum 

areas their technology can visualize (Table 2.3). The areas described (mean 

(StD)=x(y)) are significantly larger than that evaluated by any probe-based system. 
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Table 2.2 Characteristics of probe-based systems of studies included in this review. Parameters evaluated include probe geometry; acquisition time; area 
covered and probe depth. Not all papers documented such parameters. 

Author Probe 
Type 

No. of fibres Distance 
between fibres 

Acquisition time Sensing area Probing 
depth 

Nachabe[169] 
 

Single  
(1.3 mm) 

X3 200 um core diameter fibres; 
x1 connected to light source 

2.48 mm 0.5 seconds - - 

de Boer[170] Single  
(1.75 mm) 

- 1.5 mm 20 mins for 55 grid 
points (2.75 mins) 

Probing volume = 1-
3 mm3 

- 

Zhu[160] Single Illumination core (19 fibres) - 0.025 
seconds/spectra 

- 0.5 – 2 mm 

Brown[136] Multichannel  
(8 channels) 

- 10 mm between 
each channel 

10 mins per 
margin (8 spectra 
acquired per 
probe placement) 

- 0.5 – 2.2 mm 

Evers[171] Single  
(1.3 mm) 

X3 core fibres  
(x1 light; x1 NIRF and x1 visual 
spectrometer) 

2.48 mm 0.2 seconds 5 mm2  

Brown[161] Multichannel 
(8 channels) 

8 channel  
(19 illumination fibres; 4 collection 
fibres) 

10 mm between 
each channel 

40 seconds 1.5 cm x 5.5 cm 0.5 – 2.2 mm 

Zhu[162] Single Illumination core (19 fibres); x3 
collection rings (12 fibres) 

3 illumination-
collection 
separations 
735/980/1225 
um 

1 minute (for 8 
fluorescence 
spectra and 1 
DRS spectra) 

- - 

Volynskaya[14
7] 

Single 1 delivery fibre; x6 collection fibres - 1.5 seconds - 100 um 

Breslin[163] Single Central collection region; outer 
ring excitation fibres 

- - - - 
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Keller[176] Single x7 fibres – 300um, in a six-around-
one configuration 

- 100 
milliseconds/spec
tra; 60 seconds 
per margin 

25 mm x 25 mm - 

Palmer[164] Single 31 fibres  
(central collection core diameter 
1.52 mm; illumination ring outer 
diameter 1.5 2mm) 

- 8 mins - 1050 um 

Ramanujam[1
65] 

Multichannel  
(8 channels) with 19 
illumination and 4 
collection fibres in 
each 

Illumination core (19 fibres – 200 
um); x4 collection fibres (200 um) 

- - - - 

Keller[166] Single Core (7 fibres – 300 um) - 60-90 seconds 
per margin 

- - 
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Table 2.3 Parameters extracted from imaging studies included spatial resolution; area of field-of-view 
(FOV) imaging system can capture; time taken to image and depth penetration. Not all studies 
discussed these parameters. 

Author Modality Type of HSI Spatial 
Resolution 

FOV Time 

Pourezza-
Shahri[109] 

HSI Wavelength 
Filtering 

150 Microns 
per Pixel 

768 x 1024 
pixels 

1 minute 

Kho[115] HSI Pushbroom Each Pixel 
Equates to 
0.5mm 

200 lines 
scanned per 
patient (each 
line = 320 
pixels) 

4 seconds 

Aboughaleb[110] HSI Pushbroom Each pixel 
was 0.22 mm 
x 0.22mm 

- Capture time 
5012 sec; 
Processing 
time 20 sec 

Kho[114] HSI Pushbroom 0.16 and 0.5 
nm/pixel 

12.5 x 18 cm 20 sec for 
NIR; 40 sec 
for VIS 

McClatchy[116] SFDI - - - - 
Laughney[117] SFDI - 30 spatial 

frequencies 
distributed 
between 0 
and 0.33 mm-
1 

5.5 inch x 7.5 
inch 

10 mins, 360 
images per 
specimen 

 

2.5.1.3 Patient and tissue heterogeneity amongst studies 

 

Patient and tumour related factors (Figure 2.8) can contribute to an increased risk of 

positive margins [25]. Patient related factors that must be taken into consideration 

include the patient’s demographics such as age, body mass index, menopausal status, 

as well as breast density [28]. Pre-menopausal women have more fibroglandular 

tissue and denser breast tissue, and as referred to in chapter one breast density is a 

known positive predictor of a positive margin [26]. Very few of the evaluated studies 

provide a clear description of patient demographics. 

Heterogeneity is a hallmark of cancer [177], with breast cancer being a highly 

heterogenous disease [178] with varying molecular and histological subtypes and 

immunophenotypes [178, 179]. Not only does breast cancer differ amongst patients 

(intertumour heterogeneity), but it also differs within each individual tumour 

(intratumour heterogeneity) [178]. This heterogeneity is a consequence of interplay 

due to intrinsic cancer cell traits and extrinsic microenvironmental factors [180]. 

Intrinsic cancer cell traits, including the ability to proliferate, migrate and invade, are 

due to the genetic profile of the cancer [180]. Extrinsic microenvironmental factors 
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include the degree of vascularization; tissue hypoxia and the interaction of cancer cells 

with surrounding tissue[180]. 

 

 
Figure 2.8 Schematic to show the patient related factors and tumour related factors that influence 
breast cancer heterogeneity. 

 

An understanding of intertumour heterogeneity is crucial to plan breast cancer 

management. Histopathological classification of breast cancer is derived from tissue 

biopsy analysis and represents tumour heterogeneity. Tissue biopsy results provide 

information on tissue subtype, biomarker profiles and gene expression. The 

morphology of the breast cancer is identified by distinct features and then categorized 

into different types. Invasive ductal carcinoma (IDC) of no special type or not otherwise 

specified (NOS) is the commonest histologic subtype of invasive cancer, with up to 

70% of patients having this morphological subtype [181]. Invasive lobular carcinoma 

(ILC) is the second commonest subtype with 5 to 15% of patients having this subtype 

[178]. Other less commoner subtypes include papillary carcinoma, tubular and 

mucinous. Ten of the reviewed studies here evaluated different histological subtypes 

(Table 2.4). 

Biomarker expression is a leading factor in tumour heterogeneity. Biomarker 

profiles hold significant value in guiding patient treatment, and are an established 

prognostic factor in breast cancer [182]. The most important biomarkers relevant to 
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heterogeneity are hormone receptor status. These are assessed by 

immunohistochemistry (IHC). Oestrogen (ER) and progesterone receptors (PR) are 

sex steroid receptors found in the nuclei of luminal breast cells, and act as transcription 

factors [183]. In the UK up to 80% of invasive cancers are ER positive. Human 

epidermal growth factor receptor 2 (HER2) is another important receptor to be 

evaluated. This is a tyrosine kinase receptor, which when overexpressed, can drive 

tumour proliferation [184]. Up to 15% of early-stage breast cancers express HER2 

[185]. Other biomarkers representing growth and proliferation (such as Ki67); and 

invasion and metastasis (such as p53) also have established prognostic relevance in 

breast cancer [178].  

Gene expression analysis can identify one of four molecular subtypes breast 

cancer can fall into: luminal A, luminal B, HER2-enriched and basal-like [178]. From a 

clinical perspective, knowledge of a cancer’s gene expression profile, can not only 

help predict survival but also guide which therapies are suitable [186]. Luminal A and 

B subtypes represent tumour heterogeneity within ER positive breast cancers. 

Although both express oestrogen receptors; luminal B have a higher expression of 

proliferation and cell cycle proteins. This contributes to the fact why luminal B has a 

poorer prognosis [186]. The HER2 enriched subtype encompasses tumours that 

express either ER-/PR-/HER2+ or ER+/PR+/HER2+. In comparison the basal-like 

subtype expresses neither hormone receptors nor HER2 and is regarded as ‘triple 

negative’. The basal-like subtype is found more commonly in younger women and is 

more aggressive [186]. Receptor status such as oestrogen (ER), progesterone (PR) 

and HER2 dictate the modern medical management of breast cancer including 

neoadjuvant chemotherapy for triple negative, and ER-/HER2+ breast cancers. Only 

two studies included patients who had received neoadjuvant chemotherapy [166, 175]. 

As summarised in chapter one there are several well documented predictors 

for positive margins, namely the presence of ductal carcinoma in-situ (DCIS); lobular 

tumour type and a larger tumour size [25, 187, 188]. Therefore, any future IMA tool 

must be able to identify different histological subtypes. Table 2.4 illustrates that 

patients with lobular cancer were represented in only seven studies, and patients with 

DCIS only represented in nine studies. 
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Table 2.4 Highlighting patient ages and tissue types utilized in studies involved in this review. 15 studies characterized tissue samples into malignant and non-
malignant types. Only 10 studies subdivided tissue types into various histological subtypes. (FA – fibroadenoma; IDC – invasive ductal carcinoma; ILD – invasive 
lobular carcinoma; DCIS – ductal carcinoma in-situ). Only 3 studies neither mentioned patient ages nor tissue types[163, 167, 170]. 

Author Mean Age Malignant Samples Non- Malignant 
Samples 

Adipose Glandular FA/Fibrous IDC ILC DCIS 

Nachabe[111] - 9 73 43 23 7 21 0 8 

De Boer[112] - 25 (102 from 
tumour border) 

42 - - - - - - 

Zhu[101] - 35 50 39 1 10 28 1 2 

Brown[86] - 46 42 - - - 14 - 17 

Evers[113] 52 59 148 79 37 32 30 5 24 

Zhu[103] - 13 34 20 2 12 7 4 2 

Volynskaya[104] - 9 95 31 samples were normal 64 9 samples were invasive 

Breslin[105] 48.4(51.

5 for 

cancer) 

20 36 21 15 samples were 

glandular/fibrous 

16 2 1 

Keller[118] - 27 102 - - - - - - 

Palmer[106] - 20 36 21 15 samples were 

glandular/fibrous 

16 2 1 

Keller[108] - 34 145 - - - - - - 

Pourezza-Shahri[109] - 14 33 - - - - - - 

Kho[115] 67+/-11 - - - - - - - - 

Kho[114] 57+/-11 13 18 13 5 - 10 - 3 

McClatchy[116] - 10 21 5 16 samples were 

fibroglandular 

8 2 - 

Laughney[117] - 27 20 - 9 11 24 1 2 
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2.5.1.4 Diagnostic ability of different tissue optic techniques 

 

Future intraoperative margin assessment tools using light-tissue interactions must 

have sufficient diagnostic accuracy to distinguish between normal and malignant 

tissue. In this review, I evaluated sensitivity/specificity of each optical imaging method. 

Table 2.5 summarises the number of tissue samples interrogated by either probe or 

imaging based studies (in relation to the number of patients and lumpectomy 

specimens), and the amount of spectral data acquired. Pooled sensitivity/specificity of 

each modality is represented in section 2.6. Diagnostic accuracy has been reported in 

five studies [163, 169, 171, 174, 175], however without the provision of true 

positive/negative rates for all studies I was unable to calculate pooled accuracy rates. 

 
Table 2.5 Summary table of the number of breast tissue samples interrogated by probe based or 
imaging-based technologies from each study (in relation to the number of patients recruited and 
lumpectomy specimens). The number of spectral measurements were recorded where possible. 
Sensitivity and specificity of the ability to distinguish between normal and invasive malignant tissue is 
tabulated. Of note, some studies also noted sensitivity/specificity of the ability to identify DCIS however 
these figures were not used in pooled statistics. 

Author Modality  
Type 

No.samples 
/ locations 

No. spectral 
measurements 

No. 
lumpectomy 

No. of 
patients 

Sensitivity 
(%) 

Specificity 
(%) 

Nachabe[169] DRS 102 980 - 52 91 95 
de Boer[170] DRS 169 169 16 - 100 100 
Zhu[160] DRS 85 - - 45 83.9 88.6 
Brown[136] DRS 88 - - 70 74 86 
Evers[171] DRS 207 1073 - 47 90 88 
Brown[161] DRS 56 - - 48 79 66.7 
Zhu[162] DRS-

IFS 
47 - - 18 61.54 82.35 

Volynskaya[147] DRS-
IFS 

104 202 - 17 100 96 

Breslin[163] DRS-
IFS 

56 - - 32 70 71.1 

Keller[176] DRS-
IFS 

129 129 - 24 78 99 

Palmer[164] DRS-
IFS 

56 - - 32 70 92 

Ramanujam[165] DRS-
IFS 

55 - - 48 79 67 

Keller[166] DRS-
IFS 

- 179 - 40 85 96 

Pourezza-
Shahri[167] 

HSI 47 - 19 - 99 98 

Kho[173] HSI 18 22000 6 18 93 84 
Aboughhaleb[168] HSI 10 - 10 - 95 96 
Kho[172] HSI 26 24539 - 42 98 99 
McClatchy[174] SFDI 31 50521 31 29 90 81 
Laughney[175] SFDI 59 265000 - 47 79 93 
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2.6 Meta-Analysis 
 

2.6.1 Heterogeneity Results 

 

The Q-statistic, interrogating the between study heterogeneity in sensitivity (or 

specificity) for each main group and subsequent group subdivisions are presented 

below in tables 2.6 and 2.7, respectively. In both tables, it is evident that p-values are 

greater than 0.05, and therefore the null hypothesis cannot be rejected. This suggests 

that a fixed effect model analysis would be appropriate to extract the pooled 

sensitivity/specificity. However, the pooled results from the random-effects model are 

also presented in the following section. This is because the power of the Q test is very 

low (3rd column), and the posterior probability for in-between study heterogeneity (4th 

column) strongly depends on the prior probability for heterogeneity. 

Table 2.6 and 2.7 clearly demonstrate that in-between study variation in 

demographics, imaging equipment and geometry does exist. Therefore, a high prior 

probability for heterogeneity would be appropriate. However, here, we used a 

conservative prior probability of Pr(Het)=0.5 to demonstrate the strong dependence of 

the posterior (Pr(Het|Q)) on the prior probability (Pr(Het)). 
 

Table 2.6 Heterogeneity based on probe-based studies versus image based studies. The posterior 
probability for heterogeneity has been calculated for a prior probability for heterogeneity of Pr(Het)=0.5. 

Sensitivity Analysis 
 Q-Statistic P-Value Q-Test Power Pr(Het|Q) 

Probe Based Studies 17.48 0.09 ~10-5 0.51 

Image Based Studies  1.5 0.91 0.02 0.51 

Specificity Analysis 
 Q-Statistic P-Value  Q-Test Power Pr(Het|Q)  

Probe Based Studies 16.27 0.18 ~10-5 0.51 

Image Based Studies 0.92 0.97 0.02 0.51 
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Table 2.7 Heterogeneity based on modality subdivisions. The posterior probability for heterogeneity 
has been calculated for a prior probability for heterogenety of Pr(Het)=0.5. 

Sensitivity Analysis 
 Q-statistic P-value Q-Test Power Pr(Het|Q)  
DRS 5.7 0.34 0.03 0.51 

DRS with IFS 8.13 0.15 0.07 0.50 

HSI 0.06 1 0.08 0.49 

SFDI 0.29 0.59 0 (1 study) 0.51 

Specificity Analysis 
 Q-Statistic 

 
P-value  Q-Test Power Pr(Het|Q)  

DRS 7.2 0.21 0.05 0.50 

DRS with IFS 8.29 0.14 0.67 0.26 

HSI 0.35 0.95 0.08 0.49 

SFDI 0.34 0.56 0 (1 study) 0.51 

 

2.6.2 Pooled sensitivity/specificity results 

 
Table 2.8 Pooled sensitivity/specificity results for probe based vs image based approaches – fixed 
(random). 

Sensitivity Analysis 
 Pooled Lower limit Higher limit 
Probe based studies 0.84 (0.83) 0.78 (0.76) 0.89 (0.90) 
Image based studies  0.90 (0.91) 0.76 (0.82) 1.03 (1) 
Specificity Analysis 
 Pooled   
Probe based studies 0.85 (0.85) 0.79 (0.78) 0.91 (0.92) 
Image based studies 0.92 (0.92)* 0.78 (0.78)* 1.06 (1.06)* 

 

Table 2.8 presents pooled sensitivity and specificity with the corresponding lower 

(S!""#$% − S. E.&!""#$% ) and higher (S!""#$% + S. E.&!""#$% ) limits for probe-based 

compared to image-based approaches. Similarly, pooled sensitivity/specificity has 

been calculated for modality subdivisions (presented in Table A4, Appendix A). The 

number outside the parenthesis represents the result from the fixed-effects model 

analysis, whereas the number in the parenthesis is the result from the random-effects 

model analysis. Results indicated with an asterisk (*) are categories where the Q-

statistic was extremely small (Q<1). This means that the study heterogeneity within 

these categories was extremely small. The resulting tau-squared value (represents 
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the between-study variance) was negative and was set to zero. This resulted in: ('∗ =
(' and the results of the random effects model match those of the fixed effects model. 

 

The forest plots depicting pooled sensitivity/specificity are presented in Figure 2.9 for 

probe-based and imaging-based studies. The forest plots depicting pooled 

sensitivity/specificity for the occurred subdivisions within each modality can be found 

in Appendix A (Figure A1 - 2).  
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Figure 2.9 (a) Forest plot of the probe-based studies category where a fixed-model analysis provided a pooled sensitivity of 0.84, lower limit at 0.78 and upper 
limit at 0.89. b) Forest plot of the probe-based studies category where a fixed-model analysis provided a pooled specificity of 0.85, lower limit at 0.79 and upper 
limit at 0.91. (c) Forest plot of the image-based studies category where a fixed-model analysis provided a pooled sensitivity of 0.90, lower limit at 0.76 and upper 
limit at 1.03. (d) Forest plot of the image-based studies category where a fixed-model analysis provided a pooled specificity of 0.92, lower limit at 0.78 and upper 
limit at 1.06. 
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2.7 Discussion 

 

2.7.1 Meta-Analysis on Probe Based vs Image Based Approaches 

 
According to the results of the meta-analysis (presented in Table 2.8 and Figure 2.9), 

probe-based pooled sensitivity/specificity (0.84/0.85) was inferior to that of image-

based results (0.90/0.92). However, when the Q-statistic was used to compare these 

pooled values, these differences were not statistically significant. There is insufficient 

evidence to support that probe-based modalities are inferior, however there are 

several reasons why this meta-analysis may have shown these findings. Firstly, 

superiority of imaging could be attributed to the recent/advanced image processing 

techniques used in these studies (e.g. U-Net, k-means clustering). Moreover, although 

the Q metric was extremely small for the image-based studies, it is unlikely that the in-

between study variance was negligible as each of these studies employed different 

imaging instrumentation and image processing techniques. Table A5 in the appendix, 

highlights the variability in image processing techniques. 

It is imperative to set into context the results with what available margin 

assessment methods are currently available, and Figure 2.10 depicts the 

sensitivity/specificity of traditional and emerging techniques from the published 

literature which have been discussed in chapter one (section 1.6). Probe-based 

techniques are comparable to the diagnostic potential of frozen section and 

ClearEdgeä and superior to micro-CT and MarginProbe®. Image-based modalities 

assessed in this review have much better sensitivity/specificity compared to traditional 

specimen radiography, and when compared to emerging imaging techniques such as 

Micro-CT are superior and equal to MRI. 
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Figure 2.10 Conventional or traditional intraoperative margin assessment techniques are compared to 
emerging techniques in terms of sensitivity and specificity. 

 

Another important consideration regarding comparisons between the 

diagnostic accuracy of probe-based and imaging systems, is statistical power. 

Although, sample size calculations were not reported in the investigated studies, the 

quantity of spectral data acquired from imaging approaches is greater than that of 

probe-based techniques. For example, Kho et al. gathered 224,861 spectra from 29 

patients with his [169]. Similarly, SFDI produces large volumes of spectral data, with 

Laughney et al. gathering 265,000 pixels from 47 patients [39][189]. Comparatively, 

Keller et al. gathered 179 spectra from 40 patients. 

A limitation of comparing probe-based to image-based approaches is that 

histological validation varied amongst the studies. Table 2.9 summarises the 

techniques used to correlate spectral readings to histological ground truth. The main 

difference noted is that with imaging techniques direct correlation with histology is 

more straightforward as pathologists were able to annotate regions of interest. Of note, 

with probe-based approaches, studies used a variety of methods to gain histological 

ground truth. Appreciating differences in methodology for ground truth extraction is 

crucial to help explain experimental data in experimental chapters four to six. 
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Table 2.9 Methodology used for ground truth extraction for probe and image-based studies 

Author Year Modality 
type 

How were spectra acquired? 

Nachabe 2011 DRS Pathologist identified macroscopically 5 different tissue classes on sliced 
mastectomy specimens 

de Boer 2015 DRS Pathologist identified macroscopically different tissue classes on sliced 
lumpectomy specimens 
 

Zhu 2006 DRS Probe placed on freshly excised specimen, and after that the location 
was inked and transverse sections sent for H&E 

Brown 2013 DRS Whole surface imaged; margin level analysis and site specific analysis 
 

Evers 2013 DRS Spectroscopy measurements taken from areas macroscopically 
identified by pathologist (x5 optical measurements per location); then 
biopsy from each area taken for histological comparison 

Brown 2010 DRS Optical research team place markers in region of interests which are 
scanned by DRS system. Pathologist is aware of these markers. 

Zhu 2005 DRS-IFS Probe placed on freshly excised specimen, and after that the location 
was inked and transverse sections sent for H&E 
 

Volynskaya 2008 DRS-IFS 2 spectra per site acquired; sites chosen by pathologist from sliced tissue 
samples 
 

Breslin 2004 DRS-IFS Pathologist selected tumour or normal sites on mastectomy or 
lumpectomy specimens 
 

Keller 2007 DRS-IFS One point on each surface of lumpectomy specimen measured, trained 
pathologist available 
 

Palmer 2003 DRS-IFS Fresh samples cut (Minimum of 1cm x 3mm) and spectral measurements 
taken; a minimum of 1 cm had to be between normal and malignant areas 

Ramanujam 2009 DRS-IFS Margin level analysis with this multi-probe based system; 4 points each 
surface inked and correlation with final histology report 

Keller 2010 DRS-IFS One point on each surface of lumpectomy specimen measured trained 
pathologist available 
 

 

2.7.2 Meta-analysis on modality sub-divisions 

 
When comparing purely diffuse reflectance spectroscopy studies against DRS with 

intrinsic fluorescence spectroscopy studies, the sensitivity of the DRS approach (0.88 

(95% CI: 0.82 to 0.95) – random model) was superior to the sensitivity of DRS 

combined with IFS (0.77 (95% CI: 0.67 to 0.87) – random model). The difference in 

sensitivities was not statistically significant using the Q-statistic (p=0.07). The 

difference was less prominent and not statistically significant (p=0.91) when 
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comparing specificity of the two approaches: 0.87 (95% CI: 0.78 to 0.95– random 

model) for DRS and 0.86 (95% CI: 0.75 to 0.96– random model) for DRS with IFS. 

Within the imaging studies, HSI was observed to have higher sensitivity|specificity 

(0.97 (95% CI: 0.78 to 1.16) | 0.95 (95% CI:0.76 to 1.14) compared to the SFDI studies 

sensitivity|specificity [0.82 (95% CI:0.64 to 1.01)|0.88(95% CI: 0.69 to 1.08)]. However, 

when using the Q-statistic, these trends were not statistically significant (p=0.28 for 

the sensitivity and p=0.63 for the specificity comparisons). 

 

2.8 Future Work 

 
In this review, I identified features that should be optimized in future optical IMA tools 

(Figure 1.10, section 1.6.3), previously summarized in chapter one, and will help drive 

experimental work in this thesis. In the visible wavelength range, blood is a principal 

absorber of light. Therefore, intraoperatively, blood on the surface being measured 

must be avoided, although we have not identified any studies in breast surgery which 

have explored this effect. De Boer at al. studied the use of an extended near infrared 

range (NIRF) range (1000 – 1600 nm) which reduces the effect of blood absorption of 

light [170]. Kho et al. found using the visible spectrum and NIRF could better identify 

areas of DCIS [172] and that in the NIRF range water and fat are the main absorbers 

of light [190]. Their HSI system could discriminate between benign and malignant 

tissues at a depth of 2 mm [190]. This spatial depth resolution could be deemed 

adequate as current clinical guidelines suggest clear margins of 1 mm can reduce the 

local recurrence rates [43, 191]. Comparatively, Aboughaleb et al. [168] have used 

only visible spectrum bands in their hyperspectral systems with good discrimination 

between normal and malignant tissue. Future work must explore what is the ideal 

wavelength in the in-vivo setting to achieve optimal spectral resolution. Algorithms 

trained on ex-vivo datasets may not be directly transferable to in-vivo applications due 

to physiological and structural changes in tissue post-excision. These changes include 

crystal formation, protein and enzyme denaturation, and disruption of cell membranes. 

An ideal IMA tool gives the surgeon rapid visualization and tissue 

characterization of the region of interest. Only six studies used whole field-of-view 

imaging modalities (Table 2.3). The rest all used probe-based techniques, with variable 

experimental set-ups (Table 2.2). A limitation of probe-based techniques is that only a 
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limited surface area of tissue is sampled (around 1 mm2), which means the region of 

interest may be missed. To survey a given resection margin of large surface area with 

reasonable resolution is difficult. Using a probe on multiple small areas of tissue can 

impose a time constraint in the surgical workflow. The use of a multi-channel device 

consisting of eight probes, was used in three papers included in this review [12,24,29]. 

A multichannel device can scan an area up to 4.5 x 9.5 cm (40 cm2). This generates a 

spectral contour map. Brown et al. describe the strength of this multi-channel device 

as being able to focus on sensitivity of tissue discrimination, rather than spatial 

resolution [12]. 

Speed will be crucial to ensure any IMA tool used intraoperatively does not 

hinder surgical workflow. This review has identified the time taken to gather data from 

a margin edge or specimen can vary from seconds to minutes (Tables 2.2 and 2.3). 

Aboughaleb at al. reported a HSI image capture time from 5 to 12 seconds, with 

processing time of 20 seconds [168]. Similarly, Kho et al. developed a HSI system that 

takes 60 seconds to capture an image [172]. In comparison, SFDI systems take longer 

to image a specimen side, ranging from 5 to 10 minutes [192]. Evaluation 

methodologies of spectral readings is an important component of any optical system, 

and data processing techniques need to be optimized to allow for real-time feedback. 

Current spectroscopy-based classification procedures utilize signal processing 

methods such as k-nearest neighbours classification; principal component analysis, 

alone or combined with independent component analysis. The caveat to these 

algorithms is that they require a large database of cases with similar feature, to 

produce good reliability. This review contains studies of small sample size. Breast 

cancer is highly heterogenous, and any future work needs to include significant patient 

numbers to account for tumour and patient variability to train datasets accordingly. 

Breast tissue is heterogenous, and when one takes into account if a patient is 

pre- or post-menopausal, further heterogeneity exists [193]. Pre-menopausal women 

have more fibroglandular tissue and denser breast tissue. Brown et al. wanted to take 

account of this interpatient variation. They discovered that patients with higher 

mammographic breast density were associated with higher baseline B-carotene 

concentrations and higher scattering coefficients [136]. Boer et al. identified that using 

the fat/water ratio is a good discriminator between benign and malignant tissue [170]. 

They recommend intraoperatively the surgeon should use the probe at benign spots 

to set a reference level [170]. Not all studies evaluated in this review have a clear 
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description of patient demographics, and future work should take this into 

consideration. 

To ensure a tissue optics method is accurate in discriminating normal and 

malignant breast tissue, results must be correlated using histopathology. A weakness 

of the meta-analysis in this review is that studies used different methods to correlate 

optical spectral data with histopathology. A common challenge in this field is to develop 

robust classification algorithms, as often there is a spatial mismatch between optical 

measurements and histopathology. For instance, during tissue fixation by the 

pathologist there is tissue shrinkage and therefore the spatial correlations between the 

specimen and stained slides differ. 

 

2.9 Conclusions 
 

Future work on IMA tools must take into consideration several factors to create a rapid, 

non-contact device that confers accuracy in discriminating between normal and 

malignant breast tissue.  Firstly, the wavelengths of light to be used in any device must 

be selected carefully. Spatial resolution and depth resolution will be crucial as 

identifying microscopic disease for example, is what will make an IMA tool useful to 

prevent re-excision surgery. Tailoring of these factors is essential to enable future IMA 

tools to have diagnostic accuracy rates similar or better to those discussed in this 

chapter. Speed and data processing time will be crucial to a surgical workflow pattern. 
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Chapter 3: Spatial Resolution of Optical Margin 
Assessment Tools 

 

3.1 Relevance of Margins to this Thesis 
 

The minimum distance between disease and a resection margin that defines a clear 

or negative margin is highly relevant to the functionality of technology utilising tissue 

optics such as our proposed multispectral camera.  Firstly, spatial resolution as 

previously described in chapter one and two, is a measure of the smallest discernible 

detail an optical imaging system can display, affecting the clarity and detail of the 

resulting image. The spatial resolution of the imaging system(s) under study in this 

thesis will impact on the feasibility of the system for detection of disease at different 

margin widths. To be useful clinically, IMA tools should be able to identify macroscopic 

and ideally microscopic disease at a spatial depth resolution that parallels the 

accepted definition of a clear or negative margin (Figure 3.1 A). Chapter one described 

multiple risk factors for positive margins including lobular type breast cancer or DCIS, 

and it has been shown that margins in BCS can be deemed positive from regions of 

microscopic disease, so it is imperative any margin assessment tools used 

intraoperatively can distinguish small heterogenous areas of breast tissue. 

Secondly, visible light can only penetrate tissue up to 2 to 3 mm [194, 195]. This 

can be considered a limitation of utilising tissue optics. It is valuable therefore to review 

the evidence to confirm that the current data supports minimum acceptable margin 

width within this spatial / depth resolution.  (Figure 3.2 B),  
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Figure 3.1 Schematic to show orientation of a wide local excision specimen following breast conserving 
surgery from the left breast of a patient, where the anterior and lateral aspects of the tumour are close 
to the surface of the specimen. The brown area represents healthy tissue, and yellow represents cancer 
cells. (A) If an intraoperative margin assessment tool utilising tissue optics is applied to the anterior 
surface of the specimen it should be able to discriminate between the healthy and tumour border, spatial 
resolution. A 1 – 2mm spatial resolution is possible between different tissue types. (B) Visible light of 
the electromagnetic spectrum covers a range of wavelengths from 380 to 750 nm. Incident light 
separated into different wavelengths represents different colours represented by the vertical arrows. 
Here if a IMA tool is applied to the lateral surface of the excised specimen, light should be able to 
penetrate deep enough to identify cancer cells. Any real-time feedback to the surgeon in theatre would 
be useful to help guide them to know where to take further tissue to prevent re-excision surgery. 

 

3.2 Impact of Margin Width on Oncological Outcome 
 

Breast conserving surgery (BCS) is recommended for patients with early-stage breast 

cancer [16, 196]. As an oncological procedure, “clear” or “negative” margins is one 

factor that should be achieved to prevent the risk of local recurrence (LR). Two 

landmark papers have shaped international guidance regarding the definition of a 

minimum distance between disease and resection that defined a “clear margin” in 

invasive and ductal carcinoma in-situ (DCIS) breast cancer [43, 191]. In 2014, 

Houssami et al. published a key paper in which they investigated the association 

between margin width after BCS for invasive breast cancer and the odds of local 

recurrence [43]. The authors concluded that negative margins decrease the odds ratio 

of local recurrence (0mm (OR 1.47 (95% CI 0.67 – 3.2) versus 2 mm (OR 0.95 (95% 
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CI 0.54 – 1.67)). However, it was evident that increasing distance between disease 

and the resection margin beyond 2mm was not associated with a further significant 

reduction in the odds of local recurrence (at 5mm threshold margin distance OR 0.65 

(95% CI 0.34 – 1.26)), allowing for follow up time [43].  They also observed that “close” 

margins increased the risk of LR, but the definition of “close” was not numerically 

stated as they combined margin threshold distances of 0 mm and less than 1 mm. 

Similarly, in 2016, Marinovich et al.  conducted a similar meta-analysis but aimed to 

investigate the odds of local recurrence following BCS for DCIS and found that margin 

widths of less than 2 mm were inadequate [191]. In patients who received whole breast 

radiotherapy, the probability of a positive or close margins leading to local recurrence 

(tumour on ink (0 mm) or 1 mm) is 30.1% compared to 17.8% with a 2 mm margin 

threshold distance, or 15.6% with 3 or 5 mm [191]. Marinovich et al. found that the 

odds ratio for negative versus positive/close margin status was 0.53 (95% CI 0.45-

0.62; p>0.001) [191]. Radiotherapy, systemic adjuvant therapy and clinicopathological 

factors are the other risk factors which affect local recurrence and overall survival [197-

199], and both studies adjusted for these factors. 

Other parameters to assess the impact of margin width distance on patient 

outcomes are contralateral breast recurrence, distant recurrence and overall survival. 

Contralateral breast recurrence is defined as a tumour in the opposite breast 

diagnosed more than 6 months from the detection of the primary breast cancer. In a 

retrospective study of 56,626 patients who had a positive margin following primary 

BCS, there was an increased risk of contralateral recurrence (HR 1.06, 95% CI 0.7 – 

1.6) [200]. Distant recurrence is defined as a recurrence of breast cancer which has 

developed beyond the ipsilateral or contralateral breast, chest wall, or regional lymph 

nodes (ipsilateral axillary nodes, supraclavicular, or internal mammary lymph node). 

Bundred et al. report a pooled overall distant recurrence risk of 25.4% (95% CI 14.5% 

- 40.6%) if patients had positive margins ( defined as “tumour on ink”) at the time of 

primary BCS compared to a pooled overall distant recurrence risk of 8.4% (95% CI 

4.4% - 15.5%) if margins were ‘close’, in their recent meta-analysis of 68 studies 

investigating the impact of margin width distance where patients were followed up for 

a minimum of 60 months [201]. The location of distant recurrence is known to impact 

clinical prognosis, with patients with bony metastases have better overall survival than 

those with visceral metastases [202]. Overall survival was also assessed by Bundred 

et al. who identified that positive or close margins (tumour on ink or <2 mm) is 
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associated with an increased mortality (HR 1.32 (CI 1.01 -1.73), p=0.05) compared to 

wider margins (≥2 mm) [201]. 

 

3.3 Global Variation in Margin Guidance 
 

Despite a wealth of research evaluating the relationship between margin width and LR 

and survival [43, 203, 204], there remains no international consensus on what 

constitutes a precise “clear” resection margin for either invasive breast cancer or non-

invasive breast cancer. A defined numerical value for a negative margin width is 

imperative to appreciate in this thesis as the spatial resolution and light penetration 

depth of the optical imaging systems to be explored in chapters four to six utilise visible 

light which we know penetrates to a depth of 2 mm. 

 

3.3.1 Invasive Breast Cancer Margin Guidance Currently 

 

Internationally, most breast groups agree that disease at the inked resection margin 

(i.e. margin=0 mm) is inadequate, as it increases the risk of ipsilateral breast LR  by 

2.4 fold for invasive breast cancer [43], and requires re-excision surgery to achieve 

clear margins [42, 201]. However, there remains no international consensus on what 

the precise distance from disease to the resection edge constitutes a minimum clear 

margin. 

In the United Kingdom, the National Institute of Health and Care Excellence 

(NICE NG101) guidelines recommend re-excision if invasive disease is within one 

millimetre of a resection margin [205]. However, in the United States of America, the 

Surgical Society of Oncology (SSO) in collaboration with the American Society of 

Radiation Oncology (ASTRO) advise that for invasive disease provided there is “no 

tumour on at the inked resection margin” then re-excision is not required [206]. In 

Australia, further re-excision surgery is recommended for patients who are found to 

have  invasive cancer present at radial margins (i.e. “tumour on ink”) [207]. Despite 

national consensus guidelines, within the UK national variation in what an accepted 

negative margin is varies as discussed in chapter one. Tang et al. demonstrated that 

in some centres “tumour on ink” was accepted [44]. The GIRFT report highlighted the 
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huge variation within the UK regarding re-excision rates as discussed in chapter one, 

ranging from 9 to 32%, with a national average of 19% [47]. The variation in what 

surgeons deem acceptable as a negative margin width may be a contributory factor to 

such re-excision rates. The most recent meta-analysis assessing the impact of 

margins on survival outcomes by Bundred et al. recommends a minimum clear margin 

of 1 mm should be achieved, and that international guidelines should be re-evaluated 

[201]. 

 

3.3.2 Current Ductal Carcinoma In Situ Margin Guidance  

 

Despite DCIS being non-invasive disease, it is highly prevalent with The Sloane 

Project (a Public Health funded prospective cohort study looking at screen detected 

non-invasive breast neoplasia) identifying that 70% of the 9938 patients with screen 

detected DCIS required BCS [208]. Therefore, it is imperative that surgeons excise 

DCIS with a healthy rim of tissue, as clinically an inadequate margin contributes to a 

risk of local recurrence and can impact overall survival [191, 209]. Again, there is no 

international consensus on what a “clear” resection margin in patients with DCIS is.  

The odds-ratio meta-analysis conducted by Marinovich et al. led to the SSO-

ASTRO Consensus guidance recommending a minimum of 2 mm margins for BCS for 

DCIS [206] in the United States. However in the UK, the Association of Breast Surgery 

(ABS) consensus statement recommends DCIS should be excised with a minimum 

negative margin of 1 mm [210]. In January 2024, NICE NG101 guidelines further 

compound the controversy on margin guidelines by recommending that with DCIS re-

excision surgery is advised to achieve a minimum clear margin of 2 mm. In Australia, 

further re-excision surgery is recommended for patients who are found to have DCIS 

present at radial margins (i.e. “tumour on ink”) [207]. 

 

3.4 Systematic Review and Meta-Analysis 
 

3.4.1 Indication for Revised Systematic Review and Meta-Analysis 
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Prior meta-analyses seeking to guide practice in this area are either outdated [43, 

191], with key trials subsequently being published [201], or suffer from methodological 

limitations that preclude recommendations on minimum margin distance. Each meta-

analysis controlled for different clinicopathological factors known to influence 

oncological outcomes following BCS. With invasive cancer Houssami et al. [43] 

controlled for age, endocrine therapy, and year of recruitment whereas Bundred et al. 

[201] adjusted for age, cancer grade, nodal status and chemotherapy and 

radiotherapy. Comparatively, Marinovich et al. for DCIS adjusted for age, high grade 

disease, endocrine therapy and median year of recruitment [191]. Radiotherapy 

following BCS not only reduces the risk of local recurrence to 19%, compared to 35% 

without, but also improves survival [197]. In addition, boost radiotherapy to the tumour 

bed has been shown to improve loco-regional control [211, 212].  

In the most recent meta-analysis for invasive breast cancer by Bundred et al. 

[201], the authors grouped patients based on quantitative margin width thresholds into 

“close”, “positive” or “negative” margins, inherently biased by assumptions on numeric 

categoric definitions [201]. Moreover, the analysis focused solely on hazard ratios 

(HR), rather than odds ratio (OR) and relative risk (RR) which are clinically more 

intuitive when counselling patients about risk [213]. 

This chapter represents an updated systematic review and meta-analysis of 

margin width on outcomes following BCS for invasive breast cancer and DCIS.  The 

primary aim was to identify the impact of margin widths on the risk of local recurrence, 

and to justify a few millimetres penetration depth of light through tissue as sufficient 

for optical imaging. The secondary aim was to provide clinicians with a comprehensive 

updated evidence synthesis of all metrics for local recurrence. Here, for the first time, 

we sought to establish local recurrence outcomes for invasive cancer and DCIS, by 

presenting relative risk (RR), odds ratio (OR) and hazard ratio (HR) data of margin 

widths 0mm, 0.1-1mm, 0.1-2mm, >1mm and >2mm. Thus, to date, this is the only 

meta-analysis which concurrently reports on all local recurrence outcome metrics 

based on precise numeric margin widths. Moreover, this is the only meta-analysis that 

adequately controls for the effect of boost radiotherapy on local recurrence. 
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3.4.2 Methodology 

 

3.4.2.1 Search Strategy and Selection Criteria 

 

This systematic review was registered on PROSPERO (CRD42022308524). An 

electronic search on Medline and Embase was conducted to identify all English-

language studies published up to October 1st, 2023. Search terms utilised were 

“breast cancer”, “ductal”, “invasive”, “local recurrence” and “margins”. A full search 

strategy adopted for each database is shown in the Appendix B1. 

2644 abstracts were generated from the search strategy. Additionally, 

references cited in the included publications and previous published meta-analyses 

were investigated to identify additional relevant articles. The Preferred Reporting Items 

for Systematic Reviews and Meta-Analyses (PRISMA) guidelines were utilised for 

study selection. Covidence software (Veritas Health Innovation, Melbourne, Australia) 

allowed two reviewers (myself (DS) and Ahmed Ezzat (AE, Clinical Research Fellow)) 

to perform initial abstract screening. A further two reviewers were consulted when 

conflicts arose (Naomi Laskar (NL, Clinical Research Fellow) and Mr Daniel Leff 

(DRL)). Full text review was performed by these named reviewers, plus a further eight 

clinicians who are named in Appendix B2. Secondary full text review was performed 

by DS, AE, NL and DRL. 

Inclusion criteria were defined, as follows: a) a clear definition of margin status 

and specified margin width (mm); b) minimum of 48 months follow up; c) receipt of 

whole breast adjuvant radiotherapy following BCS. Conference abstracts and case 

reports were excluded. An exception was made for one abstract recently published 

which contained data felt to be critical for this meta-analysis relevant to invasive breast 

cancer, and for which the authors provided us with the original raw data specific to this 

study’s requirements [214]. Therefore, all studies included were peer-reviewed. 

Studies in which patients received partial breast irradiation, via various techniques 

such as multi-catheter or balloon brachytherapy, conformal radiation therapy or 

intraoperative radiation therapy, were excluded [215]. Where margin width was not 

clearly defined or raw local recurrence data was not available for individual margin 

widths, these studies were excluded. We screened additional references by reviewing 

bibliographies of included articles and previous meta-analyses. 
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3.4.2.2 Data Analysis 
 
Data was extracted from eligible studies within the following categories: study details, 

tumour characteristics, neoadjuvant and adjuvant therapies, local recurrence data as 

reported or computed per margin width. The following data were extracted regarding 

study details: study name, publication year, first author’s name, study design (e.g. 

prospective or retrospective), median or mean age of patients, median or mean follow 

up period in months. In terms of tumour characteristics data on the median or mean 

tumour size, hormone receptor status and tumour grade were gathered. The 

proportion of patients within each study that received neoadjuvant chemotherapy, 

adjuvant chemotherapy or endocrine therapy and boost radiotherapy was noted. Local 

recurrence data extracted or computed included: total number of LR, LR per margin 

width; survival data where documented; re-excision rates and types of surgical 

procedures performed to manage recurrence. Data extraction was performed by all 

reviewers mentioned above and in Appendix B2. Study populations included in more 

than one article were only included in this meta-analysis once, and when relevant we 

used data from the most current article. Quality assessment was performed using the 

ROBINS-2 quality assessment tool by co-authors (DS, AE and NL) (Appendix B3). 

Where conflicts could not be resolved, final decisions were made by senior author 

DRL.  

The primary outcome of the study was to compare the risk of ipsilateral LR 

based on subcategories of margin width (mm). The secondary outcome of the study 

was to report the level of risk using clinically translatable metrics (OR, RR and HR), to 

enable informed patient counselling in the clinical setting. Therefore, margins widths 

were numerically categorised based on the precise distance from the inked resection 

margin to invasive disease, as follows: tumour on ink (0mm), >0.1 mm to 1mm, >0.1 

mm to <2mm, ≤1mm and ≥1mm, and ≤2mm and ≥2mm. For each margin width, the 

number of patients with local recurrence was recorded. Once data extraction was 

performed, odds ratio and relative risk were computed from the raw data. Where 

individual studies had reported hazard ratios and associated 95% confidence intervals 

(CI) these were extracted. Where possible data was extracted for the proportion of 

patients within each margin width who received neoadjuvant chemotherapy, adjuvant 
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chemotherapy and boost radiotherapy. Risk of bias was assessed using the ROBINS-

I tool (Appendix) B3 [216].  

 

3.4.2.2 Meta-Analysis 

 

Meta-analysis to compute pooled OR, RR and HR was performed using DerSimonian 

and Laird random effects modelling [217] with support from a study statistician (Dr 

Hutan Ashrafian). Statistical heterogeneity within each outcome comparison was 

assessed by calculating the I2 statistic. A value of less than 30% was considered low 

heterogeneity; between 30 to 60% moderate; and over 60% as high. Missing data for 

study-level confidence intervals was accommodated for analysis by single imputation. 

Here, the assumptions included homogeneity of variances, distribution normality, 

consistency of effect sizes, and correct specification of covariates. Subgroup and 

sensitivity analyses were performed to assess the effect of highly variable reporting of 

margins distances reported and local recurrences by obtaining summary estimates of 

OR, RR and HR across all reported margins. Statistical packages used were Stata: 

Release 13 and TX: Stata Corp (StataCorp LP, Texas, USA).  

 

3.5 Results 
 

This results section outlines demographic data and outcome measures in turn for both 

invasive breast cancer and DCIS. 

 

3.5.1 Studies selected and demographic data 

 

3.5.1.1 Invasive Cancer 

 

This systematic review identified 2689 studies from the search strategy (Figure 3.2). 

The primary goal was to assess the RR, OR and HR for LR and following full text 

review 43 studies [218-260] were selected, yielding 72,357 patients. Included studies 

contained patients with a median age of 55 years (interquartile range 36 – 63.1). The 
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median follow up time was 76.8 months (interquartile range 47 – 159.6). Table 3.1 

depicts characteristics of the studies selected; tumour characteristics; and data related 

to individual margin width categories. The median tumour size of participants was 1.8 

cm (interquartile range 1.3 – 3). 

 
Figure 3.2 PRISMA diagram depicting how final studies for review were selected. Following the 
described search strategy on Medline and Embase, 2644 studies were identified and a further 45 were 
found from cross-referencing. Following removal of duplicates, 1846 study abstracts were screened by 
myself and Ahmed Ezzat. 69 full articles were reviewed, and data demographic data and outcome 
measures (OR, RR and HR) was extracted from 43 studies. 

 

Table 3.1 Demographic data and tumour characteristics of patients with invasive breast cancer. 

                             Variable                     Number of included  
Studies Women Proportion % 

     Total no. of patients 43 72357 72357/72357 100 

            Study design  

 Retrospective 33 48303 48303/72357 66.8 

 Prospective 10 24054 24054/72357 33.2 

Age in years (Median or mean) 
55 (36 – 63.1) 
 

29 37658 37658/72357 52.0 

Follow up in months  (Median or mean) 
76.8 (47 – 159.6) 
 

42 68394 68394/72357 94 

Tumour size in cm (median or mean) 
1.8 (1.3 – 3) 

6 5151 5151/72357 7.1 
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Systemic treatment 
Neoadjuvant Chemotherapy  

 Yes 15 5668 5668/34798 16.3 

 No 15 29130 29130/34798 83.7 

 Unknown 28 37559 37559/72357 51.9 

           Radiotherapy  

 Yes 43 72357 72357/72357 100 

 No 0 0 0/0 0 

      Boost Radiotherapy  

 Yes 27 32601 32601/56709 57.5 

 No 27 26267 26267/57392 45.8 

 Unknown 15 13489 13489/72357 18.6 

        Hormone therapy  

 Yes 30 27159 27159/53539 50.4 

 No 25 22343 22343/45138 49.5 

 Unknown 13 18818 18818/73436 25.6 

         Receptor status  

 ER positive 30 40300 40300/56880 70.9 

 ER unknown 13 15477 15477/72357 21.4 

 PR positive 14 16373 16373/33781 48.5 

 PR Unknown 29 38576 38576/72357 53.3 

   Number of re-excision  

 Re-excision BCS 29 7109 7109/46245 15.4 

 Re-excision Mastectomy 19 3384 3384/35094 9.6 

           Margin width  

Negative All negative 32 35670 35670/46322 77.0 

 Negative unknown distance 2 4204 4204/5993 70.1 

 Negative >1mm 12 14551 14551/16607 87.6 

 Negative >2 mm 17 16294 16294/22311 73.0 

 Negative >10mm 4 621 621/2905 21.4 

Close  

 Close 0.1-1mm 9 1516 1516/12647 12.0 

 Close 0.1-2mm 18 3494 3494/34718 10.1 

 >0.1 and <10 mm 5 14056 14056/15885 88.5 

Positive (Involved margin) 36 5641 5641/63681 8.9 

Unknown  5 7398 7398/72357 10.2 

       Tumour Grade  
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 Grade 1 23 10697 10697/44111 24.3 

 Grade 2 23 19013 19013/44111 43.1 

 Grade 3 25 17818 17818/59414 30.0 

 Unknown 12 1733 733/44759 3.9 

Total number of Local recurrence (LR)  

Type of LR  

 DCIS 1 1 1/200 0.5 

 Invasive 20 35864 1330/35864 3.7 

 Unknown 19 1338 1338/36929 3.6 

 Both  3 333 333/8777 3.8 

LR per margin width  

 All negative 30 1206 1206/46469 2.6 

 Negative >1mm 11 443 443/16426 2.7 

 Negative >2 mm 17 556 556/22311 2.5 

 Negative >10mm 4 27 27/2905 0.9 

 Close 0.1-1mm 7 67 67/11521 0.6 

 Close 0.1-2mm 15 165 165/32291 0.5 

 >0.1 and <10 mm 3 384 384/13549 2.8 

    Positive (Involved margin) 34 341 341/60082 0.6 

 

3.5.1.2 Ductal carcinoma in-situ (DCIS) 

 

For this section of the systematic review, a further 12 studies were included from 

bibliographic cross-referencing to add to the original 2644 studies screened. Following 

full text review, 31 [66, 208, 261-287] studies were included for meta-analysis yielding 

a total of 40,265 patients (Figure 3.3 and Table 3.2). The median (IQR) age of women 

was 55.5 years (53.1, 57.8), median (IQR) follow up was 86.4 months (69.2-100.2), 

and median (IQR) tumour size was 1.48 cm (0.8-2.0). Table 3.2 depicts characteristics 

of the studies selected; tumour characteristics; and data related to individual margin 

width categories. 
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Figure 3.3 PRISMA diagram depicting how final studies for review were selected. Following the 
described search strategy on Medline and Embase, 2644 studies were identified and a further 12 were 
found from cross-referencing. Following screening of 1801 of abstracts, 36 studies underwent full text 
review and five of these were excluded to leave 31 studies where data was extracted for outcome 
measures (OR, RR and HR) and demographic data. 

Table 3.2 Demographic data and tumour characteristics of patients with DCIS included in this study. 

                             Variable                     Number of included  
Studies Women Proportion % 

     Total no. of patients 31 40265 40265/40265 100 

            Study design  

 Retrospective 24 38095 38095/40265 94.6 

 Prospective 7 2170 2170/40265 5.4 

Age in years (Median (IQR)) 
55.5 (53.1 – 57.8) 
 

22  37023 37023/40265 91.9 

Follow up in months (Median (IQR)) 
86.4 (69.2 – 100.2) 

 

28 37807 37807/40265 93.9 

Tumour size in cm (Median(IQR)) 
1.48 (0.82 – 2.0) 

 

9 3272 3272/40265 8.1 

Systemic treatment 
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          Whole Breast Radiotherapy  

 Yes 31 40265 40265/40265 100 

 No 0 0 0 0 

      Boost Radiotherapy  

 Yes 18 4620 4620/7817 59.1 

 No 20 3251 3251/8281 39.3 

 Unknown 11 31984 31984/31984 100 

        Hormone therapy  

 Yes 13 8395 8395/30807 27.3 

 No 15 21340 21340/29735 71.8 

 Unknown 16 10530 10530/29735 35.4 

         Receptor status  

 ER positive 8 1983 1983/3527 56.2 

 ER unknown 22 36446 36446/36446 100 

 PR positive 5 1013 1013/2170 46.7 

 PR Unknown 26 38095 38095/38095 100 

   Number of re-excision  

 Re-excision BCS 8 1214 1214/4607 26.4 

 Re-excision Mastectomy 3 39 39/879 94.4 

DCIS Grade  

 Low 15 987 987/10636 9.3 

 Intermediate 15 3021 3021/10636 28.4 

 High 16 6698 6698/12224 54.8 

           Margin width  

Negative All negative 24 7412 7412/15149 48.9 

 Negative unknown distance 2 68 68/452 15 

 Negative >1mm 2 1237 1237/1568 78.9 

 Negative >2 mm 11 2824 2824/4289 65.8 

 Negative >10mm 11 3283 3283/9292 35.3 

Close  

 Close 0.1-1mm 11 657 657/8300 7.9 

 Close 0.1-2mm 12 2094 2094/11446 18.3 

 >0.1 and <10 mm 11 3853 3853/9001 42.8 

Positive (Involved margin) 12 456 456/10309 4.4 

Unknown  8 565 565/4877 11.6 

Total number of Local recurrence (LR)  

Type of LR  

 DCIS 19 638 638/31

780 

2 



 100 

 Invasive 19 738 738/31903 2.3 

 Not stated 4 7013 7013/7013 100 

 Both  3 23 23/177 1.3 

 Unknown 5 69 69/1020 6.8 

LR per margin width  

 All negative 14 269 269/5867 4.6 

 Negative >1mm 3 80 80/877 9.1 

 Negative >2 mm 8 104 104/4451 2.3 

 Negative >10mm 4 85 85/2127 4.0 

 Close 0.1-1mm 6 41 41/1321 3.1 

 Close 0.1-2mm 7 65 65/4628 1.4 

 >0.1 and <10 mm 5 40 40/1293 3.1 

    Positive (Involved margin) 7 59 59/4115 1.4 

 

3.5.2 Overall pooled results of performance metrics 

 

3.5.2.1 Invasive Breast Cancer 

 

Figure 3.4 and Table 3.3 illustrate performance metrics from the meta-analysis. OR 

were extracted from 34 studies, however, following statistical analysis OR from only 

18 studies were utilised accounting for 24,458 patients. Studies with OR data extracted 

were excluded if the confidence interval was found to cross the line of no effect as this 

may skew analysis. Of these patients, 1103 patients experienced LR. On comparing 

tumour on ink (TOI) vs no TOI, OR was 5.27(IQR 4.63 – 5.99) (Figure 3.4A). TOI vs 

≤1mm OR was not able to be computed. For the comparison TOI vs >1mm the OR 

was 4·09 (3.20 – 5.23) and upon sensitivity analysis the OR was 4.18 (3.20 – 5.44) 

(Figure 3.4B). Comparing TOI to ≤2mm the OR was 2.51 (1.17 – 5.42) and for TOI vs 

≥2mm the OR was 4.95 (3.71 – 6.61) (Fig 14A). OR was 4.32 (IQR 1.57 – 11.89) for 

0.1 – 1mm vs ≥1mm, but with sensitivity analysis this group had a OR of 2.55 (1.21 – 

5.40) (Figure 3.4 A & B). For 0·1-2mm vs ≥2mm OR was 5 (2.29 – 7.01) (Figure 3.4). 

Three margin width comparison groups (TOI vs ≥1mm; TOI vs ≤2mm; and 0·1-2mm 

vs ≥2mm) had low heterogeneity. The other comparison groups showed moderate to 

high heterogeneity.  
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RR were extracted from 34 studies, accounting for 57,531 patients. Within this 

study population, 2188 local recurrences occurred. Upon comparison between TOI vs 

no TOI, RR was 2.66 (IQR 2.33 – 3.1) (Figure 3.4 C and following sensitivity analysis 

RR was 2.98 (2.51 – 3.45) (Figure 3.4 D). For TOI vs ≤1mm, the RR was 2.11 (IQR 

1.09 – 3.13) (Figure 3.4C), and upon sensitivity analysis the RR was 2.52 (1.37, 3.67) 

(Figure 3.4 D). RR was 4.02 (IQR 3.12 – 4.92) when TOI vs ≥1mm (Figure 3.4C), with 

sensitivity analysis highlighting a RR of 4.29 (3.29, 5.29) (Fig.14D). RR of 1.32 (IQR 

0.71 – 1.93) when TOI vs ≤2mm and comparatively TOI vs ≥2mm yielded a RR of 3.01 

(2.35 – 3.67) (Figure 3.4C). RR was 1.85 (IQR 1.14 – 2.56) for 0·1 – 1mm vs ≥1mm 

(Figure 3.4C); and RR was 1·44 (IQR 0.67, 2.19) following sensitivity analysis (Figure 

3.4D). For 0.1-2mm vs ≥2mm RR was 2.33 (IQR 1.83 – 2.83) (Figure 3.4C). Across 

all margin width comparisons, heterogeneity ranged from low to moderate.  

HR were extracted from 23 studies, accounting for 57621 patients. 6123 local 

recurrences were identified from the total study population. 18 of these studies were 

included in the recent Bundred et al. analysis [201]. On comparing TOI vs no TOI, HR 

was 1.42 (IQR 1.07 – 1.77). HR was 3.01 (IQR 1.31 – 4.71) when TOI vs ≥1mm. When 

TOI vs ≥2mm HR was 2.53 (IQR 1.44 – 3.63). HR was 0.69 (IQR 0.45 – 0.93) on 

comparing 0.1 – 1mm vs ≥1mm; and HR was 1.41 (IQR 0.93 – 1.90) for comparison 

of 0.1 – 2mm vs >2mm. TOI vs ≥1mm achieved a higher HR (3.01) compared with TOI 

vs ≥2mm (2.53). For all margin widths comparisons, depicted in Figure 3.4D, 

heterogeneity was substantial. The results of ROBINS-Q assessment are provided in 

Appendix B3. 
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Table 3.3 Pooled risk scores for ipsilateral locally recurrent invasive breast cancer based on varying 
threshold of resection margin width. (I2 = sample heterogeneity score, p = probability significance 
<0·05). ND = unable to compute. 

 Local Recurrence 
 OR 

95%CI (IQ 

range) 

OR  
(sensitivity 
analysis) 

95%CI (IQ range) 

RR 
95%CI (IQ 

range) 

RR 
(sensitivity 
analysis) 

95%CI (IQ 

range) 

HR 
95%CI (IQ 

range) 

Tumour on ink 

vs No tumour 

on ink 

5·27 

(4.63, 5.99) 

 
p=0·141 

I2 =29.6% 

14 studies 

5·44 

(4.76, 6.23) 

 
p=0·146 

I2 =30.7% 

12 studies 

2·66 

(2·33, 3·1) 

 
p= 0·000 

I2 =67·5% 

21 studies 

2.98 

(2·51, 3.45) 

 
p=0·000 

I2 =62.1% 

18 studies 

1·42 

(1·07, 1.·7) 

 
p= <0·005 

I2=59·2% 

10 studies 

Tumour on ink 

vs <1mm 

 

 

ND 

 

 

ND 

2·11 

(1·09, 3·13) 

 

p= 0·058 

I2 = 59·8% 

4 studies 

2·52 

(1·37, 3·67) 

 

p= 0·075 

I2 = 61·4% 

3 studies 
 

 

 

ND 

Tumour on ink 

vs ≥1mm 

4·09 

(3·20, 5·23) 

 

p= 0·972 

I2 =0% 

5 studies 

4·18 

(3·20, 5·44) 

 

p=0·951 

I2 =0% 

4 studies 

4·02 

(3·12, 4·92) 

 

p= 0·270 

I2 =22·7% 

5 studies 

4·29 

(3·29, 5·29) 

 

p=0·296 

I2 =18·9% 

4 studies 

3·01 

(1·31, 4·71) 

 

p=<0·005 

I2 =80·1% 

2 studies 

Tumour on ink 
vs <2 mm 

2·51 
(1·17, 5·42) 

 

p= 0·923 

I2 =0% 

2 studies 

 
 

ND 

1·32 
(0·71, 1·93) 

 

p= 0·903 

I2 = 0% 

11 studies 

 
 

ND 

 

 
 

ND 

Tumour on ink 

vs ≥2 mm 

4·95 

(3·71, 6·61) 

 

p= 0.·116 
I2 =46% 

5 studies 

 

 

ND 

3·01 

(2·35, 3·67) 

 

p= 0·006 
I2 = 62·6% 

9 studies 

 

 

ND 

 

2·53 

(1·44,3·63) 

 

p= <0·005 
I2 =80·1% 

2 studies 
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0·1-1mm vs 

≥1mm 

4·32 

(1·57, 11·89) 

 

p= 0·007 

I2 =79·9% 
3 studies 

2·55 

(1·21, 5·40) 

 

p= 0·932 

I2 =0% 
2 studies 

1·85 

(1·14, 2·56) 

 

p= 0·102 

I2 =41.4% 
8 studies 

1·43 

(0·67, 2·19) 

 

p= 0·934 

I2 =0% 
7 studies 

0·69 

(0·45, 0·93) 

 

p= <0·005 

I2 =94% 
3 studies 

0·1-2mm vs 

≥2 mm 

5 

(2.99, 7.01) 

 

p= 0·816 

I2 =0% 

8 studies 

 

 

ND 

2·33 

(1·83, 2·83) 

 

p= 0·071 

I2 = 36·6% 

16 studies 

 

 

ND 

 

1·41 

(0·93,1·90) 

 

p= <0·005 

I2 =64·1% 

5 studies 

 

 

 
Figure 3.4 Forest Plot showing pooled results for different performance metrics of local recurrence of 
different margin comparisons for invasive breast cancer (A) Forest plot for pooled odds ratio (B) Forest 
plot for pooled odds ratio where sensitivity analysis performed (C) Forest plot for pooled relative risk 
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(D) Forest plot for pooled relative risk where sensitivity analysis performed (E) Forest plot for pooled 
hazards ratio. 

 

3.5.2.2 Ductal Carcinoma In-Situ (DCIS) 

 

Here, OR and RR was computed or extracted from 20 studies yielding 677 local 

recurrences from 13,270 patients. With OR the wider the margin width, the lower the 

risk of local recurrence. When TOI vs ≥2mm OR was 4·43 (95%CI 3·02-6·50; p<0·05) 

(Figure 3.5A and Table 3.4). In 0·1 – 1mm vs ≥1mm, the OR was 4·82 (95% CI 2·45-

9·48; p<0·05 (Figure 3.5A). The odds of local recurrence remained statistically 

significant when comparing 0·1-2mm vs ≥2mm, the odds ratio was 3·36 (95% CI 2·04-

5·56; p<0·05).  Heterogeneity for OR range from low to high (Table 3.4). 

Similarly, when RR was assessed for TOI vs ≥2mm, the pooled RR was 2·97 

(95%CI 2·16-3·78; p<0·05) (Figure 3.5B). In 0·1 – 1mm vs ≥1mm, the RR was 2·88 

(95% CI 1·86-3·90; p<0·05), compared with 0·1-2mm vs ≥2mm in which RR was 1·72 

(95% CI 1·09-2·35; p<0·05). All between-group comparisons were statistically 

significant. Sensitivity analyses for the latter two margin width comparisons yielded 

lower RR. Heterogeneity for RR ranged from moderate to high (Table 3.4). 

HR was extracted from 11 studies, yielding 790 local recurrences from 15,797 

patients. 0mm vs ≥2mm HR (1·56, 95% CI 0·02-3·11; p<0·05), compared with 0·1-

1mm vs ≥ 1mm, HR (1·34, 95% CI 1·01-1·67; p<0·05)(Figure 3.5E and table 3.4. 

When comparing 0·1-2mm vs ≥2mm, the hazard ratio was (0·76, 95% CI 0·59- 0·93; 

p<0·05). 
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Table 3.4 Pooled risk scores for ipsilateral locally recurrent disease in patients with DCIS based on 
varying threshold of resection margin width. (I2 = sample heterogeneity score, p = probability 
significance <0·05). ND = unable to compute. 

 Local Recurrence 
 OR 

95% CI (IQ 

range) 

RR 
95% CI (IQ 

range) 

RR 
(Sensitivity 
Analysis) 
95% CI (IQ 

range) 

HR 
95% CI (IQ range) 

Tumour on ink 

vs No tumour on 

ink 

3.07 

(1.77 – 5.33) 

 
p=<0.05 

I2=0 % 

2 studies 

2.12 

(1.13 – 3.12) 

 
p= <0.05 

I2 =67.9% 

4 studies 

ND 2.04 

(1.3 – 2.78) 

 
p= 0.581 

I2=61% 

6 studies 

Tumour on ink 

vs ≥1mm 

ND 

 

ND ND 

 

1.97 

(1.07 – 2.87) 

 

p= 0.455 

I2=80.1% 

2 studies 

Tumour on ink 

vs <2 mm 

ND 1.61 

(0.61 – 2.6) 

 

p= <0.05 

I2 =67.9% 

4 studies 

ND 1.53 

(1.09 – 1.97) 

 

p= 0.464 

I2=72.9% 

3 studies 

Tumour on ink 

vs ≥2 mm 

4.43 

(3.02 – 6.5) 
 

p=<0.05 

I2=83.3% 

4 studies 

2.97 

(2.16 – 3.78) 
 

p= <0.05 

I2=78.8% 

6 studies 

ND 

 

1.56 

(0.02 – 3.11) 
 

p=  0.547 

I2=72.9% 

3 studies 

0·1-1mm vs 

≥1mm 

4.82 

(2.45 – 9.48) 

 

p=<0.05 

I2=93% 
3 studies 

 

2.88 

(1.86 – 3.9) 

 

p= <0.05 

I2=85.1% 
4 studies 

0.51 

(-0.65 – 1.68) 

 

p=0.31 

I2=72.9 % 
3 studies 

1.34 

(1.01 – 1.67) 

 

p=  0.554 

I2=67.9% 
4 studies 
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0·1-2mm vs ≥2 

mm 

3.36 

(2.04 – 5.56) 

 

p=<0.05 

I2=42 % 
3 studies 

 

 

1.72 

(1.09 – 2.35) 

 

p= <0.05 

I2=52.7% 
10 studies 

0.9 

(-0.11 – 1.92) 

 

p=0.08 

I2=67.9% 
4 studies 

0.76 

(0.59 – 0.93) 

 

p=  0.183 

I2=87.6% 
2 studies 

 

 

 
Figure 3.5 Forest Plot showing pooled results for different performance metrics of local recurrence of 
different margin comparisons in patients who had DCIS. (A) Forest plot for pooled odds ratio (B) Forest 
plot for pooled relative risk (C & D) Forest plot for pooled relative risk where adjustment has been made 
for boost radiotherapy (E) Forest plot for pooled hazards ratio. 
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3.6 Discussion 

 

3.6.1 Justification of Optical Imaging Penetration Depth 

 

The primary goal of this chapter is to appreciate if the limited penetration depth of light 

through biological tissue suffices for intraoperative breast cancer detection. Few 

studies document the risk of local recurrence for margin widths 3 mm or more. 

Regardless of whether invasive disease or DCIS, the majority of studies focus on a 

margin width range of 0 mm to 2 mm, as this is the common practice in breast surgery. 

Marinovich et al. found no statistical difference when comparing a margin width of 

≥2mm to ≥10mm for DCIS following whole breast radiotherapy (OR 0.66, 05% CI 0.35 

– 1.23), negating the requirement for a 10mm resection margin [191].  

However, from this review it can be appreciated that the current dilemma is 

deciding whether a negative margin width should be 1mm or 2mm. Therefore, any 

intraoperative margin assessment tool utilising tissue optics with the ability to assess 

surface pathology on excised tissue can be justified. 

 

3.6.2 Invasive Ductal Carcinoma 

 

To our knowledge this is the first meta-analysis to report the association between 

margin width and all outcome metrics for local recurrence following breast 

conservation for invasive breast cancer. The results affirm what is already understood 

in the breast surgical field, that trends suggest the wider the negative margin the lower 

the risk of ipsilateral in breast recurrence. Compared to a resection margin width of 

more than or equal to 1mm, tumour at the inked margin was found to carry a four-fold 

risk of recurrence when assessing RR. Similarly, compared with a margin width ≥ 

2mm, tumour at ink was associated with a three-fold risk and five-fold odds of in-breast 

recurrence. Moreover, when compared to tumour at ink, the risk and hazard of local 

relapse with any wider margin, 1mm, and 2mm were statistically significant. This 

increased risk of recurrence associated with tumour at the inked resection margin is 

commensurate with the results of other meta-analyses [43, 201] and supports 
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international guidelines and recommendations [24, 44] that a minimum clear margin 

has to be more than no tumour ink. 

The main challenge is beyond no tumour on ink, and if the results of this 

analysis help support recommendations on a specific margin width surgeons should 

be aiming for. In this regard, the current results are novel as they shed light on the 

difference between a negative margin of >1mm compared to >2mm. In general, the 

trends suggest that compared to a close margin, wider margins >1mm and > 2mm 

lead to a reduction in the odds, risk and hazard of in breast recurrence. 

 Specifically, compared to a narrow margin defined as more than tumour on ink 

but less than <1mm and/or <2mm, margins greater than 1mm and greater than 2mm 

were associated with between four to five-fold reduction in odds and approximately 

twice the reduction in risk of local recurrence. However, of note, compared to narrower 

margins neither > 1mm nor >2mm led to a statistically significant decrease in 

recurrence once adjusted for chemotherapy, endocrine treatment and boost 

radiotherapy in sensitivity analysis. The current results are in line with the meta-

analysis conducted in 2014 by Houssami et al. [43] in which the authors found that 

increasing the definition of a negative margin was not associated with a significant 

reduction in the odds of recurrence. This highlights the stability of these findings over 

time given this analysis includes more than double the number of patients as the prior 

analysis [43], and includes studies treated beyond 2009 with modern 

chemotherapeutic regimens. Similarly, the consistency in the results transcends 

different meta-analytical strategies (e.g. meta regression) and subtleties in 

adjustments in that prior analyses adjusted for age, proportion of oestrogen positivity, 

endocrine therapy, percentage undergoing re-excision, and type of recurrence [201]. 

Here certain barriers seen in prior work have been overcome by avoiding assumptions 

in meta-regressive analysis about the relationship between margin status (i.e. positive, 

close, negative) and margin distance and instead use exact margin thresholds.  

The results of hazard ratio meta-analysis are interesting and support the 

findings of the recent analysis by Bundred et al.[201] in that both analyses show that 

compared to margins 0.1-2mm, margins >2mm are associated with a statistically 

significant decrease in the hazard of in breast recurrence. Unlike Bundred et al.[201] 

however, we did not observe an increase in recurrence for 0.1-1mm margins vs >1 

mm [HR 0.69, 95%CI 0.45 – 0.93]. A likely cause for this disparity is differences in 

papers used in the meta-analysis due to differences in exclusion criteria. Specifically, 
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whilst Bundred et al.[201] included papers in whom 95% of patients received 

radiotherapy, this analysis only included papers in whom all patients received 

radiotherapy.  

Due to a lack of reported data for margin width 1·1 – 2mm, firm conclusions 

cannot be drawn regarding the additional benefit of wider margins >1mm. Only 12% 

of patients from the total study population were reported to have margins and related 

LR data within the 0·1- 1mm, and 10.1% within the 0·1 – 2mm categories. Similarly 

prior meta-analyses also lack margin level data for these comparison groups [43, 201]. 

Therefore, there is not enough evidence to state that a clear margin of >2mm is 

required, because this review for the comparison group (0.1 – 2mm) may be 

confounded by a high proportion of patients in whom resection margins where in fact 

much closer to 0.1mm. 

 

3.6.3 Ductal Carcinoma In Situ (DCIS) 

 

This is the first study that concurrently reports RR, OR and HR for the impact of specific 

margin widths on local recurrence in DCIS, and has the largest number of patients 

since the landmark study of 2016 [191]. Within the margin width group 0·1-1mm vs 

≥1mm, patients had a statistically significant increased risk of LR, by 4.8 fold. Following 

adjustment for boost radiotherapy within 0·1-1mm vs ≥1mm and 0·1-2mm vs ≥2mm, 

differences in local recurrence rates were no longer significant. These findings suggest 

that a negative margin of more than 2mm should be achieved to lower the risk of LR, 

and correlate with recently published guidance from the Association of Breast Surgery 

who recommend that it is critical to achieve this negative margin width [288].The 

findings are also compatible with current NICE NG101 guidelines and SSO/ASTRO 

[24, 206]. In relation to current practice in the UK, Tang et al. identified that 53.2% of 

breast units accept 1mm compared to 38% of units accepting 2mm as a negative 

margin width in patients undergoing BCS for DCIS, followed by whole breast 

radiotherapy [44].  

It is universally accepted that DCIS found at the inked margin is inadequate and 

requires reoperative intervention. The NSABP B-17 trial reported DCIS found at the 

inked margin posed a two-fold relative risk for LR, compared with no disease found at 

the inked margin [289]. This meta-analysis compliments these findings, as all 
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performance metrics from this study showed a two or three-fold risk of LR when tumour 

on ink was compared to ≥0.1 mm. It also shows that achieving a negative margin of 

≥2mm reduced the risk of local recurrence by three-fold. 

The effects of boost radiotherapy have uniquely been assessed in relation to 

margin widths and LR risk here. The data suggests that when boost radiotherapy is 

applied to margin widths of ≥0mm but less than <2mm, the impact on local recurrence 

was no longer statistically significant. In 5897 patients of margin width group 0·1-1mm 

vs ≥1mm who received boost radiotherapy, there was an 82% risk reduction in the RR 

of LR (p=0.31), favouring boost radiotherapy. Comparatively, 2108 patients of group 

0·1-2 mm vs ≥2mm, the relative risk reduction in LR with boost radiotherapy was nearly 

48% (p=0.08). Chua et al. showed boost radiotherapy reduced local recurrence by 

43%, so findings from this meta-analysis are corroborative [290]. Unlike this review, 

Chua et al. failed to evaluate margin widths 0.1 to 1mm, as their inclusion criteria was 

a margin width of ≥1mm. Similarly, Moran et al. observed that boost radiotherapy 

significantly reduced LR with a HR of 0.68 (95% CI 0.5 -0.91; p<0.05) irrespective of 

age, margin status and endocrine therapy [291]. 

As expected, this review identifies that DCIS at the inked margin or narrow 

margin widths are associated with a higher risk of LR, with the greatest risk TOI vs 

≥2mm, followed by 0·1-1mm vs ≥1mm. If surgeons achieve at least 2mm as a negative 

margin we predict a risk reduction of at least three-fold for LR. This review therefore 

supports the recently updated recommendations from the ABS in October 2024, which 

concludes that DCIS should be resected with a 2mm negative margin [288]. 

This review also highlights that boost radiotherapy can mitigate the effects of 

DCIS not at the inked margin (i.e. ≥0mm). The novelty of findings of this review shows 

that if a margin is close (i.e. >0mm to <2mm) there is the potential option of re-excision 

or boost radiotherapy. However, patients must be counselled appropriately as boost 

radiotherapy has been reported to affect cosmesis, cause induration and increase the 

risk of breast fibrosis [290, 292, 293]. 
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3.6.4 Limitations 

 

It is evident that all studies included do not universally report demographic data or data 

regarding adjuvant therapy in the same manner. Radiotherapy regimes and doses 

were not clearly stated in all studies, and variation in radiation schedules and 

dosimetry may have confounded LR. Similarly, adjuvant endocrine therapy was not 

stated in 13 studies investigating invasive cancer for example. Only 6 studies of DCIS 

and margin width reported administrating boost radiotherapy [208, 270, 271, 274, 279, 

292, 294]. Of these only two reported the actual dose delivered for relevant margin 

width groups [270, 294, 295].  

With patient level data a more robust meta-analysis could have been performed 

allowing for meta-regression for confounding factors, which we know impacts local 

recurrence. Therefore, several factors, such as tumour biology, grade and 

immunophenotype influence the risk of local recurrence that have not been controlled 

in the meta-analysis for this chapter. For example, evidence suggests that triple 

negative and HER2 positive cancers increase the risk of local recurrence [296]. There 

is also a reported association between tumour grade and risk of recurrence, with 

higher grade tumours leading to increased local relapse ( grade 2 HR 0.95; 95% CI 

0.72 – 1.26; grade 3 HR 1.05; 95% CI 0.79 – 1.39)[297]. 

Certain studies have sparse data for given margin widths which may skew the 

relationship between margin width and local recurrence. Specifically, OR sensitivity 

analyses were limited by paucity of data within certain margin width groups (see Table 

3.3 & 3.4, Figure 3.4 & 3.5). Therefore, the results presented here should be 

interpreted with a degree of caution, because each comparison group had different 

number of studies included. 

Meta-analysis data for OR and RR had computed confidence intervals which 

can incur a statistical risk. These include introduction of analytical bias; under or 

overestimation of effect sizes; mass inconsistency effects across studies and 

sensitivity to outliers. It is noted that negative values were identified for example in RR 

for DCIS. Similarly, OR analysis could not be performed in some cases due to negative 

values resulting from logarithmic computations. This issue is highlighted by the 

discrepancy between the calculated OR for invasive disease in 37 studies and the OR 

sensitivity analysis, which included only 18 studies. 
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A challenge when categorising papers into different groups based on margin 

width is that for example when a margin was documented as ≥2mm, the margin could 

be as wide as 10mm or as narrow as 2.1mm. We accept that the lack of precise, exact, 

quantitative margin width may have influenced the results. Although for example 

overall adjuvant therapy figures may have been given, there was an inability to account 

for all confounding factors within this data. This was also noted within the Bundred 

sub-analyses. 

Heterogeneity was observed among the computed metrics (OR, RR, and HR) 

due to variations in the number of studies included after logarithmic computations. 

Several OR category analyses could not be performed because of these 

computations. 

 

3.6.5 Future Work 

 

Future work in this field should aim to gather patient level data for invasive breast 

cancer and DCIS, to enable meta-analysis to not be affected by confounding factors. 

The main margin width categories that should be focused on are the 0.1 to 1mm, or 

0.1 to 2mm group, as the paucity of data does not enable us to interpret results clearly. 

This may be in part due to the fact many studies predate when guidelines were set. 

However, for now, we conclude that the evidence base for the recommendations of 

clear margins of 1mm for invasive disease are insufficient.  

In contrast, our analysis suggests that for DCIS minimum clear margins of 2mm 

are sufficient. There is also evidence from this work suggesting that for DCIS a 

radiotherapy boost mitigates the effects of disease within the margin width group 0.1 

to <2mm and therefore is a potential alternate management option. A clinical trial can 

be advocated of invasive disease and DCIS to evaluate the use of boost radiotherapy 

in margin widths ≥0 - 1 mm, ≥0 - 2 mm and ≥2mm, to establish if the benefits in local 

recurrence are reproducible. 
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Chapter 4: Spectroscopy Use on Freshly Frozen 
Breast Tissue Samples 

 

4.1 Introduction 
 

Spectroscopy was presented in chapter two as a modality to discriminate between 

malignant and healthy breast tissue rapidly, with the view towards intraoperative 

margin assessment to improve precision of breast conserving surgery. Spectroscopy 

is also a fundamental component of any spectral imaging system. Chapter two 

discerns areas that need to be explored in studies that use spectroscopy to interrogate 

breast tissue in the intraoperative setting, accounting for the lack of tissue 

heterogeneity, examination of surface pathology of freshly excised specimens and 

machine learning for data analysis. The objectives of this chapter are to evaluate the 

efficacy of a custom-built spectroscopy probe to differentiate between normal and 

malignant tissue. Secondly, to determine the ability of the probe in differentiating 

tumour heterogeneity (e.g. ductal, lobular), given the varied nature of breast cancer 

biology. Lastly, the experimental set up of this probe and spectral data gathered from 

this first experimental chapter is used to inform the methodology of multispectral 

imaging experimental work in chapter five. 

 

4.2 History of Optical Spectroscopy 
 

In 1672 Issac Newton’s fundamental work with prisms identified that white light could 

be divided into colours, as what we now identify as a “spectrum”. In 1802, William 

Wollaston built the first spectrometer [298]. He used a lens to focus light from the sun 

onto a screen identifying an uneven distribution of colours the light was divided into 

[298]. He also observed dark lines where no light was cast [298]. In 1814, Joseph von 

Fraunhofer independently discovered these dark lines, “Fraunhofer lines’, and was 

able to explain that these were a result of absorption of light by chemicals in the solar 

atmosphere [298]. Fraunhofer made significant contributions to spectrometer design 
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as he added diffraction gratings which allowed the wavelength of the cast coloured 

light to be determined [299]. In 1820, John Herschel investigated the infrared and 

ultraviolet regions of the electromagnetic spectrum and also showed that chemical 

compounds could be distinguished via their spectral signatures. In the mid 19th 

century Gustav Kirchhoff and Robert Bunsen showed that each element emits light at 

specific wavelengths, from their work with salts and metals [298]. 

 

4.3  Optical Spectroscopy 

 
Optical spectroscopy is a point-based optical diagnosis technique. The interaction of 

light with a tissue surface culminates in various optical processes namely reflection, 

absorption, scattering and fluorescence, as previously discussed (see section 2.1). 

There are a wide range of techniques available for spectroscopic analysis of these 

processes, namely, diffuse reflectance spectroscopy, elastic scattering spectroscopy, 

Raman spectroscopy and fluorescence spectroscopy [300]. Depending on the 

wavelength region used, optical spectroscopy, is sensitive to the electronic structure 

of ultraviolet and visible wavelength forms (UV-VIS), and responds to the 

intramolecular bond vibrations of the infrared (IR) wavelength range [301].  

 

4.3.1 Components of Optical Spectroscopy 

 

An optical spectroscopic system incorporates a light source; an optical analyser with 

a detector (spectrometer); and a light transport conduit which is commonly a fibre optic 

cable [302]. 

 

4.3.1.1  Spectrometer 

 

A spectrometer is defined as an instrument that separates and measures spectral 

components of a physical characteristic. It is an instrument that measures a 

continuous variable in which the components of the spectrum are separated from their 

original mix. Different variations of spectrometers exist including nuclear magnetic 
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resonance spectrometer, mass spectrometer and the most relevant for this thesis, 

optical spectrometer. 

An optical spectrometer measures the consequences of the interaction of light 

(or electromagnetic radiation) with molecules [303]. More specifically, it probes the 

transitions between energy levels associated with either the electronic or vibrational 

degrees of freedom (associated with the UV-VIS or IR range, respectively) [304]. 

An optical spectrometer consists of one or several diffraction gratings, an 

optical path, and a detector array [305]. Figure 4.1 illustrates the components of a 

typical spectrometer.  

 

4.3.1.2  Light source 

 
Various light sources are found in a spectrometer including tungsten halogen, light 

emitting diode) LED, lasers or xenon arcs [299]. 

 

4.3.1.3  Slit 

 
Light produced from a source enters the entrance slit. The size of the slit determines 

the amount of light that the instrument measures, but also the optical resolution of the 

spectrometer [299]. Resolution is improved with a smaller size slit. Slit size varies from 

5 to 800 µm, with a height of 1 to 2 mm. The light beam becomes divergent after 

passing through the slit. This divergent beam is reflected on a collimating mirror, and 

therefore the beam becomes collimated. The collimated rays are directed towards a 

diffraction grating. 

 

4.3.1.4  Diffraction Grating 

 
A diffraction grating disperses light into its constituent wavelengths (essentially 

different colours) [306]. A grating is preferred to a prism as it can disperse colours over 

a larger angle but also across the UV, VIS and IR spectrum. Each wavelength of light 

is reflected from a different angle of the diffraction grating. Therefore, diffraction 

gratings vary in size to accommodate for this. Once light is reflected from the grating 

it becomes divergent again and hits a second mirror which focuses and directs light 

towards the detector. 
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4.3.1.5  Detector 

 
Light spectra are captured by the detector. The detector is a CCD, photodiode array, 

or photomultiplier tube [301]. The detector measures the intensity of light as a function 

of wavelength. This spectral data is digitized and plotted onto software as a graph. 

 

 
Figure 4.1 Schematic showing principal components of a spectrometer. A light source (commonly a 
tungsten halogen, laser emitting diode or xenon arc) emits light which passes through a slit, and the 
size of the slit determines the amount of light the spectrometer measures and influences optical 
resolution. Once the light hits a collimating mirror. The collimated light rays fall onto a diffraction grating 
which disperses light into its constituent wavelengths. Light spectra are captured by a detector which 
measures the intensity of light as a function of wavelength, and the information is digitized into spectral 
graphs. 

 

4.3.1.6  Fibre 

 
An optical fibre transmits light based on the principle of total internal reflection [302]. 

Commonly there are separate illumination and collection fibre paths to minimize 

background signals produced in the illumination fibre. A fibre consists of a core, 

cladding and a supportive jacket. The core is made from glass or plastic. The cladding 

is of similar material, however with a lower refractive index.  
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4.3.1.7  Diffuse reflectance probes 

 

Reflectance is described as the elastically scattered light that escapes a tissue surface 

[307]. The mean free path (MFP) of a photon in turbid media is defined as: 

 

MFP = 1/(µa + µ’s) 

 

The diffuse reflectance signal is influenced by the absorption coefficient (µa) and 

scattering coefficient (µ’s), and by analysing the reflected light across different 

wavelengths the optical properties of both of these coefficients can be extracted to 

reveal tissue composition. 

The absorption coefficient (µa) determines how much of incident light is 

absorbed by chromophores within tissue and does not return to the surface as 

reflected light. Relevant chromophores in breast tissue are oxygenated and 

deoxygenated haemoglobin, lipids and water [138]. Chromophore concentration is one 

factor that influences the absorption coefficient, and it is known that adipose tissue 

contains more lipids whereas fibroglandular tissue and cancer contains more 

haemoglobin and water [308]. Each chromophore absorbs at different wavelength 

ranges producing a unique spectrum (oxy/deoxyhaemoglobin absorbs within 650-850 

nm, whereas water and lipid absorb within 900-1000 nm) [309]. The wavelength of 

light influences the absorption coefficient as each chromophore contributes differently 

to the total absorption. Tissue type also influences the absorption coefficient, and in 

relation to breast tissue heterogeneity exist amongst patients in terms of breast density 

and between normal breast tissue and breast cancer [310]. 

The reduced scattering coefficient (µ’s) quantifies the amount of scattering of 

light, whilst also considering the directionality (anisotropy) of scattering. The reduced 

scattering coefficient equates to: 

 

µ’s = µs (1 – g) 

 

where µs is the scattering coefficient, representing the probability per unit length a 

photon is scattered through medium, and g is the average cosine of the scattering 

angle probability. Here, g represents the anisotropy factor which ranges from minus 
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one to one. The anisotropy factor identifies how much scattering is forward-directed ( 

if g =1 all scattering is forward, if g = 0, scattering is in all directions, if g = -1 scattering 

is only backwards). The reduced scattering coefficient is crucial in describing the 

diffusive reflective nature of light in tissues and influences the spatial distribution of 

reflected light. Relevant light scatterers in breast tissue are collagen and fibroglandular 

content.  

Absorption and scattering properties are required to be extracted for DRS, and 

several techniques are used to do this, but with relevance to this thesis “multi-distance 

measurements” will be discussed. With multi-distance diffuse reflectance 

spectroscopy reflectance profiles are measured at multiple source detector 

separation. This technique is enabled by placing multiple detectors at different 

intensities from the light source, with separation distances range from 2 mm to 20 mm 

in tissue. By assessing reflectance at different distances, the individual contributions 

of absorption and scattering are more easily distinguished [311]. Different 

configurations of fibres within the probe help contribute to these different source 

detector separation distances. The end of a probe is either bevelled or flat surfaced, 

to enable optimal coupling [302].  

 

4.3.1.8  Fluorescence spectroscopy probes 

 

The components of a fluorescence spectroscopy probe differ, as here, fluorescence 

excitation is required. Fluorescence excitation is commonly achieved by lasers, which 

emit light at a wavelength selected to match the absorption peak of the fluorophore 

known to be within the tissue being studied, causing them to emit fluorescence [312]. 

When the laser hits the tissue sample, photons are absorbed by the fluorophores, 

causing their electrons to alter from a ground to an excited state [312]. Additional 

mirrors are used to remove infrared light from the main path to prevent excessive 

radiation [302]. A long pass filter is placed in front of the spectrograph to reduce 

residual background light from the excitation light source. 
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4.4 Methodology 
 

4.4.1  Study Setting 

 

Breast tissue samples were prospectively collected from patients undergoing elective 

breast conserving surgery or mastectomy at either Imperial College London NHS Trust 

(Charing Cross Campus) or Barts Health NHS Trust. Samples were collected 

immediately after the patient underwent surgery, and freshly frozen without any use of 

formalin. Tissue samples acquired from Imperial College London NHS Trust were 

collected either by myself or via the Imperial College Tissue Bank team. 

Comparatively, tissue samples from Barts Health NHS Trust were collected by the 

research team affiliated with Breast Cancer Now.  

Imperial College Tissue Bank ethics (R21032-4A) and Breast Cancer Now ethics 

(REC ref no. 21EE0072) allowed prospective collection of tissues used in this study. 

The use of diffuse reflectance spectroscopy (DRS) on these tissue samples was 

approved with Integrated Research Ethics Approval (IRAS) [REC ref no. 

08/H0719/37].  

 

4.4.2  Spectroscopy Instrumentation 

 

A custom-built experimental setup was constructed by Dr Vadzim Chaulau, which was 

used for data acquisition. This six-channel fibre optic probe utilises DRS-IFS. The 

system includes two broadband light sources (wavelength range 360 – 2400 nm) for 

DRS, halogen lamps Ocean Optics HL-2000-HP-232R and Ocean Optics HL-2000-

FHSA-LL (Ocean Optics Inc., USA); spectrometer Ocean Optics USB4000-UV-NIR 

(Ocean Optics Inc. USA) with fitted fluorescence excitation rejection long pass 425-

1000 nm filter OD=4 (Techspec (R) High Performance filter, Edmund Optics Ltd.), 

which detect spectra in the range 425 – 850 nm and used for registration of LIFS and 

DRS spectra, spectrometer Ocean Optics Flame-S-VIS-NIR (Ocean Optics Inc.) which 

detects light at a range of 400 – 1100 nm and used for detection of DRS spectra only. 

Fluorescence excitation sources were laser diodes NICHIA NDU1113E, 375 nm 

(Nichia Inc.,Anan, Japan) and Thorlabs DLS5146-101SP, 405 nm, installed in 
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Thorlabs laser diode drivers. A schematic of the experimental DRS-IFS system is 

presented in Figure 4.2.  

 

 
Figure 4.2 DRS-IFS experimental setup: a) Schematic of the components of the custom-built probe 
system illustrating two lamps (Lamp 1 (L1) and Lamp 2 (L2)) which deliver light in the wavelength range 
360 – 2400nm; two laser diodes delivering light at wavelengths 375nm and 405nm for fluorescence 
excitation; two spectrometers detecting spectra in the wavelength range 400 – 1100nm. (b) 
Photographic illustration of myself in the laboratory with the spectroscopy probe set up with all 
components in situ. (c) Diagram of fibre configuration, where L1 and L2 are the fibres connected to the 
broadband DRS light sources, D1 and D2 are the fibres connected to laser diodes 405 nm and 375 nm, 
Sp1 and Sp2 are the fibres connected to spectrometer 1 (DRS and IFS) and spectrometer 2 (DRS) (d) 
DRS-IFS multifiber probe distal tip, inset –photograph of the fibre configuration (e) Sample holder and 
fibre optic probe with tissue sample. 

 
 

Advantages of combining two light sources and two spectrometers include 

reduced acquisition time without loss of efficiency and a broader wavelength range 

coverage [313]. The acquisition time for the registration of four DRS and two IFS 

spectra of our custom-built system is 20 seconds. In other spectroscopy setups where 

there is one spectrometer and multiple light sources, there is a long acquisition time 
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[313]. Similarly, where there is only one light source, but multiple detectors are 

required, this incurs additional costs.  

The originality of this custom built six channel probe lies within the distances 

between the different elements, as illustrated in figure 4.3. The probe tip incorporating 

all fibres was 5.9 mm in diameter. The distance of 0.5 mm between the first lamp and 

spectrometer enable sensitivity to scattering properties. The pathlength of 1.6 mm 

between the second lamp and second spectrometer fibres is relatively non sensitive 

to scattering properties. The distance of 2.8 mm between the first lamp and second 

spectrometer fibres allows sensitivity to light absorption, in the context of haemoglobin. 

When autofluorescence is excited at 375 nm and 405 nm, spectrometers detect 

simultaneously two spectra at SDD 0.3 mm When DRS lamp one is enabled the 

spectrometers detect simultaneously two DRS spectra at distances 0.5 mm and 2.8 

mm. When DRS lamp two is enabled, the spectrometers record simultaneously two 

DRS spectra at distances 0.8 mm and 1.6 mm.  

 

 
Figure 4.3 Acquisition of DRS and LIFS spectra: a) Lamp 1 is on and SDR spectra with source-detector 
separations 0.5 mm and 2.8 mm are registered; b) Lamp 2 is on and SDR spectra with source-detector 
separations 0.8 mm and 1.8 mm are detected; laser diode with wavelength c) 375 nm or d) 405 nm is 
on and IFS spectrum is recorded. Here, the Z axis represents the ‘interrogation’ depth in millimetres 
(i.e. depth in tissue from the surface). 

 

4.4.3  Data Acquisition Protocol 

 
Frozen breast tissue samples were thawed all the way through, and data acquisition 

occurred within 30 minutes of this. The DRS-IFS setup was calibrated in advance to 

allow for efficient workflow. A Spectralon® White Diffuse Reflectance Standard target 
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(Edmund Optics Ltd, UK) was used for DRS calibration, and a custom-built 

fluorescence reference of white fluorescent film was used for IFS calibration.  

Each tissue sample was placed on a specimen holder on top of the multifibre 

probe (Figure 4.2E). A black plastic cylindrical cover was placed over the tissue sample 

to minimise contamination of ambient light. Firstly, data was acquired from the anterior 

surface of the sample by rotating the sample over the probe to capture 8 to 10 data 

acquisition points, at different orientations over the surface of the tissue. Data 

acquisition from multiple points was performed to ensure representation of the whole 

tissue sample. Each data acquisition pointed captured two autofluorescence spectra 

and four DRS spectra. The sample was then turned over to the posterior aspect and 

the above protocol was repeated. On average, 32 to 40 autofluorescence or 64 to 80 

DRS (overall 96-120) spectra per tissue sample were acquired. 

 

4.4.4  Histopathology Correlation 

 

Macroscopic photographs of the tissue samples were taken sequentially and 

concomitantly with probe measurements to enable histopathological correlation 

(Figure 4.4a). Histopathology correlation was acquired via two methods depending on 

the source of the tissue sample. For 122 samples (from the Imperial College Tissue 

Bank), following data acquisition, the posterior aspect of the tissue sample was inked 

with a small yellow dot using tissue dye (Cancer Diagnostics Inc). The tissue samples 

were sent to histopathology in formalin; set in paraffin and then underwent 

haematoxylin and eosin (H&E) staining as per standard protocol (Figure 4.4b). Both 

anterior and posterior aspects of each sample were accounted for in this processing 

to correlate histological diagnoses with spectral data. H&E slides were interpreted by 

an experienced consultant pathologist, Dr Anna Silvanto, who was blinded to spectral 

data. 

The remaining 59 samples (acquired from Breast Cancer Now Tissue Bank) 

had frozen section applied prior to being used for data acquisition. Each tissue sample 

had several slices taken (micrometre in thickness) and slides were read by a different 

experienced pathologist. Samples were only given to researchers for use if it was felt 

the whole sample represented the tissue type. Frozen section was performed on these 

59 samples as per protocol of the Breast Cancer Now Tissue Bank. 
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Figure 4.4 (a) Macroscopic photograph of breast tissue sample interrogated with our DRS-IFS system. 
(b) Corresponding histopathology slide image following review by an experienced consultant pathologist 
identified invasive lobular cancer. (c) Macroscopic photograph of a further breast tissue sample with 
normal breast tissue appearances. (d) Corresponding histopathology slide identifying healthy breast 
tissue. 

 

4.4.5  Data Processing Techniques 

 

Data processing was carried out in two phases and was performed by Yufeng Shi and 

Ria Ranjiktar (Imperial Masters’ students) under the supervision of Professor Daniel 

Elson and Dr Vadzim Chalau. Firstly, spectral processing, followed by spectral 

classification. The components of each of these phases is depicted in Figure 4.5. 

 

4.4.5.1 Pre-Processing 

 
Pre-processing of spectral data was performed to account for inter-sample 

heterogeneity, background light, and signal quality variability. To account for these 

variabilities’ normalization and noise reduction of spectra were performed. The 

processing technique applied to our acquired spectral data is described below (Figure 

4.5). 
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Figure 4.5 Schematic to summarise the processing of spectral data. This was conducted in two phases 
– pre-processing followed by classification. 1) Pre-processing of spectral data is performed to account 
for inter-sample, background light, and signal quality variability. DRS spectra integration time was 
normalised. A Savitzky-Golay filter was used to smooth the data and remove noise. Similar technique 
was done for fluorescent spectra, but to account for variability in laser power the fluorescent spectrum 
of normal and malignant tissues was scaled by multiplying the scale ratio. Three types of features were 
extracted from the raw spectra namely Fixed Window Features, Peak Valley Features and Peak Valley 
Slope Features. Feature selection using Boruta was performed on DRS and fluorescent spectra to 
reduce dimensionality of data and improve accuracy. 2) The spectral data was subdivided into six 
different subsets for binary classification from each of the six channels as follows: healthy vs. invasive 
ductal cancer (IDC); healthy vs. invasive lobular cancer (ILC); healthy vs. ductal carcinoma in-situ 
(DCIS); healthy vs. pathological complete response (PCR); healthy vs. invasive cancer (IDC and ILC); 
healthy vs. all cancer (IDC and ILC and DCIS). Binary classification was carried out on multiple channel 
combinations. Utilising DRS08, DRS28 and fl405 channels were deemed to produce the best overall 
results and the channel combinations presented in the results section. 

 

4.4.5.1.1  DRS Calibration and Pre-Processing 

 
Normalisation occurred in two steps. Spectral integration time refers to the duration 

for which a spectrometer collects light from a sample before signal processing, and 

here it was set to 1000 milliseconds. Scaling of the integration time is performed to 

optimize the collection of raw signal data by controlling how long the detector captures 

light from the tissue sample before delivering a signal. This scaling process involves 

adjusting the integration time to balance signal intensity and detector saturation, and 

allows raw spectral data to be collected with improved signal-to-noise ratios [314]. 

Noise reduction can be performed by using white reflection standard and dark field 

readings, as summarised below: 
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*+,- = 	*,/0 − 	*+1
*0-2 − 	*+1  

 

Where *RAW is the raw signal collected during data acquisition, *DN is the dark-field 

signal which is the average raw signal between 350 to 380 nm. The white reflectance 

standard signal *WST, is multiple calibration spectra for each sample collected at the 

beginning of all spectra acquisition experiments. *DRS is the final reflectance value. 

A Savitzky-Golay filter was used to smooth the data and remove noise, while 

preserving the trend. This is a widely used digital filter, which achieves the desired 

effect by convolution [315]. A window is slid onto the original data, and the algorithm 

uses a polynomial function to fit the data points within that window. The smooth output 

value for the centre point of the window is calculated by the polynomial function. By 

sliding the window from left to right, a new smooth signal data is generated. 

Linear interpolation was then applied. The final DRS spectra contained 401 

equally spaced intensity measurements in the 450 to 850 nm spectral range. 

 

4.4.5.1.2  Fluorescence Spectroscopy Calibration and Pre-Processing 

 

Similar calibration and pre-processing techniques were used to treat fluorescence 

spectra. However, two further steps were applied to compensate for fluorescence 

collection efficiency and variability in laser power. These steps are performed to allow 

for wavelength calibration to ensure the spectrometer is correctly assigning 

wavelengths to the detected fluorescence signal and enable instrument response 

correction to ensure accurate intensity values are gathered across the spectrum. Here, 

the spectral integration time was scaled to 26 ms followed by application of noise 

reduction similarly to the DRS spectra.  

To account for variability in laser power, the emission spectrum of the calibrated 

lamp was gathered, and then compared to measured spectrum and the ratio of the 

known intensity to the measured intensity at each wavelength gives a correction factor. 

The fluorescence spectrum of normal and malignant tissues was scaled by the 

correction factor at each wavelength.  
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For final processing of fluorescent spectra, the Savitzky-Golay filter was 

applied, as was linear interpolation. The fluorescence spectra contained 451 equally 

spaced intensity measurements in the 400 to 850 nm spectral range. 

 

4.4.5.2  Outlier Detection 

 
Two methods were utilised for outlier detection, and once again performed by Yufeng 

Shi and Yufeng Shi and Ria Ranjiktar under the supervision of Professor Daniel Elson. 

Firstly, ‘zero variance detection’ identifies spectral data where there is no variation (i.e., 

the data points are all identical) which indicates an issue. Secondly, intensity 

thresholds were used. For data files containing DRS spectra, low intensity values are 

flagged as outliers. The threshold used for DRS intensity check was 10000, such that 

if the mean intensity was less than 10000 then this was deemed to be an outlier. 

Similarly, for fluorescence spectra with low fluorescence values (here if adjusted mean 

intensity was less than 2500) this was considered an outlier. 

 

4.4.5.3  Feature Extraction 

 

Following pre-processing, three types of features were extracted from the raw spectra 

before being used for the classifiers. They are named “Fixed Window Features”, “Peak 

Valley Features”, and “Peak Valley Slope” features. The configurations of these 

features were manually selected based on the DRS05 channel and subsequently 

applied to DRS08, DRS16 and DRS28. 

 

4.4.5.3.1 Fixed Window Features 

 
Fixed Window Features is a feature engineering technique in which data is divided 

into fixed-size windows or segments, and features are extracted from each window 

[316]. The following five features were extracted from each window: a) window mean 

intensity; b) window maximum intensity; c) wavelength corresponding to maximum 

intensity in this window; d) window minimum intensity; and finally, e) wavelength 

corresponding to minimum intensity in this window. 
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The DRS raw spectra, in the range 450 – 850 nm, were divided into 20 windows. 

Each window length was 20 nm. Thus, 100 features were extracted per DRS spectra. 

For each fluorescence spectra, the 400 – 840 nm range was divided into 22 windows. 

Each window length was again 20 nm. Here, 100 features were extracted per 

fluorescence spectra. 

The extracted features from each window are then concatenated into a feature 

vector. Each window corresponds to a data point, and the feature vector represents 

that data point in the machine learning model. 

 

4.4.5.3.2  Peak Valley Features 

 
In spectroscopy, a “peak valley feature” describes distinct peaks and valleys seen in 

graphs of spectral data. These features represent the intensity of light at different 

wavelengths (Figure 4.6). 

 

 
Figure 4.6 Graph depicting “peaks” and “valleys” acquired from spectral data, which represent the 
intensity of light at different wavelengths. This graph is an example of one diffuse reflectance channel 
only. A “peak” represents a point where the intensity of reflectance or fluorescence light is at its highest 
for a particular wavelength. A “valley” depicts a point where the intensity of reflectance of fluorescence 
is at its lowest between two adjacent peaks. The different colours represent the different tissue types 
interrogated in this experimental work (blue = healthy breast tissue, red = invasive ductal carcinoma, 
green = invasive lobular cancer, yellow = ductal carcinoma in-situ, purple = pathological complete 
response). 
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A “peak” represents a point where the intensity of reflectance or fluorescence light is 

at its highest for a particular wavelength. In this study for each peak, the following 

three features were extracted: window mean intensity; window maximum intensity; 

wavelength corresponding to maximum intensity in this window. Three peaks were 

selected from the four DRS channels. These peaks lie within the spectral range: 500 

– 543 nm; 543 – 577 nm and 577 – 750 nm (Figure 4.6). 

With fluorescence 375 and 405 nm, only two peaks were extracted. The range 

of the main peak was 435 – 550 nm. Features from within the range 550 – 650 nm 

were also extracted; however, this was not a real peak (Figure 4.6). 

Comparatively, a “valley” depicts a point where the intensity of reflectance or 

fluorescence is at its lowest between two adjacent peaks. Here, to each valley window 

mean intensity; Window minimum intensity; And wavelength corresponding to 

minimum intensity in this window were extracted. Here, the two valleys selected had 

ranges of 518 – 560 nm, and 560 – 587 nm (Figure 4.6). 

 

4.4.5.3.3  Peak Valley Slopes 

 
The “slope” in a spectral graph refers to the change in intensity or amplitude as a 

function of wavelength or frequency. Here slope features are referred to the difference 

in intensity measurements at two specific wavelengths. The slopes were chosen 

manually based on the mean spectra (Figure 4.6). Here, the slopes were the difference 

in reflectance of the first and second peak; and the difference of reflectance of the first 

and second valley. No slope features were extracted from fluorescence spectra. 

 

4.4.5.4 Feature Selection 

 
Feature selection is defined as the process of identifying and removing as many 

irrelevant and redundant features as possible [317]. Feature selection serves three 

purposes. Firstly, it allows dimensionality reduction, by reducing the number of 

features whilst retaining the most relevant ones. This avoids overfitting and increased 

computational complexity. Secondly, by focusing on the most important features, we 
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build a more accurate machine learning model. Finally, by removing redundant or 

irrelevant features, attenuates noise. 

“Boruta” is an example of a feature selection technique [318]. It is chosen here 

as it is unclear which features amongst the spectral data are more relevant for 

analysis. Boruta first creates a copy of the original dataset with the same features 

(columns). However, within this “shadow” data set the columns are shuffled or 

randomized. The original and “shadow” dataset are then merged. A feature selection 

algorithm, commonly random forest, is used to build a model on this combined dataset. 

The importance of each feature is ranked. Boruta compares the importance of each 

real feature with that of the corresponding “shadow” feature. Features with a higher 

ranking are considered to be relevant features, whereas those with a lower ranking 

are considered unimportant. Several iterations of these steps occur to ensure feature 

selection is robust. Confirmed features are then used for training machine learning 

models. 

Feature selection was performed on both the DRS and fluorescent spectra raw 

spectra, but also on the above three described feature extraction methods described 

above. The aim of feature selection was to reduce dimensionality of the data and 

improve accuracy.  

 

4.4.6  Quality Assessment of Samples 

 

During data acquisition it was noted that the quality of the 181 samples interrogated 

varied. Factors affecting this variability included size; diathermy marks; stains with 

either blue dye or pathology ink; tissue thickness and homogeneity. To account for 

variability, and to allow assessment of how accuracy is affected by this, it was decided 

to rank the samples with a quality score from one to three. 

Samples ranked with a quality score of 1 were deemed to be of “poor quality”. 

These samples were less than three millimetres in size in any direction, and it was not 

possible to fold or combine these samples. They may be contaminated by dye, ink, or 

diathermy. The thickness of these samples may have also not been consistent, and 

less than 3 mm. 

Samples ranked with a quality score of two were of “average quality”. These 

samples had a minimum size of at least 3 mm in one direction. They may have been 
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affected by ink, dye, or diathermy however their tissue thickness was still more than 4 

mm. 

By contrast, samples run with a score of three, were of “superior quality”. Here 

tissue thickness was more than four millimetres. There was no evidence of ink or dye 

stains, or diathermy. 

 

4.4.7  Spectra Classification 

 

Once relevant features were extracted from the spectral data, classification was 

performed. Data classification is defined as learning the structure of a data set which 

has already been separated into categories or classes [319]. A model is then used to 

‘learn’ these categories, and estimates the group class labels of one or more 

previously unseen data sets with unknown labels [319]. With relevance to this thesis 

data was categorised with the aim of comparing healthy breast tissue to malignant 

breast tissue subtypes (B5a/b). The model is then used to estimate the class labels of 

one of more previously unseen data examples with unknown labels. A training set is 

an example data set which is inputted into a classification problem, that has already 

been sub-categorised into different classes (i.e. either healthy or malignant breast 

tissue). The model learned is defined as the ‘training model’ [319]. The unseen spectral 

data features that need to be classified are the ‘test data set’. The algorithm that 

creates the training model for predicting if the tissue sample is healthy or malignant is 

defined as the ‘learner’.  

Supervised machine learning aims to build a concise model of the distribution 

of class labels in terms of predictor features [317].  

 

4.4.7.1  Binary Classification on Individual channels 

 

The spectral data was subdivided into six different categories to account for comparing 

healthy breast tissue against malignant breast tissue for binary classification, as 

follows: 

 

1. Healthy vs. Invasive ductal cancer (IDC) 

2. Healthy vs. Invasive lobular cancer (ILC) 
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3. Healthy vs. Ductal carcinoma in-situ (DCIS) 

4. Healthy vs. Pathological complete response (pCR) 

5. Healthy vs. Invasive cancer (IDC & ILC) 

6. Healthy vs. All cancer (IDC & ILC & DCIS) 

 

4.4.7.2  Combining Channels 

 

The custom-built probe utilised for experiments has six channels. Each channel 

provides different information and the objective in combining these channels is to 

improve the accuracy and reliability of spectral measurements. There are a few 

advantages of combining channels, firstly there is enhanced sensitivity as different 

breast tissue components absorb or reflect light at specific wavelengths, leading to 

improved detection where there is low concentration of chromophores/fluorophores. 

Secondly, there is improved noise reduction as random noise found amongst spectral 

measurements is averaged out by combining channels. Thirdly, different channels will 

identify different properties of biological tissue and by combining channels feature 

extraction is enhanced. Finally, combining channels increases the volume of data 

available to train classification models and hence more features available to 

differentiate between healthy and malignant breast tissue. 

 

4.4.8  Classifiers 

 

Data was divided into the training and testing sets using the repeated stratified k-fold 

cross-validation (CV) method, with five folds and five repeats. When using the CV 

method, the data set was split into five folds such that each fold contains approximately 

the same percentage of samples of each target class as the complete set. The model 

is train and tested on each fold. After the five iterations the performance metrics (in 

this thesis sensitivity, specificity, area under the curve and accuracy) are averaged 

across all five test sets [320]. The CV method was chosen for the following key 

reasons: it’s ability for efficient use of data, reduced overfitting, more reliable 

performance estimates and flexible for different dataset sizes [320]. K-fold cross-

validation uses all data points for both training and testing, which is advantageous 

particularly if a dataset is small which in the case of this experimental work is noted in 
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some tissue subtypes. Compared to a simple train-test split, K-fold CV reduces 

overfitting as the model performs over multiple splits. K-fold CV averages the 

performance across different test sets, and this allows an improved estimate of the 

ability of a model to be generalizable to unknown data.   

Logic based algorithms can be divided into either decision trees or rule based 

classifiers [321]. A tree-based classification model was used in this study. They are a 

type of supervised machine learning algorithm that uses a series of conditional 

statements to partition training data into subsets. Each successive split adds some 

complexity to the model, which can be used to make predictions. Decision trees are 

suitable for this small size data set as they are easy to implement. 

Here, two tree-based classifiers were used:  Gradient Boosting, and Extreme 

Gradient Boosting (XGBoost). These classifiers lie within a type called boosting. 

Boosting is a type of ensemble learning that combines weak learners to achieve 

improved model performance. With gradient boosting (GB), gradient descent 

algorithm is used for optimization. So, at each iteration of model building, gradient 

boosting fits subsequent models to the residuals from the previous one. It iteratively 

boosts the accuracy of individual trees, therefore improving overall model 

performance. XGBoost, in addition to gradient boosting, enables regularisation which 

further helps reduce overfitting [322]. 

All the experiment types (normal vs tumour, or tumour vs tumour) were trained 

and validated on three tree classifiers. For each experiment type, the highest area 

under the curve (AUC) achieved among the three classifiers was selected. The 

corresponding accuracy was also recorded. 

 

4.4.8.1  Evaluation of Performance of Classification Algorithms 

 

A confusion matrix is a table which contains information about actual outcomes and 

predicted classifications by the same classifier [323]. It is a concept that can be used 

to evaluate the performance of a classification algorithm. For this thesis, confusion 

matrices were created to assess how well the GB or XGB classifier can distinguish 

between the different binary classification subsets outlined in 4.5.7.1. A confusion 

matrix highlights how well a classifier distinguishes between classes, in this case 

tissue subtypes [324]. The components of a matrix (Figure 4.7) are outlined below: 
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Figure 4.7 Confusion matrix schematic where each row represents the actual class of the tissue 
histological subtypes in relevance to this thesis, and each column represents the predicted tissue 
histological subtype [324]. 

 

Within the matrix the following: true positive, false negative, false positive and true 

negative are represented and defined as below: 

• True Positive (TP) – The number of correct predictions where the actual class 

is positive, and the classifier also predicted it as positive. 

• False Negative (FN) – The number of incorrect predictions where the actual 

class is positive, but the classifier predicted it as negative. This represents a 

type II error. 

• False Positive (FP) – The number of incorrect predictions where the actual 

class is negative, but the classifier predicted it as positive. This represents a 

type I error. 

• True Negative (TN) – The number of correct predictions where the actual class 

is negative and equally the classifier predicted it as negative. 
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4.5 Results 
 

4.5.1  Spectral Data Quantity & Spectral graphs 

 
When all tissue samples were utilised (irrespective of quality assessment) 181 

samples were available, with a total number of 18,349 spectra. 106 tissue samples 

were of the best quality, with accumulative spectra count of 11,045. 

 

4.5.2  Demographics 

 

92 of the samples were invasive cancer types, with equal distribution of invasive ductal 

and lobular subtypes. Unlike other spectroscopy studies in which DCIS was not 

interrogated, in this thesis, DCIS represented 12% of samples. Table 4.1 presents the 

full demographics of the dataset. 

 

4.5.3 Performance Metrics 

 
Following analysis of individual channels and then combining all different possibility of 

channels, it was decided for final analysis to combine DRS08, DRS28 and fl405 

channels as this gave the best performance metrics (accuracy, sensitivity, specificity, 

area under the curve (AUC) and mean average precision (mAP)). Appendix C outlines 

the performance metrics of individual channels and the results following combining 

different channels. I have outlined in this chapter the results for the selected channel 

combination only (DRS08, DRS28 and fl405). 
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Table 4.1 Tissue samples categorised into histopathological subtype; tumour grade and receptor 
status. (IDC- invasive ductal carcinoma; ILC-invasive lobular carcinoma; DCIS-ductal carcinoma in situ; 
pCR-pathological complete response to neoadjuvant chemotherapy. 

Tissue 
Subtype 

Number 
of 
Samples 

Mean Age  
(Range) 

Tumour Grade Receptor Status 

 

IDC 

 

 

46 

 

57.3 

(34 – 91) 

1:1 

2:28 

3:17 

ER+PR+HER2-:29 

ER+PR-HER2-:2 

Triple -ve:15 

 

ILC 

 

 

46 

 

65.7 

(43 – 94) 

1:0 

2:35 

3:11 

ER+PR+HER2-:42 

ER+PR-HER2-:4 

Triple -ve:0 

 
DCIS 

 

 
21 

 
51.8 

(25 – 76) 

Low:1 
Intermediate/high:11 

High:9 

 
Not applicable 

 

Healthy 

 

 

62 

 

56.7 

(20 – 90) 

 

Not applicable 

ER+PR+HER2-:55 

ER+PR-HER2-:2 

Triple -ve:4 

Unknown: 11 

 

PCR 

 

 

6 

 

54.8 

(40 – 88) 

 

Not applicable 

ER+PR+HER2-:2 

ER+PR-HER2-:0 

Triple -ve:4 

 

4.5.3.1  Healthy Breast Tissue versus Malignant Breast Tissue 

 

The DRS-IFS probe was able to differentiate between normal and malignant tissue 

with an accuracy of 75.26% (SD ± 3.19), a sensitivity of 83.51% (SD ± 13.14) and 

specificity of 61.13% (SD± 16.40) with the XBG classifier on the best quality samples 

(quality score 3) as highlighted in table 4.2. When all tissue samples were assessed 

the XGB classifier distinguished normal and malignant samples with an accuracy of 

76.11% (SD ± 2.97), sensitivity 85.60 % (SD± 1.67) and specificity 56.73% (SD ± 8.92).  

With the GB classifier on quality three samples was applied, accuracy was 

74.92% (SD ± 4.04), sensitivity was 82.43% (SD ± 13.88) and specificity was 62.23% 

(SD ± 13.03). When all tissue samples were assessed with the GB classifier accuracy 

was 76.89% (SD ± 3.91), sensitivity 85.61% (SD ± 1.23) and specificity was 59.07% 

(SD ± 10.71). 
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Table 4.2 Overall performance metrics of both GB and XGB classifiers on either selected tissue 
samples (i.e. the best quality score samples) and all tissue samples. 

Classifier Sample 
Quality 

Accuracy (%) Sensitivity (%) Specificity (%) AUC (%) mAP (%) 

GB All  

(1 to 3) 

76.89 ± 3.91 85.61 ± 1.23 59.07 ± 10.71 81.03 ± 4.87 88.26 ± 5.09 

XGB 76.11 ± 2.97 85.60 ± 1.67 56.73 ± 8.92 81.32 ± 3.78 89.30 ± 3.98 

 

GB 3 74.92 ± 4.04 82.43 ± 13.88 62.23 ± 13.03 83.13 ± 3.28 87.84 ± 3.05 

XGB 75.26 ± 3.19 83.51 ± 13.14 61.13 ± 16.40 83.95 ± 3.01 88.99 ± 2.72 

 
 
 
 

 
Figure 4.8 Bar chart comparing performance metrics (accuracy, sensitivity, specificity and AUC) for all 
healthy tissue samples when compared to all malignant tissue samples (IDC & ILC & DCIS). For each 
performance metric comparison results are represented for GB classifier and XGB classifier with the 
vertical error bars representing standard deviations. 
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Figure 4.9 Bar chart comparing performance metrics (accuracy, sensitivity, specificity and AUC) for 
quality three healthy tissue samples when compared to quality three malignant tissue samples (IDC & 
ILC & DCIS). For each performance metric comparison results are represented for GB classifier and 
XGB classifier with the vertical error bars representing standard deviations. 

 
 

4.5.3.2 Healthy Tissue versus Different Histological Subtype Results 

 

Accuracy rates between healthy tissue and distinct tissue subtypes were also 

compared (Table 4.3 to 4.4). DRS-IFS was able to differentiate between healthy and 

ILC with XGB [accuracy 80.18% (SD ± 13.91), sensitivity 73.31 % (SD± 19.91) and 

specificity 61.13% (SD ± 16.40)], better than IDC [accuracy 72.04% (SD ± 11.44), 

sensitivity 61.06 % (SD± 17.57), specificity 78.74% (SD ± 17.15)].  

 
Table 4.3 Table depicting performance metrics for both classifiers when comparing healthy tissue with 
invasive lobular cancer. 

Classifier Sample 

Quality 

Accuracy (%) Sensitivity (%) Specificity (%) AUC (%) mAP (%) 

GB All  

(1 to 3) 

73.36 ± 10.06 73.25 ± 19.03  74.42 ± 16.38 82.61 ± 10.3 81.99 ± 8.86 

XGB 74.56 ± 9.67 75.87 ± 17.88  74.14 ± 16.48 82.13 ± 10.28 81.38 ± 9.39 

 

GB 3 80.69 ± 13.97 75.12 ± 20.95 85.76 ±  14.92 86.89 ± 11.74 82.66 ± 15.9 

XGB 80.18 ± 13.91 73.31 ± 19.91  86.08 ±  15.55 87.05 ± 12.09 83.85 ± 16.2 
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Table 4.4 Table depicting performance metrics for both classifiers when comparing healthy tissue with 
invasive ductal cancer. 

Classifier Sample 
Quality 

Accuracy (%) Sensitivity (%) Specificity (%) AUC (%) mAP (%) 

GB All  

(1 to 3) 

76.89 ± 3.91 85.61 ± 1.23 59.07 ± 10.71 81.03 ± 4.87 88.26 ± 5.09 

XGB 76.11 ± 2.97 85.60 ± 1,67 56.73 ± 8.92 81.32 ± 3.78 89.3 ± 3.98 

 

GB 3 72.96 ± 11.0 61.46 ± 21.04 79.42 ± 13.96 78.91 ± 17.53 76.93 ± 17.1 

XGB 72.04 ± 11.44 61.06 ± 17.57 78.74 ± 17.15 78.38 ± 16.37 76.69 ± 16.6 

 

Unique to this study, we interrogated 21 DCIS samples, which accumulated 2520 

spectra. As discussed previously (section 1.4.2), DCIS is a common cause for positive 

margins, and it was prudent to evaluate the effectiveness of DRS-IFS in detecting this 

pathological entity. The accuracy of the probe to distinguish healthy tissue from DCIS 

(Table 4.5) in the best quality samples was 83.71% (SD± 10.29), with a sensitivity of 

52.93% (SD ± 26.99) and specificity of 92.38% (SD ± 12.15). When all samples were 

analysed accuracy was 85.42% (SD ± 6.41) sensitivity 72.25% (SD ± 18.87) and 

specificity was 91.19 % (SD± 6.31).  

 
Table 4.5 Table depicting performance metrics for both classifiers when comparing healthy tissue with 
ductal carcinoma in-situ. 

Classifier Sample 

Quality 

Accuracy (%) Sensitivity (%) Specificity (%) AUC (%) mAP (%) 

GB All  
(1 to 3) 

85.42 ± 6.41 72.25 ± 18.87 91.19 ± 6.31  89.01 ± 9.92 82.97 ± 13.6 

XGB 83.48 ± 4.73 75.87 ± 17.88 90.54 ± 5.35 89.52 ± 7.44 82.60 ± 12.7 

 

GB 3 83.71 ± 10.29 52.93 ± 26.99 92.38 ± 12.15 86.41 ± 9.89 73.44 ± 16.3 

XGB 83.22 ± 10.73 55.72 ± 28.03 91.12 ± 12.52 87.62 ± 9.26 75.76 ± 16.5 

 

Many patients receive neoadjuvant chemotherapy prior to surgery, especially those 

with HER2 enriched or triple negative disease [325, 326]. This may lead to a complete 

pathological response (pCR), defined as no residual invasive or non-invasive cancer 

within the breast or lymph nodes [327]. pCR is clinically important as it is associated 

with multiple beneficial outcomes, namely event-free survival, disease-free survival 

and overall survival and therefore has long been a surrogate marker for survival [327-

329]. Different breast cancer molecular subtypes related to the receptor status have 

statistically significant varying responses to NACT, with one trial of 756 patients 
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identifying pCR rates of 38.2% in triple-negative, 45.4% in HER2-positive, and 11.4% 

in hormone-receptor-positive, HER2-negative disease [330]. In this thesis, pCR was 

considered as a separate tissue class, distinct from healthy tissue. From the six 

samples used for analysis, five yielded good quality and led to an accuracy of 88.71% 

(SD ± 5.15), with sensitivity of 40.29% (SD ± 40.88) and specificity of 95.14% (SD ± 

2.70) when compared to healthy tissue in the context of imbalanced datasets (Table 

4.6).  

 
Table 4.6 Table depicting performance metrics for both classifiers when comparing healthy tissue with 
tissue taken from patients who received NACT and achieved a pathological complete response. 

Classifier Sample 
Quality 

Accuracy (%) Sensitivity (%) Specificity (%) AUC (%) mAP (%) 

GB All  

(1 to 3) 

89.24 ± 3.39 27.87 ± 34.14 95.69 ± 3.65 71.73 ± 23.38 35 ± 29.46 

XGB 88.85 ± 4.51 19.34 ± 21.81 96.26 ± 4.66 75.24 ± 16.32 34.66 ± 26 

 

GB 3 88.71 ± 5.15 40.29 ± 40.88 95.14 ± 2.70 87.81 ± 11.79 59.16 ± 30.9 

XGB 90.24 ± 3.85 35.29 ± 43.86 97.53 ± 1.84 88.15 ± 8.89 52.32 ± 29.3 

 

4.5.3.3  Comparison of performance metrics with intertumour heterogeneity 

 

The accuracy of distinguishing between tumour classes was much lower for both 

classifiers regardless of tissue sample quality. IDC and ILC had balanced datasets, 

and accuracy of distinguishing between them was 66.37% (SD± 7.99) with XGB. 

When IDC was compared to non-invasive disease (DCIS) accuracy was 

80.59% (SD ± 5.08), sensitivity 70.74% (SD ± 16.81), and specificity was 86.43% (SD 

± 6.89) for all tissue samples utilising GB classifier. 
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Figure 4.10 Bar chart depicting performance metrics for intertumour comparisons for all tissue samples 
(quality 1 to 3) when gradient boost classifier was applied. The vertical bars represent standard 
deviations. 

 

 

 

 
Figure 4.11 Bar chart depicting performance metrics for intertumour comparisons for all tissue samples 
(quality 1 to 3) when extreme gradient boost classifier was applied. The vertical bars represent standard 
deviations. 
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4.5.4  Spectral Graphs 

 
For each tissue subtype at the three different channels selected (DRS 08, DRS28 and 

fl405) a graph was produced to show mean spectra. The peaks on these graphs 

represent where tissue samples had the most reflectance at a particular wavelength 

of light. The troughs represent where the samples absorbed light the best. 

 

 
Figure 4.12 Spectral graph for mean spectra of DRS08 channel. With DRS08 channel, the three main 
peaks identified were at 525, 560 and 625nm respectively. The troughs were identified at 540 and 
580nm. (norm - normal breast tissue; IDC – invasive ductal cancer; ILC – invasive lobular cancer; DCIS 
– ductal carcinoma in situ; PCR – pathological complete response). 
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Figure 4.13 Spectral graph for mean spectra of DRS28 channel. With DRS28, the main peak was 
identified at 560nm and the main trough at 575nm. (norm - normal breast tissue; IDC – invasive ductal 
cancer; ILC – invasive lobular cancer; DCIS – ductal carcinoma in situ; PCR – pathological complete 
response). 

 

 

 

 
Figure 4.14 Spectral graph for mean spectra of fl405nm channel. The main peak occurred at 475 nm. 
Mean spectra for the different tissue classes in the three different channels used for analysis a) Diffuse 
reflectance 08 b) Diffuse reflectance 28 c) Fluorescence at excitation wavelength 405 nm. (norm - 
normal breast tissue; IDC – invasive ductal cancer; ILC – invasive lobular cancer; DCIS – ductal 
carcinoma in situ; PCR – pathological complete response). 
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4.5.5  Confusion Matrices 

When comparing healthy tissue samples were to all malignant tissue samples (IDC, 

ILC and DCIS), it was observed that the models (GB or XGB) exhibited more spectral 

values within the ‘predicted tumour’ box. 

 

 
Figure 4.15 Confusion matrix comparing gradient boost classifier and extreme gradient boost classifier 
on healthy tissue samples versus all tumour samples (IDC & ILC & DCIS) on quality three samples. 

 

 

 
Figure 4.16 Confusion matrix comparing gradient boost classifier and extreme gradient boost classifier 
on healthy tissue samples versus all tumour samples (IDC & ILC & DCIS) on all tissue samples 
irrespective of quality score. 

 

The appendix (Appendix C) contains confusion matrices for all other comparisons 

discussed above. 
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4.6  Discussion 
 

Experimental results demonstrate that overall this DRS-IFS system was able to 

differentiate between normal and malignant tissue with good overall accuracy and 

sensitivity.  When considering assessment of all tissue samples, the XGB classifier 

achieved an accuracy of 76.11% (SD ± 2.97), sensitivity of 85.60 % (SD± 1.67) and 

specificity of 56.73% (SD± 8.92). Compared to other studies which had interrogated 

breast tissue samples with DRS or DRS-IFS spectroscopy reviewed in chapter two 

(section 1.10.3) where the number of spectra acquired ranged from 129 to 1073 [156], 

this work has a significantly higher number of spectra at 18,439 [156]. Although spectra 

were acquired from multiple data points from the same sample, this provides more 

data for machine classifiers. 
 

4.6.1  Assessment of Performance Metrics (Healthy versus 
Malignant) 

 
Overall, the DRS-IFS probe was able to differentiate between normal and malignant 

tissue with good overall accuracy and sensitivity when all tissue samples were 

assessed, as well as when only the best quality samples were interrogated. The meta-

analysis presented in chapter two states a pooled sensitivity of 0.84 (0.78 – 0.89), and 

results achieved here are comparable [156]. The sensitivity is comparable to previous 

spectroscopy studies [136, 163, 165], due to the ability of DRS-IFS to detect scattering 

and absorption via enhanced path length. As there are multiple scattering events the 

optical path length of light is increased within biological tissue allowing more 

opportunities for the light to interact with absorbing molecules, thus enhancing 

detection of weak absorption features that simpler reflection or transmission 

techniques may miss. DRS-IFS is responsive to modest differences in absorption 

characteristics such as chromophores or blue dye contaminants, affecting sensitivity. 

However, lower specificity was noted in these experimental results with a 

specificity of 56.73% (SD ± 8.92) with XGB classifier when all tissue samples were 

assessed, and when only the best quality samples were assessed, specificity was 

61.13% (SD ± 16.4) so comparatively lower than the pooled specificity of 0.85 (0.79 – 

0.91) outlined in chapter two. As per table 2.6 of chapter two the lowest specificity 
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noted was 66.7% as per Brown et al. [161], compared with the highest of 100% as per 

de Boer et al. [170]. There are several reasons for these differing specificity results 

namely frozen tissue sample utilization, imbalanced datasets in this work, and 

methodology of previous studies introducing bias which are discussed extensively in 

section 4.7.3. 

As previously discussed, (section 1.4.2), there are known predictors of positive 

margins, namely large tumour size, DCIS and lobular type cancers [25, 187, 188]. 

Clinically, any IMA tool that has high diagnostic accuracy rates for discriminating 

between histological subtypes of breast tissue would be advantageous. Accuracy 

rates between healthy tissue and distinct tissue subtypes were also compared. DRS-

IFS differentiated between healthy and ILC, better than IDC. When the best quality 

samples were interrogated with GB classifier IDC had an accuracy of 72.96% (SD ± 

11) whereas ILC had ac accuracy of 80.69% (SD ± 13.97). Morphological differences 

between lobular and ductal cancer may explain the disparities. Lobular cancer is 

composed of small, discohesive cells which infiltrate the stroma in a single-file manner 

due to [161] the lack of e-cadherin protein [38, 331] possibly contributing to superior 

detection by DRS-IFS. Here, 46 lobular breast tissue samples were interrogated. 

Chapter two’s meta-analysis identified five spectroscopy studies, which in combination 

only had spectral data from 14 lobular tissue type samples [160, 162-164, 171]. 

Regarding histological subtypes, it is not possible to compare the accuracy of 

detection of specific histological subtypes with other studies, as all previous work 

focused solely on comparing healthy against malignant breast tissue. 

 

4.6.2   Assessment of Performance Metrics (Malignant versus 
Malignant) 

 

As previously discussed, (section 1.4.2), there are known predictors of positive 

margins, namely tumour size, DCIS and lobular phenotype  [25, 187, 188]. Clinically, 

any IMA tool that has high diagnostic accuracy rates for discriminating between 

histological subtypes of breast tissue would be advantageous. For example, in chapter 

three it is found that if disease is at the inked margin with either invasive ductal cancer 

or DCIS there is a fourfold increased odds of local recurrence, so it is imperative for 

IMA tools to be developed to detect both invasive and non-invasive disease.  
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Accuracy rates between healthy tissue and distinct tissue subtypes were also 

compared. DRS-IFS differentiated between healthy and ILC, better than between 

healthy and IDC. Morphological differences between lobular and ductal cancer may 

explain the disparities. Lobular cancer is composed of small, discohesive cells which 

infiltrate the stroma in a single-file manner due to [161] the lack of e-cadherin protein 

[38, 331] possibly contributing to better detection by DRS-IFS. Here, 46 lobular breast 

tissue samples were interrogated. Chapter two’s meta-analysis identified five 

spectroscopy studies, which in combination only had spectral data from 14 lobular 

tissue type samples [160, 162-164, 171]. To date, there is no current literature which 

looks at comparing accuracy rates amongst different breast cancer subtypes, so we 

are unable to compare the metrics reported in this experiment. 

This experimental work has interrogated the largest set of DCIS samples with 

DRS-IFS, to date. DCIS compared to healthy tissue was detected with good accuracy 

and specificity, although sensitivity was not as good (with all samples assessed 

accuracy was 85.42% (SD ± 6.41), sensitivity 72.25% (SD ± 18.87), specificity 91.19% 

(SD ± 6.31) with GB classifier. An IMA tool that can distinguish DCIS from IDC would 

be useful as DCIS is known to increase the odds of a positive margin by eight fold, 

and current guidelines suggest a wider negative margin is required for DCIS [332]. 

DRS-IFS here was able to distinguish between IDC and DCIS with reasonable 

accuracy, but poor sensitivity. Therefore, here when all samples were assessed, DRS-

IFS has an accuracy of 80.59% (SD ± 5.08), sensitivity 70.74% (SD ± 16.8) and 

specificity of 86.43% (± 56.89). Kho et al. described that the spectral features of DCIS 

and IDC are not significantly different [333], which may be a reason for these results. 

Figures 4.12 to 4.13 depict the mean spectra for all tissue classes in the three different 

channels used for analysis, and as per Kho et al. mean spectra for IDC and DCIS are 

similar. Similarly, in a recent study of 107 freshly sliced specimens using DRS, it was 

noted that 75% of spectral features assessed for IDC and DCIS showed the same 

results (where the p value was statistically significant), which also is evidence that 

optical characteristics are similar between invasive and non-invasive disease [333].  

With the advent of increased neoadjuvant chemotherapy (NACT) use, an ideal 

IMA tool should not only be able to assess breast tissue which has received treatment 

but also be able to identify residual disease or DCIS amongst this tissue. NACT alters 

breast tissue on a cellular level as chemotherapy induces apoptosis and inhibits 

proliferation [334]. Tissue structure is also altered as NACT induces fibrosis which 
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results in increased collagen deposition and scarring [326]. Therefore, a more 

substantial dataset is required as these changes differ from normal healthy breast 

tissue. There continues to be a lack of consensus within the surgical community if the 

original or post-NACT footprint should be excised [335]. Therefore an IMA tool that can 

distinguish the pCR tissue subtype maybe of clinical value in the future.  

 

4.6.3  Critical Analysis of Methodology 

 

Previous spectroscopy work has mainly used fresh breast tissue samples. Due to 

logistical challenges of obtaining fresh tissue (at Imperial Healthcare NHS Trust 

samples for research purposes can only be obtained if the lesion is over two 

centimetres; tissue retrieval does not affect oncological integrity for reporting, etc) 

freshly frozen breast tissue samples were utilised instead. Overall, our work has 

identified lower sensitivity/specificity but are still comparable to fresh tissue. The 

challenges of access to freshly excised breast tissue include interruption to surgical 

workflow and requires an on-site pathologist. This study has demonstrated that frozen 

tissues are as informative as fresh tissues. 

There is no documented literature on how spectral measurements in human 

breast tissue are affected by the freezing and thawing process. However, studies 

investigating various tissue types in animal models have demonstrated optical 

properties are altered [336, 337]. Tissue structure is altered during freezing due to 

intra- and extracellular ice crystal formation. This formation creates mechanical stress 

on cell structures pertaining to cell damage [336]. Cryogenic processing in rat brain, 

heart and kidney tissues led to a significant decrease in absorption (around 50%) and 

reduced scattering coefficients (up to 30%), independent of light wavelength [337]. 

Similarly in hamster cheek pouch there were deviations in diffuse reflectance and 

intrinsic fluorescence [338]. A decrease in absorption can be attributed to the fact that 

during the storage process, samples have no access to air and deoxygenation occurs 

[339].The freeze/thaw process causes haemoglobin reoxygenation that is released 

from haemolyzed erythrocytes, and partial cell membrane damage [340, 341]. Diffuse 

reflectance is lower following the freeze/thaw process as cell lysis causes more blood 

to be on the surface of the sample, which increases the effects of haemoglobin 

absorption [338]. 
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Some previous studies have acquired spectra from specific locations, where a 

pathologist has macroscopically pre-identified tissue subtypes, on sliced lumpectomy 

specimens [163, 169, 171, 333]. This introduces bias and may account for improved 

specificity. de Boer et al. used frozen samples, achieving 100% sensitivity and 

specificity [170]. In this study after data acquisition, tissue samples were placed in 

formalin and then blocks were created to assess both the anterior and posterior sides. 

On certain occasions it was noticed that the tissue sample had more than one tissue 

subtype, a possible contributory factor to lower overall accuracy. The overall tissue 

class for each specimen was chosen for machine learning.  

Sample quality has been critically analysed here. Spectral measurements are 

affected by the presence of pigments (surgical patent blue V or pathological dye), 

therefore a limitation of optical techniques [166, 193]. Approximately 16% of samples 

here had significant dye contamination, with partial contamination in 40%. Previous 

studies have failed to document in their methodology about how dyed samples were 

assessed [166, 171, 333]. Bydlon et al. assessed the effects of patent blue dye on 

optical absorption and scattering in the breast [342], and identified dye up to a 

particular concentration (80 µm) does not impact the extractions of total haemoglobin; 

ß carotene and reduced scattering coefficient spectrum from DRS. In the context of 

modern-day breast surgery, any future IMA tool must consider the effects of emerging 

tracers used for sentinel lymph node biopsy (SLNB) such as indocyanine green and 

supermagnetic iron oxide may affect spectral readings, during varied clinical practice. 

Imbalanced sample size in datasets may lead to classification performance 

being biased towards the group with majority of samples [343]. For example, when 

healthy tissue is compared to PCR (n=6) or DCIS (n=21), sensitivity is poor but overall 

accuracy is good. de Boer et al. have shown that DRS can identify DCIS but they 

noticed that the optical characteristics of IDC and DCIS were similar [333], so we 

should expect the same accuracy when comparing normal tissue versus either IDC or 

DCIS. Future work must employ strategies to overcome imbalanced datasets such as 

resampling techniques at the data level to either increase the number of samples in 

the minority class, or decrease the number of samples in the majority class; or assign 

different weights to classes at the algorithm level [344, 345]. Nachabe et al. performed 

classification on parameters derived from spectra (i.e., blood, water, lipid volume 

fractions, reduced scattering amplitude, Mie slope, Mie scattering fraction, and 
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pigment packaging fraction [169]. Other papers perform classification on spectra 

directly. 

A certain type of classifier was used for supervised learning for this data set. 

However, it is known that decision trees are prone to overfitting. This is challenging 

because the decision tree model tends to learn the granular details and noise in the 

training data, to the extent that it impairs the ability to make predictions on new data. 

Another challenge of decision trees is variance. Of note, a few of the selected classes 

in this study for example pathological complete response and DCIS had small data 

sets. This can result in variable results depending on how the training and testing 

samples are split. 

 

4.6.4  Further Clinical Applications 

 
DRS-IFS could be proposed as a rapid diagnostics tool in the clinic setting pre-

operatively. Patients attend breast clinics either via abnormal findings detected during 

mammographic surveillance [346], or referred due to breast specific symptoms [347]. 

As part of a “triple assessment” in the breast clinic, a core biopsy of breast tissue is 

performed [348]. Vacuum-assisted biopsy (VAB) is used for impalpable lesions and 

acquires ten-fold more tissue volume in comparison to core biopsy [349]. Histological 

subtype and receptor status is acquired from these samples, but can take up to two 

weeks for this information to be discussed in a multidisciplinary setting to plan 

definitive management [350].  

The waiting period patients experience until they receive their histology results 

has significant psychosocial impact, regardless whether the final diagnosis is benign 

or malignant [351]. Communication with patients can help ameliorate or prevent 

psychological morbidity [352]. Utilising rapid diagnostic tools in the breast outpatient 

setting is a potential solution. DRS-IFS applied to the core biopsy sample or VAB (the 

latter being more promising due to larger volume tissue) taken in clinic, allowing 

differentiation between healthy and malignant tissue, and even further the histological 

subtype would be invaluable to alleviate patient uncertainty. 

Women have emphasized the importance of minimising delays in the diagnostic 

process [353]. So, if DRS-IFS could differentiate between IDC and DCIS, the clinician 

would be able to explain a more definitive management plan. DCIS is a non-invasive 
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disease, not requiring chemotherapy, which is reassuring to a patient at their initial 

appointment. Similarly, to discriminate between IDC and ILC in the clinic is crucial to 

impeding diagnostic waiting times. The true extent of ILC on mammography is difficult 

to gauge, with false negative mammograms are twice more common than IDC. 

Therefore, an MRI is ordered to elucidate the full extent of disease. Waiting times for 

scans delays the treatment pathway and compounds patient anxiety. By utilising DRS-

IFS to identify ILC in the first appointment, the clinician could prevent delays by pre-

emptively ordering an MRI scan. 

Obviously, this custom DRS-IFS would need modifications for rapid diagnostic 

purposes and be applicable to small core biopsy tissue samples, however such an 

application is warranted in the field of breast surgery diagnostics. 
 

4.6.5  Limitations 
 

The overall accuracy of this DRS-IFS system is similar to that of previous 

studies. This allows us to postulate that any spectral library created from this work is 

transferable to the in-vivo setting, however this has not been directly compared. Ideally 

DRS-IFS should be utilised on fresh breast tissue from mastectomy or breast 

conservation specimens, however many pathology units will have a “memorandum of 

understanding” that excising tissue samples will affect the histopathology process.  

Alternatively, the DRS-IFS probe could be applied to fresh tissue intraoperatively, 

however identifying these locations post-operatively for ground truth validation may 

prove challenging.  

Ideally measurements from normal areas and malignant areas from the same 

patient should have been analysed. This data was available for certain patients but 

was not comprehensive. It is also important to note that there is heterogeneity amongst 

the healthy tissue group that has not been addressed here, as proliferative changes 

might exist. Table 4.1 highlights there were no HER2 positive tumours, which are 

associated with an increased risk of recurrence, and therefore tumour biology 

heterogeneity has not been fully represented in this study. 

This custom-built probe provides single-point spectral measurements and 

leaves no marks on the tissue during scanning so in real-time would be difficult to track 

which areas have been interrogated with the device. This limitation could be overcome 
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by surgical tool tracking approaches [354]. Surgical tool tracking is something that is 

used during minimally invasive surgery, whereby the two-dimensional position and 

orientation (x and y axes, angle) of a probe is marked on tissue using a colour marker. 

For usability intraoperatively, a surgeon would benefit from having a probe that is able 

to track where it has been placed on the tissue to allow for real-time assessment of 

breast margins. This is something that has been explored recently in upper 

gastrointestinal surgery margin assessment and could be translated into breast 

surgery [355]. 

Data analysis could be altered in future work. GB and XGB classifiers produced 

similar results. Apart from machine learning, other statistical methods such as Principal 

Component Analysis could be trialled on this dataset. 

 The issue of imbalanced sample size in datasets can be addressed for future 

work by gathering more tissue samples from histology subtypes which were 

underrepresented. In an initial pilot study trialling this DRS-IFS setup, a power 

calculation was performed. It was estimated that at least 30 samples of each tissue 

subtype were required to achieve study power 0.8 and a significance level of 0.05. The 

underrepresented subtypes in this chapter were DCIS, and pCR subtypes. 

Lesions of uncertain malignant potential (B3 lesions) have not been 

investigated here. B3 lesions are heterogenous and account for between 3.3% and 

12.6% of lesions or areas of concern from mammography that undergo a core biopsy 

[356]. B3 lesions encompass the following lesions: atypical intraductal epithelial 

proliferation (AIDEP); non-pleomorphic or classical lobular carcinoma in-situ; flat 

epithelial atypia (FEA); radial scar; spindle cell lesions; cellular fibroepithelial lesion 

and mucocele like lesions. The concern with B3 lesions is that they can be associated 

with “atypia”, which are abnormal cells which have the risk for transforming into DCIS 

or invasive cancer, which can cause significant anxiety to patients until appropriately 

managed. Management of B3 lesions vary depending on the histological diagnosis 

and includes either radiological vacuum assisted biopsy or surgical excision, with 

mammographic surveillance. When surgical excision is performed for a B3 lesion it 

does not need to be resected with a clear margin. For any potential rapid diagnostic 

tool, this lesion type must be investigated because if a tool differentiates between 

atypia or DCIS for example, this will influence the volume of tissue excised.   
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Chapter 5: Multispectral Imaging System – Use in 
the laboratory and intraoperative setting 

 

In this chapter I aim to appraise the background to multispectral system(s) and 

describe the instrumentation and set-up of a custom-built MSI system utilised for the 

original experiments. Secondly, the custom-built MSI system with eight preselected 

bands is used to interrogate breast tissue samples in the laboratory, to evaluate if MSI 

can differentiate tissue types in the ex-vivo setting. Data collected from this work was 

used to compare accuracy of detection of malignant issue compared to spectroscopy 

alone. This work creates a dataset that informs the use of MSI methodology for in the 

intraoperative setting. 

Furthermore, MSI will be evaluated in the theatre environment to assess if 

normal and malignant tissue can be differentiated intra-operatively. In the 

intraoperative setting, current margin assessment techniques preclude full resection 

surface assessment in real time, in a cost-effective manner. This experimental work 

aims to identify the advantages of the custom-built MSI system for margin assessment 

of resected specimens and clarify the further improvements that are required for MSI 

towards oncological margin control in breast surgery. 
 

5.1 History of Multispectral Imaging 
 

This thesis explores the use of multispectral imaging in the intraoperative setting, 

however MSI is used in varying fields such as remote sensing, agriculture, and 

geology. The concept of multispectral imaging can be traced back to the 19th century, 

when researchers explored the idea of capturing images in different parts of the 

electromagnetic spectrum. However, due to technological limitations, few practical 

applications ensued. During World War II, military researchers developed MSI for 

military purposes, such as identifying camouflage and detecting enemy equipment 

[357]. At this stage, researchers were using photographic techniques but exploring the 

visible and infrared light wavelength range. 
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It was not until the mid-21st century that significant advancements in MSI 

occurred, with the advent of satellite technology and the development of specialised 

sensors. The advantage of these sensors was the ability to capture data in multiple 

spectral bands including visible, infrared and microwave wavelengths. In 1972, the 

Landsat programme was initiated by National Aeronautics and Space Administration 

(NASA), and the first earth-observing satellites were created using MSI [358]. Landsat 

satellites capture images of the Earth's surface in multi-spectral bands, and provide 

informative data for forestry, agriculture, and urban planning [359-361]. In the past 

three decades, further advancements in sensor technology have continued, enabling 

MSI to capture spectral information with the finest resolution. This has been 

advantageous in mineral exploration and agriculture for example [362]. MSI is widely 

used in agriculture to help farmers optimise crop health and productivity [363]. It is 

utilised for crop monitoring, disease detection, and yield prediction. The use of MSI 

extends to space exploration to study distant planets and celestial bodies, and to 

collect data about the surface and composition of these unknown areas [358]. 

MSI has multiple applications in medicine, ranging from the laboratory setting 

to surgical guidance. MSI can be used in the histopathology laboratory to aid 

pathologists in characterising tissue samples accurately [364]. MSI has been found to 

identify skin cancer as it can capture information about melanin and haemoglobin 

concentrations [365]. Another use of MSI for skin applications is in the acute setting, 

where it can accurately evaluate burn wounds by assessing tissue depth, viability, and 

perfusion [366]. In terms of surgical guidance, MSI incorporated with endoscopy can 

enhance the detection of polyps or lesions in the gastrointestinal tract, by assessing 

tissue composition and blood flow [367]. In minimally invasive surgery, MSI can help 

surgeons better visualise tissues, blood vessels and abnormalities [368]. In 

ophthalmology, MSI can evaluate the optic nerve and retinal vasculature to help 

diagnose conditions such as macular degeneration and diabetic retinopathy, with Ma 

et al. reporting a sensitivity of 84.21% and specificity of 93.10% for detecting choroidal 

vasculopathy [369, 370]. Functional brain mapping is required for diagnosing 

neurological conditions. MSI can assist in this form of diagnostics by providing further 

information about brain activity and tissue composition [371]. In a recent meta-

analysis, Anichini et al report a pooled sensitivity of 0.35 (0.28 – 0.42) and specificity 

of 0.96 (0.84 – 1.08) when MSI was assessed for intraoperative use in neurosurgery 

[372].  
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5.2 Multispectral Instrumentation 
 
A multispectral camera integrates spectroscopy and optical imaging (Figure 5.1). 

Spectroscopy allows sensitivity to the chemical composition of tissue and cellular 

morphology. Imaging, on the other hand, provides spatial information. The advantage 

of using imaging as an intraoperative margin assessment tool is the ability to capture 

the whole region of interest. In theory, this allows real-time feedback to a surgeon, with 

the aim to provide an image to guide intraoperative dissection and integrate into an 

efficient surgical workflow. 

 

 
 
Figure 5.1 Schematic of the MSI imaging principles highlighting how when biological tissue is 
illuminated by light, the diffusely reflected light  is received by the camera system and is converted into 
an electronic signal for computational analysis. (A) Upon tissue illumination the incident light (i) can be 
reflected from the surface yielding the specular reflection (ii), or refracted inside the tissue, where it can 
undergo scattering (iii) from scatterers or absorption (iv) from chromophores and re-emerge from the 
surface as diffusely reflected light (v) to be captured by the MSI system. (B) Lens has a specific field of 
view and spectral filtering decomposes the captured light into its spectral components (colours). (C) 
There are two camera systems (CMOS) and RGB (D) 3D-multicube encompassing spatial and spectral 
information. The illustration demonstrates the capability of MSI to capture a spectral signature (values 
at different colour bands) for each pixel in the MSI image. 

 

 

(v) 
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Light must be filtered or dispersed within such multispectral camera systems to 

remove unwanted spectral components from the imaged surface before they reach 

the imaging sensor [369]. Examples of optical filters include filter wheels, a generalized 

Lyot filter, an electrically tunable filter or multiple-band pass filters [153]. Examples of 

how light is dispersed in multispectral systems are optic-acoustic crystals or multiple 

prisms [153]. 

The custom-built system utilised in this thesis was constructed at the Hamlyn 

Centre, Institute of Global Health Innovation at Imperial College London. It is 

comprised of two distinct cameras, performing multispectral and colour imaging, 

respectively. This is a snapshot system, whereby all spatial and spectral information 

from a specimen is gathered.  

This MSI setup enables the acquisition of images in eight spectral bands. This 

avoids collection of excessive data volume, permitting a reasonable data acquisition 

time of several seconds. In our analysis, we have leveraged both the visible and the 

near infrared parts of the acquired images, including information about the 

chromophore presence and the scattering properties of the imaged tissue. 
 

5.2.1  Hardware Components of the Multispectral Imaging System 

 

A custom-built multispectral imaging system was used for this work and was built by 

Dr Vadzim Chalau (Figure 5.2). The imaged scene, collected via a single lens (zoom 

lens f/3.5-4.5, 28-70 mm for manual SLR 35 mm camera (Sigma Co. Japan), was 

captured at two distinct camera arms, performing multispectral and colour imaging, 

respectively. The optical design of the system facilitated the acquisition of the same 

field of view from both an MSI camera and a (red-green-blue) RGB camera.  
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Figure 5.2 Experimental setup for the acquisition of multispectral and colour images. (A) schematic 
diagram, (B) image acquisition in the operation theatre, (C) MSI camera consists of (1) zoom lens, (2) 
beamsplitter, (3) relay lens, (4) multispectral camera with spinning filter wheel, (5) colour camera. (D) 
Screenshot of software interface with monochromatic image at 600 nm band (1), colour image for 
visualisation and focus control (2) and 7 monochrome images at the rest of the spectral bands (3).  
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5.2.1.1  Multispectral Camera Components 

 

The multispectral camera branch (Ocean Thin Films SpectroCam™ VIS multispectral 

8-channels camera, Ocean Thin Films Ltd., USA) used a filter wheel and monochrome 

camera to acquire the multispectral image stack. This ‘staring’ or band sequential 

approach of MSI acquisition, provided high spatial resolution. Specifically, the camera 

comprised the Sony ICX285AL image sensor 2/3”, with a pixel resolution of 1044 x 

1408 pixels. The MSI camera accommodated the acquisition of the MSI stack (8 

images) at a rate two MSI images per second. The filter wheel contained eight filters 

(Ocean Insights, USA), which equated to images being captured at eight spectral 

bands covering a spectral range of 460 – 825 nm (Table 5.1). This wavelength range 

was representative of the visible and NIR range of light.  
 

Table 5.1 Specifications of the 8 optical filters installed on the SpectroCam™ filter wheel. 

Filter Number Wavelength 
(nm) 

Full Width at Half 
Maximum (nm) 

1 470 20 

2 510 20 

3 560 20 

4 581 20 

5 600 20 

6 660 20 

7 700 20 

8 775 100 

 

The CMOS (complementary metal oxide semiconductor) sensor was used to capture, 

process and digitize light. The CMOS sensor allows specific pixels to capture different 

wavelengths of light and converts photons to electrons. Each pixel is converted into 

an electrical charge whose intensity is related to the intensity of light captured by that 

pixel. 

 

5.2.1.2 Colour Camera Component 

 

The camera was mounted to a frame with a flange (F) mount system. The colour 

camera (BFS-U3-89S6C-C USB 3.1 Blackfly S, colour camera) was equipped with the 
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Sony IMX255 sensor of a sensing area of 14.13 x 7.45 mm, yielding a pixel resolution 

of 4,096 x 2,160 pixels. The colour camera accommodated a frame rate of up to 42 

frames per second. The overall acquisition time for the MSI stack and the 

corresponding RGB image, including “dark images”, was three to five seconds. It is 

imperative that both cameras have the same field of view and identical spatial 

resolution.  

 

5.2.1.3  Light Source 

 

The Xenon light source (Asahi Spectra Max-303, Asahi SpectraCo., Ltd, Tokyo, Japan, 

configured with the UV and VIS module) was connected to the light ring, and 

illuminated the tissue through flexible fibre optics light ring (model MA3172, Vision 

Light Tech B.V., Netherlands). This light source can perform both white excitation and 

fluorescence excitation using its filter wheel system. The light ring provided a non-

collimated illumination of the region of interest. The working distance was measured 

from the front of the light source to the image and was 30 cm for in-vivo work, however, 

this was adapted to 15 cm for ex-vivo work due to the size of the tissue samples. 

This light source’s illumination spectrum is presented in Figure 5.3. This 

spectrum was experimentally acquired with the use of a spectrometer (HR4000CG-

UV-NIR, Ocean Optics Inc.) controlled via the SpectraSuite 2.0 software (Ocean 

Optics Inc.). For the light acquisition, a fibre optic patch cable (FT600EMT, Thorlabs) 

was positioned after the output of the light ring and through an optical diffuser. 
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Figure 5.3 (A) Absorption spectra of the typical breast light absorbers: fat [373], oxygenated 
haemoglobin [374], deoxygenated haemoglobin [374]. Tabulated data were obtained from the Oregon 
Medical Laser Centre site. (B) Emission spectrum of the Asahi Spectra Max-303 Xe lamp (our data) 
and installed in the bandpass filters (Salvo Coatings, USA [375]). In the legend for each filter, the central 
wavelength is presented with the “Full width half maximum” (FWHM).  

 
 
5.2.1.4  Beamsplitter 

 
The light beam was split by 50:50 to avoid extra reflections at its limited bandwidth 

(Figure 5.2A). The experiments performed in this thesis entailed image acquisition 

from two MSI images: a bright image (light-source on) and a dark image (light source 

off) within the spectral range 450-850 nm, and one RGB image. Taking into 

consideration the necessity of acquisition of the “dark frame” (with the illumination light 

off), for noise and ambient light correction, the overall system’s data collection frame 

rate was around two seconds per dataset 

 

5.2.1.5  Relay Lens 

 
The relay lens allows the field of view across both cameras to be the identical. During 

system development it was noted the original relay lens component of two doublets 
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produced poor quality images. Therefore, this was changed to a combination of two 

good quality photo lenses. 

 

5.2.1.6  Software Interface 

 
Once images are captured by the custom-built MSI system, they need to be displayed 

so that the user can identify if the image quality is adequate, and the images also need 

to be stored in folders for data processing. 

During initial data acquisition it was noted the interface was not user-friendly as 

all aspects of images that had been captured were not clearly seen and image settings 

(e.g. frame rate, acquisition time, gain) had to be manually changed multiple times 

(Figure 5.4). Therefore, the interface was adapted by Dr Vadzim Chaulau following 

suggestions by myself, to ensure all information was made to be user-friendly in the 

limited timeframe required for intraoperative imaging in which integration into the 

surgical workflow is paramount (Figure 5.5). 

 

 
Figure 5.4 Original software interface produced for data collection by the MSI camera. The left hand 
section (red box) is where information is selected to ensure data is stored in the correct folders. The 
right upper section (blue box) shows the 8 different MSI images collected for each data acquisition. The 
bottom right box (green box) was the colour (RGB) image acquired during data acquisition. This was 
not “user friendly” as all images were not on one page, and the user has to repeatedly scroll down to 
see the RGB image and adjust acquisition time. 
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Figure 5.5 Final software interface utilised for data acquisition. All relevant areas that need to be 
identified or adjusted by the user now all present on the same page without requirement for scrolling 
down the page. The left-hand section (red box) shows all necessary icons to ensure the correct folders 
for storage of images are selected. The central section (blue box) shows the eight images captured on 
image acquisition – the multispectral images. The right-hand section (green box) illustrates the colour 
(RGB) image captured simultaneously. 
 

5.3  Methodology  
 

5.3.1  Laboratory Study  

 

Breast tissue samples were prospectively collected from patients undergoing elective 

breast conserving surgery or mastectomy at Imperial College NHS Trust (Charing 

Cross Campus), London from January 2021 to December 2022 with Imperial College 

Tissue Bank ethics approval (R21032-4A). Tissue samples were collected 

intraoperatively immediately after surgical resection. The fresh tissue surgical 

specimens were delivered to the Charing Cross pathology laboratory where a 

histopathologist would remove tissue from these specimens, which were then freshly 

frozen without formalin and banked and archived according to local tissue bank 

protocol(s).  

The “memorandum of understanding” governing tissue collection permitted 

tissue samples from normal or malignant areas within a surgical specimen only if this 
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did not affect final histopathological reporting; and malignant tissue sampling was only 

performed if the tumour size was over two centimetres. As previously discussed in 

section 4.7.3, it is known that patent V blue dye or histopathology coloured dye can 

influence spectral readings, which posed a further challenge to avoid tissues stained 

by such dyes. 

To overcome these challenges, improve the sample size and account for breast, 

further tissue samples were acquired from an external tissue bank, under the remit of 

Breast Cancer Now charity. Tissue samples were from patients undergoing elective 

breast conserving surgery or mastectomy at St Bartholomew’s Hospital, Barts Health 

NHS Trust, London under Breast Cancer Now ethics (REC ref no. 21EE0072).  A 

similar protocol was applied as for tissue sample collection at Imperial, in that the 

samples were not treated with formalin and frozen immediately.  

The use of MSI on these tissue samples in the laboratory setting also received 

REC ethics approval (REC ref no. 08/H0719/37). 

 

5.3.2  Intraoperative Study 

 
Patients undergoing elective surgery at Charing Cross Hospital, London were 

recruited for this study component. Breast conserving surgery procedures suitable for 

this work were wide local excision (lumpectomy) or oncoplastic procedures such as 

therapeutic mammoplasty (e.g. round block, vertical scar, wise pattern, etc). Patients 

were consented pre-operatively. Data collected for analysis included patient 

demographics (age, body mass index (BMI), ethnicity); type of BCS procedure 

performed; tumour characteristics (histological subtype, grade, hormonal receptor 

status, size); post operative positive margin rate and re-excision status. 

 

5.3.2.1 Inclusion Criteria 

 
Inclusion criteria was any patient undergoing breast conserving surgery or having a 

diagnostic excision for indeterminate (B3) lesions, who were willing and able to 

consent for the study. Therefore, these incorporated patients of any age; those who 

received neoadjuvant chemotherapy; either palpable tumours or non-palpable lesions 
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with any localisation technique (i.e., wire or MagSeed® guided). Eligible patients were 

selected from across the Imperial Breast Unit, across all operating lists. 

 

 Exclusion Criteria 
 
Exclusion criteria were any patient lacking the capacity to consent, or where English 

was not their primary language, and therefore they did not understand the study 

protocol.  

 

5.4  Data Acquisition Protocol 
 

5.4.1  Multispectral Imaging of Freshly Frozen Tissue Samples 

 
Data acquisition occurred within 20 minutes of the frozen breast tissue samples being 

thawed all the way through to room temperature. Although the pre-operative histology 

of each tissue sample was known, this was anonymised to avoid introducing 

measurement/observer bias. 

The tissue sample was placed on the black holder of the MSI instrumentation 

(Figure 5.6A). The working distance between the light ring face and the sample was 

15 cm (Figure 5.6B). The anterior surface of the tissue sample was placed upright in 

preparation for MSI. The tissue sample was placed over a piece of black cloth to 

absorb excess fluid from the thawing process, as it was noted excess water on the 

specimen surface causes a lot of reflection. All imaging was achieved with the use of 

a custom interface, developed in LabVIEW™ (NI Instruments Inc.) software.  
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Figure 5.6 (A) Photograph of the experimental set up of the MSI camera in the laboratory imaging the 
anterior surface of a thawed breast tissue sample. 1-light ring of MSI camera 15 cm away from sample 
holder; 2-black sample holder; 3-tissue laid onto black cloth to absorb fluid as excess fluid causes 
increased reflectance; 4-tissue sample reference number (B) A cylindrical cover was place over the 
sample to allow the MSI light source to illuminate the sample but to prevent ambient room light affecting 
the images. The distance from light ring to sample holder was 15 cm. 

 

To cope with the limited sensor dynamic range and spectral non-linearity of the 

detector sensitivity, images were acquired at different exposure settings by manually 

adjusting the lens aperture. This allowed extension of the image dynamic range up to 

four times and avoided loss of information in underexposed or saturated overexposed 

images. Dark reference images (“dark images” of the resection surface acquired with 

the light source off), to eliminate intrinsic detector noise and ambient light, were 

automatically acquired in every acquisition.  

The tissue sample was then turned over, and an identical imaging protocol was 

undertaken for the posterior surface. Overall, for each tissue sample, a pair of 

multispectral and corresponding RGB images was acquired six times to account for 

the six different aperture settings. In every experiment, a scale image (crosshair target 

with scale) and a ‘bright white reference’ image (Spectralon® reflectance standard, 

Thorlabs Inc.) with its corresponding dark image, namely, ‘dark white reference’ image, 

were acquired to be used in the image processing step (Figure 5.7 & 5.8).  
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Figure 5.7 Example of the images acquired from data acquisition from the anterior aspect of one freshly 
frozen tissue sample previously stored in Imperial College London Tissue Bank. The anterior surface 
imaged here has a separate MSI image from each filter (F1-8) which represents a particular wavelength 
of light from the visible and NIR spectrum. In the “F1” image in the bottom left hand corned there is a 
scale which represents 1 cm. 
 

 

 
Figure 5.8 For each tissue sample that is imaged, each experiment involved the acquisition of the 
following further four images (clockwise) colour (red-green-blue) image of the freshly frozen tissue 
sample with a scale bar shown in the top left hand corner representing 1 cm  (here the anterior surface 
of the same tissue sample from figure 5.7); a white reference image; a black reference image – the light 
source turned off; and an image of a crosshair target.  
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5.4.2  Multispectral Imaging of Breast Conserving Surgery 
Specimens Intraoperatively  

 

Resected specimens were labelled with sutures and/or clips to orientate the wide local 

excision specimen as per standard care. The conventional labelling technique was a 

short suture to mark superior resection surface; long suture for the lateral resection 

surface; and a looped suture to mark the anterior aspect of the specimen. This was 

often combined with one staple to represent the superior aspect of the specimen and 

two staples for the lateral aspect. 2D specimen radiographs were obtained using a 

portable radiography unit (Faxitron®, Hologic, Tuscan Arizona, United States of 

America) in the operating theatre to attain a specimen radiograph. The surgeon utilised 

the radiograph to decide if there had been adequate excision of the cancer, and if 

further margin cavity shaves were required. 

Following the above process, the orientated specimen was placed on the black 

cassette of the MSI instrumentation (Figure 5.9a). Here, the working height of the 

camera was 30 cm (Figure 5.9b). Data acquisition occurred within 15 minutes of 

surgical excision from the patient. Multispectral images of each resection surface were 

acquired (Figure 40). On certain occasions full specimen imaging was not possible 

due to localizing wires being in-situ, and therefore only anterior and posterior surfaces 

were imaged. When the excised specimen was large and did not fit into the holder of 

the black cassette, the specimen was placed onto a black cardboard at the base of 

the MSI instrumentation to be imaged. A scale image was taken for each specimen to 

ensure any change in working height had been accounted for later image processing. 

For every sample, a 'dark image’, a 'white reference and a 'dark white reference' image 

were also acquired. 
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Figure 5.9 (A) Photograph of equipment used for image acquisition of a freshly excised wide local 
excision in the operating theatre. 1- wide local excision specimen marked with orientation sutures by 
the surgeon placed onto a black cassette, 2- cylindrical device to block ambient light placed over 
specimen at time of data acquisition to block out ambient light, 3- crosshair target and ‘white’ reference 
tool used for scale and ‘white’ reference image. (B) Photographic illustration depicting data acquisition 
in the operating theatre with a working distance of 30 cm from light ring to specimen holder. 

 

 
Figure 5.10 Colour (RGB) images of each resection surface of a wide local excision specimen excised 
from the right breast of a cancer patient. This specimen is marked with a short superior suture with one 
staple, a long lateral suture with two staples, and one looped suture emphasising the anterior aspect of 
the specimen. Each resection surface has been imaged in this specimen. 
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5.4.3  Image Processing 

 

5.4.3.1  Histopathology Correlation 

 
5.4.3.1.1  Freshly Frozen Tissue Samples 

 
Two approaches were taken to obtain histopathological ground truth to correlate and 

cross-validate MSI data. 53 samples underwent frozen section prior to being allocated 

to this study by an experienced pathologist (Professor Louise Jones) at St 

Bartholomew’s Hospital, Barts Health NHS Trust, London. These samples were from 

the Breast Cancer Now tissue bank. 3-4 slices were taken by a pathologist, frozen in 

a cryostat and then reviewed under the microscope. RNAse free conditions were used. 

For any tissue sample assessed by frozen section the histological findings were 

assumed to be representative of the entire sample. The investigators were blinded to 

avoid introducing measurement/observer bias. 

The remaining 88 samples were sent to histopathology following MSI image 

acquisition. The posterior aspects of these 88 tissue samples were inked with a small 

yellow dot using tissue dye (Cancer Diagnostics Inc.). The tissue samples were sent 

to histopathology in formalin; set in paraffin, sectioned and then underwent 

haematoxylin and eosin (H&E) staining as per standard clinical histopathological 

processing. Both anterior and posterior aspects of each sample were accounted for in 

this processing to correlate with data acquisition (yellow dot depicts posterior side). A 

macroscopic colour image of the tissue samples was taken at the time when MSI 

images were taken. This enabled orientation to be established for each side. 

The H&E slides were interpreted by a Consultant Pathologist Dr Anna Silvanto 

who was blinded to patient details from whom the tissue sample was acquired. Each 

H&E slide was marked with regions of interest to allow for classification later (Figure 

5.12). Regions of interest within each sample were assigned to the following breast 

tissue subtypes: fatty breast tissue (benign healthy); fibrous breast tissue (benign 

healthy); fibroadenoma; ductal carcinoma in-situ (DCIS); invasive ductal carcinoma 

(IDC) and invasive lobular carcinoma (ILC).  

 



 169 

5.4.3.1.2 Intraoperative Freshly Excised Specimens 

 
After each resection surface of an excised breast specimen was imaged with the MSI 

system intraoperatively, the specimen was placed in formalin for histopathological 

processing. Whilst in the histopathology lab, the specimen was inked on each 

resection and serially sectioned into 3-4 mm slices as per standard protocol (Figure 

5.11). 

 
Figure 5.11 Photograph of a sliced wide local excision specimen following being inked on each 
resection surface with a different colour. The specimen was then “breadloafed” into individual slices. 
Here a tumour is noted as a white coloured mass within the slices. 

 

Following fixation overnight and paraffin embedding, the tissue was sectioned into 

slices, then subsequently treated with H&E stain. An experienced histopathologist, 

blinded to the patient’s pre-operative diagnostic biopsy results, prepared a standard 

pathology report. Within this report margin distance from the identified tumour to the 

edge of each resection surface was clearly documented, required for image marking. 

The tissue histological subtype present at each resection surface was also noted for 

image marking. These labels, acquired from H&E analysis, were the definitive ground 

truth labels utilised for training of machine learning classifiers. 

 

5.4.3.2 Ground Truth Extraction 

 

5.4.3.2.1 Tissue Samples 

 
Following histopathological validation, the tissue subtypes within each tissue sample 

were identified. Using this knowledge, a multispectral image from each aspect of the 
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tissue sample (i.e. anterior or posterior surface) was marked to create masks for use 

in image processing. GNU Image Manipulation Program (GIMP) software was used to 

superimpose marked H&E slides onto MSI images of the tissue samples being 

investigated (Figure 5.12). 

 
Figure 5.12 Illustration of the ground truth extraction process based on the H&E staining. (A) A scanned 
H&E slide was marked with the regions of interest (the blue segmentation is adipose tissue, and the 
pink segmentation is lobular cancer) using GIMP software (B) the corresponding multispectral image 
was marked for the regions of interest after scaling and alignment with the marked H&E image for mask 
extraction. 

 

5.4.3.2.2 Freshly excised wide local excision specimens 

 
The formal histological report and the intraoperative specimen radiography image 

were utilised to mark any MSI image where there was a known tumour within and up 

to 3 mm from the imaged surface. This threshold was chosen since light comprising 

visible and near-infrared wavelengths cannot penetrate more than 3mm, and in 

relation to chapter three of this thesis this distance is justified in terms of our results 

on minimum clear margin thresholds [376]. Using the acquired scale image per sample 

case, the real-world dimension of tumour size, and its distance from each resection 

surface were known. Imaging software (GIMP, GNU, California, United States of 

America) was used to extract the real-world dimensions from the scale image and 

mark the MSI image for tumour-free resection surfaces (as per the histopathology 

report) and for the tumour (Figure 5.13). The tumour was marked using the specimen 

radiography image as a reference for orientation and the histopathology report as a 
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guide for the tumour location, as well as distance from edge of tumour to the edge of 

the specimen. 

 
Figure 5.13 Schematic to illustrate how a multispectral image was marked to show areas of healthy 
tissue and regions of interest (i.e., tumour) to create masks for spectral analysis. This example shows 
a case where the tumour is less than 1 mm from the anterior surface. (A) X-ray image of a BCS 
specimen from a patient. The specimen has been orientated by the surgeon intraoperatively, one clip 
to represent superior aspect of the specimen, two clips to represent lateral aspect of the specimen. (B) 
MSI image marked for the tumour (green) and healthy margins (orange). (C) RGB image of the 
specimen for reference. 

 

5.4.3.2.3 Pre-Processing of the MSI Images 

 
For both tissue samples and freshly-excised specimens, pre-processing of the MSI 

images occurred, involving several steps (Figure 5.14). 

 

 
Figure 5.14 Schematic highlighting the sequential steps involved in pre-processing of multispectral 
images. 

 

5.4.3.2.4 Noise Reduction 

 
Noise reduction identifies and minimizes unwanted variations in the image data that 

does not represent the true signal captured from the scene imaged by the MSI camera. 

This “noise’ refers to environmental conditions, electronic interference and 



 172 

imperfections in the sensor (camera) system [377]. To correct for dark noise and 

ambient light, the dark image (acquired with the light source off) of each sample was 

subtracted from the corresponding bright (acquired with the light source on) sample 

image. Subsequently, to correct for the spectral characteristics/response of the optical 

system, each image (eight bands in total) was divided by a spectral correction factor 

specific to each band. This factor was extracted by: 

1. subtracting the dark white reference from the bright white reference image to 

correct the white reference image 

2. calculating the mean pixel value in each band out of the eight images of the 

corrected white reference image 

3. dividing each band mean value with the maximum out of all eight bands value. 

 

5.4.3.2.5 Spectral Correction 

 
To ensure spectral information captured by the multispectral camera was accurate and 

consistent, spectral correction involved adjusting for optical imperfections and 

correcting for spectral band misalignment. We know that diffusely reflected light is 

absorbed and scattered [134]. The scattering properties of tissue samples are very 

complex, and during pre-processing spectra dominated by specular reflectance (direct 

scattering) need to be removed as outliers [378]. 

 

5.4.3.2.6 Normalization Techniques 

 
Normalization was performed to adjust the MSI image data so it was consistent and 

comparable across the different filters used, apertures and operating room lighting 

conditions. To compensate for the variations in working distance and light intensities, 

and to avoid the dominance of a specific spectral band in the classification process, 

the corrected MSI images were normalised. Nine different normalisation techniques 

were implemented according to similar literature [18-25]. Table 5.2 summarizes the 

formulas utilised to deploy these techniques. 

After the normalisation steps, the pixel values from each tissue type were 

extracted with the use of the ground truth masks as described above. Lastly, to ensure 

that the disease prevalence in our dataset was 1, meaning that the number of tumour 

pixels was the same as the number of healthy pixels, the two pixel classes in each 
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sample set were randomly equalised. This was possible in the freshly excised sub-set 

of data because each sample consisted of both healthy and tumour areas. However, 

this was not the case in the tissue samples. In this case, the size difference between 

the two classes was monitored for each fold to ensure a balanced dataset. 
 

Table 5.2 Nine normalization techniques were utilised in pre-processing of spectral data acquired from 
the MSI images. !&,(,),*+, is the new normalised pixel value at the spatial image location i,j of the band 
λ, while the !&,(,),-./ is the old non-normalised value of the same pixel.	,-./0-,1/,-./0-.3 is the 
minimum or maximum, respectively, pixel value in the whole spatial image. 4.15-,1/	4.15-.3 is the 
minimum or maximum, respectively, pixel value in each pixel spectrum.	∑ 30,1,2,345267789:

26;7<9:  is the sum of 
all pixel values at the different 8 bands for each pixel, ∑6 is the total number of 
bands,	∑ ∑ 30,1,2,34516=;<>

16=
06=<;;
06=  is the sum of all pixel values in a single image (band) and ∑ , ∗ ∑ < is the 

total number of image pixels.	B,30>	C.>D0	E.1F: {1,2,3,4,5,6,7,8, } means replacing a pixel value with its 
rank when compared to the other values across the nine bands of the same pixel. 

 
Number Name Formula Reference 

1 Min/Max 30,1,2,9?@

= 30,1,2,345 − ,-./0min	(30,1,2,345)
,-./0max	(30,1,2,345) − ,-./0min	(30,1,2,345)

 

[379] 

2 Band SNV 

(Standard Normal 
Variate) 

30,1,2,9?@

=
30,1,2,345 −

∑ 30,1,2,345267789:
26;7<9:

∑6

W∑ (30,1,2,345267789:
26;7<9: − ∑ 30,1,2,345267789:

26;7<9:
∑6 )A

∑6

 

[173] 

3 Norm1/Band 

Reflectance 

Division 

30,1,2,9?@ =
30,1,2,345

∑ 30,1,2,345267789:
26;7<9:

 [380] 

4 Band Max Method 30,1,2,9?@ =
30,1,2,345

4.15-.3X30,1,2,345Y
 [381] 

5 Band Min/Max 

Method 
30,1,2,9?@

= 30,1,2,345 − 4.15min	(30,1,2,345)
4.15max	(30,1,2,345) − 4.15min	(30,1,2,345)

 

[382] 

6 Norm-2/Square of 

Band Reflectance 

Division 

30,1,2,9?@ =
30,1,2,345

Z∑ 30,1,2,345267789:
26;7<9:

 [383] 

7 Band Value 

Ranking 
30,1,2,9?@ =

B,30>	C.>D0	E.1F: {1,2,3,4,5,6,7,8, }
∑ 6  [384] 

8 Max Method 30,1,2,9?@ =
30,1,2,345

4.15-.3(30,1,2,345)
 [382] 
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9 SNV (Standard 

Normal Variate) 

Method 

30,1,2,9?@

=
30,1,2,345 −

∑ ∑ 30,1,2,34516=;<>
16=

06=<;;
06=

∑, ∗ ∑ <

W∑ ∑ (30,1,2,34516=;<>
16=

06=<;;
06= −

∑ ∑ 30,1,2,34516=;<>
16=

06=<;;
06=

∑ , ∗ ∑ < )A
∑ , ∗ ∑ <

 

[385] 

 
5.4.3.2.7 Spectral Calibration 

 
Imperfection in the camera lens or spectrometer grating can cause spectral variations. 

To ensure data analysis was reliable, spectral calibration was performed to ensure the 

wavelengths associated with the spectral bands captured by the MSI camera were 

accurately aligned with the reference wavelengths of the light being measured. 

 

5.5 Tissue Sample Classification 
 

Four classification models were applied, namely Logistic Regression, Support Vector 

Machines (SVM), Multilayer Perceptron (MLP), and Extreme Gradient Boosting 

(XGB). All classification routines were tested in a five-fold cross validation manner and 

separately for the tissue sample and freshly excised sample sub-sets with the support 

of Dr Maria Leiloglou. The validation metrics used were sensitivity, specificity and 

accuracy (defined as the area under the Receiver Operating Characteristics (ROC) 

curve). This yielded in each data sub-set (tissue sample, freshly excised sample) and 

for each normalisation approach (nine overall), each classification routine (four 

overall): 36 mean (over five folds) values for each classification metric. 

 

5.5.1  Logistic Regression 

 
Logistic Regression was implemented in Matlab (Matlab®, 2019b version) and 

consisted of:  

1. Linear Discriminant analysis (LDA) for dimensionality reduction 

2. Logistic Regression for assigning each pixel with a probability for tumour 
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3. Receiver Operating Characteristics (ROC) analysis to convert probabilities to a 

binary classification. 

LDA is used in a two staged approach [386]. Firstly, dimensionality reduction to reduce 

the number of features in a dataset whilst retaining as many features as possible. 

Secondly, LDA projects data onto a lower-dimensional space and aims to maximize 

the separation between tissue subtypes. 

Here, LDA identifies the optimal spectral dimension (the linear combination of 

the eight spectral bands) that optimally separates the two classes [172]. The spectral 

dimension is found when the value: )
B

*  is maximised, where D represents the linear 

combination of differences between the means in each spectral band and S is the sum 

of the within class variance in values for each spectral band.  

After LDA, each MSI pixel is represented by one value, i.e. the optimal linear 

combination of its eight spectral values. Logistic regression was then used to convert 

the LDA-derived pixel value into probability for tumour [387]. Logistic regression was 

applied here, as the binomial distribution dictates the probability for tumour for each 

LDA-derived pixel value in the dataset [388].  

Finally, ROC analysis was used to plot the true positive rate against the false 

positive rate while the classification threshold was varied [389]. This analysis identified 

the optimal threshold separation, i.e. the LR-derived probability above which the 

corresponding pixels would be considered as tumour. This threshold was the optimal 

ROC curve operating point, yielding the best combination of true positive/true negative 

rate in the training dataset.  

 

5.5.2  Support Vector Machines 

 
The main aim of SVM is to maximize the generalization ability of a model (Don 

Quixote) [390]. The three main concepts of SVM are hyperplane, margin and support 

vectors [390]. A set of n examples is needed for SVM training, and each example 

comprises of a pair (an input vector x and associated label y). The data are linearly 

separable by a line if in a two-dimensional space, or a plane in a three-dimensional 

space “hyperplane” (Figure 5.15) [391]. SVM aims to find the optimal separation 

hyperplane that maximizes the margin between the two classes. The margin is defined 

as the distance between the hyperplane and support vectors. “Support vectors” are 
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the data points that lie closest to the hyperplane, and are crucial in deciding the 

position and orientation of the hyperplane [391]. 

In this thesis a linear SVM version was implemented to identify the linear 

combination of spectra (hyperplane) in the eight spectral dimensions that could 

optimally classify the data, implemented with Python 3.7. 

 

 
Figure 5.15 Graph showing a 2D representation of several separation hyperplanes that separate the 
input data set well. There are many potential hyperplanes that could separate the data. (Modified from 
Cervantes et al. 2020 [391]). 

 

5.5.3 Multilayer Perceptron 

 
Multilayer Perceptron (MLP) is a common type of artificial neural network, and consists 

of a network of nodes (processing elements) arranged in layers [392]. Typically there 

are three or more layers of processing nodes: input, hidden and output layers. The 

input layer receives external data, and involves no computation [392]. The hidden 

layers are where computation is performed and allows the network to learn complex 

representations by transforming the data via non-linear functions. The output later 

performs the classification task. Each node (or neuron) within a layer is connected to 

every node in the subsequent layer, allowing a fully connected network. Nodes within 

the hidden and output layers compute the weighted sum of inputs at the presence of 

the bias, and this sum is directed through an activation function [393]. 

The MLP then requires training, commonly done by forward and 

backpropagation. Forward propagation is where input data is passed through the 
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network layer by layer, and is influenced by weights, biases and activation functions 

at each node. Backpropagation adjusts for the errors identified from weight and biases 

in forward propagation. In this thesis the MLP was based on the ‘MLPClassifier’ class 

from the scikit-learn library, version 0.24.0. Default parameters were employed for 

model training and testing [394].  

 

5.5.4  Extreme Gradient Boosting 

 
This machine classifier system was used in chapter four. XGB constructs an ensemble 

of decision trees and iteratively adds new models by focusing on the gradient reduction 

of loss in the previous models. In this thesis XGB was implemented using the ‘xgboost’ 

package, version 1.5.2. A random seed of 1234 was set for reproducibility. Default 

parameters were used for the tree-based model with logistic regression as the 

objective function [395]. 

 

5.6 MSI Classification Overlays 

 
After comparison of the sensitivity, specificity and accuracy between the different 

normalisation /classification combinations used, the best-performing combination was 

used for visualisation of the final classification result. This was implemented by 

overlaying the colour-map representing the tumour location on top of the colour image 

of the imaged scene for reference. The red, green and blue channels of this colour 

image were reconstructed from the MSI image, by simulating the signals of each of 

the three broadband filters. This involved calculating the weighted sum of the spectral 

bands contributing to each channel. The weights for each spectral band were 

determined based on their contribution to the corresponding RGB channels (Figure 

5.16). 
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Figure 5.16 Examples of colourmaps produced from two different multispectral images. Colourmaps 
are classification overlays that depict the probability of tumour within 3mm of the resection surface. As 
seen in the far right images, the colour gradient represents likelihood of tumour and normal tissue (blue). 
The corresponding marked multispectral image for ground truth marking is also presented (the area 
within the centrally marked area depicts known tumour, and area outside the most peripherally marked 
area represents healthy breast tissue). 

 

5.7 Results 

5.6.1 Freshly Frozen Tissue Samples 

5.6.1.1 Demographics 

 

In total, 184 freshly frozen tissue samples were interrogated with MSI. Following 

quality assessment 68 samples were utilised for final analysis. Table 5.3 identifies the 

patient and tumour characteristics of these samples. All patients included in final 

analysis were female. The median age of patients where breast tissue samples were 

taken was 60.4 years (range 25 – 94). The most common ethnicity was Caucasian 

(62.3%). Healthy tissue comprised 30.9% of tissue samples, followed by invasive 

ductal carcinoma (IDC) (25%), invasive lobular carcinoma (ILC) (23.5%), ductal 

carcinoma in-situ (DCIS) (13.2%) and pathological complete response (pCR) (5.9%).  
 

 

Table 5.3 Patient demographic data and tumour characteristics of all freshly frozen breast tissue 
samples utilized in final data analysis. (pCR – pathological complete response; DCIS – ductal carcinoma 
in situ; IDC – invasive ductal carcinoma; ILC – invasive lobular carcinoma; ER+ - oestrogen receptor 
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positive; ER - - oetrogen receptor negative; PR- - progesterone receptor negative; PR+ - progesterone 
receptor positive; Her2+ - Herceptin receptor positive; Her2- Herceptin receptor negative); NACT – 
neoadjuvant chemotherapy). 

 

Patient Demographics 
Age (years): 

Median 

Range 

 

60.4 

25 - 94 

Ethnicity: 
Caucasian  

Afro-Caribbean 

Asian 
Arabic 

Other 

Unknown 

 

43/68 

4/68 

4/68 
5/68 

4/68 

8/68 

Tumour Characteristics 
Histological subtype: 

Healthy 

PCR 

DCIS 

IDC 
ILC 

 

21/68 

4/68 

9/68 

17/68 
16/68 

Grade of invasive tissue 
samples: 

1 

2 

3 

Intermediate 

High 

 

 

2/37 

25/37 

10/37 

4/9 

5/9 

Hormone receptor status (of 
invasive and PCR subtypes): 

ER+PR-HER2- 

ER+PR+HER2- 

ER+ PR+ HER2+ 

ER-PR-HER2+ 

ER-PR-HER2- 

 
 

17/37 

10/37 

1/37 

0/37 

9/37 

Neoadjuvant therapy: 
NACT 

 

8/68 
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5.6.1.2  Validation Metrics 

 
Each classification model was applied to the data for each normalization approach, 

and the metrics as tabulated in table 5.4 was produced. 

 
Table 5.4 Table to show results for each classification model (Logistic regression; SVM; MLP and XGB 
for each normalization approach. (AUC – area under curve). 

Normalization Technique 

 Min/Max Band 
SNV 

Norm1 Band 
Max  

Band 
Min/Max 

Norm2 Ranking Max SNV 

Logistic Regression 

AUC 35 ±15 % 61 ±14 % 47 ±27 % 55 ±26 % 50 ±12 % 60 ±25 % 33 ±18 % 38 ±9 % 50 ±3 % 

Sensitivity 80 ±45 % 94 ±11 % 68 ±45 % 77 ±43 % 86 ±31 % 97 ±5 % 99 ±17 % 60 ±55 % 80 ±45 % 

Specificity 20 ±20 % 28 ±33 % 44 ±44 % 39 ±53 % 22 ±41 % 25 ±39 % 11 ±14 % 40 ±55 % 20 ±45 % 

SVM 

AUC 36 ±15% 34 ±18% 38 ±18% 40 ±22% 36 ±24% 42 ±20% 37 ±20% 30 ±14% 49 ±2% 

Sensitivity 94 ±4% 95 ±3% 90 ±4% 87 ±7% 93 ±6% 87 ±8% 88 ±15% 92 ±6% 100 ±0% 

Specificity 2 ±1% 2 ±2% 10 ±7% 11 ±6% 1 ±1% 15 ±9% 11 ±16% 2 ±2% 0 ±0% 

                MLP 

AUC 63 ±13% 64 ±13% 71 ±13% 73 ±12% 71 ±14% 72±0.1% 37 ±12% 63 ±1% 49 ±5% 

Sensitivity 80 ±6% 79 ±8% 84 ±3% 81 ±9% 84 ±3%  82 ±5%  82 ±13% 75 ±16% 84 ±2% 

Specificity 46 ±18% 45 ±14% 52 ±15% 55 ±14% 53 ±19%  56 ±15%  10 ±15% 47 ±14% 16 ±3% 

XGB 

AUC 63 ±16% 66 ±13% 75 ±14% 74 ±14% 71 ±13% 73 ±15% 38 ±11% 64 ±12% 50 ±6% 

Sensitivity 85 ±1% 80 ±12% 84 ±4%  83 ±7% 85 ±5% 83 ±5%  83 ±15% 84 ±2% 89 ±2% 

Specificity 42 ±16% 44 ±14% 58 ±19%  58 ±18% 46 ±21% 58 ±19%  11 ±15% 42 ±18% 11 ±2% 

 

Table 5.4 displays variation in results not only amongst the classifiers, but also 

amongst the normalization techniques. However, the MLP and XGB classification 

methods demonstrated the most favourable scores. MLP and XGB classification 

outcome metrics are tabulated below for the two best and worst performing 

normalization techniques (Table 5.5). 
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Table 5.5 Outcome metrics for the Multilayer Perceptron and Extreme gradient boosting. Grey shaded 
boxes are the best performance results for each classifier. 

 

MLP 
 Band 

Min/Max 
Norm2 Ranking SNV 

AUC 71 ±14% 72 ±13% 37 ±12% 49 ±5% 

Sensitivity 84 ±3% 82 ±5% 82 ±13% 84 ±2% 

Specificity 53 ±19% 56 ±15% 10 ±15% 16 ±3% 

XGB 
 Norm1 Norm2 Ranking SNV 
AUC 75 ±14% 73 ±15% 38 ±11% 50 ±6% 

Sensitivity 84 ±4% 83 ±5% 83 ±15% 89 ±2% 

Specificity 58 ±19% 58 ±19% 11 ±15% 11 ±2% 

 

The selection of the data normalisation technique did not yield statistically 

significant differences in the classification results, except for the ‘Ranking’ and the 

‘SNV’ techniques, which underperformed, as indicated in Table 5.4. For the MLP 

approach, the ‘Band Min/Max’, for example, performed better than the ‘Ranking’ and 

‘SNV’ normalisation techniques with AUC: 72 ±13% vs 37 ±12 % (p=0.001) and 49 ±5 

% (p=0.003) and specificity: 53 ±19% vs 10 ±15 % (p=0.002) and 16 ±3 % (p=0.001), 

respectively.  

Similarly, for the XGB approach, the ‘Band Norm-1’, for example, performed 

better than the ‘Ranking’ and ‘SNV’ normalisation techniques with AUC: 75 ±14% vs 

38 ±11% (p=0.001) and 50 ±6% (p=0.003) and specificity: 58 ±19% vs 11 ±15% 

(p=0.001) and 11 ±2% (p<0.001), respectively. All reported p-values above were 

computed utilizing the t-distribution with eight degrees of freedom. 

 

5.6.2  Intraoperative Freshly Excised Breast Specimens 

5.6.2.1  Demographics 

 
Following camera development final recruitment involved 46 patients. However, for 

final analysis 23 of the recruited patients were used in the 5-fold cross validation. Nine 

cases were excluded as tumour was deemed too distant from the resection surface 

(more than 3mm), six because samples were contaminated with blue dye, five could 
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not be marked for ground truth because of the small size of the tumour and three were 

excluded due to workflow barriers. 

Demographic data, clinicopathological and tumour characteristics are 

represented in Table 5.6.  All 23 patients were female, with a median age of 59.8 years 

(range 27 – 80) and a median body mass index of 27.3 kg/m2 (range 19.9 – 39.8). 

70% of patients had a breast density of two or three (as per the breast imaging-

reporting and data system (BI-RADS), representing scattered or heterogenous 

fibroglandular density respectively. Over 78% of patients were of British Caucasian 

descent. In the Imperial Breast Unit, magnetic seed localisation technique was the 

commonest method to identify tumour location intraoperatively. 
 
Table 5.6 Patient demographic data and tumour characteristics of all freshly excised breast specimens 
from 23 patients included in analysis. 

Patient Demographics 
Age (years): 
Median 

Range 

 

59.8 

27 – 80 

BMI: 
Median 

Range 

 
27.3 

19.9 – 39.8 

Breast Density: 
(as per BIRADS classification): 
 
1 
2 

3 

4 

Not recorded (too young for MMG) 

 

 

4/23 

8/23 

8/23 

2/23 
             1/23 

Ethnicity: 
Caucasian – British 

Caucasian – Other 

Afro-Caribbean 

Asian 

Other 

 

18/23 

1/23 

1/23 

2/23 

2/23 

Localisation technique: 
None 
Wire 

Magseed 

 

3/23 
3/23 

17/23 
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Tumour Characteristics 
Size (mm): 
Mean 

Range 

 

16.25 

6 – 35 

 

Histological subtype: 
DCIS 
IDC 

ILC 

ILC & LCIS 

Adenoid cystic carcinoma 

Papillary carcinoma 

Fibroadenoma with PASH 

Spindle cell 

 
             4/23 

13/23 

1/23 

1/23 

1/23 

1/23 

1/23 

1/23 
 

Grade of invasive type specimens 
(where grade relevant): 
1 

2 

3 

Grade of DCIS specimen: 
Intermediate 
High 

 

3/15 

8/15 

1/15 

 

 

1/4 
3/4 

 

Hormone receptor status  
(for invasive lesions): 
ER+PR-HER2- 

ER+PR+HER2- 

ER+ PR+ HER2+ 

ER-PR-HER2+ 
ER-PR-HER2- 

 

 

            1/17 

           13/17 

             2/17 

             0/17 
             1/17 

Neoadjuvant therapy: 
NACT 

 

1/23 

Cavity shaves performed: 
All radial margins 

Specific margins  

None 

 

7/23 

10/23 

6/23 

Re-excision surgery performed: 
Yes 

No 

 

6/23 

17/23 
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The mean size of tumours in the patients recruited for this study was 16.25 mm. In 

accordance with the commonest breast cancer subtype, 56.5% of patients had IDC. 

17.4% of specimens utilised for data analysis had pure DCIS. Other less common 

cancer subtypes were found amongst the specimens and are highlighted in table 5.6. 

Only one patient included in final analysis had neoadjuvant chemotherapy. From this 

patient cohort 26% required re-excision surgery following final histopathological 

reporting. Intraoperatively, nearly half of the patients had immediate margin shaves 

performed by the operating surgeon. 

 

5.6.3  Validation Metrics 

 

Once again the four different classifiers were applied to multispectral data using nine 

different normalization techniques, and shown in table 5.7. 

 
Table 5.7 Overall validation metrics for each classifier and each normalization technique. 

 
Normalization Technique 

 Min/Max Band SNV Norm1 Band Max  Band 
Min/Max 

Norm2 Ranking Max SNV 

Logistic Regression 
AUC  

76 ±4% 
 

56 ±7% 57 ±7% 59 ±8% 59 ±6% 62 ±6% 52 ±9% 76 ±6% 89 ±7% 

Sens  
82 ±7% 
 

67 ±31% 70 ±25% 58 ±22% 58 ±9% 57 ±9% 64 ±37% 70 ±20% 86 ±12% 

Spec  
62 ±12% 
 

46 ±27% 44 ±32% 61 ±15% 57 ±13% 63 ±13% 47 ±9% 75 ±18% 80 ±8% 

SVM 
AUC 

78 ± 4% 
 
57  
± 4.9% 

57 ±5.8% 58 ± 
2.7% 60 ± 2.3% 59 ± 4% 56 ± 4.2% 78 ± 

6.3% 87 ±9.5%  

Sens 62 ± 33.5% 57 ± 
6.4% 

61 ± 
14.8% 

59 ± 
8.5% 63 ± 12.7% 60 ± 5.9% 69 ± 11.5% 61 ± 

32.4% 
80 ± 
13.3% 

Spec 72 ± 15.1% 50 ± 
8.6% 

49 ± 
6.7% 

51 ± 
9.8% 51 ± 11.5% 50 ± 8.0% 40 ± 11% 76 ± 

12.6% 
81 ± 
8.7% 

MLP 
AUC 64 ± 13% 60 ± 

5.6% 66 ± 6% 66 ± 
7.8% 64 ± 6.4% 65 ± 7.4% 57 ± 3.3% 65 ± 9% 82 ± 

8.1% 
Sens 54 ± 18.1% 53 ± 

6.4% 
57 ± 
10.1% 

56 ± 
14.5% 52 ± 5.8% 55 ± 13% 69 ± 11.0% 52 ± 

16.1% 
78 ± 
11.2% 

Spec 67 ± 18.5% 63 ± 
7.1% 

66 ± 
4.5% 66 ± 8% 66 ± 9.3% 66 ± 4.5% 44 ± 12.3% 67 ± 

20.1% 
76 ± 
6.2% 

XGB 
AUC 66 ± 10.7% 61 ± 

5.6% 
65 ± 
7.9% 

65 ± 
7.8% 63 ± 6.4% 65 ± 8.1% 58 ± 3% 67 ± 

13.1% 
83 ± 
7.9% 

Sens 56 ± 15.7% 53 ± 
8.4% 

54 ± 
13.6% 

54 ± 
13.3% 53 ± 9.7% 54 ± 

13.0% 68 ± 9.4% 51 ± 
19.9% 

79 ± 
10.5% 

Spec 66 ± 15.4% 63 ± 
4.9% 

67 ± 
8.1% 

67 ± 
6.9% 65 ± 10.4% 67 ± 6.9% 44 ± 10.0% 70 ± 

18.2% 
76 ± 
6.0% 
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Table 5.8 Classification results for different combinations of normalisation and classification 
methodologies in the freshly excised specimens data-set. 

 

Max 
 Logistic 

Regression 
SVM MLP XGB 

AUC 76 ± 6% 78 ± 6.3% 65 ± 9% 67 ± 13.1% 

Sensitivity 70 ± 20% 61 ± 32.4% 52 ± 16.1% 51 ± 19.9% 

Specificity 75 ±18% 76 ± 12.6% 67 ± 20.1% 70 ± 18.2% 

SNV 
 Logistic 

Regression 
SVM MLP XGB 

AUC 89 ± 7% 87 ± 9.5% 82 ± 8.1% 83 ± 7.9% 

Sensitivity 86 ± 12% 80 ± 13.3% 78 ± 11.2% 79 ± 10.5% 

Specificity 80 ± 8% 81 ± 8.7% 76 ± 6.2% 76 ± 6.0% 

Ranking 
 Logistic 

Regression 
SVM MLP XGB 

AUC 52 ± 9% 56 ± 4.2% 57 ± 3.3% 58 ± 3% 

Sensitivity 64 ± 37% 69 ± 11.5% 69 ± 11.0% 68 ± 9.4% 

Specificity 47 ± 9% 40 ± 11% 44 ± 12.3% 44 ± 10.0% 

 

In the freshly-excised sample data-set, the ‘Max’ and the ‘SNV’ normalisation 

techniques yielded the best scores. As is evident from Table 5.7 the selection of the 

classification model did not lead to statistically significant differences in the results. 

With the exception of the ‘Min/Max’ technique, the majority of the results in the rest of 

the normalisation techniques were statistically significantly inferior to the ‘Max’ and the 

‘SNV’ results. For example, the ‘SNV’ performed better than the ‘Ranking’ 

normalisation technique with AUC: 89 ±7% vs 52 ±9 % (p<0.001) and specificity: 80 

±8% vs 47 ±9 % (p<0.001). All reported p-values above were computed utilizing the t-

distribution with eight degrees of freedom.  
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5.7  Discussion 
 

Multispectral imaging has the ability to distinguish between normal and malignant 

breast tissue. In combination with machine learning in the ex-vivo setting MSI has an 

AUC of 75%, and in the in-vivo setting an AUC of 89%. This discussion section will 

assess the novelty of this work in this field and postulate why the results have occurred 

but will also dissect the limitations of this work and how future studies can be improved. 

 

5.7.1 Spectral Data Quantity 

 
In the in-vivo validation study 6,301,712 spectra were acquired from 23 patients alone. 

To the best of our knowledge, this is the largest spectral dataset acquired from any 

study interrogating breast tissue samples when investigating intraoperative margin 

assessment tools. By comparison, Laughney et al., where 265,000 spectra were 

acquired from 47 patients in total [175]. Laughney et al. imaged the surfaces of sliced 

fresh breast conserving surgery specimens rather than the exterior surface [175]. Due 

to the MOU at Charing Cross permission was not granted for us to slice freshly excised 

lumpectomy specimens, therefore we are not able to replicate work carried in other 

studies for comparison. 

 

5.7.2  Ability to Distinguish Between Normal Versus Malignant 
Tissue 

 

This thesis has shown MSI has potential to provide useful information regarding the 

oncologic status of a whole resection surface which can be presented visually to the 

surgeon. The systematic review and meta-analysis of chapter two highlighted a pooled 

sensitivity of 90% (with a range of 82-100%) and specificity of 92% (with a range of 

78-106%). When freshly-excised tissue was examined with MSI, we demonstrated a 

maximum of 86 ± 12% for sensitivity and 80 ± 8% for specificity. These findings are 

comparable when set in context of other work in this field. The majority of previous 

studies performed gross sectioning of the freshly excised specimens before imaging, 

whereas, uniquely here, the whole gross specimen was imaged intra-operatively [168, 
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172, 173]. This methodology may explain the higher diagnostic accuracy rates 

identified in such studies. For example, Kho et al. used hyperspectral imaging on 

sliced breast specimens to reveal a sensitivity of 98% and specificity of 99% [173]. 

Similarly, McClatchy et al. interrogated sliced specimens with spatial frequency 

domain imaging to gain a sensitivity of 90% and specificity of 81% [174]. 

It is important to correlate the accuracy rates of our MSI system to current 

commercialised IMA tools. MarginProbe® (Dilon Technologies, USA) utilises 

radiofrequency spectroscopy and in a recent systematic review the mean sensitivity 

was 69.07% (SD 10.45) and mean specificity was 63.47% (SD 26.50) however this 

was calculated from only three studies [130]. Individual studies however have reported 

higher sensitivity rates 70-100% and specificity 70 to 87% [130]. ClearEdge™ 

(LSBioPath, Saratoga, CA, USA) is another example of a commercially available 

device which uses bioimpedance spectroscopy. In a study of 58 patients where 

ClearEdge™ was used to assess the edges of excised wide local excisions the 

sensitivity was 84.31% and specificity 81.9% [131].  In a recently published abstract 

where a systematic review identified 18 studies where micro-CT was used as a IMA 

tool, the pooled sensitivity was 0.67 (95% CI:0.48-0.82) and pooled specificity was 

0.75 (95% CI: 0.63-0.84) [396].  However, individual studies using micro-CT have 

shown higher sensitivity up to 93% but it is noted in this study that the false positive 

rate was high [118]. Therefore, our MSI system on freshly excised tissue has similar 

or even superior accuracy rates compared to current commercialised IMA tools. 

 

5.7.3  Comparison of MSI on Frozen Tissue Versus Fresh Tissue 

 
In chapter four, the effects of freezing on tissue was discussed. These effects are likely 

to contribute to the lower accuracy rates of MSI on frozen tissue compared to fresh. 

Freshly excised tissue will have different optical properties, specifically the 

concentration of oxygenated and deoxygenated haemoglobin (absorbers of light) will 

typically be higher compared to frozen tissue [339-341]. 

The physical aspects of the tissue imaged by MSI must also be considered. 

The freshly frozen tissue samples were thawed and were only a few millimetres thick. 

In comparison the freshly excised lumpectomy specimens were significantly larger in 

terms of size and volume and had varying surface contours on each aspect.  
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5.7.4 Translational Ability To Intraoperative Use 

 
Apart from biophotonic modalities that have been investigated, technologies such as 

bioimpedance spectroscopy, rapid evaporation ionization spectrometry and MRI have 

also been used to interrogate breast specimens for tissue differentiation. Thus far none 

of these techniques have been adopted in routine breast surgery practice as they do 

not fit into the existing surgical workflow; provide inadequate tissue discrimination; lack 

ability for real-time feedback; are physically not suitable to fit into theatre space or are 

bench top arrangements only. This multispectral set-up can be translatable into 

surgical workflow for margin assessment for several reasons as to be outlined below.  

Our multispectral system allows the surgeon to receive real-time feedback in 

seconds. Short data acquisition time is enabled here by utilising a small number of 

bands (8-bands) and a frame rate of 0.25 – 0.5 fps. Our multispectral camera can 

facilitate a frame rate of 1 dataset per 2 seconds (bright and dark MSI, and 

corresponding RGB image of the same scene). The slow frame rate is attributed to 

our choice of MSI acquisition hardware (a filter-wheel or a band sequential approach), 

with the colour information collected over time. A snapshot MSI approach, such as a 

multiaperture filtered camera, could be a better option for the real-time implementation 

of our proposed 8-band MSI system [397]. Regarding the choice of the spectral range, 

bands within the visible and NIR spectrum were chosen because it has been shown 

by Kho et al. [172], and Manen et al. [398] the combination can yield better 

classification scores. The near infrared band was added with the aim to acquire 

information from deeper tissue layers. Future work should focus on comparing 

classification performance between imaging at different band combinations.  

The classification overlays represented in figure 5.16 represent the visual aids 

a surgeon would expect to see when using this system intraoperatively, which we 

anticipate would help guide them regarding the need for targeted immediate margin 

re-excision. Appendix D represents all the colourmaps produced of the 23 patients 

included in the final analysis.  

Other benefits of our multispectral imaging system are the compact size allows 

utilisation in confined theatre spaces. Cost is another advantage. The estimated cost 

of this set up is £5000, in comparison to other systems such as MarginProbe® 

($50,000) or  micro-CT ($250,000 to $1 million). It’s non-invasive approach means that 
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multispectral imaging does not affect the tissue structure and therefore does not 

disrupt pathologists’ workflow. The above described features of multispectral imaging 

provide a platform for clinical adoption as a useful intraoperative margin assessment 

tool. 

 

5.8  Limitations 

 
This is the first study to date that has utilised MSI on both frozen tissue samples and 

freshly excised specimens to assess its use as an IMA tool. Although the results are 

promising, clearly there is significant more work to be done to improve accuracy and 

allow efficiency in the operating theatre. Several limiting factors are identified in this 

experimental work and are outlined systematically below. 

 

5.8.1  Patient Recruitment 

 
An important consideration when it comes to diagnostic accuracy is a study’s statistical 

power. Based on this study’s results, 237 patients should be included in a subsequent 

study to estimate the true specificity with 5% error margin at 0.5 significance level. 

Due to time constraints of this thesis the final number of patients recruited were 

insufficient to meet the power calculation. Any future work should aim to recruit 

patients not only from the Charing Cross site but also other hospitals to enable 

recruitment in a more timely fashion. 

 

5.8.2  Drop Out Rate of Specimens 

 
Although a high volume of frozen tissue samples was imaged and 46 patients had 

their wide local excision specimens imaged, not all were utilised for data analysis due 

to contamination from blue dye or pathology ink, or the samples were of poor quality. 

Any IMA tool must be robust enough to tackle the variety of environmental 

circumstances breast tissue is subjected to in the real-world operating environment. 

Six patients were not included in the analysis as specimen surfaces were 

contaminated with blue dye which is utilised for sentinel lymph node biopsy. This is a 
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significant limitation as many centres internationally use this along with radioisotope 

for dual mapping when staging the axilla. However, in light of the recent SOUND trial 

(Sentinel Node vs Observation After Axillary Ultrasound) it can be argued that the use 

of blue dye in breast surgery could become obsolete or used significantly less [399]. 

The SOUND trial was a randomized control trial which identified that in patients with 

small breast cancers who had negative preoperative axillary ultrasound findings, 

SLNB could be omitted [399]. It has been evidenced in this trial that omission of axillary 

surgery in such a patient cohort was non-inferior to patients who had SLNB [399]. 

Studied endpoints included distant disease-free survival; locoregional relapses; 

distant metastases; and deaths were comparable in both groups [399]. In view of these 

findings, the need of SLNB can be reduced and therefore arguably blue dye will be 

less common place in future. 

The challenge of laboratory work was the acquisition of high-quality samples. 

Ideally freshly excised tissue samples from lumpectomy or mastectomy specimens 

would be the best tissue samples to image. Ideally every malignant tissue sample 

should be paired with a normal area of tissue from the same patient for comparison. 

This was available for many of the cases used in this thesis but due to quality of sample 

issues, data was unfortunately not analysed in this manner. 

 

5.8.3  Heterogeneity of Tissue Samples/Patients 

 
In this chapter, the focus of data analysis was comparing normal with malignant tissue. 

In chapter four histological subtypes were compared against each other. However, this 

was not possible in this chapter due to the uneven distribution of samples of patients 

amongst each histological breast cancer subtype. Future work to develop this 

technology as an IMA tool would require the machine learning algorithm to train on a 

variety of breast tissue subtypes to optimize accuracy. Chapter two highlighted that 

studies using previous imaging systems utilising spectrally resolved light lacked 

sample heterogeneity. 

DCIS is a strong predictor for a positive margin [332]. Therefore, intraoperative 

DCIS visualisation accuracy rates are crucial to the ideal IMA tool. Despite efforts to 

include DCIS cases in this thesis, a clear limitation was to the extract the 

corresponding ground truth in the images. When there were pockets of DCIS, for 
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example noted from specimen reports, then these were not marked as it is hard to 

identify these clearly from the specimen radiograph and felt it would not be accurate. 

Future work must overcome the challenge to mark for ground truth purposes. In terms 

of the tissue samples, theoretically DCIS samples here could be used to train the 

learning algorithm for freshly excised tissue for identification of DCIS. The challenge 

would be acquiring fresh tissue from patients who have got large areas of DCIS. This 

could potentially be acquired from patients who are undergoing mastectomy for 

multifocal DCIS, however this would have to involve multi-site patient recruitment. 

 

5.8.4  Ground Truth Marking 

 
A challenge in the methodology was the segmentation of images for ground truth. 

Despite that the specimen radiography, the colour image and the corresponding 

histopathology report has been used to inform the segmentation of the freshly-excised 

specimens, there still remains inter-observer variability amongst interpretation of this 

information. For the purposes of this thesis, I performed the freshly-excised image 

segmentation alone. For the freshly excised tissue the anterior and posterior aspects 

of each specimen were by far the easiest to mark. For data analysis radial aspects of 

the specimen were included but it should be considered this is interpretation by one 

clinician. Ideally, another clinician should perform the task on the same images and 

segmentation compared. 

This challenge was mitigated in the frozen tissue sample dataset by directly 

overlapping the H&E histopathology images of the samples onto the corresponding 

MSI images to segment the ground truth regions. The H&E slides visualise the 

malignancy and considered by definition the ground truth. However, this approach also 

comes with its limitations. Due to tissue fixation process by the pathologist, there is 

tissue shrinkage, which, in turn, can lead to alteration of the specimen and the stained 

slides’ spatial correlations [400].  
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5.8.5  Machine Learning 

 

Several machine learning algorithms were trialled here, but imbalanced datasets 

clearly affect overall results, and this problem needs to be addressed. GB and XGB 

are examples of ‘bagging and boosting’  sampling techniques which can improve the 

performance of the minority class, in this instance where sample numbers are low 

[401]. The problem of imbalanced datasets can be tackled at either the data level or 

algorithmic level [402], and should be considered for future work with larger datasets. 

 At the data level, re-sampling techniques can be used in the form of over-

sampling or undersampling to balance the training data amongst classes [401]. Over-

sampling aims to increase the size of the minority class to achieve balanced classes. 

With random oversampling, samples in the minority class are duplicated having been 

randomly selected. A more commonly used oversampling method is Synthetic  Minority 

Over-Sampling (SMOTE), where synthetic samples are produced from the minority 

class [401]. Alternatively, random undersampling can be used whereby during pre-

processing of data random sets of sample data from the majority class are removed 

to balance the classes [401]. The disadvantage of this is that crucial information can 

be lost. Tomek Links or Edited nearest neighbours are a method in undersampling that 

removes samples from the majority class which have similar features to samples in 

the minority class to define the decision boundary better and thus improving overall 

classification. Hybrid sampling combines sampling methods and reduces the 

limitations of such methods [401]. 

 At the algorithmic level, cost sensitive learning is a method that can be used to 

tackle imbalanced datasets [401]. Here the algorithm is modified to account for the 

imbalance by assigning a higher misclassification cost to the minority class. Another 

alternative is the use of neural networks which can be trained for iterative weight 

adjustment to minimize error [401].  
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5.9  Conclusion 

 
In section 1.6.3 of this thesis functions of an ideal IMA tool were discussed, and MSI 

has several favourable features for intraoperative use including the ability to image a 

whole resection surface to a depth of 3 mm, without the requirement for a pathologist 

to be present. With development of the best machine learning algorithms, real-time 

feedback would be possible with MSI to augment a surgeon’s vision to guide 

knowledge about margin disease. The ability to discriminate between malignant and 

healthy breast tissue is far superior to the traditional method of specimen radiography, 

and similar to current technologies available. However, for MSI to be a technology that 

is widely accepted in the field of breast surgery further work must entail recruiting 

further patients, to encompass breast heterogeneity and to allow assessment of MSI 

to distinguish between different breast cancer subtypes in a clinical trial. 
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Chapter 6: Comparison of Multispectral Imaging 
Versus Fluorescence Guided Imaging 

 

The use of multispectral imaging is advantageous in the clinical setting of breast 

surgery as it is non-invasive to the patient and does not require the use of exogenous 

agents. Chapter five presents the results of how multispectral imaging can distinguish 

between healthy and malignant breast tissue, but further work is required to enable 

this potential IMA tool to augment a surgeon’s vision intraoperatively to lower re-

excision rates. One possible method to improve diagnostic accuracy is to combine 

several imaging modalities [403]. Section 1.6.2 of this thesis discussed optical and 

imaging based technologies that have been investigated in breast conserving surgery, 

with each modality type drawing upon different features of breast tissue  

Fluorescence guided imaging is another optical imaging method within 

biophotonic technologies that is a suitable modality to combine multispectral imaging 

with. Fluorescence guided imaging relies on understanding how fluorophores work, 

and section 2.1.4 of this thesis has described intrinsic fluorophores. The objectives of 

this chapter are to explain the mechanism by which fluorophores function, which are 

the basis of some exogenous agents that could be used in breast surgical patients for 

fluorescence guided surgery. A secondary aim was to investigate how performance 

metrics compared between our custom-built multispectral imaging system and a 

fluorescence imaging system. 

 

6.1 Fluorescence Imaging 

 
Fluorescence guided surgery (FGS) is an optical technique that identifies targeted 

tissue. FGS achieves this by specific imaging systems which are sensitive to 

fluorescent molecules called fluorophores [404, 405]. Once fluorophores are excited 

with non-ionizing light, their fluorescence is captured by specially built camera systems 

[406]. The signal in the region of interest (cancerous area) is calculated by the 

difference in signal between healthy breast tissue and cancer [404].  

For clinical use, utilising the near-infrared range of light is advantageous. NIR 

fluorescence permits improved depth penetration, and the use of a NIR filter set 
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reduces background autofluorescence [407]. Autofluorescence describes the 

phenomena whereby when tissue absorbs light, it can also emit fluorescent light [408].  

 

6.2  Fluorophores 
 

As previously discussed (section 2.1.4) key endogenous fluorophores in breast tissue 

are NADH and FAD, which are key metabolic cofactors involved in cellular metabolism 

[409]. Solid tumours have unique anatomical and pathophysiological traits. 

Understanding these traits is crucial to developing suitable exogenous fluorophores to 

give patients for FGS, and examples of exogenous fluorophores are discussed in 

section 6.3 below.  

Fluorophores can target tumours via two strategies, either passively or actively, 

dependent on which tumour traits are exploited [403]. Passive targeting relies on the 

selective accumulation of exogenous contrast agents within the tumour [403]. One 

particular trait of solid tumours increased vasculature can be exploited by exogenous 

fluorophores using passive targeting. Increased angiogenesis, a hallmark of cancer, 

is needed to fuel a growing tumour with nutrition and oxygen [177]. Features of this 

neovasculature include irregular, dilated and leaky blood vessels [410]. The basement 

membrane of these new vessels are also altered, and lymphatic drainage of malignant 

is poor. In combination, these features cause leakage of plasma components into the 

malignant tissue called the enhanced permeability and retention (EPR) effect [410]. A 

challenge of passive targeting is that its efficacy is dependent on the EPR effect, which 

is influenced by [403]. Variations in neovasculature may impede the EPR effect. 

Active targeting, in comparison, is where fluorophores are designed to precisely 

target known receptors [403]. This allows accumulation of fluorophores within 

particular tissues or cells. Antibodies, nanoparticles, proteins and aptamers are 

examples of ligands to which a fluorescent contrast agent is bound to, to actively target 

chosen target receptors. Ligands must have high binding specificity and low toxicity, 

with selected receptors chosen to reflect knowledge of the tumour microenvironment. 

Limitations of active targeting include non-specific binding and background ongoing 

fluorescence from the given agent can occur due to pharmacokinetics [403].  
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6.3  Current Use of Fluorophores in Medicine 
 

Fluorophores with excitation and emission spectra within the wavelength range 700  

to 900 nm, have become the focus of much research. With the advent of improved 

hardware systems, and drug development of targeted fluorophores, FGS has the 

potential to transform intraoperative tumour detection. Table 6.1 highlights 

fluorophores that have been investigated in the clinical setting, of both passive and 

active targeting methods. 

 
Table 6.1 Table showing examples of fluorophores that have been investigated for passive and active 
targeting. For each fluorophore, the wavelength of light they have been associated with is noted with 
their mechanism of action (if known) and the solid tumours the have been investigated with. Finally, it 
is documented if the fluorophore has been approved for clinical use. 

 Fluorophore Excitation/ 
Emission 
(nm) 

Mechanism Currently Used in or being 
investigated in 

Approval  
Phase 

Passive Methylene 
Blue 
[411] 

665/686 Affinity to 
bind to 
intracellular 
structures 
with high 
nucleic acid 
content 

Sentinel lymph node 
mapping (breast and 
melanoma) 
 
Tumour detection 
(neuroendocrine, 
thyroid/parathyroid), 
 
Vital structure detection (e.g 
ureters) 

Approved 

ICG 
[412] 
 

800/822 EPR effect Sentinel lymph node 
mapping (breast, skin) 
 
Hepatobiliary tumours 
 
Endometrial tumours 
 
Angiography in 
reconstructive surgery 

Approved 

Active 5-ALA 
[413] 
 

405/635 Intracellular 
enzymes 

Brain tumours Approved 

Cyanine 
dyes 
[414] 
 

Variable (e.g 
Cy 5 
658/666) 

Enzymes or 
receptors 

Colorectal, pancreas, 
oesophageal cancer 

Trials 

Fluorescein 
[415] 
 

460/540 Receptors Brain tumours Approved 
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6.3.1 Indocyanine as a Fluorophore 

 

Indocyanine green (ICG) was the first clinically approved fluorophore for tumour 

detection. ICG is a heptamethine cyanine fluorophore, with hydrophobic properties 

which renders it suitable to bind to plasma proteins and therefore stays within the 

intravascular space [407]. When ICG binds to plasma proteins it does not alter 

structure, which explains ICG’s non-toxicity [416]. The rapid excretion of ICG is due to 

no metabolite production and its fast excretion into bile (transportation via a protein 

called glutathione S-transferase) [416]. ICG is a passive fluorophore functioning via 

the EPR effect. ICG fluoresces within the near infrared range, with a peak absorption 

of 800 nm and emission peak at 830 nm in-vivo.  

ICG has been investigated and is used across numerous specialities. 

Historically, it has been used to measure cardiac output, hepatic function, and retinal 

angiography [404]. It can be used for assessing lymphatic vessel drainage and 

sentinel lymph node mapping in breast cancer and melanoma. In terms of 

intraoperative tumour detection, ICG’s clearance by the liver means its use is 

conducive in hepatobiliary surgery for primary and secondary liver carcinoma [407]. 

 

6.3.2 ALA as a Fluorophore 

 

5-aminolevulinic acid (5-ALA) is a hydrophilic nonproteinogenic amino acid. In cells 

with high metabolic activity, 5-ALA acts as a substrate in the haem synthesis pathway. 

5-ALA is processed via this pathway to produce abundant protoporphyrin IX (PpIX). 

PpIX is the immediate precursor to haem and is an endogenous fluorophore. Haem is 

one part of haemoglobin essential to the function of red blood cells (erythrocytes). In 

early erythrocyte development, haem is needed for the binding and release of oxygen 

molecules. In other cells of the body synthesizing haem, haem mediates the electron 

transfer in the mitochondrial respiratory chain. 

Within mitochondria, 5-ALA is formed from succinyl coenzyme A and glycin, by 

ALA-synthase (ALA-S) (Figure 6.1). Haem regulates this step, so ongoing synthesis 

of ALA-S is inhibited. Following 5-ALA formation, it is released into the cell cytosol. 
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Several molecules of 5-ALA form one molecule of PpIX, and is chelated with a ferrous 

iron to haem (Figure 6.1) [417].  

 

 
Figure 6.1 Illustration of metabolic pathways of 5-aminolevulinic acid (5-ALA) and mechanism of 
protoporphyrin IX (PpIX) accumulation in a cancer cell, which relies on multiple enzymatic reactions. 
Production of PpIX increases with increased activity of the following enzymes as represented by the 
green arrows: ATP-binding cassette subfamily B member (ALAD), hydroxymethylbilane synthase 
(HMBS) and uroporphyrinogen decarboxylase (UROD). Decreased activity of ferrochelatase (FECH) 
and ATP-binding cassette subfamily G member 2 (ABCG2) as represented by the red arrows, causes 
PpIX to accumulate by limiting conversion to haem. This image was reproduced and modified with 
permission of the author [418]. 

 

Protoporphyrin IX exhibits fluorescence absorption peaks at 405 nm and 635 

nm, and consequently two emission peaks at 635 nm [407, 419]. Excitation within the 

highest peak, known as the Soret band, lies within the violet spectrum at 405 nm, a 

wavelength at which light is highly absorbed by blood. Of note there is minimal 

autofluorescence in breast tissue, as it is composed of fat and connective tissues 

[420]. Porphyrins also have photodynamic properties and can generate triplet oxygen 

species when excited by light of an appropriate wavelength, namely 405 nm [407]. 

With exogenous administration of ALA, PpIX accumulates due to the rate 

limiting step which is the conversion of PpIX to haem. In malignant cells, the 

accumulation of PpIX is higher [421, 422]. Such a difference enables differentiation 

between healthy and malignant tissue via fluorescence. It has been evidenced that 
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multiple enzymes, either via increased PpIX production or the decreased conversion 

to haem, allow the pathological accumulation of PpIX in breast cancer [421]. Increased 

production of PpIX leading to its accumulation, has been correlated to the 

overexpression of ALA dehydratase, porphobilinogen deaminase and 

uroporphyrinogen decarboxylase [423]. Conversely, PpIX accumulation can occur 

when there is decreased activity of ferrochelatase, and also the ABCG2 transporter 

which is specific to ER and HER2 positive cancer cell lines) [424]. 

ALA is approved for use in glioblastoma surgery in Europe, Canada and Japan 

[407]. It is also licensed for use in bladder surgery and for photodynamic treatment of 

skin cancers [422]. It can be administered topically or systemically (i.e oral, 

intravenous or intradermal). The by-products undergo hepatic or renal clearance. As 

with any drug, side effects are associated, however the risks with ALA are uncommon. 

Uncommon side effects (1 in 100 to 1 in 1000 patients) are documented as 

hypotension, nausea, photosensitivity reaction and photodermatosis [425]. 

Neurological disorders (such as aphasia, hemiparesis, convulsions, hemianopsia); 

deranged liver function tests and thrombocytopenia are other associated risks [426]. 

 

6.4 Challenges of Fluorescent Guided Surgery 
 

There are some challenges to integrate FGS into the surgical workflow. Firstly, a 

contrast agent must be administered to patients pre-operatively, often two to three 

hours before. Patients require counselling on the side effects of any agents given. For 

the in-vivo use of ICG and ALA, operating room lights need to be switched off to 

prevent ambient light affecting tumour detection.  Regulatory conditions are clearly 

one of the biggest challenges of FGS [407]. Only a few agents are approved for clinical 

us, and it is imperative that toxicity to the patient must be avoided. Drug-development 

pathways can be very time consuming and financially require extensive funding. 

 

6.5  Methodology 
 

An objective of this chapter was to assess the diagnostic accuracy of the multispectral 

camera, compared to a custom-made modifiable dual-colour and fluorescence camera 
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system for protoporphyrin IX imaging and ICG imaging. This fluorescence camera has 

been evaluated in the “GLOW” study at Imperial [427, 428]. Dr Maria Leiloglou and Dr 

Vadzim Chaulau were involved in construction of the fluorescence camera. 

 

6.5.1 Patient Recruitment 

 

From the 7th of July, 2022 to 28th October, 2022 patients who were undergoing BCS 

from Charing Cross Hospital, London were recruited to this feasibility study after 

Integrated Research Ethics Approval (IRAS) (19/LO/0927) approval. During this time 

29 consecutive patients were contacted for participation for either MSI imaging; and 

simultaneously asked if they would be willing to take 5-ALA (an oral solution). Patients 

for this experimental work were identified pre-operatively via multidisciplinary team 

meetings, and their health records thoroughly interrogated to understand their past 

medical history to ensure there was no contraindication for giving 5-ALA. Patients were 

telephoned seven to ten days prior to surgery and given the context of this study, and 

an understanding of how 5-ALA works. There were also emailed patient information 

leaflets and given the opportunity to ask any questions. A further follow up phone call 

was made to ask if there were willing to participate. Patients were consented for 

participation on the day of surgery. 

I was not involved in patient recruitment for the first section of the “GLOW” study 

where ICG was being investigated using the fluorescent camera. Dr Martha 

Kedryzycki recruited patients for her thesis and has granted permission of usage of 

the results of this work for the purpose of this chapter. Patients who received ICG were 

recruited at Charing Cross Hospital similarly as above from July 2020 to February 

2021. 

 

6.5.1.1  Inclusion Criteria 

 

All participants had to be women over the age of 18. Women with a diagnosis of 

invasive breast cancer or DCIS and undergoing BCS only were included. Any 

intraoperative localisation techniques could be utilised.  
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6.5.1.2  Exclusion Criteria 

 

Any pregnant or lactating patients were excluded. Patients with a history of liver failure 

or history of porphyria could not be involved in this study. Any patient with a history of 

photosensitivity was excluded. As written communications were in the English 

language, patients who were unable to read the patient information leaflets were 

excluded, as they were not able to give informed consent. 

 

6.5.2  Fluorescence Camera Set Up 

 

In this experiment, once ALA was administered to the patient, PpIX accumulated within 

the breast tumour being investigated. The fluorescent imaging system then captures 

the fluorescence induced by PpIX accumulation. A custom-built fluorescence imaging 

system built at The Hamlyn Centre was utilised, comprised of two cameras; a filtered 

light source; a display monitor; and controlling software (Figure 6.1). A colour camera 

was used for visible colour imaging (FLIR Grasshoper3 GS3-US-28S5C-C, FLIR 

systems, Inc., Wilsonville, OR, USA).  

A monochrome camera (FLIR Grasshoper3 GS3-U3-28S5M-C, FLIR Systems, 

Inc., Wilsonville, OR, USA) for fluorescence imaging was used to capture PpIX 

fluorescence emission from breast tissue. This monochrome camera had two 

bandpass emission filters fitted. Firstly, a filter including the Soret band (425 – 625 nm) 

to capture PpIX fluorescence. Secondly, a filter to exclude the Soret band (<625 nm). 

The purpose of this latter filter is to enable white light imaging, and to eliminate overlap 

between excitation, and emission spectra and autofluorescence. 

A Xenon light source was used. The light source optical power at the light ring 

was around 0.8 W (measured via Coherent Field Max power meter with thermopile 

detector) with a light spot diameter of around 8 cm, and average power density 4 

mWcm-2. For each image acquired with this FGS system a colour, fluorescent and a 

dark frame (where light source is turned off) image were captured. 
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Figure 6.2 GLOW camera (fluorescence imaging camera) set up. (A) Lens system which collects visible 
and fluorescence  (B) A beamsplitter which splits light into two beams. (C) Fluorescence is transmitted 
through a bandpass filter to (D) monochrome camera and (E) colour images are captured in a RBG 
camera. Reproduced with permission from Dr M Kedzycki [429]. 

 

6.5.3 Multispectral Camera Set Up 

 

The same system used in chapter five was used for data acquisition. 

 

6.5.4  Data Acquisition Protocol 

 

6.5.4.1  ALA administration 

 

Two to four hours before surgery, patients were administered 20 mg/kg 5 -

aminolevulinic acid to drink. This dosage was in keeping with current data and 

guidance. 

 

6.5.4.2  ICG administration 

 

Dr Martha Kedrzycki administered ICG to patients via two different methods to reflect 

two different cohorts of patients. The first cohort was the angiography cohort, and the 

second was the EPR cohort. The angiography cohort were given 0.25 mg/kg 

intravenously (IV) during the operation, only once the skin flaps had been raised by 
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the surgeon (images acquired 5 minutes after). The EPR cohort were administered 

0.25 mg/kg IV preoperatively once they had been anaesthetised (images acquired 25 

minutes after). 

 

6.5.4.3  Image Acquisition 

 
Following BCS, the freshly excised specimen was orientated with sutures and clips as 

previously described (section 5.4.2). Routine specimen radiography using a Faxitron 

® (Hologic, Tuscan Arizona, United States of America) machine in theatre was 

performed. The operating surgeon used the radiographic image to assess if adequate 

radial margins had been taken, and this would guide them to do any further cavity 

shaves. 

Freshly excised BCS specimens were then imaged on their anterior and 

posterior resection surfaces only, with both the multispectral camera and then the 

fluorescence imaging camera. Operating surgeons were blinded to the images 

collected, to ensure surgical outcomes were reflective of conventional techniques 

rather than being influenced by experimental data. 

Patients received routine post operative care. Outcome data was collected 

encompassing patient demographic data (age, weight, height, body mass index, 

ethnicity); tumour characteristics (type, grade, hormonal status, size, location); 

procedure details (time of ALA administration and imaging, operation performed); and 

outcomes (margins, positive margin rate, reoperation rates and significant events). 

The specimen was sent to histopathology in formalin, for fixation as per chapter 

five. 

 

6.5.5  Image Processing 

 

Following fixation and H&E staining, and the specimen being breadloafed into slices, 

an experienced histopathologist (blinded to study participant’s details) assessed the 

slices under a microscope. This produced a final histological report. Specimen 

radiography and the formal histopathological report were used to mark the 

fluorescence and multispectral camera images respectively. Specimen radiography 

identified the location of the tumour on the anterior and posterior ex-vivo images 
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acquired from each camera system. The histopathological report, which contains 

margin status of each radial margin, was utilised to identify where healthy tissue is 

within each image. GIMP software was used for marking. Images excluded from 

marking were those where resection surfaces were stained with significant blue dye 

and where there were technical difficulties.  

The scale used for marking FGS images differed to MSI. With the FGS camera, 

the laser provided two points the distance between being a measurement of 3.2 cm. 

Using GIMP, the distance between the two laser points is measured in pixel values 

(Figure 6.2). Of note, MSI images were marked by me, and FGS images marked by 

Dr Martha Kedryzycki. 

 

 
Figure 6.3 Series of images highlighting what the fluorescence guided camera produces for the 
posterior aspect of the same specimen, and how images are marked. (A) Colour image produced by 
FGS (B) Laser produces two points, distance between these two points measures a fixed distance of 
3.2cm. With GIMP, the distance between these two points is measured in pixels and divided by 3.2cm 
and is correlated with margins distances given on the histology report (C) The monochrome camera of 
the FGS system produces an image. (D) The green circle represents the final marked image highlighting 
disease. 
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6.5.5.1  Multispectral Image Processing 

 

MSI images were processed as previously discussed in chapter five. Here, pixel 

features per case were used for training of the logistic training model using method 3 

(Norm1/Band Reflectance Division) normalization techniques. Eleven patients were 

utilised for training the logistic regression model, and two were used for testing. 

 

6.5.5.2  Fluorescent Image Processing 

 

Fluorescence images were processed slightly differently. Pixel values from the tumour 

and healthy regions for every image were used to calculate the tumour-to-background 

ratio (TBR) using the formula below: 

 

           TBR = +,-.	0'1,2	'.3,.4'35	'.	36,	37+879	9,:'8.+,-.	0'1,2	'.3,.4'35	'.	36,	6,-2365	9,:'8. 

 

A logistic regression model (LRM) extracted the pixel-dense tumour probability and 

results were 5-fold cross validated with receiver operating characteristic (ROC) 

analysis. 

6.5.6  Comparison of MSI versus different fluorophores 

 
The Kruskal-Wallis ANOVA table was used to compare MSI images to images acquired 

from patients who received: 

• 5-ALA (filter 7 used) 

• 5-ALA (filter 8 used) 

• ICG (angiography cohort) 

• ICG (EPR cohort) 

 

This statistical test is a non-parametric test which is suitable to compare multiple 

groups which are unpaired [295]. In this test chi-squared is calculated and the 

corresponding p-value is then calculated from the chi-squared distribution. Dr Maria 

Leiloglou analyzed images from both imaging systems and compared them with the 

above test. 
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6.6 Results 
 

Although 29 patients were asked to participate to take 5-ALA, only 11 patients agreed 

to be involved in this feasibility study. 40 patients were willing to have ICG administered 

to them (20 for angiography cohort, 20 for EPR cohort) and were recruited by Dr 

Martha Kedryzcki. There were no adverse events following administration of 

exogenous agents. 

 

6.6.1 Demographics  

 

Eleven women (median age of 59 years (range 38-79), median body mass index 29.1 

kg/m2 (19.2 – 42.0) were enrolled.  

 
Table 6.2 Demographic data and tumour characteristics of all participants of this study. 

Patient Demographics 
Age (years): 
Median 

Range 

 

59 

38 - 79 

BMI: 
Median 

Range 

 

29.1 

19.2 - 42 

Ethnicity: 
Caucasian  

 
11/11 

Localisation  
technique: 
Wire 

Magseed 

 

 

2/11 

9/11 

Tumour Characteristics 
Size (mm): 
Mean 

Range 

 

13.95 

7 - 25 

Histological subtype: 
IDC 

ILC 

 
8/11 

3/11 
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Grade of invasive 
type specimens: 
1 

2 

3 

 

 

4/11 

6/11 

1/11 

Hormone 
receptor status: 
ER+PR-HER2- 

ER-PR-HER2- 

 
 

             9/11 

2/11 

Neoadjuvant therapy: 
NACT 

 

1/11 

Cavity  
shaves performed: 
All radial margins 
Specific margins  

None 

 

 

3/11 
5/11 

3/11 

Re-excision  
surgery performed: 
Yes 

No 

 

 

3/11 

8/11 

 

Of the 40 patients who had ICG, the median age of the angiography cohort was 56.5 

years (range 33 - 81); whereas the EPR cohort had a median age of 57.9 (range 34 – 

78). The commonest histological subtype for both cohorts was IDC combined with 

DCIS. 10% of all patients had NACT. The re-excision rate for the whole patient group 

who received ICG was 30%. Further breakdown of both ICG cohorts are represented 

in Kedryzkci et al. [428]. 

 

6.6.2  Comparison of Precision Metrics of MSI versus FGS 

 
When logistic regression was used as a classifier following image processing of FGS 

and MSI images respectively, MSI validation reached an accuracy of 0.80 (SD±0.2); 

sensitivity of 0.47 (SD±0.27) and specificity of 0.93 (SD±0.08).  

The box and whisker plots depicted (Figure 6.3 to 6.5) are representation of 

how respective fluorophores 5-ALA and ICG performed against MSI. In terms of 
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sensitivity MSI underperformed compared to FGS, apart from the ICG EPR cohort. 

MSI had good comparative specificity with FGS. 

MSI had superior accuracy compared with patients who had ICG and ALA (filter 

8) and this was statistically significant (p = 0.0014). 

 
Figure 6.4 Box and whisker plots depicting comparative sensitivity (p = 0.049) results for ALA (filter 8) 
vs MSI vs ICG (angiography cohort) vs ICG (EPR cohort) vs ALA (filter 7).  
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Figure 6.5 Box and whisker plots depicting comparative specificity (p = 0.0278) results for ALA (filter 
8) vs MSI vs ICG (angiography cohort) vs ICG (EPR cohort) vs ALA (filter 7). 

 

 
Figure 6.6 Box and whisker plots depicting comparative accuracy (p = 0.0014) results for ALA (filter 8) 
vs MSI vs ICG (angiography cohort) vs ICG (EPR cohort) vs ALA (filter 7). 
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6.7 Discussion 
 

This feasibility study is novel, as no other research group has compared the use of 

MSI and FGS. In this very small pilot study where FGS imaging was compared with 

MSI, FGS had a better detection of breast cancer intraoperatively than MSI in terms 

of sensitivity, but MSI had better accuracy and similar specificity. Possible reasons for 

MSI having improved accuracy is that ICG for example is a passive fluorophore and 

binds to plasma proteins and distributes throughout the vasculature, and therefore 

cannot discriminate between healthy and malignant tissue boundaries well as the 

contrast agent diffuses into surrounding tissues [430]. Furthermore, ICG does not 

target breast cancer specific molecules or biomarkers and hence does not monopolize 

on the specific biological traits of tumours [430]. Particularly with ALA, as signals are 

identified in the visible spectrum of light, background interference from endogenous 

fluorophores can contribute to poorer accuracy of cancer detection. For both ALA and 

ICG, the timing of when agents are given can influence accuracy rates as if given early 

there can be accumulation within healthy tissue too reducing accuracy rates. 

There are two main criticisms of this work. Firstly, the study number of patients 

was small, particularly the patients who had MSI imaging and received ALA. The 

patients recruited to the ICG cohort were of a larger population but were not imaged 

with the MSI system. Secondly, there were different clinicians marking images for the 

MSI and FGS groups. 

There are several disadvantages of using an FGS system compared with a MSI 

system. Firstly, for FGS a contrast agent needs to be given to the patient. This means 

the patient must attend early prior to their operation as they need to ingest the contrast 

agent in some cases, and due to restrictions for safety of anaesthesia there needs to 

be a period of no fluid ingestion. An operating list must therefore account for 

administration of an agent, and this is a limiting factor for use of an FGS system in 

terms of surgical workflow. There is a risk of photosensitivity too for example if ALA is 

given [431]. At an anxious time for a patient, it may be deemed inappropriate to burden 

them with more potential risks. Also related to timing, agents with fluorescent 

properties can lose their effectiveness during longer procedures due to photobleaching 

[432]. Photobleaching describes the process by which each fluorescent dye molecule 
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in a contrast agent is degraded after excitation-emission cycles [433]. This leads to 

irreversible loss of optical properties. Similarly, once an agent is cleared by the body 

there will be no useful fluorescence signal. This was evident as the ICG angiography 

cohort had better overall results than the ICG EPR cohort, as it takes at least two to 

three minutes for ICG to begin to be cleared. 

Comparatively, MSI does not confer any risk to the patient as it is a non-invasive 

technique that does not require any exogenous agents. Secondly, a FGS system 

incurs more cost to the healthcare system as the vials of contrast agent are expensive 

[432]. Training to administer the agents are also required, in an already resource-

limited healthcare system this proves an additional challenge [432].  

As with MSI, there is limited depth penetration of light with FGS of a few 

millimetres [428]. 5-ALA acts within the visible spectrum, and therefore interactions 

with chromophores can affect results. Although in this feasibility study FGS had better 

accuracy, it is crucial to note that not all exogenous agents target tissue specifically 

and this can lead to non-specific fluorescence and therefore yield poor specificity. 

There is also an issue of autofluorescence, as some biological tissue has natural 

fluorescent properties, with the presence of NADH, FAD, flavins and lipo-pigments 

causing fluorescence [434]. 

There is an argument that combining a FGS with MSI could help improve 

specificity and accuracy. However, there are some disadvantages of combining two 

imaging systems that must be considered. Firstly, it could incur a financial cost from 

maintenance of equipment plus the requirement of training [432]. Secondly, surgical 

workflow could be delayed due to image acquisition and data processing times. Lastly, 

it must be noted that both FGS and MSI have limited depth penetration, so combining 

the two systems does not overcome this [156, 428]. 

 

6.8 Conclusion 
 

This chapter highlights that combining MSI with a FGS system has the potential to 

augment a surgeon’s visualisation intraoperatively to help reduce re-excision rates. 

However significant work would have to be done to combine camera systems and data 

processing of captured images to allow for integration of such a novel system into an 

efficient surgical workflow. The biggest challenge would be the willingness of patients 
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to have contrast agent given to them preoperatively. Combining IMA tools with different 

modalities is something that has yet to been explored in this field but could be a 

potential solution to improve intraoperative detection of cancer to help guide tumour 

resection. 
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Chapter 7: Conclusions and Future Work 
 

7.1 Conclusions 
 

7.1.1 Clinical problem in breast conserving surgery and methods to 
tackle this 

 

This thesis advocates the use of optical techniques as a suitable intraoperative margin 

assessment tool (IMA) to tackle the ongoing clinical problem of positive margins 

following breast conserving surgery (BCS). Re-excision surgery due to positive 

margins impacts not only the patient, but also our healthcare system which is already 

under tremendous strain as reported in the latest Darzi NHS review [50, 61, 65, 74, 

435].  

Conventional techniques to detect the boundary zone between breast cancer 

and normal breast or to control oncological margins intraoperatively either have poor 

sensitivity/specificity or else interrupt surgical workflow and hence have failed to 

penetrate clinical practice. Therefore, there is an urgent clinical need to develop novel 

intraoperative margin assessment techniques to provide a solution to this problem and 

reduce rates of surgical re-excision. Emerging technologies range from imaging, 

optical, bioimpedance and mass spectroscopy techniques [123, 133, 156]. Some 

technologies are disadvantaged however by their cost and lack of ease of use. This 

thesis champions the use of optical techniques as a potential IMA tool as it involves a 

rapid, non-invasive and non-ionizing technique, that can be easily adoptable into the 

operating room. 

 

7.1.2 Light-Tissue Interactions 

 

Understanding the interactions that occur when light interacts with breast tissue is 

imperative to creating an ideal IMA tool. The processes of reflection, refraction, 

absorption, scattering and intrinsic fluorescence were discussed in chapter two [135].  
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A systematic review and meta-analysis was conducted to appraise all known 

literature studying technologies utilising diffusely reflected light [156]. Findings from 

this review and meta-analysis identified weaknesses in work in this field and helped 

shaped experimental work found in chapters four to six. Parameters of imaging 

systems (e.g. modality type, spatial and spectral resolution, field of view and 

acquisition time) were reviewed, to inform how any potential IMA tool would influence 

surgical workflow. Breast cancer heterogeneity was discussed in chapter one, and this 

review identified that previous studies showed a paucity of data for particular 

histological subtypes (i.e. lobular carcinoma and DCIS) which are known predictors 

contributing to a positive margin [25], but also patients who had received neoadjuvant 

chemotherapy (NACT). 

Chapter two was instructive in terms of methodology, image processing and 

performance metrics (i.e. sensitivity, specificity and accuracy) of previously 

investigated technologies. This review identified the amount of spectral data acquired 

thus far by technologies related to this thesis. A critical analysis of methodology was 

made possible by this chapter. Image processing techniques utilised in the literature 

was used to inform methods used in chapter five. Most importantly, by meta-analysing 

performance metrics in previous studies, experimental data from this thesis was 

compared. Probe based studies were found to have a pooled sensitivity of 0.84 (0.78 

(lower limit), 0.89 (upper limit)) and pooled specificity of 0.85 (0.79 (lower limit), 

0.91(upper limit)). Comparatively, image-based studies had a pooled sensitivity 0.90 

(0.76 (lower limit), 1.03 (upper limit)), and pooled specificity 0.92 (0.78 (lower limit), 

1.06 (upper limit)). With these results, comparison of optical techniques utilised in this 

thesis could be compared to previous technologies but crucially add novelty to this 

field. 

 

7.1.3 Influence of Margin Width on Local Recurrence 

 

Margin width in BCS is relevant to any technology utilising tissue optics for two 

reasons. Firstly, spatial resolution is paramount in identifying disease intraoperatively. 

Secondly, it is well known that light can penetrate biological tissue by a few millimetres, 

therefore any IMA tool which can identify surface pathology to this depth is justified for 

intraoperative use. A systematic review and meta-analysis were performed. In this 
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original review, the outcome metrics of OR, RR and HR were concurrently reported to 

assess the impact of precise margin widths on the impact of local recurrence in both 

invasive breast cancer and DCIS.  

For DCIS within the margin width group 0·1-1 mm vs ≥1 mm, patients had a 

statistically significant increased risk of ipsilateral recurrence, by 4.8-fold. Following 

adjustment for boost radiotherapy within 0·1-1 mm vs ≥1 mm and 0·1-2 mm vs ≥2 mm, 

differences in local recurrence rates were no longer significant. This meta-analysis has 

identified therefore that boost radiotherapy can mitigate the effects of disease which 

is not at the inked margin, which is a novel finding and offers an alternative to clinical 

management. 

However, with invasive disease the results were not so well defined. As 

expected, the general trend of wider negative margin widths leads to a lower risk of 

local recurrence. The evidence for 0·1- <1 mm vs ≥1 mm and 0·1-2 mm vs 0·1- <2 

mm vs ≥2 mm varied amongst different outcome metrics and hence the best negative 

margin width to aim for is less clear due to a paucity of patient level data amongst 

these groups. 

Despite this, if any IMA tool can detect surface pathology to a depth of 2 mm 

this justified the use of this technology in theatre as a method to reduce re-excision 

rates. 

 

7.1.4 Spectroscopy use on Freshly Frozen Breast Tissue Samples 

 

Spectroscopy is a point-based technique, that can potentially be used intraoperatively 

to distinguish between normal and malignant breast tissue. Chapter four is the first 

experimental chapter in this thesis, where a custom-built spectroscopy probe was 

used to interrogate freshly frozen breast tissue samples acquired from two different 

tissue banks. Data and methodology from this chapter was useful to inform work for 

chapter five, as the multispectral camera has a spectroscopy component. 

Previous spectroscopy studies utilising diffusely reflected light and/or intrinsic 

fluorescence were analysed in chapter two. The work from this chapter has some 

novel aspects, namely it was the first study to utilise freshly frozen tissue including 

procurement of tissue subtypes underrepresented or not used in previous studies (i.e. 

DCIS, lobular cancer, patients who received NACT) [156]. It also accounted for the 
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influence of surgical or pathological dyes on tissue on spectral measurements, 

comparisons amongst inter-tumour heterogeneity, and the use of machine learning for 

data processing. 

Overall, 181 tissue samples were interrogated with our custom-built 

spectroscopy device (DRS-IFS) with 18,349 spectra accumulated, the largest to date. 

With gradient boost classifier, accuracy of 76.11% (SD ± 2.97), sensitivity of 85.60 % 

(SD ± 1.67) and specificity of 56.73% (SD ± 8.92) was achieved. Comparing these 

results to those of the meta-analysis in chapter two, sensitivity was comparable 

however specificity was lower than expected. The reason for a lower specificity was 

critically assessed, with causation attributed to use of frozen tissue samples altering 

intrinsic tissue structure, methodology from previous studies introducing bias as 

spectral measurements were taken from pre-selected points, and imbalanced 

datasets affecting machine classifiers. 

Despite the use of freshly frozen samples, this chapter provides insight into how 

a spectral data library can be created in the ex-vivo setting and potentially be used to 

train machine classifiers in the in-vivo setting. 

 

7.1.5 Multispectral Camera Use in the ex-vivo and in-vivo Setting 

 

This thesis represents the first multispectral imaging camera used to investigate 

whether such a system can differentiate between normal and malignant breast tissue 

in both the ex-vivo and in-vivo setting. Previous literature documenting imaging 

systems have always been hyperspectral [156]. Multispectral cameras have the 

advantage of quicker image processing time due to fewer pre-selected wavelengths. 

Multispectral systems also have better spatial resolution and are more cost effective.  

Chapter two highlighted the characteristics of an ideal IMA tool. These 

characteristics were considered in construction and adaptation of a custom-built 

system. Furthermore, capturing images in an efficient manner in order not to hinder 

surgical workflow was noted, and therefore the software interface was adjusted 

accordingly. 

Chapter five evaluated the use of the custom-built multispectral camera in two 

sections. Firstly, freshly frozen breast tissue samples were imaged in a laboratory 

based ex-vivo validation study. Secondly, the MSI camera was used in the 
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intraoperative environment on freshly excised BCS specimens, an in-vivo component 

aimed to emulate the potential use of MSI as an IMA tool. In the ex-vivo study, following 

pre-processing and classification 68 freshly frozen samples interrogated with MSI 

yielded a sensitivity of 84%, specificity 58% and AUC 75% with extreme gradient boost 

classifier with “normalization 1” technique. Poor specificity may be attributed to the 

freezing process affecting tissue components, in particular haemoglobin. With the in-

vivo study, where specimens from 23 patients were image processed, 6,301,712 

spectra were acquired. Here, MSI had the ability to distinguish between normal and 

malignant tissue using logistic regression with AUC at 89% (SD ± 7), sensitivity 86% 

(SD ± 12), and specificity 80% (SD ± 8). As expected, in-vivo results had better 

precision metric results. 

Importantly, this MSI system has sensitivity/specificity which is comparable to 

the pooled sensitivity and specificity identified in chapter two. Further work is required 

to establish if a spectral library database created from frozen tissue samples can be 

translated into the in-vivo setting. This would enable more spectral data to be acquired 

for classification. This would enable spectral signatures for tumour biology specific 

factors (such as tumour grade, receptor status, or histological subtype) to be 

established, which in the clinical setting would be invaluable. For the in-vivo studies, 

this work was underpowered, and for translation into surgical workflow a large clinical 

study would need to be carried out. 

 

7.1.6 Multispectral Imaging Versus Fluorescence Guided Surgery 

 

Thus far in this thesis, multispectral imaging has relied on the inherent properties of 

biological tissue interacting with light to create an optical fingerprint. Fluorescence 

guided surgery takes advantage of endogenous or exogenous fluorescent molecules 

within a targeted lesion for information [404]. In chapter six MSI imaging performance 

was compared to the performance of FGS imaging whereby patients were given 

exogenous agents (either ICG or 5-ALA). 

When logistic regression was used as a classifier following image processing 

of FGS and MSI images respectively, MSI validation reached an accuracy of 0.80 (SD 

± 0.2); sensitivity of 0.47 (SD ± 0.27) and specificity of 0.93 (SD ± 0.08). In terms of 

specificity MSI underperformed compared to FGS, apart from the ICG EPR cohort. 
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However, MSI had superior accuracy compared with patients who had ICG and ALA 

(filter 8) and this was statistically significant (p = 0.0014). 

Although the sample size was small, the study population was representative, 

and the work identified the potential of enhancing any future IMA tool by using a MSI 

system with a FGS system, to augment the different features of tissue optics (i.e. MSI 

capitalizes on chromophores, whereas FGS augments inherent fluorescence). It is 

imperative to note MSI and FGS were not combined into one system for these 

experiments, but future work could investigate this. 

 

7.1.7 Concluding Remarks 

 

Compared to current commercial devices, MSI offers several advantageous features 

that allow it to be a technique that is integrated into surgical workflow. It is cost-

effective; non-invasive and non-ionizing; rapid; minimal learning curve; no requirement 

for endogenous agents; and preserves specimen margin orientation for final 

pathology. To allow for uptake by the breast surgical community further optimisation is 

required to improve overall performance metrics for intraoperative detection. 

 

7.2 Future Work 
 

The findings from this thesis have identified strengths and weaknesses in the field of 

tissue optics as a IMA tool for BCS. This work has identified additional avenues of 

research to further this field. 

 

7.2.1 Growth of ex-vivo and in-vivo Database 

 

A major limitation of this thesis was the number and quality of tissue samples for the 

ex-vivo experimental work. Although, breast tissue samples were acquired from two 

different tissue banks, there was a time and cost restriction to acquiring further 

samples. Ideally, for a thorough investigation of any IMA tool we must develop a 

spectral database which explores the heterogeneity of breast tissue and cancer, 
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including all aspects of tumour biology which influence our breast cancer 

management. To allow for translation from the ex-vivo to in-vivo environment the 

breast tissue samples should be fresh, rather than frozen. Fresh samples from either 

breast conserving specimens or mastectomy specimens, with a paired normal sample 

would be the best method for laboratory work. However, due to restrictions at the 

Imperial Breast Unit this was not possible. Another aspect of breast disease that needs 

to be accounted for are benign and B3 (indeterminate lesions). It is therefore crucial 

any IMA tool should be able to detect low levels of atypia associated with B3 lesions 

and differentiate from DCIS, as otherwise the surgeon will remove excess breast 

tissue as B3 lesion excision does not require a clear margin.  

In the in-vivo setting, not all patients had their specimens imaged, therefore 

results were limited. Again, to enhance accuracy rates and allow training of classifiers, 

informed by a priori sample size calculation. To gain an appreciation of how 

heterogeneity of breast disease affects performance metrics, data from MSI systems 

should be assessed in different breast units. More data is required to allow for 

multivariate analysis on several tumour biology and patient factors (i.e.  DCIS; tumour 

grade; receptor status; breast density; NACT use) to determine the overall ability of 

MSI to detect cancer intraoperatively. 

 

7.2.2 Improvements to Data Analysis Methods 

 

For the scope of this thesis, certain machine learning classification systems and 

software have been used for data analysis. Future work will need to assess if better 

algorithms can be used. It has also been noted that imbalanced datasets have 

contributed to poorer results in some aspects of this thesis. With improvements in 

acquiring data from an ex-vivo or in-vivo database, it will be possible to perform more 

complex data analysis to account for other factors that can affect spectral signatures 

from breast cancer patients. 
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7.2.3 Overcoming Challenges with Image Marking and Processing 

 

One methodological weakness identified was marking freshly excised BCS 

specimens. It could be argued that images marked from radial margins were not 

accurate. The other limitation was that DCIS is a common cause of positive margins; 

however, it was not always possible to represent this during marking images. This was 

for two reasons. Firstly, pathology reports will state DCIS was found at a margin but 

does not report the exact distance along a margin where this non-invasive disease is 

located. Secondly, DCIS is often seen as calcifications on radiography and has a 

microscopic nature on a sub-millimetre scale. These make marking DCIS almost 

impossible. 

The specimens were imaged over each resection surface, in a two-dimensional 

view. However, the surface of a specimen has contours and is uneven, and marking 

of MSI images does not account for this. For ground truth extraction, specimens are 

sliced. To improve methodology in the future it could be attempted to stack all slices 

and use this to create a three-dimensional model to gain more accuracy where disease 

is [436].  

 

7.2.4 Multimodal Approach for an IMA Tool 

 

It could be argued that combining MSI with another IMA tool of a different modality 

would be beneficial. In chapter six FGS was explored, which could enhance accuracy 

of intraoperative cancer detection, but has similar issues of detection of microscopic 

disease such as DCIS due to limited submillimetre resolution. Therefore, future work 

must investigate the benefits of combining MSI with alternative modalities such as 

iKnife. This would allow MSI to detect surface pathology by creating an image 

identifying macroscopic features, but a combined method using information from 

excisional techniques to detect smaller pockets of disease. Of course, for integration 

into surgical workflow significant work would be required for miniaturization of such 

systems. 

 

 



 221 

7.2.5 Adaptation of Hardware 

 

This thesis has focused on the use of MSI to image the resection surface of a freshly 

excised BCS specimen. It was noted that some specimens were large, and the field 

of view may not fully capture a specimen surface. Hardware could be adapted to cater 

for this with a larger field of view. Also interestingly, there may be scope to image the 

surgical cavity instead. For this, there will be of course hindrances such as tight breast 

cavities and blood from the surgical site affecting results.  

 

 

 

Although multispectral imaging is in its infancy, there is a scope for its use in the 

operating room to help reduce re-excision rates in breast conserving surgery. The 

camera system can be used in the operating room with minimal interruption to surgical 

workflow. There is a minimal learning curve to use this multispectral system, and once 

the specimen is excised by a surgeon, a member of the surgical team could image 

each resection surface in real-time. Following optimisation of data and image 

processing, the MSI system should be able to provide a visual aid in the form of a 

heatmap to guide the operating surgeon to identify presence of cancer at each 

resection surface. With this knowledge, the surgeon can take further breast tissue at 

the time of primary surgery.
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Chapter 9: Appendices 
Appendix A 

 
A1. Search Strategy used for Systematic Review. Medline, Embase and Scopus 

databases were used.  

 
SCOPUS  
"diffuse optical spectroscopy imaging"  
"diffuse reflection spectroscopy"  
"diffuse reflectance spectroscopy"  
"diffuse optical spectroscopic imaging"  
"multi-spectral imaging"  
"multispectral imaging"  
"hyperspectral imaging"  
"hyper-spectral imaging"  
"optical imaging"  
"spatial frequency domain imaging"  
multispectral W/2 imaging  
hyperspectral W/2 imaging  
hyperspectral W/2 imag*  
multispectral W/2 imag*  
AND  
"breast cancer"  
breast tumo?r  
"breast carcinoma"  
"breast neoplasm"  
breast W/2 cancer  
"lumpectomy"  
breast AND lesion*  
"breast W/2 surg*"  
"breast W/1 operation 
 
MEDLINE  
Breast cancer.mp or exp Breast Neoplasms/  
Breast tumo?r.mp  
Breast adj2 carcinoma.mp  
Breast lesion*.mp  
Lumpectomy.mp or exp Mastectomy, segmental/  
Breast adj2 surgery  
Breast adj2 operation  
AND  
Optical imaging.mp or exp Optical Imaging/  
Multispectral adj2 imaging  
Hyperspectral adj3 imag*  
Exp Hyperspectral Imaging/  
Diffuse optical spectroscopy imaging.mp  
Diffuse optical spectroscopic imaging.mp  
Diffuse reflectance spectroscopy.mp  
Diffuse reflection spectroscopy.mp  
Spatial frequency domain imaging.mp 
 
EMBASE  
Breast cancer.mp or exp breast cancer/  
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Exp breast tumor/ or breast neoplasm*.mp  
Breast tumo?r.mp  
Breast adj2 carcinoma.mp 
Exp breast lesion/ or breast lesion*.mp  
Lumpectomy.mp or exp lumpectomy/  
Breast adj2 surgery.mp  
Breast adj2 operation.mp  
AND  
Optical imaging.mp  
Multispectral adj2 imag*  
Hyperspectral adj3 imag*  
Diffuse optical spectroscopy imaging.mp  
Diffuse optical spectroscopic imaging.mp  
Diffuse reflectance spectroscopy.mp or exp diffuse reflectance spectroscopy/  
Diffuse reflection spectroscopy.mp  
Spatial frequency domain imaging.mp 
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Figure A2. Forest plots for pooled sensitivity and specificity applied to the subdivisions within probe based studies. Forest plots for pooled 

sensitivity (left) and specificity (right) where a fixed-model analysis was applied to the DRS studies only (top) and to the DRS with IFS studies only 

(bottom). 
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Figure A3 Forest plots for pooled sensitivity and specificity applied to the subdivisions within image based studies. Forest plots for pooled 
sensitivity (left) and specificity (right) where a fixed model analysis was applied to the HSI studies only (top) and to the SFDI studies only (bottom). 

 

 



 252 

Table A4. Comparison of pooled sensitivity/specificity results with the use of the Q-statistic. P-values are less than 0.05 

showing that the differences are not statistically significant at 5% significance level. 

 

 

 

 

 

 

 

Pooled Sensitivity Comparisons 
Studies being compared Q statistic (p-value) fixed-model Q statistic (p-value) random-model 
Probe-based vs image-based 0.64 (0.42) 1.85 (0.17) 
DRS vs DRS with IFS 3.66 (0.06) 3.22 (0.07) 
HSI vs SFDI 1.16(0.28) 1.16 (0.28) 

Pooled Specificity Comparisons 
Studies being compared Q statistic (p-value) fixed-model Q statistic (p-value) random-model 
Probe-based vs image-based 0.86 (0.35) 0.75 (0.39) 
DRS vs DRS with IFS 10-6 (~1) 0.01 (0.91) 
HSI vs SFDI 0.24(0.63) 0.24(0.63) 
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Table A5. Various Image Processing Techniques Used in Studies 

 
Study Feature extraction method used Classification Method 

de Boer[170] Diffusion theory model to extract quantitative 
clinical & physical parameters 

Fat to water content ratio (F/W) value 
threshold: F/W=1. 

Zhu[162] Inverse Monte Carlo model to extract 

quantitative optical parameters or partial 
least squares (PLS) to extract principal 

components in the measured DRS. 

Wilcoxon rank-sum test for feature 

selection and support vector machine 
(SVM) for classification. 

Brown[161] Inverse Monte Carlo model to extract 5 

quantitative physical parameters and 3 
image descriptive variables (optimum 

threshold, median, Kolmogorov-Smirnov 

statistic) for each of the extracted physical 
parameters. 

Conditional inference tree (CIT) model for 

feature selection and classification. 

Evers[171] Diffusion theory model. CART algorithm. 

Brown[136] Inverse Monte Carlo model to extract β-
carotene and total haemoglobin values.  

 

Receiver Operator Characteristic (ROC) 
analysis & Youden index to identify β-

carotene and total haemoglobin threshold 

values. Decision tree-based two 

parameter model for classification. 

Volynskaya[147] Principal Component Analysis (PCA) on the 

DRS and IFS spectra for principal 

components. 

Wilcoxon rank-sum test for principal 

components selection and support vector 

machine (SVM) for classification. 

Keller[166] Diffusion theory model to extract scattering, 

oxyhaemoglobin, β-carotene parameters. 

IFS with multivariate curve resolution (MCR) 
to extract NADH and collagen-like 

parameters. 

3-step binary classification algorithm using 

logistic regression. 

Palmer[164] Principal component analysis on the DRS 

and IFS spectra for principal components. 

Wilcoxon rank-sum test for principal 

components selection and support vector 
machine (SVM) for classification 

Ramanujam[165] Maximum representation and discrimination 

feature (MRDF) 

Sparse multinomial logistic regression 

(SMLR)  

Keller[176] Principal component analysis on the DRS 

and IFS spectra for principal components. 

Wilcoxon rank-sum test for principal 

components selection and support vector 

machine (SVM) for classification 

Nachabe[169] Inverse Monte Carlo model to extract β-
carotene and total haemoglobin values.  

 

Wilcoxon rank-sum test for parameter 
selection. 

Decision tree-based two parameter model 

for classification. 
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Pourezza-Shahri Fourier coefficient selection features (FCS) 

for feature extraction. 

Minimum Redundancy Maximum 

Relevance (MRMR) method for feature 
selection. SVM with Radial Basis Function 

(RBF) kernel for classification. 

Kho[173] Processed spectral band values were used 

as features. 

Linear, weighted support vector machine 

(SVM). 

Aboughhaleb[168] - Contour Mapping with the K-means image 

clustering up to 8-clusters with variable 

threshold value from 0.2 up to 0.9 and 
statistical analysis to identify best 

threshold. 

 

Kho[172] Fisher’s linear discriminant analysis (LDA) for 
feature extraction. 

 

1) Pairwise coupling for classification for 
the LDA-derived features. 

2) U-Net for image segmentation/ 

classification based on spatial-spectral 
image features. 

 

McClatchy[174] Minimization of sum of squares residual error 
between measured and diffusion theory 

model simulated reflectance to extract optical 

properties. 

Fitted curves between histological 
fractions and each scattering parameter 

for optical properties selection. Use of 

optical properties to extract adipose 
volume fraction and epithelium to stroma 

ratio values for classification. 

Laughney[175] Minimization of sum of squares residual error 

between measured and Monte Carlo 
simulated modulation amplitude to extract 

optical parameters. 

 

K-dimensional decision tree-based model 

for classification of a parameter set based 
on the known classification of the k nearest 

neighbours (from training set).  
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Appendix B 

 

B1.  

Search Strategy for Chapter 3: Systematic review and Meta-Analysis regarding the 

impact of margin width on local recurrence in both DCIS and invasive breast cancer 

(This search strategy was review by the Royal College of Surgeons library service) 

 
MEDLINE 

  

1        exp Breast Neoplasms/       

2        ((cancer* or tumo?r * or carcinoma* or neoplasm*) adj3 (breast* or lobular or 

ductal)).ti,ab,kw,kf.  

3        1 or 2   

4        exp Neoplasm Recurrence, Local/           

5        ((cancer* or tumo?r* or carcinoma* or neoplasm*) adj3 (relaps* or 

recur*)).ti,ab,kw,kf.       

6        "Margins of Excision"/         

7        (margin* adj3 (excision* or surgical or positive or negative or close or wide or 

distance)).ti,ab,kw,kf.        

8        4 or 5  189662 

9        6 or 7  31220 

10       3 and 8 and 9           

11       limit 10 to english language           

  

Embase  
  

1        exp breast cancer/ or breast tumor/         

2        ((cancer* or tumo?r * or carcinoma* or neoplasm*) adj3 (breast* or lobular or 

ductal)).ti,ab,kw,kf.  

3        1 or 2   

4        cancer recurrence/ or tumor recurrence/  

5        ((cancer* or tumo?r* or carcinoma* or neoplasm*) adj3 (relaps* or 

recur*)).ti,ab,kw,kf.  
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6        surgical margin/        

7        (margin* adj3 (excision* or surgical or positive or negative or close or wide or 

distance)).ti,ab,kw,kf.        

8        4 or 5   

9        6 or 7   

10       3 and 8 and 9           

11       limit 10 to english language     

 

B2. 
 

Names and positions of reviewers involved in reviewing full papers: 
Mr Michael Boland (Consultant Oncoplastic Breast Surgeon, Imperial College London) 

Miss Meera Joshi (Consultant Oncoplastic Breast Surgeon, Imperial College London) 

Mr Ronak Patel (Surgical Registrar, Imperial College London) 

Mr Ravi Naik (Surgical Registrar, Imperial College London) 

Miss Yasmin Grant (Clinical Research Fellow, Imperial College London) 

Dr Josephine Holt ( GP trainee, Royal Free NHS Trust) 

Dr Saur Hajev (Surgical trainee, Imperial College London) 

Dr Hussein Elghazaly (Surgical trainee, Imperial College London) 

 

B3. 
Table depicting overall bias grade given to each individual study for both DCIS and 

invasive papers 

 
Study Overall bias grade 

 
Study Overall bias grade 

Atzori et al. 2022 Serious 
 

Livingsston-Rosanoff et al. 

2021 Low 

Behm et al. 2013 Low 
 

Lupe et al. 2011 Moderate 

Ben-David et al. 2007 Moderate 
 

Maishman et al. 2017 Low 

Bhatti et al. 2014 Serious 
 

Mannu et al. 2020 Low 

Biglia et al. 2014 Moderate 
 

McBain et al 2003 Low 

Bodilsen et al. 2016 Low 
 

McIntosh et al. 2007 Moderate 

Bouvet et al. 1997 Moderate 
 

Meatinni et al. 2013 Low 
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Braunstein et al. 2016 Moderate 
 

Neuschtaz et al. 2003 Moderate 

Chasle et al. 2003 Serious 
 

Peterson et al.1999 Serious 

Choi et al. 2018 Moderate 
 

Pilewskie et al 2014 Serious 

Clement et al. 2018 Critical 
 

Rouzier et al. 2001 Low 

Cutuli et al. 2001 Low 
 

Rudolff et al. 2010 Low 

DiBiase et al. 2002 Moderate 
 

Sadek et al. 2015 Moderate 

Dick et al. 2001 Critical 
 

Schnitt et al. 1994 Moderate 

Dixon et al. 2016 Moderate 
 

Scmitz et al.2023 Moderate 

Ekatah et al. 2018 Moderate 
 

Shaikh et al. 2016 Moderate 

Fisher et al. 1999 Low 
 

Smitt et al. 2003 Moderate 

Francis et al. 1999 Serious 
 

Solin et al. 1991 Moderate 

Freedman et al. 1999 Serious 
 

Solin et al. 2005 Moderate 

Goldstein et al. 2003 Moderate 
 

Swelden et al. 2014 Moderate 

Groot et al. 2011 Low 
 

Tang et al. 2019 Moderate 

Hennigs et al. 2016 Moderate 
 

Thompson et al. 2018 Low 

Hennigs et al. 2016 Moderate 
 

Turaka et al. 2009 Moderate 

Jobsen et al. 2010 Moderate 
 

Tyler et al. 2018 Low 

Jobsen et al. 2018 Moderate 
 

VanZee et al.2015 Low 

Jobsen et al.2014 Moderate 
 

Vicini et al. 2001 Serious 

Kahlert et al. 2018 Low 
 

Voogd 2001 Low 

Karasawa et al. 2005 Moderate 
 

Vos et al. 2017 Low 

Kreike et al. 2008 Moderate 
 

Wang et al. 2023 Low 

Kunos et al. 2006 Low 
 

Yoon et al.2018 Low 

Kuru et al. 2020 Low 
   

Leong et al. 2004 Moderate 
   

Lin et al. 2020 Low 
   

Livi 2013 Low 
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Appendix C 
 

Area under the curve (AUC) of combining different channels with Extreme gradient boost classifier (XBG) – ALL tissue samples 

Type of Exp  D8  D28  f3  f4  D8_f3  D8_f4  D28_f3  D28_f4  D8_28_f3  D8_28_f4  D8_f3_4  D28_f3_4  D8_28_f3_4  

Healthy vs IDC  74.85%  71.90%  70.16%  61.50%  75.62%  75.72%  73.14%  71.18%  76.70%  74.75%  76.10%  71.66%  76.27%  

Healthy vs ILC  80.68%  84.36%  73.06%  74.05%  79.72%  79.51%  82.90%  83.87%  82.30%  81.78%  78.01%  81.67%  82.11%  

Healthy vs DCIS  91.21%  83.98%  77.39%  80.09%  88.03%  89.68%  84.11%  84.79%  87.68%  88.14%  89.97%  84.47%  87.94%  

Healthy vs PCR  78.02%  60.95%  53.76%  50.37%  82.49%  79.68%  63.95%  54.67%  82.29%  74.93%  81.18%  55.77%  82.73%  

Healthy vs IDC+ILC  77.30%  77.64%  71.63%  67.67%  76.00%  77.40%  76.94%  76.14%  80.59%  79.79%  77.74%  78.68%  79.63%  

Healthy vs 

IDC+ILC+DCIS  

79.95%  79.74%  71.75%  69.72%  78.93%  81.67%  78.53%  78.13%  81.01%  81.44%  81.21%  78.33%  80.95%  

Mean AUC - 

All exps  

80.33%  76.43%  69.62%  67.23%  80.13%  80.61%  76.59%  74.80%  81.76%  80.14%  80.70%  75.10%  81.61%  

 

Area under the curve (AUC) of combining different channels with Extreme gradient boost classifier (XBG) – Quality 3 tissue samples 

Type of Exp  D8  D28  f3  f4  D8_f3  D8_f4  D28_f3  D28_f4  D8_28_f3  D8_28_f4  D8_f3_4  D28_f3_4  D8_28_f3_4  

Healthy vs IDC  69.59%  73.24%  67.31%  59.52%  69.95%  70.06%  74.27%  75.43%  74.50%  77.41%  71.08%  77.52%  77.35%  

Healthy vs ILC  80.94%  90.86%  74.83%  76.22%  80.89%  83.94%  88.48%  86.05%  86.99%  86.53%  83.68%  85.98%  83.84%  

Healthy vs DCIS  81.53%  77.07%  80.49%  76.20%  82.42%  86.78%  77.35%  77.44%  82.85%  84.29%  88.83%  74.94%  85.73%  
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Healthy vs PCR  89.41%  55.45%  58.20%  54.00%  88.68%  92.18%  61.46%  61.84%  84.32%  87.32%  86.98%  56.99%  84.67%  

Healthy vs IDC+ILC  77.12%  80.18%  70.51%  68.56%  77.51%  77.61%  82.57%  80.13%  82.94%  82.42%  78.01%  78.02%  82.81%  

Healthy vs 

IDC+ILC+DCIS  

77.08%  79.33%  72.02%  67.18%  75.99%  78.96%  80.16%  80.27%  81.33%  82.93%  79.21%  79.37%  83.93%  

Mean AUC - 

All exps  

79.28%  76.02%  70.56%  66.95%  79.24%  81.59%  77.38%  76.86%  82.15%  83.48%  81.30%  75.47%  83.06%  
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Confusion Matrices for GB classifier (for all tissue samples) 
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Confusion Matrices for XGB (all tissue samples) 
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Appendix D 
 

Colourmaps of all freshly excised specimens utilised for data analysis. 
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