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Abstract 

 
Improving the early diagnosis of lung cancer is a key priority.  Lung cancer is the 

leading cause of cancer death in the UK, largely due to it presenting late.  However, if 

detected early there is a chance of cure. This research uses Fourier transform infrared 

(FTIR) spectroscopy to identify changes in cytologically normal buccal cells that could 

be indicative of field carcinogenesis, with the aim of identifying a lung cancer screening 

tool that would help improve early diagnosis.  

Buccal samples have been collected from patients with and without lung cancer and 

been analysed by FTIR spectroscopy, using both synchrotron and conventional light 

sources. Comparisons have been made between the spectra of cells from patients with 

cancer and those without in three separate patient cohorts. The spectral signatures 

between individuals with lung cancer and those without have been compared and 

classifiers created with a view to predicting the presence of lung cancer. Sub-analysis 

has investigated the influence of smoking, disease stage and other pathologies on the 

spectral signatures detected.   

A statistically significant difference between the spectra of cells from patients with lung 

cancer compared to those without, was found in all three cohorts. Classifiers could 

correctly identify patients with sensitivities 51 – 59% based on specificities between 63 

– 73%, however validation in separate populations was unable to reproduce these 

findings. This project has made some interesting findings and laid the basis for future 

work to improve on the classification models and understanding of the spectral 

difference detected.  
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Impact Statement 
 

Improving the early detection of lung cancer is a recognised priority area for health, as 

reflected in the NHS Long Term Plan.  Screening has the potential to detect lung 

cancers early but currently the only recommend screening for lung cancer is with low-

dose computerised tomography (LDCT) scans in high risk individuals. It has been 

recognised that the screening of only high risk individuals could miss up to 70% of lung 

cancers and despite changes to redefine risk status current screening with LDCT is still 

likely to miss over half of lung cancers (Krist et al., 2021; Pinsky & Berg, 2012a). 

Alternative screening tools are required that could be used in larger lower risk 

populations to improve early diagnosis.  

A large body of research has subsequently focused on identifying biomarkers of lung 

cancer risk, with possible options investigated to include blood, breath and the 

respiratory tract mucosa. However, to date they have all been limited by variable 

accuracies and no one test has been widely adopted to complement and work 

alongside LDCT screening. This project explores the potential of FTIR 

microspectroscopy of buccal cells as a lung cancer screening tool. The buccal mucosa 

is a possible site for screening as changes of field carcinogenesis that may be 

indicative of a distal lung cancer are recognised to occur in it. Furthermore, it lends itself 

to a screening tool as it is easily accessible and sampling is minimally invasive and fast, 

therefore it could be undertaken in a large population. FTIR spectroscopy has 

previously been shown to be able to distinguish between cancerous and normal tissues, 

as well as to detect changes in morphologically normal cells adjacent to a cancer, 

representative of field carcinogenesis.  

The first part of this thesis analyses data that was previously collected in this laboratory 

to show that a difference can be observed between the spectra of buccal cells from an 

individual with lung cancer compared to someone without. Subsequently, experiments 

were performed to optimise the method and protocol, with considerations both 

regarding accuracy of the spectral signatures detected as well as translatability of this 

work to a clinical environment.  

The middle part of this thesis presents the findings from the recruitment and analysis of 

a further cohort (Cohort 1), which supported the initial findings to show a statistically 
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significant difference between buccal samples from individuals with lung cancer 

compared to controls. In the final section of this thesis the early work was expanded on 

through recruitment of a larger cohort (Cohort 2), with further analysis to explain and 

understand the spectral differences detected and classifiers created that could 

differentiate between individuals with cancer and those without. This project has shown 

some interesting results and the potential of FTIR microspectroscopy of buccal cells 

that has paved the way for future work.  

 

. 
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1 Introduction 
 

1.1 Lung Cancer 

 

Lung Cancer is the second most common cancer diagnosed worldwide, after female 

breast cancer, but is the leading cause of cancer death. In 2020, 18% of cancer related 

deaths were because of lung cancer alone, equal to the combined effect of colorectal 

and liver, the second and third largest causes of cancer death worldwide (Sung et al., 

2021).   

In the UK around 47,800 cases of lung cancer are diagnosed each year.  It is the 

second most common cause of cancer in both men and women, behind prostate and 

breast, respectively (Cancer Research UK, 2017). Risk factors for lung cancer include 

smoking, age, occupational exposure and air pollution (Malhotra, Malvezzi, Negri, La 

Vecchia, & Boffetta, 2016). Smoking is the greatest risk factor for lung cancer. 72% of 

lung cancers occur as a result of smoking and risk is increased with duration and 

number of cigarettes smoked (K. F. Brown et al., 2018).  

Lung cancers are classified as non small cell lung cancers (NSCLC), which account for 

around 85-90%, or small cell lung cancers (SCLC), which account for around 10-15%. 

Adenocarcinoma and squamous cell carcinoma, both NSCLCs, are the most common 

histological subtypes of lung cancer and represent about 40% and 25-30%, respectively 

(Zappa & Mousa, 2016).  SCLC and squamous cell lung cancer are both more common 

in smokers, and there has been a decrease in incidence in both in recent years thought 

to be related to reduced smoking trends (The Royal College of Physicians, 2020). The 

management of lung cancer is tailored by the histological subtype as well as the stage 

at presentation.  Stage of lung cancer is defined by the TNM system of classification, 

where T stands for tumour, N for nodal involvement and M for metastasis. The 8th TNM 

staging system is currently in use and helps to guide both treatment and prognosis 

(Goldstraw et al., 2016). 

The last decade has seen improvements and advances in lung cancer treatments. 

Individuals with early stage disease are increasing undergoing surgical resection with 

those who are unfit for surgery being offered stereotactic ablative radiotherapy (SABR). 

The development of target therapies for specific mutations (notably epidermal growth 
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factor receptor (EGFR) and anaplastic lymphoma kinase (ALK)), the use of 

immunotherapies and additional treatment options for patients through ongoing 

research and clinical trials has increased treatment options for advanced stage disease, 

resulting in improvements in lung cancer survival rates (Howlader et al., 2020). In the 

UK, the increased 1 year survival in stage 3 disease from 45% in 2015 to 63% 3 years 

later is likely largely attributed to these advances and increased options for systemic 

therapy (The Royal College of Physicians, 2020).  

Despite these advances in treatment, the overall survival for lung cancer remains poor. 

Lung cancer is the leading cause of cancer death in the UK in both men and women, 

accounting for around 1/5 of all cancer deaths (Cancer Research UK, 2018).  It is the 

3rd most common cause of death in men for all causes after ischaemic heart disease 

and dementia (Office for National Statistics, 2020).   

Figure 1.1: Showing the 1 year survival percentages for lung cancer (orange) relative to stage, alongside 
the proportion of cases diagnosed at the respective stages, (blue).  
(Represents the data for England from 2013 – 2017, adapted from Office for National Statistics data, 
2019.) 

 

A significant challenge in the management of lung cancer and the cause of the 

persistently high mortality rates is its late presentation. Over 70% of lung cancers are 

diagnosed at stage III or IV (The Royal College of Physicians, 2020).  Improving the 

early diagnosis of lung cancer is key as there is a potential for cure when disease is 

detected early. 1 year survival rates for stage I disease are 88% compared to 19% for 

those presenting with stage IV disease (Figure 1.1) (Office for National Statistics, 2019). 

Furthermore for a relatively small increased in stage at diagnosis 1 year survival rates 
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have been associated with a notable drop, for instance from 92% for stage IA1 

compared to 77% for stage IA3 disease (Goldstraw et al., 2016). Alongside continuing 

advances in lung cancer treatment and therapy, the key to improving lung cancer 

survival is through early detection.   

Lung cancer can be challenging to detect early as it can remain asymptomatic until a 

late stage. This is further complicated as certain symptoms, for instance cough, are 

common in smokers, and may not be flagged up until later when accompanied by other 

symptoms such as haemoptysis or systemic features like weight loss.  In England 

around 50% of people are diagnosed with metastatic disease (stage IV) and in some 

this may be the first presenting symptoms (Office for National Statistics, 2019). 

Screening tools to detect lung cancer early, in asymptomatic individuals, are required to 

improve the management and subsequently survival in lung cancer. 

 

1.1.1 Lung Cancer Screening  

 

The only currently recommended screening for lung cancer is with low-dose 

computerised tomography (LDCT) scans in high-risk individuals. Large randomised 

control trials, have shown that screening with LDCT reduces lung cancer mortality, 

(Aberle et al., 2011; Becker et al., 2020; de Koning et al., 2020; Pastorino et al., 2019).  

The National Lung Screening Trial (NLST) showed a 20% relative reduction in lung 

cancer mortality in high-risk individuals who underwent LDCT compared to a chest X-

ray (CXR).  Initial analysis also showed a 6.7% reduction in all-cause mortality in high-

risk individuals, although the repeated analysis following extended follow-up no longer 

found this reduction to be statistically significant (Aberle et al., 2011, 2019).  As a result, 

the US Preventive Services Task Force (USPSTF) recommended LDCT screening for 

high-risk individuals (Moyer, 2014), the definition of which has recently been updated to 

refer to individuals aged 50 – 80 years old, with a 20 pack year history and who still 

smoke or have quit in the last 15 years (Krist et al., 2021).  The results from NSLT were 

supported by the NELSON study, which found a 24% relative reduction in lung cancer 

mortality in men after 10 years follow-up, when comparing LDCT scanning to standard 

care, and sub-analysis suggested possibly a higher benefit in women with a 33% 

relative reduction, although not statistically significant as far fewer women were 

recruited to the study (de Koning et al., 2020).  
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These trials demonstrate a benefit of LDCT screening for lung cancer in a high-risk 

population. However, there remain concerns around how best to implement LDCT 

screening for lung cancer, and the UK and other European countries have yet to 

approve national programmes. To maximise the impact of a LDCT screening 

programme, it is recognised that improved selection of high-risk individuals, the creation 

of standardised protocols to ensure consistent work up and management of findings, 

and an understanding how best to deliver a cost effective programme within a health 

care system are all required (John K. Field et al., 2012).  In NSLT and NELSON, high-

risk classification was defined by age, smoking status and history and has been 

criticised for being over simplified.  A sub-analysis on the NLST inclusion criteria 

suggests that only 26.7% of lung cancers in the USA would have been detected by 

LDCT screening of this population (Pinsky & Berg, 2012b). The same analysis found 

that including those aged between 50 -79 with any pack years, who are current or ex-

smokers within the last 15 years, increased possible detection rates to 48.8% of 

cancers (Pinsky & Berg, 2012b). However, this remains a wider inclusion criteria than 

the updated USPSTF recommendations and would still miss half of lung cancers (Krist 

et al., 2021).   

To improve identification of high-risk patients who are most likely to benefit from 

screening, risk prediction models have been widely adopted in trials and pilots of LDCT 

screening, as it is increasingly accepted that their use could increase the impact and 

cost-effectiveness of any programme (Kauczor et al., 2020; Røe, 2020).  Identifying 

those most likely to benefit is important as screening is not without risks, to include 

radiation exposure, overdiagnosis and false positive detection that can lead to further 

investigation and interventions with both physical and psychological consequences.  In 

the UK, lung cancer screening trials have used risk prediction models to target the 

population that might most benefit from LDCT lung cancer screening (Crosbie et al., 

2019; J. K. Field et al., 2016; Grover, Ross, & Fuller, 2020; Ruparel et al., 2020). In the 

absence of a national programme, the NHS in England has set up the Targeted Lung 

Health Check (TLHC) pilot programme in areas with the highest mortality rates from 

lung cancer. Ever smokers between 55 – 75, who are registered with a GP are offered 

free health checks, where they perform spirometry, have a lung cancer risk assessment 

and receive smoking cessation advice (NHS England, 2019). Those who have a high 

lung cancer risk score determined by a UK adapted PLCOm2021 or LLPv2 risk prediction 
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model (risks respectively of ≥1.51% over 6 years or ≥2.5% over 5 years) and no 

exclusion criteria are offered a LDCT (NHS England, 2019). The translation to a 

national screening programme will be guided by ongoing screening trials, to include the 

SUMMIT study which is the UK’s largest lung cancer screening study to date, which will 

help to define risk management and guide implementation (Horst et al., 2020). 

However, any programme will still only benefit those classified as high risk.   

Even with improved risk stratification it is recognised that a large proportion of people 

with lung cancer may never be eligible for the current proposed LDCT screening 

programmes; younger patients, those with minimal smoking history and ethnic minority 

groups in particular (Krist et al., 2021; Meza et al., 2021). Younger patients could 

hugely benefit from early detection as lung cancers are often diagnosed late with 58% 

of patients under 50 diagnosed with stage 4 disease, however they often fall outside of 

risk prediction tools (The Royal College of Physicians, 2020). The use of 

complementary screening tools that are minimally invasive and have potential for use in 

larger numbers, which might include low-risk populations could make a real impact in 

improving early lung cancer diagnosis.  Developments in the understanding of lung 

cancer biology have paved the way for molecular biomarkers of lung cancer to 

potentially fulfil this requirement. 

 

1.1.2 Molecular pathogenesis of lung cancer 

 

The term lung cancer encompasses a very heterogeneous set of tumours, which adds 

to the challenge in its diagnosis and management. Different types of lung cancer derive 

from difference cells of origin and have different mutational characteristics 

(Devarakonda & Govindan, 2019). Molecular heterogeneity occurs in lung cancer due 

to a combination of epigenetic, genetic and non-genetic influences, to include effects 

due to the microenvironment with an interplay of changes to include infiltration by 

immune cells (Altorki et al., 2019; Marino et al., 2019). Differences can occur between 

patients with the same histological subtype (interpatient), between areas in a patients 

tumour (intratumour) and between the molecular profile of the primary tumour and 

metastases (intertumour) (Marino et al., 2019). Whilst this heterogeneity further 

complicates tumour classifications, improved understanding of the mechanisms and the 
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mutations that arise has resulted in a better appreciation of the biological processes 

that occur (Jamal-Hanjani et al., 2017; Testa, Castelli, & Pelosi, 2018). 

Precursor events that occur in the normal epithelium associated with the progression to 

lung cancer in both squamous cell carcinomas and adenocarcinomas have been 

particularly researched. Similarities have been observed between precursor lesions and 

tumours, aiding the understanding of lung cancer development, but a precursor lesion 

does not always become malignant (Kadara, Scheet, Wistuba, & Spira, 2016; Teixeira 

et al., 2019). The transformation from a normal epithelial cell to a cancerous one occurs 

due to genetic and epigenetic changes that cause dysregulation of the normal cell 

signalling pathways, driven by the activation of oncogenes alongside the inactivation of 

tumour suppressor genes (TSG) (C. Brambilla et al., 2003; Kadara et al., 2016).  

Numerous mutations have been identified in the pathogenesis of lung cancer, including 

mutations in tumour protein 53 (TP53), kirsten rat sarcoma viral oncogene (KRAS), 

epidermal growth factor receptor (EGFR) and anaplastic lymphoma kinase (ALK) 

(Inamura, 2017; The Cancer Genome Atlas Research Network, 2012, 2014). TP53 

gene mutations are the most frequently occurring in lung cancer, linked with smoking 

and found in around 50% of adenocarcinomas and up to 90% of squamous cell and 

SCLC (Hu et al., 2019; Karachaliou, Sosa, & Rosell, 2016; The Cancer Genome Atlas 

Research Network, 2012, 2014). The p53 cellular pathway is involved in DNA repair 

and apoptosis. Mutations cause disruptions in cell cycle regulation resulting in 

unregulated growth and reduced cell death (C. Brambilla et al., 2003). There are no 

targeted therapies available for TP53 mutations, however it has been used as part of a 

panel to improve the classification of interpulmonary nodules (Early CDT) and 

furthermore its presence is recognised to be associated with a poorer prognosis (Steels 

et al., 2001). 

Mutations in the EGFR and KRAS pathways are the two most commonly recognised 

mutations to occur in lung adenocarcinoma (The Cancer Genome Atlas Research 

Network, 2014). EGFR mutations are more commonly found in non-smokers, women 

and individuals of east Asian ethnicity; in contrast KRAS mutations are more commonly 

seen in smokers and men (E. Brambilla & Gazdar, 2009). The identification of these 

and other mutations, aided through advances in molecular profiling, have led to the 

development of targeted therapies.  Targeted therapies with tyrosine kinase inhibitors 
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and ALK inhibitors for patients with NSCLC with EGFR mutations and ALK 

rearrangements respectively, have become an important part of standard clinical 

practice (NICE, 2019).  KRAS mutations have until recently not had a targeted therapy, 

however the first KRAS inhibitor (Sotorasib) has recently been approved for use in the 

US by the FDA and NICE guidance is expected early next year (Skoulidis et al., 

2021)12.  Epigenetic alterations in lung cancer include DNA methylation and micro-RNA 

gene regulation and can affect gene expression, but in contrast to genetic changes 

occur without altering the DNA sequence (E. Brambilla & Gazdar, 2009).  

The improved understanding of lung cancer tumorigenesis has had a fundamental role 

in aiding the design of future therapies and also in assisting with early detection through 

identifying both pre-cursor lesions and detecting molecular changes indicative of a lung 

cancer. 

 

1.1.3 Molecular biomarkers for lung cancer 

 

Molecular biomarkers have potential to assist with early diagnosis in lung cancer by 

identifying biological changes that occur in tumorigenesis, and as such have been the 

focus of a large volume of research.  Possible sources for detection of biomarkers 

include blood, breath and the respiratory tract mucosa, (Table 1.1). 

  

 
1 https://www.fda.gov/drugs/resources-information-approved-drugs/fda-grants-accelerated-approval-sotorasib-
kras-g12c-mutated-nsclc 
2 https://www.nice.org.uk/guidance/indevelopment/gid-ta10639/documents 
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Table 1.1: Selection of suggested molecular biomarkers for assessing both lung cancer risk (LCR) and 
classification of indeterminate pulmonary nodules (CIPN). Adapted from Rodríguez et al., 2021 and Seijo 
et al., 2019. 

 Biomarker Purpose Research 
phase 

Outcomes Available/Resear
ch group 

Reference 

Bloods Based       

Cancer 
autoantibodi
es and 
circulating 
proteins 

3 proteins 
CEA, CA-
125, CYFRA 
21-1 
1 AAb 

Ny eso-1 

LCR Clinical 
validation 

Sen 77% 
Spec 80% 
AUC 0.85 

PAULA’s test 
(Protein Assay 
Utilizing Lung 
Cancer Analytes) 

(Doseeva, 
Colpitts, 
Gao, 
Woodcoc
k, & 
Knezevic, 
2015) 
 

2 proteins 
LG3BP, 
C163A 
And 5 
clinical risk 
factors 

CIPN Clinical 
validation 

Sen 97% 
Spec 44% 
NPV 98% 

Commercially 
 
Nodify XL2 
 
Biodesix 

(Silvestri 
et al., 
2018) 
 

7 AAb 
P53, NY-
ESO-1, 
CAGE, 
GBU4-5, 
SOX2, HuD 
and MAGE 
A4 

LCR 
 
 
 
CIPN 

Clinical 
validation 
(several 
cohorts) 

Sen 41% 
Spec 87% 
$24,000/ 
QALY 

Commercially 
available  
Early CDT- Lung  
 
(OncImmune) 

(Chapman 
et al., 
2012; Jett 
et al., 
2014) 
 

Micro RNAs Ratio of 24 
miRNA 

LCR 
 
CIPN 

Ongoing 
clinical 
trial 
 

  
NCT02247453 

(Sozzi et 
al., 2014) 

13 miRNA + 
6 for 
normalisatio
n 

LCR 
 
CIPN 

Clinical 
validation 
 

  
COSMOS II trial 

(Montani 
et al., 
2015) 

DNA 
methylation 
 

11,787 CpG 
sites 
analysed 

Pan-cancer 
(include 
lung 
cancer) 

  95% 
asymptomatic 
individuals 
(diagnosed 
within 4 years) 

PanSeer assay (Xingdong 
Chen et 
al., 2020) 
 

Circulating 
tumour DNA 
(ctDNA) 

ctDNA – 
CAPP – Seq 

CIPN Clinical 
validation 

100% ctDNA 
detected 
stages II-IV 
50% stage I 

 (Newman 
et al., 
2014) 

CtDNA – 
NGS 
technology 

LCR 
(Pancancer 
to include 
lung) 

Ongoing 
clinical 
trials 
 

 NCT02889978 
(CCGA) 
 
NCT04241796 – 
(PATHFINDER) 
Commercialised  
Galleri 
(GRAIL) 
 

(Aravanis, 
Lee, & 
Klausner, 
2017a; 
Xiaoji 
Chen et 
al., 2021) 
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CtDNA – 
Lung-CLiP 

LCR Clinically 
validated 

Spec 98% 
Sen: Stage 1 
41%, Stage 2 
54% and 
Stage 3 67%) 
Spec 80%. 

 (Chabon 
et al., 
2020) 

Breath        

VOC 
 

VOC – field 
asymmetric 
ion mobility 
spectrometr
y (FAIMS) 

 Ongoing 
clinical 
trial 

 NCT02612532  
 
LuCID 
(lung cancer 
indicator 
detection) 

 

VOC – Enose 
+ clinical 
variables 

LCR  Sen 94% 
Spec 49%  
NPV 89% 
AUC 84% 

 (Kort et 
al., 2020) 
 

Airway 
epithelium 

      

Bronchial 
epithelial cells 

23 gene 
biomarker 

Alongside 
bronchoscopy 
(suspected 
lung cancer) 

Clinically 
validated 

Sen 88 – 89% 
Spec 49% 

Commercialised 
Percepta 
 
(Veracyte) 

(Silvestri 
et al., 
2015) 

Nasal 
epithelial cells 

30 gene 
(nasal) panel 
+ clinical 
factors 

 Discovery 
Validation 
set) 

AUC 81% 
Genes + CF = 
Sen 91%, 
Spec 52% 
CF alone = 
Sen 79% and 
Spec 58% 

 (Perez-
Rogers et 
al., 2017) 

Integrated       

Airway and 
blood based 
biomarkers 

 CIPN 
 
LCR 

Ongoing 
clinical 
trial 

 NCT01785342 
 
NCT02504697 
DECAMP 
consortium 

(Billatos 
et al., 
2019) 

Abbreviations: Sen (sensitivity), Spec (specificity), NPV (negative predictive value), AUC (area under the curve), LCR 
(lung cancer risk), CIPN (classification of indeterminate pulmonary nodules, NGS (next generation sequencing), 
VOC (volatile organic compound), ctDNA (circulating tumour DNA), miRNA (microRNA), CAPP-Seq (cancer 
personalized profiling by deep sequencing ), CCGA (circulating cell-free genome atlas), ENOSE (electronic NOSE), 
Lung-CLiP (lung cancer likelihood in plasma), QALY (quality-adjusted life year). 

 

Numerous possible blood biomarkers for the detection of cancers and specifically lung 

cancers have been investigated with mixed success, and in the cases of some, there 

have been limitations in their usability due to difficulties with extracting the required 

biomarkers (Kalinke, Thakrar, & Janes, 2020). Possible blood biomarkers proposed 

include cancer auto-antibodies, circulating proteins, circulating tumour DNA and micro-

RNA and these have been researched in validated studies and clinical trials.  Many 

others may have possible utility in the future but research remains in discovery stages 
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(Rodríguez et al., 2021; Seijo et al., 2019). Some of the key molecular biomarkers that 

have been trialled are summarised in Table 1.1. Proposed biomarkers look to assist 

with the classification of indeterminate pulmonary nodules (CIPN) and / or be used as a 

tool to assist with the diagnosis of early lung cancer through identifying a marker of lung 

cancer risk (LCR). Three of the proposed blood biomarkers have been commercialised, 

with others being investigated in ongoing clinical trials (Ostrin, Sidransky, Spira, & 

Hanash, 2020).    

The EarlyCDT-Lung (OncImmune) test combines a panel of 7 autoantibodies and has 

been commercialised as a tool that can assist with the diagnosis of lung cancer in those 

at increased risk. It has been shown to classify indeterminate pulmonary nodules with a 

sensitivity of 41% and a specificity of 87% (Jett et al., 2014; Ostrin et al., 2020). Another 

commercially available blood biomarker to assist with the correct identification between 

benign and malignant pulmonary nodules, Nodify XL2 (Biodesix) combines the 

prediction value of two proteins, detected in the blood through mass spectrometry, with 

5 clinical risk factors (age, smoking status, nodule diameter, nodule characteristic and 

location). Differentiating benign from malignant pulmonary nodules with a sensitivity of 

97% and a specificity of 44% (Silvestri et al., 2018). Other researchers looking to 

identify a blood biomarker indicative of cancer have investigated the use of circulating 

tumour DNA (ctDNA). A challenge for using ctDNA to assist with the diagnosis of early 

lung cancer is that the amount of ctDNA is relative to tumour size, with less ctDNA 

observed in the blood of patients with small tumours, which are usually indicative of 

early stage disease (Chabon et al., 2020; Kalinke et al., 2020). This has led to research 

looking both at cell free DNA (cfDNA) and ctDNA methylation (Aravanis, Lee, & 

Klausner, 2017b; Xingdong Chen et al., 2020). The most recently commercialised blood 

biomarker, GalleriTM (GRAIL), is a pan-cancer biomarker in which blood samples are 

analysed for DNA methylation (Xiaoji Chen et al., 2021). Validation of this biomarker in 

clinical trials of different large population cohorts, to include the SUMMIT trial, is 

ongoing (Ofman, Hall, Aravanis, & Park, 2020). 

The use of breath biomarkers, specifically volatile organic compounds (VOCs), in 

exhaled breath is another potential area of interest. VOCs have been recognised to 

reflect changes in metabolic processes secondary to pathological processes and 

differences have been detected in VOCs from breath of individuals with lung cancer 

compared to those without.  A recent study that evaluated the use of an electronic nose 
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(eNOSE) to detect VOCs was able to differentiate between individuals with cancer with 

a sensitivity of 94% and a specificity of 49% in a combined analysis using exhaled 

breath and clinical variables (Kort et al., 2020); however, the addition of exhaled breath 

data did not hugely benefit the prediction model compared to clinical data alone, and 

the results have not been validated in a separate cohort.  Numerous studies have 

investigated the potential of using VOCs to assist in the early diagnosis of lung cancer, 

but the translation of findings has been limited by the small size of many studies, 

varying methods and modes of analysis and poor validation of results (Antoniou et al., 

2019).  The ongoing lung cancer indicator detector (LuCID) trial is the largest study of 

VOCs in lung cancer, the outcomes of which are awaited, and may assist in advancing 

the use of VOCs in early lung cancer diagnosis.  

A third area of biomarker research has concentrated on identifying molecular changes 

within the respiratory tract that reflect ‘field carcinogenesis’ caused by a lung cancer.  

This has resulted in the development of the commercially available ‘Percepta’ (section 

1.1.4) and is also being addressed in the current DECAMP trials which are looking to 

identify a molecular biomarker for lung cancer that combines blood based and airway 

molecular biomarkers (Billatos et al., 2019). The combination of these may overcome 

some of the limitations of previous studies.  

The use of molecular biomarkers to assist the early diagnosis of lung cancer is a 

promising and expanding field of research.  However, validating a clinical biomarker 

and understanding how it can be translated to enable early diagnosis and therefore 

treatment is complicated.  The ideal biomarker should improve the current standard of 

clinical care, be easily accessible, non-invasive or minimally invasive and cost effective 

(Mazzone et al., 2017).  The heterogeneity of lung cancer makes this further 

challenging.  The identification and validation of a single biomarker that could be used 

independently to predict lung cancer with sufficient power for clinical translation is 

perhaps less likely than the use of molecular biomarkers as part of a risk stratification 

tool that could be used to identify patients who should then go on to have a LDCT 

(Kalinke et al., 2020). Molecular biomarkers have the potential to elevate a LDCT lung 

cancer screening programme by increasing rates of detection compared to the current 

risk models, particularly in younger patients or those who have no or minimal smoking 

history. However, despite the research and biomarkers explored to date there is no 

clear superior test and there remains potential for new technologies and sampling sites.   
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1.1.4 Field of Injury and Field Carcinogenesis 

 

The description of field changes in patients with cancer was first made by Slaughter in 

1944. He observed that changes occurred in the benign epithelium around or near an 

oral cancer and used the term ‘field cancerization’ to describe changes to the epithelium 

resulting from a carcinogen, that might eventually lead to cancer (Slaughter, Southwick, 

& Smejkal, 1953).  This concept has been further explored and there is a strong body of 

evidence to show that field changes occur in many epithelial tissues when a tumour is 

present, including the respiratory epithelium which undergoes changes in response to 

both external and internal stimuli. Furthermore, it is now recognised that there are two 

distinct but related phenomena, referred to as a ‘field of injury’ and ‘field 

carcinogenesis’. (Dakubo, Jakupciak, Birch-Machin, & Parr, 2007; Kadara et al., 2016; 

Steiling, Ryan, Brody, & Spira, 2008).  

A field of injury occurs in the respiratory epithelium in response to a carcinogen.  

Smoking is a known risk factor for lung cancer and a high proportion of respiratory 

epithelial cell changes were first observed in the airways of smokers with and without 

lung cancer by Auerbach and colleagues in 1961 (Auerbach, Stout, Hammond, & 

Garkinkel, 1961). Tobacco is a recognised carcinogen, with over 60 recognised 

carcinogenic metabolites (de Groot, Wu, Carter, & Munden, 2018).  Tobacco smoke 

can cause injury to the epithelium through increased inflammation, oxidative stress and 

xenobiotic metabolism (Billatos, Vick, Lenburg, & Spira, 2018).  Changes in genes 

associated with these processes have been identified (Spira et al., 2004), and on 

cessation of smoking the expression of the majority of these genes returns to normal, 

although the reversibility in gene expression differs between former smokers (Beane et 

al., 2007).  More recently the heterogeneity both between patients and within individual 

patients in mutation burden of airway progenitor cells secondary to tobacco smoke 

exposure has been discovered. Work from our laboratory recently showed that there 

are two populations of basal cells (airway progenitor cells) within the airways of 

individuals who have smoked: one population comprising cells with high mutational 

burden, often harbouring mutations in driver genes, and one comprising cells with a low 

mutational burden (‘near-normal basal cells) (Yoshida et al., 2020). Although the 

majority of lung cancers occur in smokers or ex-smokers (72%), only about 10-20% of 

smokers will develop lung cancer in their lifetime (Billatos et al., 2018; K. F. Brown et 
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al., 2018). A ‘field of injury’ may give an indication of those at increased risk of lung 

cancer but does not define its presence or even future presence. Improved 

understanding of the complex field changes caused by tobacco smoke, and changes in 

mutational status that occur on stopping smoking, may help indicate those at increased 

risk of lung cancer and is an ongoing area of research. 

Field carcinogenesis or ‘field cancerization’ as first described by Slaughter, describes 

normal epithelium which has features in common with an associated malignancy.  

Initially histological features were described, but it is now known that molecular changes 

can be detected in these histologically normal cells.  The same changes in gene 

expression and mutations have been found in the normal airway epithelium and lung 

tumours (Billatos et al., 2018; Steiling et al., 2008). Detection of these molecular 

changes through sampling of normal tissues within the respiratory tract could therefore 

assist with the earlier diagnosis of lung cancer. Spira and colleagues compared 

histologically normal bronchial biopsies obtained at bronchoscopy with those from the 

distal lung cancer.  Through analysing changes in gene expression, they identified a 

panel of 80 genes that correlated between the bronchial epithelium and lung cancer and 

subsequently validated a 23 gene-expression classifier.  When used in combination 

with a bronchoscopy in the AEGIS-1 and AEGIS-2 trials, this classifier was shown to 

have a sensitivity of 96% and 98%, respectively (Silvestri et al., 2015; Whitney et al., 

2015) . This gene-expression classifier has since been commercialised by Veracyte, 

test ‘Percepta’, and is indicated following an inconclusive bronchoscopy when patients 

are being investigated for lung cancer (Table 1.1). This highlights the potential for using 

the bronchial epithelium to assist with the diagnosis of a distal lung cancer; however, 

this test is used as part of the work-up for someone being investigated for a lung cancer 

to improve rates of diagnosis, not as a lung cancer screening tool for wide-scale use.   

The upper respiratory tract mucosa, to include the buccal and nasal epithelia, have 

been recognised as extensions of the respiratory tract and are much more accessible 

for sampling than the bronchial epithelium (Sridhar et al., 2008). The buccal mucosa 

has been described as a ‘molecular mirror’ for the bronchial epithelium, and molecular 

changes indicative of both ‘field of injury’ and ‘field carcinogenesis’ have been detected 

in morphologically normal buccal cells (Bhutani et al., 2008; Saba, Halytskyy, Saleem, 

& Oliff, 2017; Sidransky, 2008). ‘Field of injury’ changes secondary to tobacco smoke 

were found in the buccal and bronchial mucosa of smokers, measured by comparing 
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the methylation of tumour suppressor proteins p16 and fragile histidine triad (FHIT), 

with similar gene methylation found at both sites (Bhutani et al., 2008).  In another study 

looking at gene expression changes, alterations in gene expression secondary to 

tobacco smoke exposure were observed in the same genes in the bronchial and buccal 

epithelium (Sridhar et al., 2008). Changes representative of ‘field carcinogenesis’ in 

buccal cells have been observed through investigating differences in microRNA 

expression in the buccal mucosa. A panel of microRNAs were found to be altered in the 

buccal cells of individuals with lung cancer compared to lung cancer free smoking 

controls (Wali et al., 2014). This was a proof-of-concept study and interestingly 

additionally found differences in the microRNAs altered in men and women which 

requires further understanding in a larger data set. Associations have also been found 

between DNA methylation changes in buccal cells and distal lung cancers, 

(Teschendorff et al., 2015). In addition, the detection of ‘field carcinogenesis’ in buccal 

cells of patients with lung cancer compared to those without has been shown using 

optical technologies. Roy and colleagues performed partial wave (PWS) spectroscopy 

on buccal cells (obtained from buccal brushings) and reported the ability to differentiate 

between smokers with and without lung cancer based on assessment of the cells 

nanoarchitecture (Roy et al., 2010). This same group also investigated using low-

coherence enhanced backscattering (LEBS) spectroscopy, via a fibre-optic probe on 

the buccal mucosa. They observed differences between the optical readings from 

patients with lung cancers and those without that when validated showed a detection 

sensitivity of 94% and specificity of 83%, (Radosevich et al., 2014). These two proof-of-

concept studies showed some interesting results in the use of these respective 

technologies on the buccal mucosa, however, to date these findings have not been 

replicated in larger populations. A separate group, also using an optical probe on the 

buccal mucosa reported changes, however they did not find significant changes 

between the buccal mucosa of individuals with lung cancer compared to COPD controls 

that might be consistent with field carcinogenesis (Bugter et al., 2019). These findings 

combined with the practicality of using the buccal mucosa, which is more accessible 

than the lung, suggest it as an ideal target site for a non-invasive lung cancer screening 

tool suitable for larger populations.    
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1.2 Spectroscopy 
 

Spectroscopy is the process through which the response of a substance to light is 

recorded. Vibrational spectroscopy is a non-destructive analysis technique that can 

characterise the chemical composition of a substance by recording the vibrations that 

occur when light interacts with a compound.  Different molecular bonds will absorb light 

at different frequencies and the resultant absorption spectra will be unique for each 

substance. As a result vibrational spectroscopy can be used in many different areas to 

identify composition and ensure quality control, to include pharmacology, geology, food 

regulation, forensic science and biomedical application (Hashimoto, Badarla, Kawai, & 

Ideguchi, 2019).  

 

1.2.1 Biomedical Application 

 

Vibrational spectroscopy techniques include Fourier transform infrared (FTIR), which 

uses mid IR light and Raman spectroscopy which uses near-infrared or visible regions 

of the electromagnetic spectrum. There is a large body of research which has 

investigated the biomedical application of both techniques to help improve the 

management of metabolic, neurological, vascular and infectious diseases as well as 

improving cancer diagnosis and assessing the potential use of vibrational spectroscopy 

in monitoring treatment responses (Bunaciu, Hoang, & Aboul-Enein, 2017; Fisher, 

Harris, Khanna, & Sule-Suso, 2010; Kendall et al., 2009; Magee et al., 2010; Pilling & 

Gardner, 2016; Santos et al., 2017; Sulé-Suso et al., 2005).  Research has investigated 

its application in a number of different ways with possible in vivo use, through the use of 

optical tissue probes, to include handheld probes used on the oral mucosa and probes 

used at endoscopy and bronchoscopy. In addition, research has been carried out to 

investigate the ex vivo and in vitro analysis of cells, tissues and body fluids to assist 

with diagnosis, monitor treatments and to assist with surgical margins (Baker et al., 

2018).  Analysis of numerous tissues types by FTIR and Raman spectroscopy, to 

include skin, bone, hair and collagen, has been undertaken to understand the 

capabilities of these technologies and how they could be used as clinical tools (Krafft & 

Sergo, 2006). An important advantage of their use is the non-destructive nature of 

analysis and the requirement for only a small sample, making them both desirable and 
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practical for biomedical applications. However, despite research studies demonstrating 

the potential of these techniques, clinical translation of these findings has been poor. 

Reasons and challenges around translating this work from the laboratory to the clinic 

are well recognised and include problems with standardisation of sample collection and 

processing, in addition to practicalities of implementing these technologies in a clinical 

environment and importantly ensuring that the research has real clinical utility and can 

be used in a complementary way to current practice (Baker, Trevisian, Bassan, 

Gardner, & Martin, 2014; Byrne et al., 2015). There remains an unmet need for a tool 

that could be realistically translated to a clinical environment.   

1.2.2 Infrared Light 

 

Infrared (IR) light or radiation is a region of the electromagnetic spectrum between 

visible light and microwave radiation, where molecular vibrational modes absorb, 

(Figure 1.2).   

Figure 1.2: Diagram to show the electromagnetic spectrum with the Infrared and visible light spectra 
highlighted. 

 

The interplay of IR light with a compound is representative of its structure. This occurs 

because molecules are not static, but subject to vibrational forces when exposed to IR 

light. IR light is divided into near, mid and far regions.  The mid-IR region, between 

4000 cm-1 and 400 cm-1 (cm-1 is wavenumber, corresponding to between 2.5 µm – 25 

µm wavelength) is useful for the identification of a compound’s molecular structure and 

chemical composition and is used for analysis of organic molecules (Chalmers, 2010).  

It is in this region that functional group vibrations between molecules in a compound 
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occur, as light is absorbed at frequencies representative of the different bonds within 

the molecules. 

 

Mid-IR light can be obtained from two different sources: thermal (conventional blackbox 

or globar) or non-thermal (synchrotron). Conventional blackbox or ‘globar’ radiation is 

generated from the electrical heating of an inert solid (in the case of ‘globar’, a silicon 

carbide rod) to very high temperatures (>1000°C).  These energy sources can be used 

with bench top machines, but they only emit IR light in the mid-IR range. Synchrotron 

radiation (SR) is created by the acceleration of charged particles, and dedicated SR 

sources use storage ring accelerators and bending magnets to provide a continuous 

radiation source (Marcelli & Cinque, 2010). In comparison to conventional energy 

sources synchrotron light sources are brighter, more powerful and emit light over the 

whole IR range, although a conventional IR source emits more intense radiation in the 

mid-IR range (Chalmers, 2010). SR has potential to improve the analysis of smaller 

samples, due to a greater signal to noise ratio, when smaller apertures are used 

(Marcelli & Cinque, 2010). However, they are less accessible, with just over 50 

synchrotron facilities worldwide, and only one in the UK (Diamond Light Source, Harwell 

UK).   
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1.2.3 FTIR spectroscopy 

 

Figure 1.3: Diagram to show the passage of light and layout of components in a FTIR spectrometer. 
Adapted from Bellisola & Sorio, 2012. 

 

Fourier transform infrared (FTIR) spectrometers utilise a light source with a wide 

spectrum of wavelengths passed into a Michelson interferometer and through the 

sample to a detector.  Developments in the field and technological improvements, 

notably with the coupling of the spectrometer to a microscope and the use of a liquid 

nitrogen-cooled, mercury cadmium telluride (MCT) detector, has enabled the analysis of 

very small samples as well as single cells. Compared to early spectrometers where 

wavelengths were scanned sequentially, FTIR can simultaneously record absorbance 

over a broad range and therefore allows much faster sample analysis and the resultant 

spectra have a high signal to noise ratio (Chalmers, 2010). The raw data recorded by 

the detector (interferogram) are converted into a plot of absorbance versus frequency 

(or wavenumber) through a mathematical calculation (Fourier transform) and is 

representative of the absorbance of infrared light by the individual 

components/molecules and their connected molecular bonds.  Every compound will 

have its own unique absorbance spectrum (Figure 1.4). 
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Figure 1.4: Example of a biological spectrum. The spectrum of buccal cells between 4000 – 700 cm-1. 
The spectrum is labelled to show where different molecules absorb. 

 

The absorbance of samples in mid-IR range is usually collected between around 4000 – 

600 cm-1 (slight variability at the lower wavenumbers is dependent on instrument and 

analysis software).  However, in biomedical applications, analysis is often concentrated 

around the 1800–900 cm-1 ‘fingerprint’ region, where most molecules of biomedical 

interest (e.g., DNA, RNA, proteins, lipids and carbohydrates) are absorbed and 

changes here can be indicative of a diseased state (Table 1.2).  

Table 1.2: Table of select infrared absorption regions and their respective assignments with relevance to 
this work. Adapted from Movasaghi, Rehman, & Rehman, 2008 and Talari, Martinez, Movasaghi, 
Rehman, & Rehman, 2017 

 

 

The analysis of a sample by FTIR can be by one of three methods: transmission, 

transflection or attenuated total reflection (ATR) (Figure 1.5). In transmission 
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recordings, the light passes directly through the sample.  Samples for this method of 

analysis should ideally be between 5 – 10 µm; if too thin, increased noise relative to 

signal may result, and thicker samples may absorb too much light in a way that can 

impact the analysis (Chalmers, 2010).  Typically, optical substrates that are transparent 

in the infrared region are used when analysing in transmission. Examples of commonly 

used optical substrates with good transmission in the mid-IR include calcium fluoride 

(CaF2), zinc selenide (ZnSe) and barium fluoride (BaF2).  Samples analysed in 

transflection are placed on a substrate with an infrared reflective coating; low e-slides 

are a commercially available example. Light is passed through the sample and then 

reflected back by the substrate coating passing through the sample a second time.  A 

benefit of this method of sample preparation is that following IR analysis, samples can 

be stained to enable classical histopathological analysis to maximise the use of the 

sample and to enable comparison between the different analytical methods (Pilling & 

Gardner, 2016).   

Figure 1.5: Diagram to illustrate the different sampling methods of FTIR, showing transmission, 
transflection and ATR. Adapted from (Bunaciu, Hoang, & Aboul-Enein, 2015; Pilling & Gardner, 2016). 

 

The third method of analysis, ATR-FTIR, analyses a sample in direct contact with an 

ATR prism.  Only the surface, between about 0.3 -3 µm of a sample, can be analysed in 

this way and it occurs due to a evanescent wave penetrating through the sample and 

then being reflected back (Chalmers, 2010; Pilling & Gardner, 2016).  In this project 

analysis of samples has been conducted using transmission mode.  It has been 

suggested that this mode may be better than using transflection in the analysis of 

biological samples due to increased artefacts with the latter as a result of the electric-
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field standing-wave (EFSW), which results at the infrared reflective surface when the 

light is reflected back (Filik, Frogley, Pijanka, Wehbe, & Cinque, 2012). 

 

Medical applications of FTIR spectroscopy 

 

The biomedical application of FTIR spectroscopy has been extensively studied (section 

1.2.1). The ability of FTIR spectroscopy to detect differences between diseased, 

cancerous, and healthy tissue through identification of changes in the biochemical 

profiles of the different tissues and cells is well documented (Bellisola & Sorio, 2012; De 

Bruyne, Speeckaert, & Delanghe, 2018; Diem, Papamarkakis, Schubert, Bird, & 

Romeo, 2009). Studies have investigated its potential use in conditions to include 

Alzheimer’s, diabetes, infection, inflammatory bowel disease, cirrhosis and numerous 

cancers, including cervical, brain, dermatological, urological, head and neck, 

gastrointestinal, breast cancer, leukaemia and lung cancer (Kendall et al., 2009; Talari 

et al., 2017).  In cancer, possible applications to both improve early diagnosis and 

management, through guiding surgical resection margins and gauging response to 

treatment, have been explored (Su & Lee, 2020; Sulé-Suso et al., 2005). 

 

FTIR spectroscopy in lung cancer 

 

The potential use of FTIR spectroscopy in lung cancer has been investigated by a 

number of research groups. The majority have assessed it as a tool to assist with the 

histological classification of lung tumours, through direct analysis of lung tumours, with 

a view to it being used to complement traditional histopathological methods in the 

diagnosis of lung cancer (Bird et al., 2012; Foreman et al., 2015; Yano et al., 2000). 

This could be particularly valuable when only small samples are present with few cells 

often making classical routes of diagnosis challenging, or when assessing pre-

cancerous lesions where differentiation can be difficult. One group investigated the use 

of FTIR spectroscopy of sputum samples to diagnose a distal lung cancer (Lewis et al., 

2010).  The respective findings have been summarised in Table 1.3 and will be briefly 

discussed below. 
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Yano and colleagues analysed 24 lung tumour samples with FTIR spectroscopy and 

compared these to matched histologically normal lung tissue.  They observed distinct 

spectral signatures between the samples, with the greatest statistically significant 

differences shown between the ratio of the peak heights at 1045 cm-1 and 1467 cm-1, 

representative of changes in glycogen and cholesterol, respectively, and concluded that 

a ratio of  >1.4 was indicative of cancer cells in the samples (Yano et al., 2000). A study 

performed by Bird and colleagues, investigated the ability of infrared spectral 

histopathology to differentiate between normal and cancer biopsies, and furthermore to 

differentiate different histology between the cancer samples.  They used a tissue 

microarray made up of 80 samples, 10 of which were normal, which they split into a 

training and a test set.  Unstained tissues sections were analysed with FTIR 

spectroscopy and they reported an ability to distinguish between the cancer and control 

samples with a 97% accuracy (sensitivity 99%, specificity 94%) using the previously 

devised classifier on the test set, and overall reported 95% accuracy in being able to 

differentiate between histological cell types when comparing between SCLC, squamous 

and adenocarcinoma (Bird et al., 2012).  Foreman and colleagues have previously 

shown that FTIR spectroscopy was able to differentiate between areas of healthy 

tissue, mild dysplasia, moderate dysplasia and severe dysplasia/carcinoma in a single 

squamous epithelial lung tissue biopsy (Foreman et al., 2015). Previous work 

performed in the Janes laboratory analysed 52 bronchial biopsies from patients being 

monitored for squamous dysplasia of the respiratory epithelium and was able to 

differentiate between normal or low-grade and high-grade dysplasia/invasive squamous 

carcinoma with 100% accuracy (J. M. Brown, Marechal, Rich, & Janes, 2012), 

demonstrating the potential use of FTIR spectroscopy as a spectral histopathology tool. 

Lewis and colleagues used FTIR spectroscopy to analyse sputum samples from 25 

patients with lung cancer (CTs showed central tumours in all patients) compared to 25 

healthy controls.  They found a significant difference between the absorbance of cancer 

samples compared to controls at 92 wavenumbers, and further evaluated the 5 most 

significant between 1700 – 900 cm-1 (Lewis et al., 2010). However despite these 

interesting results, FTIR analysis of sputum appears to have not been pursued as a 

potential early diagnosis technique, in favour of transcriptomic analysis and other 

technologies to include mass spectroscopy (Cameron et al., 2016).  
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Table 1.3: Summary of research studies that have used FTIR spectroscopy to include ATR-FTIR in lung 
cancer. 

Author Year Spectroscopy 
technique 

Sample type Sample 
no. 

Feature that 
differentiated 

Reference 

Bird et al,  2012 FTIR 
microspectroscopy 

Lung tumour 
tissue 

80 
samples  

 (Bird et al., 
2012) 

Brown et 
al, 

2012 FTIR spectroscopy Bronchial 
biopsies 

52 
samples 
(38 
patients) 

Peak ratios 
1290-1270 
cm-1 

(J. M. Brown 
et al., 2012) 

Foreman et 
al, 

2015 FTIR spectroscopy Bronchial biopsy 
(SHP detecting 
bronchial 
dysplasia) 

1 sample  (Foreman et 
al., 2015) 

Lewis et al,  2010 FTIR spectroscopy Sputum 25 lung 
cancer 
patients 
25 healthy 
controls 

 (Lewis et al., 
2010) 

Sun et al,  2013 ATR-FTIR 
spectroscopy 

Lung tissue  
(tumour and 
non-tumour) 

60 
samples 
(30 
patients) 

Peak intensity 
1546 
Ratio 1120 

(X. Sun, Xu, 
Wu, Zhang, 
& Sun, 
2013) 

Wang et al,  1997 FTIR 
microspectroscopy 

Pleural fluid 8 patients Peak intensity 
ratios: 
1030 cm-1 
1080 cm-1 

(Wang, 
Wang, & 
Huang, 
1997) 

Yano et al, 
1996 

1996 ATR-FTIR 
spectroscopy 

Lung tumour 52 
samples 
(26 
patients) 

Ratio 
1045/1545 

(Yano, 
Ohoshima, 
Shimizu, 
Moriguchi, 
& 
Katayama, 
1996) 

Yano et al,  

2000 

2000 FTIR spectroscopy Lung tumour 
(24) 
Matched control 
tissue 

48 
samples 
(24 
patients) 

Ratio 
1045/1465 

(Yano et al., 
2000) 

 

These research studies were all small in sample size but suggest that for lung cancer 

as for other cancers FTIR spectroscopy was able to differentiate between healthy cells 

and tumour cells.  
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FTIR spectroscopy and field carcinogenesis 

 

FTIR spectroscopy has been shown to detect biochemical changes in keeping with field 

carcinogenesis in morphological normal epithelial cells to include oral and cervical cells 

(Diem et al., 2013; Schubert et al., 2010).  Analysis of oral cells by FTIR spectroscopy 

showed that the morphologically normal cells from a patient with oral cancer had 

spectral similarities to the adjacent cancer, and similarly could be differentiated from 

samples from ‘healthy’ controls (Diem et al., 2016; Papamarkakis et al., 2010). Diem 

and colleagues also found that FTIR spectroscopy of oesophageal cells could detect 

spectra signatures in morphologically normal cells that clustered with abnormal cells in 

patients with disease, again suggesting the possibility that FTIR spectroscopy is able to 

detect metabolic changes in cells indicating pathology before they undergo 

morphological changes (Townsend et al., 2015).  

 

 

1.3 Summary, this project 

 

Lung cancer is the leading cause of cancer death, but despite a large body of research, 

the promises of lung cancer screening and molecular biomarkers there is still a need to 

improve early diagnosis.  A minimally invasive tool that could detect field 

carcinogenesis could have huge clinical utility. FTIR spectroscopy has been shown to 

be able to detect changes indicative of field carcinogenesis. Work started previously in 

this laboratory explored the potential of FTIR microspectroscopy of cytologically normal 

buccal cells to differentiate between individuals with a distal cancer and those without. 

This initial work, (Chapter 3), which inspired this project has been expanded to 

ascertain if FTIR microspectroscopy of buccal cells can detect field carcinogenesis and 

subsequently differentiate between the buccal cells of individuals with and without lung 

cancer to be used as an early lung cancer screening tool.  
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1.4 Hypothesis and Aims 
 

1.4.1 Hypothesis 

 

In this project, I hypothesise that FTIR spectroscopy will be able to identify changes in 

buccal cells indicative of field carcinogenesis that could be used to predict the presence 

of a distal lung cancer. Subsequently, I hypothesise I will be able to differentiate 

between morphologically normal buccal cells of individuals with a distal lung cancer and 

those without.  

 

1.4.2 Aims 

 

• To optimise methodology to ensure spectral changes detected are representative of 

the samples and not subject to confounding factors due to processing 

• To detect spectral differences in the buccal cells of patients with a distal lung cancer 

compared to those without, to ascertain if FTIR spectroscopy can detect ‘field 

carcinogenesis’ 

• To understand the spectral differences detected in the context of smoking and other 

possible confounding factors 

• To identify a classifier that could be used as a lung cancer screening tool to improve 

early diagnosis 

• To validate these findings in a separate data set (population) 
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2 Methods and Materials 
 

2.1 Patient Recruitment 

 

133 patients were recruited from UCLH bronchoscopy and Thoracic Surgery services.  

All patients were undergoing bronchoscopic procedures or surgery as part of their 

routine clinical care. Procedures included endobronchial ultrasound (EBUS), flexible 

bronchoscopies and thoracic surgery (to include both open lung resections and video-

assisted thoracoscopic surgical (VATS) procedures).   

Prior to recruitment patients were provided with a Patient Information Sheet (PIS) and 

time to discuss as required, following which written consent was obtained.  Ethical 

approval for the project was granted from Harrow Research Ethics Committee (REC; 

(REC reference number 06/Q0505/12; South Central Hampshire B REC (18/SC/0514) 

and East Midlands Nottingham 1 REC (18/EM/0261)).  All patients were starved of food 

for at least 4 hours and of liquids for at least 2 hours prior to sample collection (standard 

pre-procedure protocols).  Information was collected from patients with regards to their 

smoking history and medical history was reviewed to assess for final diagnosis, to 

include histological type of lung cancer where relevant. Buccal cell sampling was 

performed just prior to the clinical procedure.   

Of the 133 patients recruited, 131 samples were suitable for microspectroscopy and 

each sample comes from and represents a different patient. 1 sample was damaged 

and the other had too few cells to analyse.  The samples were measured and analysed 

in two separate cohorts, which will be subsequently referred to as ‘Cohort 1’ and 

‘Cohort 2’ (Figure 2.1). 

Cohort 1 contained 52 patients. After sample preparation and IR measurements 27 

samples were excluded from analysis; 22 samples had issues with sample preparation 

and 5 samples were excluded due to missing outcome data or an inconclusive final 

diagnosis.  The remaining 25 samples in Cohort 1 were analysed with FTIR 

microspectroscopy by the Bruker Hyperion 3000 using a synchrotron light source; 18 of 

these same samples were analysed by the Frontier Spotlight using a conventional light 

source (section 2.3).  
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Cohort 2 contained 79 patients. After sample preparation and IR measurement 8 were 

excluded from analysis due to missing outcome data or an inconclusive final diagnosis. 

The remaining 71 samples in Cohort 2 were analysed with FTIR microspectroscopy by 

the Nicolet using a conventional light source (section 2.3). 

 

Figure 2.1: Flow diagram of recruitment to this project 

 

Samples were classified as being from a patient with histologically confirmed lung 

cancer or no lung cancer (which will subsequently be referred to as a ‘control’).  The 

control group includes individuals with other respiratory conditions and in some 

instances other cancers to include metastatic cancer with lung involvement. This 

population was chosen to assist with ensuring that any detected signature of ‘lung 

cancer’ could be differentiated from possibly similarly presenting conditions to include 

other respiratory or systemic conditions.  It is recognised that the population of patients 

recruited in this study do not reflect patients that would be recruited as part of a 

screening programme as all patients recruited here had already presented with 

symptoms. However, it was chosen for this preliminary work to ascertain if changes 

could be detected between individuals with lung cancer and those without.  

Some samples were used in optimisation experiments with additional samples taken to 

understand possible effects of sample preparation steps and to remove possible 

confounding factors.   
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2.2 Sample Processing 
 

To optimise sample preparation, experiments were performed to understand and 

minimise any effects of the processing steps on the FTIR spectra recorded. The effects 

of different fixatives, duration of fixative and possible effects of Colgate® and food 

consumption prior to sampling, as well as a different method of cell transfer, were all 

reviewed. The results of these experiments are presented in Chapter 4.  The finalised 

protocol for sample preparation is shown in Table 2.1 and is the standard method used 

unless otherwise stated.  

Table 2.1: Protocol for sample preparation 

Steps Material 

1. Oral rinse with Colgate®  Colgate® (EtOH free preparation) 

2. Oral rinse with water  

3. Visual inspection of mucus membrane, for breaks 
or ulceration 

 

4. Buccal cells were exfoliated under direct vision 
from intact inner oral mucosa, using a rotated 
cytology brush  

Cytological Sampling Brush: CYT1050, 
(part no. 49102B), Scientific Laboratory 
Supplies Ltd 

5. Cells immediately fixed in 1 ml 10% NBF >30 min 
in 15 ml falcon tubes (< 3 hours – standard 
procedure) 

10% Neutral Buffered Formalin Merck 
Life Science UK Ltd 

6. Brush vortexed in cell suspension and removed  

7. Suspension filtered using 100 µm cell strainers: 
a. 500 µl distilled water to wet the filter 
b. Cell suspension filtered 
c. 500 µl distilled water to wash through 

suspension 

100 µm cell strainers (MACS® 
Smartstrainers (Miltenyi Biotec):  

 

8. Suspension centrifuged for 5 min at 300 rcf  

9. Supernatant discarded  

10. Cells re-suspended in distilled water, 400 µl  

11. Centrifuged for 5 min at 300 rcf, following which 
supernatant removed 

 

12. Cells re-suspended in 400-800 µl distilled water, 
dependent on the density of the cell suspension 

 

13. 200 µl cell suspension cytospun onto zinc selenide 
IR windows, 1 mm x 22 mm and 1 mm x 18 mm 
(using an in-house custom-made slide holder to 
prevent slide movement), using a Thermo 
Shandon Cytospin 3 Centrifuge. 

ZnSe IR windows 22mm x 1mm and 
18mm x 1mm Crystran Ltd 

14. A further 200 µl cell suspension was spun at the 
same time as the above onto a normal histology 
slide  

Histology slide: (Thermo Scientific 
Superfrost® Plus) (J1819AMZN) 

15. Slides were left to air dry  

16. IR windows were stored in individual containers in 
a desiccated environment at 4oC prior to analysis 

 

17. Histology slide stained with H&E using an 
automated processor. Images were digitalised 
using a Nanozoomer and kept at room 
temperature, prior to histological review.  
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For each sample, buccal cells were spun onto both an IR window and normal histology 

slide. The latter was subsequently stained with haematoxylin and eosin (H&E) and 

reviewed with a histopathologist to confirm normal cell morphology. 

 

2.3 FTIR microspectroscopy methods 
 

Three FTIR microspectrometers were used to measure buccal cells (Figure 2.2): A 

Bruker Hyperion 3000, using a synchrotron light source, a Frontier Spotlight using a 

conventional light source, and a Nicolet iN10 using a conventional light source. These 

will be subsequently referred to as the Bruker, Spotlight and Nicolet spectrometers. The 

features of the respective spectrometers and the parameters used during sample 

measurement are shown in Table 2.2.  

 

Figure 2.2: Photographs of the three FTIR microspectrometers used. A: Bruker Hyperion 3000, B: 
Frontier Spotlight, C: Nicolet iN10 

 

 

  

A 

B 

C 
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2.3.1 Spectrometer parameters 

 

Table 2.2: Features of the three spectrometers and the parameters used. 

Reference Name Bruker Spotlight Nicolet 

Location Harwell science and 
Innovation Campus 
Didcot, 
Diamond Light Source 
Facility 

Harwell science and 
Innovation Campus 
Didcot, 
Laboratory Beamline 
diagnostics 

Earth Sciences 
Department, UCL 
Laboratory 

Make, Model Bruker Vertex 80V Frontier 400 Nicolet iN10  

Light source Synchrotron 
(Beamline 22) 

Longlife source 
(conventional) 

EverGlo 
(conventional) 

Microscope Hyperion 3000 Spotlight 200i Integrated infrared 
microscope 

Objective 36 x variable 15 x 

Optic under vacuum YES NO NO 

Beamsplitter KBr KBr KBr 

Detector MCT 
(LN cooled) 

MCT 
(LN cooled) 

MCT 
(LN cooled) 

Software version 
(Make) 

OPUS 7.0 
(Bruker) 

Spectrum 10 
(Perkin Elmer) 

OMNIC PICTA 1.7 
(Thermo Scientific) 

Measurement Transmission Transmission Transmission 

Aperture 15 x 15 30 x 30 30 x 30 

Data collected  
Wavenumber 

4000 – 600 cm-1 4000 – 600 cm-1 4000 – 600 cm-1 

Background scans 500 interferograms 16 co added scans 128 interferograms 

Interval between 
background scans 

10 cells 5 mins 10 – 25 cells  
(blanks not 
backgrounds) 

Samples scans 256 interferograms 
co added and averaged 

16 co-added and 
averaged 

128 interferograms co-
added and averaged 

Resolution 4 cm-1 4 cm-1 4 cm-1 

Abbreviations: KBr: Potassium Bromide, MCT: Mercury Cadmium Telluride, LN: liquid nitrogen. 

 

2.3.2 FTIR data acquisition 

 

Once the measurement parameters (Table 2.2) had been set, a white light image of the 

window was captured by the microscope. From the white light images an average of 

either 50 cells (for protocol optimisation experiments) or 100 cells (for disease 

comparisons experiments) were selected for FTIR microspectroscopic measurement. 

All single cell FTIR measurements were focused on the nucleus to maximise capture of 

a cell’s genetic material. The aperture (size of the areas of the cell) differed by 

spectrometer (Table 2.2).  Cells were selected by eye and wherever possible, 

measurements were taken from individual non clumped cells avoiding areas of debris or 

folded/ broken cells. Background measurements were taken from a cell-free area of the 
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window prior to every sample being analysed and additional background readings were 

taken during sampling to minimise the effect of small changes in ambient conditions 

during analysis (Table 2.2). Figure 2.3 shows an example of background and single cell 

FTIR measurement positions. Each single cell FTIR measurement is made up of co-

added and averaged interferograms. The number of interferograms for each single cell 

measurement and background measurement depended on the spectrometer being 

used (Table 2.2).  

Figure 2.3: White light image of IR window. The red crosses represent the single cell transmission 
measurements. Numbers correspond with spectra generated to enable the spectrum of each cell to be 
reviewed relative to its morphology if required. The red crosses are not to scale (aperture 30 x 30 µm 
used for the readings), red cross approximate 100 x 100 µm equivalent. An example of the placement of 
a background reading is shown (B +). 

 

The respective software for each spectrometer was used to convert the background 

and sample measurements into energy scans. Absorbance was then calculated using 

the Beer Lambert’s law (Log 10 (/sample scan)), which ratios the sample spectrum to 

the background to minimise background contributions. In samples analysed with the 

Nicolet spectrometer a background reading was taken prior to every sample, but it was 

B 



47 
 

not possible to take repeat background samples due to an error in the OMNIC software. 

Therefore, to monitor for significant background changes ‘blank’ readings at a cell-free 

area of the window were taken after every 10 cells initially but were changed to every 

25 cells in later analysed samples. In samples where there was concern around 

changes in ambient conditions, the nearest blank, followed by another as required, was 

reviewed with a view to substituting it in for the background. 

 

2.3.3 FTIR data pre-processing 

 

Data pre-processing is an essential part of FTIR data analysis to ensure the data quality 

is checked and samples can be accurately compared and features interpreted.  Initial 

data processing was performed in OPUS software; however, due to the large volume of 

data generated, alternative tools were required for automation. For all presented data, 

all data pre-processing was conducted using MATLAB version 2017b and additional 

toolboxes: Eigenvector Research Incs.’s MATLAB specific PLS toolbox 861 and MIA 

toolbox 305 using code written by my collaborators at Beamline Diagnostics. Data pre-

processing involved correcting the data for any atmospheric contributions, the removal 

of outliers, normalisation of the data and conversion of the data to the second 

derivative.  

 

Atmospheric Correction 

 

Atmospheric correction involves accounting for any changes in the ambient 

environment caused by CO2 and/or water vapour. For the data collected using the 

Nicolet, atmospheric correction was performed using OMNIC software and accounted 

for both CO2 and water vapour; however, in the Bruker and Spotlight collected data only 

a water vapour correction was applied. Changes in CO2 were not corrected for, 

however CO2 absorption occurs between 2395 – 2250 cm-1 and does not affect the 

fingerprint region, where further analysis was conducted (Figure 2.4).  
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Figure 2.4: The uncorrected atmosphere spectrum (red) is compared to the corrected spectrum (blue).  
Spectra are off set along the y axis to enable better visualisation. A: The CO2 absorbance peak between 
2395 – 2250 cm-1 can be seen in the uncorrected spectrum shown in red (dotted box). B: The effect of 
correcting for water vapour can be observed between 2050 – 1710 cm-1 (dotted box), illustrated by a 
smoother baseline in corrected spectrum (blue). C: The background spectrum with the corrections for 
CO2 and water vapour observed between the uncorrected spectrum (red) and corrected spectrum (blue) 
are show in the dotted boxes, labelled ‘a’ and ‘b’ respectively. 

 

 

Outlier removal 

 

All spectra were reviewed by eye between 4000 – 900 cm-1 and then more closely 

between 1800 – 900 cm-1 in both the absorbance and second derivative. Poor quality 

spectra or those with obvious anomalies were removed from the data set and further 

analysis (Figure 2.5). 
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Figure 2.5 Outliers. Example spectra removed from analysis are highlighted in green. Clear outliers and 
also those with poor absorbance, likely secondary to stage misalignment were removed. 

 

 

Normalisation 

 

All spectra were normalised to the height of the amide II peak between 1580 – 1480  

cm-1 in the absorbance spectra, and between 1580 – 1530 cm-1 in the second derivative 

spectra. The height was calculated by selecting the minimum and maximum values in 

the previously mentioned spectral regions. Normalisation at the amide II peak was 

performed to account for differences in protein content between cells, which can result 

both from cell size and as a function of cell thickness, although the latter is in part 

minimised by cytospinning of cells (Figure 2.6).  

Figure 2.6: Normalisation A: Showing the non-normalised absorbance spectra of a sample between 
1800 – 900 cm-1. B: The normalised absorbance spectra in the same region, following normalisation at 
the height of the amide II peak (labelled). 
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Second derivative 

 

Unless otherwise stated, absorbance spectra were converted to the second derivative 

using 13-point Savitzky-Golay smoothing. This narrows broad peaks, helping to 

deconvolute overlapping features and corrects any baseline drift, aiding identification of 

features showing differences between the groups and comparative spectral analysis 

(Figure 2.7).  

Figure 2.7: A: The mean absorbance spectra (top) and the mean second derivative spectra (bottom) 
comparing group 1 (blue) to group 2 (red), between 1800 – 900 cm-1. B: The same data as ‘A’ shown 
between 1200 – 1000 cm-1. 

 

 

2.3.4 FTIR analytical methods 

 

Unless otherwise stated all analysis was done using MATLAB version 2017b using 

additional toolboxes: Eigenvector Research Incs.’s MATLAB specific PLS toolbox 861 

and MIA toolbox 305 and code written by my collaborators, Beamline Diagnostics.  The 

following analytical methods have been used in this project.  
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Visual analysis 

 

To compare the spectra recorded between groups, the mean absorbance spectra and 

mean and standard deviation of the second derivative spectra were calculated.  These 

were compared between the two groups to identify spectral regions that could be used 

to differentiate between them (Figure 2.8).   

Figure 2.8:  The mean absorbance spectra (top) and the mean and standard deviation (represented by 
shading either side of the mean) of the second derivative (bottom), showing the comparison between 
group 1 (blue) and group 2 (red), between 1200 – 1000 cm-1. 

 

Integration 

 

The integral (area) of spectral regions identified as showing a difference between 

groups was calculated. A linear baseline was fitted through a spectral region and the 

area of the peak or trough and the line calculated (Figure 2.9). An area was calculated 

at the specified region for each individual spectrum. Further analysis of all these areas 

was performed to determine if there was a statistically significant difference between 

groups. The chi-squared goodness of fit test of the areas at these regions was 

performed for each group to determine if the data were normally distributed (Pearson, 

1900).  At the 5% significance level, most data groups in this project were found not to 

be normally distributed therefore Wilcoxon rank-sum analysis has been used to 

compared the areas of the spectral regions between groups (Wilcoxon, 1945).   
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Figure 2.9. Diagram to illustrate how the areas of the spectral regions were calculated, showing the 
baseline (dotted line) fitted to the curve and the the subsequent area for each individual spectrum 
(represented by the blue shaded area) was calculated. Created with Biorender.com 

 

Quantification 

 

To further quantify the data and in particular review the spread of data at specified 

spectral regions histograms have been used to illustrate some of the results (Figure 

2.10). 

Figure 2.10: Spectral regions: A: The mean absorbance spectra (top) and mean and standard deviation 
(represented by shading) of the second derivative spectra (bottom) are shown comparing the spectra 
from group 1 (blue) to group 2 (orange) between 1200 – 1000 cm-1. The spectral regions that were further 
analysed are highlighted in blue (1164 – 1146 cm-1, 1090 – 1075 cm-1 and 1035 – 1017 cm-1) B – D: 
Histograms showing the spread of spectra comparing group 1 (blue) with group 2 (orange) at the three 
spectral regions respectively. 
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Principal Component Analysis (PCA)  

 

Principal component analysis (PCA) is an unsupervised analytical technique that uses 

principal variables to reduce the dimensionality of a data set, whilst looking to preserve 

and present the variation in the data set. The first principal component (PC) will 

represent the majority of the data variability, followed by the second PC and so on.  The 

PC scores are plotted against each other to show the spread of the data set. It is 

recognised as a useful tool to help separate spectra between groups through showing 

variability due to different diseased states (Byrne, Knief, Keating, & Bonnier, 2016).  In 

all PCA analysis, alongside the PCA plots, the plots of the PC loading vectors are 

given.  The PC loading vectors, used within the model, describe the PC scores and 

indicate the spectra used to describe the variation in the data set. They were visually 

compared to their corresponding spectral region to ensure the variance captured is a 

result of expected spectral differences between the groups. PCA analysis has been 

used on spectral regions in the second derivative, and in all cases the first 3 PC were 

chosen (Figure 2.11). 

Figure 2.11 PCA A: PCA plot comparing all the spectra in group 1 (red) to the spectra in group 2 (green), 
plotted by PC1, PC2 and PC3. B: Shows the data in A, but each symbol represents an individual patient. 
C: The corresponding PC loads are shown PC 1 (blue), PC 2 (orange) and PC 3 (yellow). D: The spectral 
regions that the PC loads corresponds to are highlighted in blue. 
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Classification 

 

To assess the ability of FTIR microspectroscopy to differentiate between individuals 

with cancer and those without, a classifier for the data was created.  The area of all 

spectra in all individual patient samples were plotted at a spectral region and the spread 

of the data reviewed. It was hypothesised that spectra that clustered away from the 

group, representative of a greater area, were ‘cancer-like’ signals, and those that 

clustered together were ‘control-like’ signals. The cut off to determine this has been 

termed the ‘area threshold’.  In these data, all spectral regions analysed were troughs in 

the second derivative, therefore an ‘area threshold’ defined the threshold, below which 

a spectra is classified as a ‘cancer-like’ signal and above which a ‘control-like’ signal 

(Figure 2.12A). The proportion of ‘cancer-like’ signals to ‘control-like’ signals is 

subsequently calculated at the specified area threshold and can be plotted on a bar 

chart. The ‘ratio threshold’ is then set to find a threshold at which the most patients can 

correctly be identified for both groups, with samples greater than the threshold classed 

as a ‘cancer’ and those below classed as a ‘control’.   

Initial analysis to identify a classifier, performed in Chapter 5, used a set area threshold, 

compared against a small number of ratio thresholds. Subsequent analysis (Chapter 6) 

expanded on from this, and a range of area thresholds were reviewed against a range 

of ratio thresholds, to assess many more possible combinations.  The sensitivity and 

specificity of the different threshold combinations were calculated to assist with 

choosing the optimal classifier and graphs to show the sensitivity and specificity at the 

respective thresholds were plotted. The sensitivity indicates how many patients with 

cancer were correctly identified as having cancer by the classifier, 100% being all 

correctly identified, compared to the specificity which indicates how many controls were 

correctly identified as not having cancer, with 100% specificity indicating that all those 

without cancer were correctly classified not to have it. All the data generated was 

initially reviewed and then the best ratio thresholds (chosen by having the highest 

relative sensitivity and specificity) were plotted against each other. A classifier was 

subsequently set based on both the area threshold and ratio threshold at the best 

sensitivity and specificity (Figure 2.12). 
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Figure 2.12: Classifier A: A scatter plot of the areas of all the spectra at the given region, with individual 
patients grouped and separated by group, cancer (red) and control (black). The area threshold used is 
represented by the horizontal green line. Below this all the spectra were classified as having a ‘cancer-
like’ signal (green shaded area) and above the area threshold they were classified as having a ‘control-
like’ signal.  B: A bar chart shows the proportion of ‘cancer-like’ signals to ‘control-like’ signals calculated 
at the area threshold, where each bar represents one patient, cancer patients (red), control patients 
(black). The ratio threshold (dotted horizontal blue line) is set and chosen to classify the patients as either 
cancer or control.  
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3 Results: Analysis of previously collected data 
 

3.1 Patient recruitment and sample processing 
 

The first experiments performed in this laboratory to investigate whether FTIR 

microspectroscopy of buccal cells could be used to identify field carcinogenesis and a 

distal lung cancer were performed by Dr Jim Brown.  This work was also funded by the 

Roy Castle Lung Foundation and ethical approval for the project was granted by 

Stanmore REC (REC 10/H0724/71).  All patient recruitment and sample processing 

were performed by Dr Jim Brown, using the following protocol (Table 3.1).  Sample 

measurements were recorded at Diamond Light Source, Harwell, by Jim Brown, Liberty 

Foreman and Katie Willetts using a Bruker FTIR microspectrometer with a synchrotron 

light source. FTIR measurements were recorded from 50 cells per sample. The raw 

data was analysed by myself using code written by my collaborators as described 

section 2.3.3 and 2.3.4. This work will be referred to as Roy Castle 1 (RC1) in 

subsequent chapters. 

Table 1.1: Method for sample processing 

 

Steps 

1. Mouth rinsed with Listerine 

2. Visual inspection of buccal mucosa 

3. Cells exfoliated under direct vision using a cytology brush 

4. Immediate fixation in 4% formaldehyde for 20 min 

5. Cell suspensions filtered using 100 µm cell strainer 

6. 200 µl cell suspension cytospun onto calcium fluoride (CaF2) or zinc selenide (ZnSe) IR windows, 1 mm 
thick and 22 mm in diameter, and standard microscope slides 

 

Buccal cell samples from 23 patients with lung cancer and 29 cancer-free controls (to 

include smokers and non-smokers) were prepared on ZnSe IR windows, and samples 

from 11 patients with cancer and 8 cancer-free controls were prepared on CaF2 IR 

windows. The main analysis compared the FTIR spectra of buccal cells between 

patients with lung cancer and those without (with a sub-analysis to assess for 

differences due to smoking status). Further analysis compared the results obtained on 

the ZnSe and CaF2 windows to show the different IR substrates and a final analysis 

compared FTIR microspectroscopy of nasal cells to buccal cells.  
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3.2 Cancer versus Control 
 

Buccal cell samples from 23 patients with cancer and 29 controls, prepared on ZnSe IR 

windows were compared. The mean absorbance of 1120 spectra in the cancer group 

were compared to 1472 spectra in the control group between 1800 – 1000 cm-1.  Small 

differences were noted in the 1200 – 1000 cm-1 region, particularly at peaks 1155 cm-1, 

1081 cm-1 and 1028 cm-1. To emphasise these differences the spectra were converted 

to their second derivative and the mean and standard deviation of the second derivative 

spectra were calculated and compared (Figure 3.1).  Differences between the cancer 

and control groups were highlighted in the 1163 – 1144 cm-1, 1089 – 1076 cm-1 and 

1035 – 1015 cm-1 regions, now appearing as troughs at 1155 cm-1, 1081 cm-1 and 1028 

cm-1 (Figure 3.1B). The area for each spectra in these spectral regions (1163 – 1144 

cm-1, 1089 – 1076 cm-1 and 1035 – 1015 cm-1) were calculated and Wilcoxon rank-sum 

analysis was performed (section 2.3.4) to compare the two groups. A statistically 

significant difference between cancer and control groups was found at all spectral 

regions, p value <0.0001.  

Figure 3.1: Comparing the cancer and control groups. A: The mean absorbance spectra (top) and mean 
and standard deviation (represented by shading) of the second derivative spectra (bottom) are shown 
comparing patients with cancer (red) to controls (black), between wavelengths 1800 – 1000 cm-1.  B: 
Shows the above data between 1200 – 1000 cm-1 with the spectral regions 1163 – 1144 cm-1, 1089 – 
1076 cm-1 and 1035 – 1015 cm-1 that were further analysed highlighted in blue. 
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Having established that there was a significant difference when comparing between the 

cancer and control groups, the spread of all the data was reviewed to better understand 

the variation between the two groups.   

Figure 3.2: PCA Analysis A: PCA plot of 1120 cancer spectra (red) from 23 patients compared to 1472 
spectra from 29 control patients (green), shown plotted by PC1, PC2 and PC3, representing the spectral 
regions 1163 – 1144 cm-1, 1089 – 1076 cm-1 and 1035 – 1015 cm-1. The outlier areas were identified 
(dotted boxes) and corresponding plots compared to show the spectra separated at an individual patient 
level (each symbol in the solid boxes represents an individual patient). B: Shows the corresponding PC 
loads, PC1 (blue), PC2 (orange), PC3 (yellow) C: The mean and standard deviation of the second 
derivative of all the spectra are shown, with cancer (red) compared to control (black) with spectral regions 
analysed by PCA highlighted in blue (1163 – 1144 cm-1, 1089 – 1076 cm-1 and 1035 – 1015 cm-1) to allow 
comparison with the regions the PC loads correspond to. 
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PCA analysis was performed on the three spectral regions analysed above (1163 – 

1144 cm-1, 1089 – 1076 cm-1 and 1035 – 1015 cm-1) using 1120 spectra from the 23 

patients with cancer and 1472 spectra from 29 control patients.  The first three principal 

components were used accounting for 88% of the data variance, with 75%, 8% and 5% 

respectively for PC1, PC2 and PC3.  The PC loads are shown in Figure 3.2B and 

resulting scores in Figure 3.2A. A number of spectra between both groups cluster 

together, as might be expected given that all cells are cytologically normal. PC1 shows 

the largest variance between the data, with greater variation shown in the spectra from 

the cancer patients compared to the controls (Figure 3.2A). To ensure this variance was 

not limited to only one or two individual patients, the equivalent PCA data was plotted 

by patient and compared (Figure 3.2A). The resulting subplots show that the variation 

between the groups were from multiple patients.  

 

3.3 Sub-analysis: Smoking effect 
 

Smoking is recognised to cause a ‘field of injury’ within the respiratory tract.  A sub-

analysis was performed on the data to ensure that smoking was not a confounding 

factor, and that we were not detecting a ‘field of injury’ but indeed ‘field carcinogenesis’.  

The control group was separated into smokers (23 patients) and non-smokers (6 

patients). The mean absorbance and mean and standard deviation of the second 

derivative of the smoking control and non-smoking control groups (Figure 3.3A) and of 

the cancer (23 patients) and smoking controls (23 patients) (Figure 3.3B) were 

reviewed between 1200 – 1000 cm-1. The areas of all spectra in the spectral regions 

1163 – 1144 cm-1, 1090 - 1075 cm-1 and 1036 – 1015 cm-1 were calculated and 

Wilcoxon rank-sum analysis (section 2.3.4) used to compare between the groups. No 

significant difference between the control smoking group and non-smoking group was 

seen with p values of 0.11, 0.73 and 0.54 for spectral regions 1163 – 1144 cm-1, 1090 - 

1075 cm-1 and 1036 – 1015 cm-1 respectively.  In comparison, a significant difference 

was found at all three regions between the cancer group and smoking controls, p value 

< 0.0001.  These results suggest that the changes between the groups are independent 

of smoking status.  

 



60 
 

Figure 3.3: Comparing spectra based on smoking status A: The mean absorbance spectra (top) and the 
mean and the standard deviation of the second derivative spectra (spread represented by shading 
(bottom) are shown comparing 298 spectra from the non-smoking control (blue) and 1133 spectra from 
the smoking control (green) between wavelengths 1200 – 1000 cm-1. The spectral regions (highlighted in 
blue) 1163 – 1144 cm-1, 1090 – 1075 cm-1 and 1036 – 1015 cm-1 were further analysed. B: The mean 
absorbance spectra (top) and the mean and the standard deviation of the second derivative spectra 
(spread represented shading) (bottom) are shown comparing 1133 spectra from the smoking control (red) 
and 1082 spectra form the cancer patients (purple) between wavelengths 1200 – 1000 cm-1. The spectral 
regions (highlighted in blue) 1163 – 1144 cm-1, 1090 – 1075 cm-1 and 1036 – 1015 cm-1 were further 
analysed. 

 

 

3.4 Comparing IR substrates 
 

The IR substrate chosen for FTIR microspectroscopy must transmit IR light in the 

required range for the compounds of interest. Glass windows, for example, used in 

standard cytopathology are largely opaque to IR light and do not transmit below 1800 

cm-1 (Bassan et al., 2014).  ZnSe and CaF2 IR windows both transparent in the mid-IR 

range. ZnSe is able to transmit to lower wavenumbers but is relatively expensive and 

fragile. CaF2 IR windows are widely used and more affordable but have reduced 

transmission below 1050 cm-1. 3  

To determine whether the differences observed when using ZnSe windows could be 

replicated when analysing samples on CaF2, additional samples from nineteen patients, 

11 with cancer and 8 controls, were cytospun on CaF2 IR windows.  The mean 

 
3 https://www.crystran.co.uk/optical-materials/calcium-fluoride-caf2 
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absorbance spectra and means and standard deviation of the second derivate spectra 

of the cancer and control group were compared between 1200 – 1000 cm-1. Differences 

between the cancer and control spectra were observed in the 1163 – 1143 cm-1, 1089 – 

1073 cm-1, 1056 – 1041 cm-1 and 1034 - 1014 cm-1 spectral regions (Figure 3.4A). The 

area of all the spectra at these regions (1163 – 1143 cm-1, 1089 – 1073 cm-1, 1056 – 

1041 cm-1 and 1034 - 1014 cm-1) was calculated and Wilcoxon rank-sum analysis 

performed (section 2.3.4). A statistically significant difference between cancer and 

control groups was found at spectral regions 1163 – 1143 cm-1, 1089 – 1073 cm-1 and 

1056 – 1041 cm-1, p value <0.0001, but not at spectral region 1034 – 1014 cm-1, p = 

0.0216.  

Figure 3.4 Samples prepared on CaF2, comparing cancer to control. A: The mean absorbance spectra 
(top) and mean and the standard deviation of the 2nd derivative spectra (spread represented by shading) 
(bottom) are shown comparing patients with cancer (red) and controls (black) recorded on CaF2, between 
1200 – 1000 cm-1. The spectral regions (highlighted in blue) 1163 – 1143 cm-1, 1089 – 1073 cm-1, 1056 – 
1041 cm-1 and 1034 – 1014 cm-1 were further analysed. B: Comparison of 910 spectra recorded on CaF2 
(blue) and 939 spectra recorded on ZnSe (orange) IR windows showing mean absorbance spectra (top) 
and mean and the standard deviation of the 2nd derivative spectra (spread shown by shading) (bottom) 
between 1800 - 900 cm-1. 

 

The absorbance spectra of buccal cells recorded on ZnSe and CaF2 were compared 

between 1800 – 900 cm-1, (Figure 3.4B) and were consistent with their recognised 

range of IR transmission. The increased spread of data (represented by the standard 

deviation) in the CaF2 IR windows at lower wavenumbers is consistent with CaF2 having 

a lower SNR than ZnSe, as CaF2 absorbs IR light below 1060 cm-1. This suggests that 
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whilst CaF2 IR windows may also be suitable for this work, slightly different features 

may need to be used, avoiding the use of lower wavenumbers where there is a reduced 

transmission of light.   

 

3.5 Comparing Buccal and Nasal cells 

 

In addition to buccal cell collection, nasal cells were sampled and analysed to compare 

which oral epithelial cells are best for spectral analysis.  Nasal cells, like buccal cells, 

share field changes with the bronchial epithelium, and therefore are a possible site for a 

non-invasive lung cancer screening test (Perez-Rogers et al., 2017).  Nasal cells are 

used preferentially to buccal cells by groups looking at the transcriptomic changes in 

the oral mucosa, as analysis of buccal cell samples results in lower RNA levels 

following extraction, likely secondary to degradation by salivary RNases (Wali et al., 

2014).  

Buccal cell samples from 22 patients (809 spectra) were compared to nasal cell 

samples from 3 patients (42 spectra). Analysis of nasal cells showed a greatly reduced 

maximum absorbance when compared to buccal cells which subsequently resulted in 

increased noise after normalisation of the data (Figure 3.5A and B). The analysed nasal 

cells were collected and processed by Dr Jim Brown as all samples presented above.  

These original windows were not available for review, therefore matched buccal and 

nasal swabs from the same subjects (n=2) were taken and processed (Table 2.1 

section 2.2).  Two variables in assessing suitability of collection site were considered, 

firstly the ease of cell collection with a cytology brush and secondly the quality of cells 

after collection.  Cell collection is performed with a soft cytology brush and is minimally 

invasive at both sites. However buccal cell collection was generally better tolerated by 

subjects. Nasal cells were found to be fragmented with few cells appropriate for 

analysis, in contrast to buccal cell collection which consistently resulted in intact cells 

(Figure 3.5C and D).  
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Figure 3.5: Comparing buccal and nasal cells: A: The mean and standard deviation of the non-
normalised absorbance spectra for 22 buccal cells (blue) compared to 3 nasal cells (orange) (994 spectra 
vs 42 spectra). B: The normalised absorbance spectra of same data shown in A. C: White light 

microscope images of buccal cells. D: White light microscope images of nasal cells.  
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3.6 Future research 
 

This initial work suggested that FTIR microspectroscopy can distinguish between 

cytologically normal buccal cells from individuals with cancer and those without, 

independent of smoking status.   It appeared that only a proportion of the cells in the 

patients with cancer cluster differently from the controls. No additional data to include 

histological subtype of cancer was available for this cohort. Expansion of this project 

has looked to firstly replicate these initial findings, and subsequently understand the 

differences observed.   

Based on the analyses above, future work has used only buccal cells and ZnSe IR 

windows.  Although a statistically significant difference between the groups was found 

with both IR substrates, by using ZnSe in this exploratory work the reduced noise at 

lower wavenumbers may assist with understanding the difference being observed 

between the two groups.  However, the results on CaF2 are encouraging, and as a 

more cost-effective substrate it could be a more practical and commercially viable 

option for clinical translation.  
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4 Results: Sample preparation and considerations 

for FTIR analysis 
 

Sample preparation is an important consideration in FTIR spectroscopy as it can have a 

huge impact on the resultant data obtained. Numerous groups have investigated the 

application of microspectroscopy in biological tissues, and methods for processing and 

preparing samples for IR analysis to minimise biochemical alterations when compared 

to the in vivo state, have been suggested, but there are no widely agreed standards 

(Baker et al., 2014).  

To ensure that the buccal cell spectra recorded in this project were representative of the 

cells collected from the patients and not confounded by sample preparation or patient 

influencing factors protocol optimisation experiments were conducted. These 

experiments assessed the type of fixative and duration of fixation used, following by an 

investigating into the possible confounding effects of mouthwash and food and a review 

of the method of cell transfer onto IR windows. The practical application of these 

methods for buccal cell processing were also considered, to ensure any protocol could 

be easily translated to the clinical environment.  

 

4.1 FTIR spectra of solutions 
 

To ensure that the components of the sample preparation solutions did not interfere 

with the signals of interest from buccal cells, initial work was conducted to identify the 

FTIR spectra of the different solutions used. The spectra of water and wet spectra of 

10% NBF, 100% ETOH and Colgate® (ETOH free) were reviewed between 4000 – 700 

cm-1 (Figure 4.1).  The absorbance peak between 3700 – 3000 cm-1 is representative of 

O-H stretching and water absorption. Absorption of water also occurs between 1710 – 

1520 cm-1 associated with O-H bending vibrations (Movasaghi et al., 2008; Talari et al., 

2017). All solutions, 10% NBF, 100% ETOH and Colgate® show additional absorption 

peaks in their wet states compared to water in the fingerprint region between 1200 – 

900 cm-1.  These individual solutions were further reviewed and compared with a view 

to understanding if they had any effect on the recorded buccal spectra. 
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Figure 4.1: Absorbance spectra of solutions. Showing 100% ETOH (purple), water (dark blue), 10% NBF 
(green) and 100% Colgate® (light blue) between 4000 – 700 cm-1. Spectra are stacked to enable better 
comparison and visualisation. The spectral regions 3700 – 3000 cm-1, 1710 – 1520 cm-1 and 1200 – 900 
cm-1 are labelled, a, b and c respectively.  

 

 

4.2 Optimising cell preparation 

 

4.2.1 Fixation 

 

Cell preparation needs to ensure minimal disruption to cell structure and biochemical 

properties.  Fixation of tissues and cells is standard procedure for cytological 

examination.  It is performed with the aim of preserving the properties of the cells or 

tissue and reducing the effects of autolysis that can occur when cells are removed from 

their natural environment and subjected to changes in osmotic forces (Lyng, Gazi, & 

Gardner, 2011). The effect of fixation on the properties of biological tissues is important 

and has been evaluated in the context of IR spectroscopy, with a view to establishing 

the best method of fixation to ensure samples are as similar as possible to the in vivo 

state.  It is recognised that all fixatives will have some effect on cell structure, with 

changes observed in protein, lipid, carbohydrate and nucleic acid spectral signatures 

(Meade et al., 2010). Some research groups have looked to avoid possible confounding 
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factors caused by fixative solutions by performing live cell spectroscopic analysis 

(Vaccari, Birarda, Businaro, Pacor, & Grenci, 2012; Whelan, Bambery, Puskar, 

McNaughton, & Wood, 2013). However, this would not be practical as part of a 

minimally invasive test for widespread lung cancer screening so was not explored for 

this project. Protocols have suggested both formalin and ethanol as possible fixative 

agents for cell preparation prior to spectroscopy (Baker et al., 2014). With the spectra of 

formalin fixated cells suggested to be the most similar to those of live cells, however the 

importance of assessing fixative relative to cell type has been recognised (Lyng et al., 

2011; Meade et al., 2010).  

10% NBF was used in the preliminary work, RC1, (Chapter 3) investigating FTIR 

microspectroscopy of buccal cells in this lab and other groups have similarly used 

formalin for cell fixation prior to spectroscopy (Baker et al., 2014; Romeo, Mohlenhoff, 

Jennings, & Diem, 2006).  However, a group sampling buccal cells and analysing them 

with partial wave spectroscopy, use 95% ethanol to fix the samples.   

In addition to the lack of a standard fixative solution for biomedical FTIR spectroscopic 

applications, there is no standard duration of fixation. Some research groups fix with 

formalin for less than 30 seconds (Romeo et al., 2006), whereas others suggest fixation 

in formalin for at least 30 minutes (Baker et al., 2014).  Optimisation work has 

investigated the duration of fixative for buccal cells. These experiments were conducted 

mindful of clinical translation of any protocol, to consider how quickly cell processing 

should occur after sampling and specifically understand whether the fixative could be 

used as a transport solution. 

Type of fixative 

 

To understand of the effects of different fixatives on buccal cell spectral readings, 2 

samples were taken from each of 3 subjects. For each subject 1 sample was fixed in 

1ml 10% NBF and the other in 1ml 100% EtOH, following which they were processed 

as per the standard protocol (Table 2.1, section 2.2). All samples were measured with 

the Nicolet spectrometer. 165 spectra for the samples fixed in 10% NBF were 

compared with 164 spectra in the samples fixed in 100% EtOH. The normalised mean 

absorbance spectra of the two groups between 4000 – 900 cm-1 was reviewed, with 

notable differences around 3000 – 2800 cm-1 and 1740 cm-1, that were also apparent in 

the second derivative (Figure 4.2A, B and C). The areas at spectral regions 2940 – 
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2912 cm-1, 2860 – 2843 cm-1 and 1754 – 1734 cm-1, were calculated and Wilcoxon rank 

sum analysis was performed (section 2.3.4) to compare the difference between the 

NBF and ETOH fixative groups. There was a statistically significant difference p < 

0.0001, at all three regions (2940 – 2912 cm-1, 2860 – 2843 cm-1 and 1754 – 1734 cm-1) 

between spectra fixed in NBF compared to ETOH. Histograms at the spectral regions 

were plotted to further review the spread of the data (Figure 4.2 D, E and F). 

Figure 4.2: Comparing fixatives. A: The mean absorbance spectra (top) and mean and standard 
deviation (shown by shading) of the second derivative spectra (bottom), between 4000 – 900 cm-1 
comparing 165 spectra in the 10% NBF fixed samples (green) to 164 spectra in the 100% ETOH fixed 
samples (purple). B: The same data shown between 3000 – 2800 cm-1, with the spectral regions further 
analysed 2940 – 2912 cm-1 and 2860 – 2843 cm-1, highlighted in blue. C: The same data as in A between 
1780 – 1720 cm-1, with spectral region further analysed, 1754 – 1734 cm-1 highlighted in blue. Figures D, 
E and F show histograms for the data at these three regions respectively 2940 – 2912 cm-1, 2860 – 2843 
cm-1 and 1754 – 1734 cm-1. 

 

 

Reduced absorption and loss of spectral features were seen in both the 3000 – 2800 

cm-1 and 1740 cm-1 spectral regions in the ETOH fixed samples. These regions are both 

associated with lipid absorption (Talari et al., 2017). The differences between the ETOH 

fixed and 10% NBF fixed samples could be consistent with lipids being soluble in 

alcohol.  There is potential for this to translate to information loss, as cancerous cells 
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have been recognised to have an increased lipid content (Jin & Yuan, 2020; Pavlova & 

Thompson, 2016).  

10% NBF was subsequently chosen as the more suitable fixative agent over ETOH. To 

further assess the suitability of buccal cell fixation with 10% NBF the mean of the 

second derivative of the pure dried spectrum of 10% NBF was compared to the mean 

spectra of buccal cells fixed in 10% NBF between 1200 – 1000 cm-1 (Figure 4.3). The 

spectrum of 10% NBF did not overlap with the buccal cell spectra suggesting that there 

is no residual NBF from the cell processing that is contributing to the spectral 

measurements.   

Figure 4.3: NBF. The second derivative spectrum between 1200 – 1000 cm-1 comparing the mean and 
standard deviation of buccal cells fixed in 10% NBF (grey) with the mean of the dried spectrum of pure 
10% NBF (green).  

 

However, it is recognised, that this is not the same as 10% NBF not having any effect 

on buccal cells signature and 10% NBF, as with many other fixatives, has been found to 

reduce peak intensities (Mariani, Lampen, Popp, Wood, & Deckert, 2009). This will only 

be a concern if the reduction in peak intensities is such that no difference between 

cancer and control can be observed.  It has previously been suggested that whilst 

fixation does cause spectral changes, they are not as large as those caused by 

disease, and therefore fixation is unlikely to mask any true differences (Mazur, 

Marcsisin, Bird, Miljković, & Diem, 2012).  Furthermore, any changes as a result of 10% 

NBF should not truly affect comparison between the groups as it would be expected 

that the spectra in both groups would be altered similarly. 
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Duration of fixation 

 

To assess whether the duration of fixation affects the spectral signatures, 5 samples 

from 3 subject were taken and fixed for either 1 hour, 24 hours, 48 hours, 72 hours, 1 

week or 2 weeks. After 1 hour, samples were kept in the fridge at 4°C until they were 

processed. 10% NBF was used and apart from duration of fixation samples were 

processed as per Table 2.1 (section 2.2). Samples were measured the Nicolet 

spectrometer. Fixation at 1 hour was regarded as the reference group, (it has previously 

been suggested that formalin fixation should be for a minimum of 30 mins, (Baker et al., 

2014)). Comparisons were made at the spectral regions previously identified as 

showing a difference between the control and cancer groups (Chapter 3) comparing 

fixation at 1 hour with the 5 different time periods. The areas of all spectra in the 

spectral regions 1161 – 1147 cm-1, 1089 – 1073 cm-1 and 1036 – 1015 cm-1 were 

calculated and Wilcoxon sum-rank analysis performed (section 2.3.4) comparing 1 hour 

fixation with the five other time points (Figure 4.4 and Table 4.1).  

 

Table 4.1 Wilcoxon rank-sum analysis results of the comparison between fixation for different time 
periods compared to 1 hour at the three spectral regions 1161 – 1147 cm-1, 1089 – 1073 cm-1 and 1036 – 
1015 cm-1. Significant differences are highlighted in bold. 

Comparison 

 

1161 – 1147 cm-1 

(p value) 

1089 – 1073 cm-1 

(p value) 

1034 – 1015 cm-1 

(p value) 

1 h vs 24 h 0.9562 0.2997 0.0114 

1 h vs 48 h 0.1326 0.8017 <0.0001 

1 h vs 72 h 0.0845 0.5465 0.1651 

1 h vs 1 week 0.6682 <0.0001 <0.0001 

1 h vs 2 week 0.8090 0.1225 0.0002 

 

127 spectra in the 1 hour group were compared to 163 spectra (24 hours), 136 spectra 

(48 hours), 130 spectra (72 hours), 123 spectra (1 week) and 139 spectra (2 weeks). 

No significant difference was seen at any time point at the spectral region 1161 – 1147 

cm-1.  At the spectral region 1089 – 1073 cm-1 although a significant difference was 

observed between the 1hour and 1 week fixed samples, there was no significant 

difference between the samples fixed for 1 hour compared to 2 weeks.  At the third 

spectral regions (1036 – 1015 cm-1) no significant difference was observed between the 



71 
 

1 hour and 72 h fixed samples, however a significant difference was observed at all 

other time point comparisons (Table 4.1).   

Figure 4.4 Comparison of different durations for fixation. A: Mean second derivative spectra between 
1200 – 1000 cm-1, comparing spectra fixed for 1 hour (red), 24 hours (purple), 48 hours (green), 72 hours 
(light blue), 1 week (blue), 2 weeks (yellow). B:  Mean and standard deviations of the second derivative 
spectra between 1200 – 1000 cm-1 comparing spectra at 1 hour (red) to 24 hours (purple) with the 
spectral regions further analysed highlighted in blue. C: Mean and standard deviations of the second 
derivative spectra between 1200 – 1000 cm-1 comparing spectra at 1 hour (red) to spectra at 2 weeks 
(yellow) with the spectral regions further analysed highlighted in blue. 

 

This analysis found no significant difference with up to 2 weeks fixation in the first 2 

spectral regions. A possible issue with interpretation and comparison at the lower 

spectral region 1034 – 1015 cm-1 was the reduced signal to noise in a number of 

samples at the lower wavelengths.  This is illustrated by the variation in the means of 

the groups at the lower wavenumbers (particularly below around 1070 cm-1) and the 

spread of the data at the 2 week time point at 1034 – 1015 cm-1 (Figure 4.4).  

Due to the variation in comparison between time intervals, with some significant 

differences being found, no firm conclusions can be made. However, these results 

suggest that fixation up to 72 hours and likely up to 2 weeks does not impact spectral 

signatures.  This finding is supported by that of another group who observed no 

difference between samples fixed for 24 hours compared to 1 week, but did observe 

small changes following fixation for 4 weeks (Mazur et al., 2012).   
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4.2.2 Cell transport onto IR windows 

 

In RC1 (Chapter 3), cells were transferred to IR windows by cytospinning cell solutions. 

However, in early work cytospinning sometimes resulted in a variable spread of cells, 

with potential for clumping of cells, particularly around the outer circumference (Figure 

4.5F).  A drop technique of transfer had been used by another group, suggested to be 

ideal for single cell analysis, as it results in a good monolayer spread of cells (Bellisola 

et al., 2010).   

To establish the best method for cell transfer of buccal cells onto IR windows a drop 

technique was compared to cytospinning. An additional benefit of a drop transfer 

technique would be the simplification of any future clinical protocol. Two samples from 

the sample subject were taken. The first was prepared as per standard protocol (Table 

2.1 section 2.2). The second sample was prepared as per Table 2.1, until step 13, then 

20 µl of the cell suspension was dropped onto a ZnSe IR window and left to air dry.  

Measurement of these samples was performed by the Bruker spectrometer with 100 

cells/sample analysed. The mean and standard deviation of the normalised absorbance 

spectra were reviewed between 4000 – 700 cm-1 (Figure 4.5A). A clear difference in the 

recorded spectra is evident with large peaks in the 1200–900 cm-1 region in the drop 

analysed samples compared to the cytospun sample.  This difference was consistently 

seen in other samples prepared in the same way (data not shown). The increased peak 

between 3500–3000 cm-1 suggests that the difference in spectral readings may be due 

to trapped water or fixative (10% NBF).  

Further experiments performed to investigate the drop technique of cell transfer, looked 

at different drying techniques in an attempt to reduce liquid trapping. Two samples were 

taken from 2 subjects.  The samples were prepared as above, but with the second 

sample two 20 µl drop samples were prepared.  The first (drop 1) was placed in the 

oven at 55oC for 30 min, whilst the second (drop 2) was left to air dry. These samples 

were measured by the Nicolet spectrometer and 50 cells/preparation were analysed 

and compared. 
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Figure 4.5 Comparing cytospun and drop techniques of cell transfer. A: Mean and standard deviation 
(shown by spread) of the absorbance spectra between 4000 – 700 cm-1, comparing the cytospun 
samples (red) to drop samples (yellow). B: Mean and standard deviation (shown by spread) of the 
absorbance spectra between 4000 – 700 cm-1 comparing the cytospun samples (black) with drop air 
dried samples (blue) and drop oven dried samples (red). C: Same data as B shown between 1400 – 900 
cm-1. D: Image of drop air dried sample with area of debris and possible residual water highlighted (black 
box). E: Image of drop oven dried sample with area of debris and possible residual water highlighted 
(black box). F: Image of cytospun IR window shown clumping of cells around the circumference. 

 

 

The mean and standard deviation of the absorbance spectra between 4000 – 700 cm-1 

was reviewed (Figure 4.5B). On review of the spectral region 3500 – 3000 cm-1 the 

same difference between the cytospun and drop samples was not see as previously 

observed in Figure 4.5A. However, on review of the absorbance between 1200 – 900 

cm-1, there appears to be an increased liquid component in the dropped cells samples. 

Increased absorption peaks were observed in both drop samples in this region 

compared to the cytospun samples, this was reflected in both the mean and spread of 

the standard deviation (Figure 4.5C). On repeat review of the IR windows both the air 

and oven dried drop samples showed debris on portions of the IR windows, and a 

meniscus was visible at the edge of the sample suggestive of residual water (Figure 

4.5D and E). Due to concern with regards to debris on the background and possible 

liquid trapping, the drop method of cell transfer was not further explored. A possible 

reason why the drop technique was not suitable could be the relatively large size of 

buccal cells compared to the cultured cells used by others, which results in an 

increased risk of liquid trapping (Bellisola et al., 2013). The cytospun method of cell 
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transfer was subsequently improved, through adjustments made to the tailor made IR 

window holder, a plastic prototype of which was also created (Appendix A, Figure A1). 

 

4.3 Optimising sample preparation 

 

4.3.1 Assessing for confounding due to mouthwash 

 

To reduce bacterial contamination of samples by normal oral flora, the mouth was 

rinsed prior to sample collection with Colgate® ETOH free mouthwash, followed by 

water (Table 2.1, section 2.2).  Experiments were conducted to investigate whether any 

mouthwash residue could be detected in samples, that might influence the spectral 

readings. 3 samples were compared from 3 subjects, the first was taken following only 

a water rinse and the second after a Colgate® rinse, and the third following a Colgate® 

then water rinse (Figure 4.6). 

Figure 4.6 Flow diagram showing the preparations steps and subsequent buccal samples taken to 
investigate the effects of mouthwash on spectral readings. 

 

 

Cell measurements were taken with the Nicolet spectrometer. In the first comparison, 

168 spectra from the samples post water rinse (1st sample, Figure 4.6) were compared 

with 139 spectra from the samples post Colgate® rinse (2nd sample, Figure 4.6), the 

spectral regions previously compared between the cancer and control groups were 

chosen to further review. The areas of all the spectra in the spectral regions 1161 – 

1148 cm -1, 1088 – 1072 cm -1 and 1035 – 1021 cm-1 were calculated and the 
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differences between the groups compared with Wilcoxon rank sum analysis (section 

2.3.4).  No significant difference between the only water rinsed samples compared to 

the Colgate® rinse samples was found at spectral regions 1161 – 1148 cm -1 and 1035 

– 1021 cm-1, p values 0.39 and 0.31 respectively, but a significant difference was found 

at 1088 – 1072 cm -1, p < 0.0001 (Figure 4.7A).  

In the second comparison 168 spectra from the samples post water rinse (1st sample, 

Figure 4.6) were compared with 121 spectra from the samples post Colgate® and then 

water rinse (3rd sample, Figure 4.6). The areas of all the spectra in the spectral regions 

1161 – 1147 cm -1, 1088 – 1072 cm -1 and 1033 – 1020 cm-1 were calculated and the 

differences between the groups compared with Wilcoxon rank sum analysis (section 

2.3.4).  No significant difference between the post water rinse and post Colgate® and 

water rinse samples were found at all three regions (1161 – 1147 cm -1, 1088 – 1072 

cm -1 and 1033 – 1020 cm-1), p 0.14, p 0.13 and p 0.18 respectively (Figure 4.7B).  This 

suggests that there is no residual mouthwash influencing the buccal spectra and that 

the use of Colgate® does not influence the difference being detected. However, given 

the not conclusive findings from the combined analyses the means and standard 

deviations of the second derivative of the pure spectral signature of Colgate®, (which 

corresponding to a smear of Colgate®) were compared with those of buccal cells 

processed as per standard method (Table 2.1, section 2.2). This supported the 

suggestions, and previously analysis that there were no contributions from Colgate® to 

the observed spectra as the Colgate® spectra did not overlap with the buccal cell 

signatures (Figure 4.7C).  
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Figure 4.7: Review of Colgate® mouthwash. A: Mean absorbance spectra (top) and mean and standard 
deviation (shown by shading) of the second derivative spectra (bottom) comparing samples post only a 
water rinse (orange) to samples post rinsing with Colgate® (green) between 1200 – 1000 cm-1, with the 
spectral regions further analysed highlighted in blue. B: Mean absorbance spectra (top) and mean and 
standard deviation (shown by shading) of the second derivative spectra (bottom) comparing samples post 
only a water rinse (orange) to samples post rinsing with Colgate® and then water (purple) between 1200 
– 1000 cm-1, with the spectral regions further analysed highlighted in blue. C: The mean and standard 
deviation (shown by shading) of the second derivative spectra between 1800 – 1000 cm-1 comparing 
buccal cells (black) with the pure spectrum of Colgate (blue). 

 

  

 

4.3.2 Evaluating the effects of eating prior to sampling 

 

Experiments were conducted to assess whether eating affects the oral environment and 

subsequently could confound the results when analysing buccal cells.  Food 
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contamination of samples was not of concern with the current protocol, as all samples 

were collected from patients who are starved, (standard pre-procedure), but was 

investigated as application of any future biomarker tests to assist with early detection 

would need to be easily applied to a large population.  

 

To ascertain if eating before sample collection could be a confounding factor 2 samples 

were taken from 3 subjects prior to food consumption and just afterward, in both cases 

after standard oral preparation (mouthwash and water rinse).  121 spectra from the pre-

food group were compared with 117 spectra from the post food group. The area of all 

spectra at the spectral regions 1163 – 1147 cm-1, 1087 – 1069 cm-1 and 1033 – 1020 

cm-1 were calculated and Wilcoxon rank sum analysis performed (section 2.3.4).  No 

significant difference between the groups at all three areas was found, p values 0.07, 

0.16 and 0.81 respectively and histograms were plotted to enable visualisation of the 

data (Figure 4.8). This suggests that any future test could be performed independent of 

starved state following oral mouth preparation. 

Figure 4.8: Comparison of samples pre and post food. A: The mean absorbance spectra (top) and mean 
and standard deviation (shown by shading) of the second derivative spectra (bottom) comparing samples 
pre food (blue) to post food (orange) between 1200 – 1000 cm-1, with the spectral regions further 
analysed highlighted in blue. B – D: Histograms representing the spread of all spectra at spectral regions 
1163 – 1147 cm-1, 1087 – 1069 cm-1 and 1033 – 1020 cm-1 respectively.  
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4.4 Summary 
 

These optimisation experiments assisted in establishing the protocol as shown, section 

2.2 Table 2.1. They have shown that the cell preparation and sampling conditions 

should not impact analysis and interpretation of the spectral findings when comparing 

buccal cells from individuals with lung cancer to controls. In addition, these experiments 

have suggested that fixation up to 72 hours and likely up to 2 weeks and food 

consumption prior to sampling after oral preparation has no effect on the spectral 

signatures detected. These findings will benefit any future expansion of this work, and 

translation to a larger clinical environment.  
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5 Results: Comparison of FTIR buccal cell 

measurements using different FTIR 

spectrometers. 
 

This chapter will present and discuss the results obtained from the analysis of Cohort 1 

(Figure 5.1). Samples in this cohort were measured with both the Bruker and Spotlight 

spectrometers. The purpose of this was to firstly ascertain if the results, presented in 

chapter 3, showing a difference between the cancer and control samples could be 

reproduced, and secondly assess whether the spectral differences could also be 

identified using a FTIR with a different light source. In RC1 (Chapter 3) sample 

measurements were performed with a synchrotron light source (Bruker). Comparison 

between samples measured with the Bruker and Spotlight spectrometers were 

performed, the latter uses a conventional light source and is more accessible.  

Figure 5.1: Flow diagram of Cohort 1 

 

 

5.1 Buccal cell samples 

 

There were 52 patient samples in Cohort 1, but only 25 sample could be included in 

further analysis (Figure 2.1, section 2.1). The characteristics of the 25 patients included 

in the final analysis are shown in Table 5.1, to include age, sex and smoking status of 

the two groups.  12 patients had a diagnosis of lung cancer and 13 were control 

patients. FTIR spectral data from all 25 patients were recorded with the Bruker 
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spectrometer and 18 of these same samples were also measured with the Spotlight. All 

samples could not be measured on the Spotlight due to availability of the machine.  

Table 5.1 Characteristics of the 25 patients included in the final analysis, comparison between individuals 
with cancer compared to controls. 

 

 

 

 

5.1.1 Confirming histology 

 

To confirm that the buccal cell samples analysed were from morphologically normal 

cells, matched histology slides, stained with H&E were reviewed (section 2.2).  Normal 

buccal cell morphology was observed for all samples (Cohorts 1 and 2) (Figure 5.2). 
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Figure 5.2: Image of buccal cells cytospun onto a histology slide and stained with H&E. 

 

 

 

 

5.2 Synchrotron FTIR microspectroscopy 

 

5.2.1 Cancer vs Control 

 

Buccal samples from 25 patients, 12 with cancer and 13 without, were measured with 

the Bruker spectrometer as described (sections 2.3.1, 2.3.2). 1195 spectra in the 12 

cancer patients were compared to 1265 spectra from the 13 control patients.  The mean 

of all absorbance spectra and second derivative spectra were calculated and reviewed. 

Differences in absorbance between the two groups was observed between 1200 – 900 

cm-1 at peaks 1155 cm-1, 1082 cm-1 and 1025 cm-1 which corresponded to the spectral 

regions identified in section 3.3 that showed a difference between the cancer and 

control groups (Figure 5.3A).  The mean and standard deviation of the second 

derivative spectra were reviewed between 1200 – 1000 cm-1 and the area of all spectra 

in three spectral regions (1163 – 1146cm -1, 1089 – 1074 cm-1 and 1034 – 1017 cm-1), 

which showed a difference between the groups were calculated (Figure 5.3B). Wilcoxon 

rank-sum analysis on the resulting area calculations was performed (section 2.3.4) to 

compare the difference between the cancer and control groups. There was a 
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statistically significant difference between the control and cancer groups at all 3 spectral 

regions (1163 – 1146cm -1, 1089 – 1074 cm-1 and 1034 – 1017 cm-1), p<0.0001. 

Figure 5.3: Comparison of cancer and control. A: The mean absorbance spectra (top) and mean and 
standard deviation (represented by shading) of the second derivative spectra (bottom) are shown 
comparing patients with cancer (red) to controls (black), between 1800 – 900 cm-1.  B: Shows the same 
data between 1200 – 1000 cm-1. The spectral regions (highlighted in blue) 1163 – 1146cm -1, 1089 – 
1074 cm-1 and 1034 – 1017 cm-1 were identified and further analysed. 

 

 

Individual Patients 

 

To investigate whether the statistically significant differences observed between the two 

groups were reflective of the entire group and not due to a small number of patients, the 

data were reviewed at an individual patient level. The mean of all the absorbance and 

second derivative data were calculated for each individual patient and reviewed 

between 1200 – 1000 cm-1.  The mean of one cancer patient was observed to have a 

greater absorbance when compared to the others (Figure 5.4A), raising the possibility it 

could be skewing the data. A repeat analysis between the groups comparing the areas 

of the spectral regions 1163 – 1146cm -1, 1089 – 1074 cm-1 and 1034 – 1017 cm-1 was 

performed with this patient excluded (Figure 5.4B). Wilcoxon rank-sum analysis showed 

a statistically significant difference at all three spectral regions (1163 – 1146cm -1, 1089 

– 1074 cm-1 and 1034 – 1017 cm-1), p <0.0001, p < 0.0452, p < 0.0001, although the 

difference at the 1089 – 1074 cm-1 spectral region was more borderline following the 

removal of this one patient.    
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Figure 5.4: Individual means and a further review A: The mean second derivative spectra for each 
individual patient, showing 12 cancer patients (red) compared to 13 control patients (black) between 1200 
– 1000 cm-1.  The highlighted red line (black arrow) represents one cancer patient who was subsequently 
removed to review the effect of this patient on the data. B: The mean and standard deviation 
(represented by shading), showing 11 cancer patients blue, compared to 13 control patients (red). The 
spectral regions (highlighted in blue) 1163 – 1046 cm-1, 1089 – 1074 cm-1 and 1034 – 1016 cm-1 were 
further analysed to compare the difference between the groups.   

 

 

 

To review the variance of the data, PCA analysis was performed including all patients 

(12 cancer and 13 controls) at the same three spectra regions (1163 – 1146 cm -1, 1089 

– 1074 cm-1 and 1034 – 1016 cm-1).  The 1195 spectra from the 12 cancer patients 

were reviewed against 1265 spectra from the control patients.  The first 3 PC were used 

accounting for 93% of the data variance with PC 1, PC 2 and PC 3 contributing 84%, 

6% and 3% respectively. The PC loads are shown in Figure 5.5C and the resultant 

scores shown in Figure 5.5A and B. PC 1 shows the largest variance of the data. When 

reviewed at the group level (Figure 5.5A) it appeared that this component could be 

responsible for a difference between the cancer and control groups. However, further 

review at the patient level (Figure 5.5B) identified that a large proportion of this variance 

is only from a single patient, the previously removed cancer sample.   
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Figure 5.5: PCA Analysis A: PCA plot comparing 1195 spectra from 12 cancer patients (red) to 1265 
spectra from the 13 control patients (green), shown plotted by PC1, PC2 and PC3.  B: Shows the data 
represented in A, but each symbol represents an individual patient. C: The corresponding PC loads are 
shown PC1 (blue), PC2 (orange) and PC3 (yellow). D: The spectral regions that the PC loads 
corresponds to are highlighted in blue. 

 

 

To determine if there was variance in this data set in the absence of this patient they 

were removed and PCA analysis was repeated comparing 1088 cancer spectra from 11 

cancer patients with 1265 spectra from the 13control patients at the same spectral 

regions (1163 – 1146 cm -1, 1089 – 1074 cm-1 and 1034 – 1016 cm-1). The first three PC 

were used to account for 91% of the data variance, 80%, 8% and 3% for PC 1, PC 2 

and PC 3 respectively. The PC loads are shown Figure 5.6C and the resulting scores 

Figure 5.6A and B. A combination of PC 1 and PC 3 show the most variance between 

the data. When the data was reviewed at the groups level (Figure 5.6A) more samples 

from the cancer patient appear to show variation compared to controls. This was further 

supported when the data was reviewed at the individual level (Figure 5.6B) as one 

control in particular (yellow circles) was found to be contributing to the variation.  
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Figure 5.6: PCA Analysis A: PCA plot comparing 1088 spectra from 11 cancer patients (red) to 1265 
spectra from the 13 control patients (green), shown plotted by PC1, PC2 and PC3.  B: Shows the data 
represented in A, but each symbol represents an individual patient. C: The corresponding PC loads are 
shown PC 1 (blue), PC 2 (orange) and PC 3 (yellow). D: The spectral regions that the PC loads 
corresponds to are highlighted in blue. 

 

 

These results suggest increased variation between patients with cancer compared to 

controls at one or more of the three spectral regions (1163 – 1146 cm -1, 1089 – 1074 

cm-1 and 1034 – 1016 cm-1). Further analysis looked to review the spread of data within 

individual patient samples, with the purpose of creating a classifier that could 

differentiate between patients with cancer compared to controls based on the spectral 

signature recorded.   
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Identifying a classifier 

 

A classifier was devised as described, section 2.3.4, at the spectral region 1163 – 1146 

cm-1. The area of all spectra between 1163 – 1146 cm-1 were calculated, plotted by 

individual patient and separated by group (Figure 5.7). This showed that the majority of 

samples cluster together, but a proportion spread away from the main cluster.  The 

spectra that do not cluster are suspected to be different and possibly indicative of 

disease and therefore classified as the ‘cancer-like’ signal.  An area threshold of -0.08 

was used and compared to a ratio threshold of 0.075; these were chosen based on 

their ability to correctly separate the data and subsequently correctly classified 8 of the 

12 patients with cancer and 9 of the 13 control patients, to give a sensitivity of 67% and 

specificity of 69% (Figure 5.7).    

Figure 5.7: Classifier A: A scatter plot of the areas of all the spectra between 1163 – 1148 cm-1, with 
individual patients grouped and separated by cancer (red) and control (black). The area threshold of -
0.08 is shown (horizontal green line) below which spectra were classified as having a ‘cancer-like’ signal 
(green shaded area) and above which they were classified as having a ‘control-like’ signal. B: A bar chart 
show the proportion of ‘cancer-like’ signals to ‘control-like’ signals calculated at the area threshold of -
0.08, where each bar represents one patient, cancer patients (red), control patients (black). The ratio 
threshold (dotted horizontal blue line) of 0.075 was chosen at which to classify patients as either cancer 
or control.  

 

 

This was a small data set, and the classifier was only investigated in one feature, but 

showed promise in being able to differentiate between individuals with cancer from 

controls.  However, despite the thresholds being ‘fitted’ to the data set some patients 

were misclassified. Sub-analysis looked to review possible causes for misclassification 

to include effects of patients smoking status to ascertain if there are any patterns that 

could explain these results. 
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5.2.2 Sub-analysis to review misclassification 

 

Misclassified patients 

 

To analyse the individuals incorrectly classified associations with smoking history, the 

stage or histology of cancer or presence of infection or inflammation were reviewed.  

Possible explanations as to why a cancer patient might have been misclassified as a 

control to include those with a minimal smoking history, specific mutation causing lung 

cancer (e.g., EGFR), or limited early stage disease with no metastatic spread were 

considered.  In the 4 cancer patients misclassified, (section 5.2.1), all 4 had an 

advanced stage of disease, 2 had NSCLC and 2 had SCLC and although one was a 

never smoker another was an ex-smoker with a 75-pack year history (Figure 5.8). All 

had advanced stage of disease in common, however 10 of the 12 patients in this cohort 

had stage 3 or 4 disease, and therefore 6 other patients with an advanced stage of 

disease were correctly classified. Therefore, in this small sub-group no clear reasons 

for misclassification could be identified.  

Figure 5.8: Patients misclassified, with consideration of possible trends. A: A scatter plot of the areas of 
all the spectra between 1163 – 1148 cm-1, with individual patients represented by different colours and 
symbols, with the 12 cancer patients to the left of the dotted blue line and 13 control patients to the right 
of the line. The spectra classified as having a ‘cancer-like’ signal are highlighted in the green shaded area 
based on an area threshold of -0.08. The patients that were incorrectly classified are circled and 
numbered in each group. B: Shows a table of the misclassified patients labelled in A with details of their 
respective smoking statuses and diagnoses.  
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Of the 4 controls who were wrongly classified as having cancer, 2 were found to have 

interstitial lung disease, 1 was diagnosed with sarcoid and the another had metastatic 

cervical cancer.  This could be suggestive of the detected spectral changes being 

representative of inflammatory pathology and not specific to cancer. However, of the 

control patients that were correctly classified 1 had sarcoid and 2 others had interstitial 

lung disease therefore no clear conclusions to explain the misclassification observed 

can be made from these small sub-groups (Figure 5.8). 

 

Smoking effects 

 

Sub-analysis of the RC1 data (Chapter 3) suggested that the difference between buccal 

spectra from patients with cancer compared to controls was independent of smoking 

status.  To review any possible confounding of smoking status on this data set, control 

patients with different smoking statuses were compared. The 245 spectra of 3 control 

patients who were never smokers were compared to 294 spectra from 3 current 

smokers. The area of all the spectra at the spectral regions 1164 – 1146 cm-1, 1090 – 

1075 cm-1 and 1035 – 1017 cm-1 were calculated and Wilcoxon rank-sum analysis 

performed (section 2.3.4). No significant difference between the control group of never 

smokers compared to current smokers was found, p values 0.1, 0.6 and 0.6 for the 

three regions 1164 – 1146 cm-1, 1090 – 1075 cm-1 and 1035 – 1017 cm-1 respectively 

(Figure 5.9).   

This supports previously findings that the difference detected between cancer and 

control patients is independent of smoking status and that any possible field changes 

related to smoking are not affecting the spectral differences that have been observed 

between the cancer and control groups. 
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Figure 5.9: Comparing never smokers to current smokers. A: The mean absorbance spectra (top) and 
mean and standard deviation (represented by shading) of the second derivative spectra (bottom) 
comparing the spectra of 245 never smokers (blue) and 294 current smokers (orange) between 1200 – 
1000 cm-1. The spectral regions (highlighted in blue) 1164 – 1146 cm-1, 1090 – 1075 cm-1 and 1035 – 
1017 cm-1 were further reviewed. B – D: Histograms showing the spread of spectra comparing never 
smokers (blue) with current smokers (orange) at the three spectral regions 1164 – 1146 cm-1, 1090 – 
1075 cm-1 and 1035 – 1017 cm-1 for histograms B, C and D respectively. 

 

 

 

Sub-analysis of histology: NSCLC vs SCLC 

 

A further sub-analysis was performed to look for differences in spectral signatures 

observed between histological subtypes of cancer, comparing those with NSCLC and 

SCLC.  The proportion of SCLC in this dataset was 5 out of 12, which was unexpected 

given that this typically only represents 10-15% of lung cancers.  The same spectral 

regions used to compare between cancer and control groups were used to compare 

between the samples from NSCLC and SCLC patients (Figure 9). 714 spectra from the 

7 patients with NSCLC were compared to the 545 spectra from the 5 patients with 

SCLC. The areas of all spectra at the spectral regions 1162 – 1146 cm-1, 1090 - 1074 

cm-1 and 1035 – 1015 cm-1 were calculated and Wilcoxon rank sum analysis performed 
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(section 2.3.4) (Figure 5.10A).  No significant difference was found between the groups 

at spectral regions 1090 - 1074 cm-1 and 1035 – 1015 cm-1, p = 0.06 and p = 0.48, 

respectively; however, at spectral regions 1162 – 1146 cm-1 a significant difference was 

found, p = 0.006. The variance of the data at this spectral region (1162 – 1146 cm-1) 

was subsequently reviewed and PCA analysis using the first 3 PC accounted for 99% of 

the variance with PC 1, PC 2 and PC 3 contributing 86%, 10% and 3% respectively. 

The PC loads are shown in Figure 5.10B and the resulting scores in Figures 5.10C and 

D. Reviewing the data at the group level (Figure 5.10C) show variance of samples in 

both the NSCLC and SCLC groups, which is interestingly differentiated by the different 

components, however when this is reviewed at an individual patient level the variation 

can be seen due to individual samples.  

Figure 5.10 Comparing the spectral signatures from patients with NSCLC to SCLC. A: The mean and 
absorbance spectra (top) and mean and standard deviation (represented by shading) of the second 
derivative spectra (bottom), comparing the 714 spectra from patients with NSCLC (red) to 545 spectra 
from patients with SCLC (green), showing the further analysed spectral regions at 1162 – 1146 cm-1, 

1090 – 1074 cm-1, 1035 – 1015 cm-1 highlighted.  The first region (highlighted in red) corresponds with the 
spectral region reviewed by PCA analysis.  B: PC loading vectors for spectral region 1162 – 1146 cm-1 
showing PC 1 (blue), PC 2 (orange) and PC 3 (yellow). C: PCA scores plotted by PC1, PC2 and PC3 
comparing patients with NSCLC (red) to SCLC (green). D: Shows the same data as represented in C, but 
each symbol represents an individual patient.  

 



91 
 

Given this small data set no firm conclusions can be made but when considering the 

analysis at all three spectral regions the findings suggest that no clear differentiation 

between the histological subtypes can be found.  

 

5.2.3 Summary 

 

The analysis of these samples measured with the Bruker spectrometer supported the 

previous findings and showed that the proposed protocol and method of sample 

preparation as designed for this project was at least as good as the methods previously 

used.  Subsequent extension of this project looked to investigate whether 

measurements of the samples using the Spotlight and a conventional light source would 

be able to produce similar findings and show a difference in spectra between patients 

with lung cancer and those without. 

 

5.3 FTIR microspectroscopy with a conventional light source. 
 

Cancer versus Control 

18 of the same samples (9 cancer and 9 controls) measured with the Bruker were also 

measured using a bench top spectrometer, the Spotlight, which uses a conventional 

light source (section 2.3.1). 928 spectra from the 9 cancer patients were compared to 

950 spectra from the 9 control patients. The data were converted to their second 

derivative using 17 point Savitzky-Golay smoothing. Differences between the groups 

were noted in similar spectral regions to those observed after measurement with the 

Bruker (section 5.2.1), (Figure 5.11). The areas of all spectra at three spectral regions 

which showed a difference between the cancer and control groups, 1160 – 1145 cm-1, 

1090 – 1075 cm-1 and 1036 – 1015 cm-1 were calculated and Wilcoxon rank sum 

analysis performed (section 2.3.4). There was a significant difference at all three 

spectral regions (1160 – 1145 cm-1, 1090 – 1075 cm-1 and 1036 – 1015 cm-1) between 

the cancer and control groups; p <0.0001, p0.004 and p<0.0001, respectively.  These 

results showed that FTIR spectroscopy, using the Spotlight spectrometer was equally 

able to detect spectra differences that subsequently differentiated between the two 

groups.   
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Figure 5.11: Comparing Cancer and Control. A: The mean absorbance spectra (top) and mean and 
standard deviation (represented by shading) of the second derivative spectra (bottom) are shown 
comparing patients with cancer (red) to controls (blue), between wavelengths 1800 – 900 cm-1. B: Shows 
the above data between 1200 – 1000 cm-1 with the spectral regions 1160 – 1145cm -1, 1090 – 1075 cm-1 

and 1036 – 1015 cm-1 that were further analysed highlighted in blue. 

 

 

 

Identifying a classifier 

 

The spectral region 1160 – 1145 cm-1 was again chosen as a feature to apply a 

classifier to with a view to differentiating between individuals with cancer compared to 

controls. The classifier was devised as previously explained (section 2.3.4). The areas 

of all spectra at spectral region 1160 – 1145 cm-1 were plotted, clustered by individual 

patient and separated by group.  An area threshold of -0.02 was used and a ratio 

threshold of 0.4 (Figure 5.12). At these thresholds this classifier correctly identified 5 of 

9 patients with cancer and all 9 control patients, corresponding to a sensitivity of 56% 

and specificity 100%. Similarly, to the classifier applied to the Bruker measurements 

(section 5.2.1), this classifier did not correctly identify all the cancer patients, possible 

reasons for this will be reviewed in a larger data set. 
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Figure 5.12: Classifier A: A scatter plot of the area of all the spectra between 1160 - 1145 cm-1, with 
individual patients represented by different colours and symbols, the 9 cancer patients are shown to the 
left of the dotted blue line and the 9 control patients to the right. An area threshold of -0.02 was used, 
below which (shaded orange) the patients were classified as having a ‘cancer-like’ signal and below 
which a ‘control-like’ signal. B: The bar chart shows the proportion of ‘cancer-like’ signals to ‘control-like’ 
signals calculated at the area threshold of -0.02, where each bar represents one patient and the colours 
match the corresponding scatter plot in A, cancer patients are shown on the left of the vertical dotted blue 
line and control patients on the right.  The ratio threshold (dotted black horizontal line) of 0.4 was chosen 
at which to classifier a patient as either a cancer or control. 

 

 

5.4 Comparing the spectrometers: synchrotron vs conventional 

 

Significant differences were observed between the cancer and control groups when 

measurements of the buccal cells were recorded with both spectrometers. Supporting 

my hypothesis that a conventional light source would also be able to detect the changes 

previously found by synchrotron FTIR.  To look at the relative measurements obtained 

the spectra recorded on the different machines were compared.  It is recognised that 

data measured by different spectrometers should not ideally be combined for analysis, 

however this comparison was only performed to look at the relative signal to noise ratio 

from the spectra and review the respective features detected.    

The spectra recorded on the Spotlight had a lower signal to noise ratio than those 

recorded on the synchrotron (Figure 5.13A), however the baseline on the synchrotron 

data was more variable (shown by the increased spread of the normalised data); this is 

expected as the synchrotron beam is less stable (Figure 5.13B). One reason for the 

lower signal to noise in the Spotlight data is the presence of water and water vapour in 
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the path of the IR beam within the spectrometer. Water and water vapour are known to 

be strong absorbers or IR light. The more IR light absorbed by the water and water 

vapour, the less there is available to be absorbed by the sample, therefore reducing the 

signal to noise of the data in these regions. The signal to noise difference is then more 

visible when these unwanted components are removed in pre-processing (section 

2.3.3). An advantage of the Bruker is that the optics are under vacuum, which removed 

water vapour in the chamber, subsequently significantly reducing any water vapour. 

However, when reviewing the individual spectra variation on a sample by sample basis, 

variation could be seen in both machines, i.e., the synchrotron was not always much 

better. Further work with the Nicolet (another spectrometer with a conventional light 

source) has shown that the increased ‘noise’ is not necessarily a feature of 

conventional spectrometers compared to synchrotron spectrometers as the Nicolet 

used in later work had a higher signal to noise ratio compared to the Spotlight.  This is 

possibly related to the signal being optimised when using both the Synchrotron and 

Nicolet spectrometers, prior to each sample being analysed, something that was not 

possible at the time of analysis with the Spotlight. The increased ‘noise’ in the samples 

recorded on the Spotlight was accounted for by increasing the smoothing that was 

applied to the data, 17 points Savitsky-Golay smoothing compared to 13 points used for 

the Bruker data.  

Figure 5.13: Comparing measurements on the Bruker and Spotlight A: Comparing the non-normalised 
absorbance spectra obtained from the FTIR spectroscopy with a synchrotron light source (blue) to FTIR 
spectroscopy with a conventional light source (orange) between 1800 – 900 cm-1. B: The same data as in 
shown in the normalised absorbance spectra. 
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Importantly the same features, corresponding to troughs at 1155 cm-1, 1082cm-1 and 

1025cm-1, were detectable using both light sources showing that FTIR measurements 

obtained with a conventional light source were not inferior to those from FTIR with a 

synchrotron source, for the analysis performed in this project. 

 

5.5 Discussion  
 

The results from Cohort 1 support previous findings (Chapter 3) and show the potential 

of FTIR microspectroscopy of morphologically normal buccal cells to detect changes 

representative of field carcinogenesis.  Measurements of buccal cells using both a 

synchrotron and conventional light source were found to show a statistically significant 

difference when spectra from the cancer patients were compared to the control patients 

at three spectral regions within the ‘fingerprint’ region. Individual analysis performed on 

both datasets were also able to distinguish between the groups and correctly classify 

patients with a sensitivity of 67% and 56% and specificity of 69% and 100% for the 

classifiers applied to the Bruker and Spotlight collected data respectively.   

Comparing the analyses of the measurements recorded on the different spectrometers 

slightly different results were obtained with the two classifiers. Despite exactly the same 

samples being analysed (9 cancers and 9 controls) some were correctly identified by 

one classifier but not the other. There are a number of possible reasons for these small 

differences. The first is recognition that the classifiers were both matched to their 

respected data sets, with different thresholds used. Secondly variation between 

spectrometers especially those that use different light sources is perhaps not 

unexpected as small differences in the spectra recorded can occur due to the different 

throughput of light. A third consideration is that there was around 6 months in between 

analysis with the different spectrometers. Samples were kept in a desiccated 

environment at 4oC but these difference could potentially be due to changes that occur 

to cells during storage. Subsequent work has looked to review this.  A final 

consideration is that although the same samples were analysed, the same cells were 

not.  It appears a proportion of cells from a patient with cancer have a ‘cancer-like’ 

signal therefore this may be sampling variation within a patient, due to the difference 

cells in the sample analysed. In recording 100 cells per patient, it is hoped that a good 
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representation of the sample is obtained, but it important to acknowledge this possibility 

in sample variation.   

Having observed a difference the next questions that arise surround the causes of 

these differences, but understanding the biochemical causes of these changes is 

complex as numerous biological components often overlap with absorption at specific 

wavelengths (Talari et al., 2017). Changes in glycogen are particularly of interest and 

glycogen production in lung cancer has been linked to tumour cell growth (R. C. Sun et 

al., 2019). The observed spectral changes at 1151 cm-1, 1078 cm-1 and 1028 cm-1 in 

this project are consistent with changes in absorption of glycogen.  These changes 

have also been reported by other groups using FTIR spectroscopy in both lung cancer 

tumours and the saliva of lung cancer patients (Lewis et al., 2010; Yano et al., 1996). 

Normal oral mucosal cells have relatively low glycogen levels, possibly as a result of 

digestion by salivary enzymes (Diem et al., 2016). The suggested increased glycogen 

levels seen here in buccal patients with lung cancer could be consistent with the 

detection of changes suggestive of ‘field carcinogenesis’.  Changes in glycogen 

concentration have also been found by other groups looking at field changes in oral 

cancer and oesophageal epithelial cells (Diem et al., 2016; Papamarkakis et al., 2010; 

Townsend et al., 2015). It should be noted that increased absorption at 1080 cm-1 in the 

cancer group, could be associated with phosphate stretching in nucleic acid levels  

(Talari et al., 2017; Townsend et al., 2015; Yano et al., 2000) as a result of increased 

cell division (Diem et al., 2016).  However, it is recognised that caution is required when 

interpreting the nucleic acid content of fixed cells (Wood, 2016).   

These initial findings are interesting, specifically with regards to the possible changes in 

glycogen, which have similarly been supported by the research of others.  However, 

particularly following the review of some of the misclassified patients in these data, 

important questions that need to be addressed include understanding whether the 

spectral differences seen are truly representative of a difference between patients with 

cancer and those without.  A possible alternative it that changes observed between the 

cancer and control groups may be the result of an active inflammatory process and 

therefore may not truly be an indication of a distal malignancy but reflect the increased 

cell turnover that occurs in patients with malignancy and may similarly occur in patients 

with other active respiratory conditions, including inflammatory and infective conditions.  
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These concepts will be further investigated in future work through recruitment of larger 

patient numbers.   

As a consequence of the findings from the analysis of Cohort 1, future work will only 

analyse samples with a conventional FTIR spectrometer, as this is the machine that 

could be used clinically.  The classifier trialled in this data set showed promise in 

classifying between patients in this project but was limited in that it only looked at one 

feature and used set thresholds. The recruitment and analysis of a much larger data set 

(Cohort 2) has been performed to expand on this work. It will look to improve on 

methods for classification and understandings around the biochemical differences 

observed to determine whether FTIR microspectroscopy of buccal cells can identify a 

true difference between individuals with a distal cancer and those without, 

representative of field carcinogenesis. 
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6 Results: FTIR microspectroscopy of buccal cells, 

towards a screening tool – an extended data set 
 

This chapter will present the results from the analysis of Cohort 2. Early work which 

included the analysis of the RC1 data (Chapter 3) and the analysis of Cohort 1 (Chapter 

5) has suggested that FTIR spectroscopy of buccal cells can detect differences 

between patients with a distal lung cancer from those without. Statistically significant 

differences were observed when comparing between the cancer and control patient 

groups, but when an analysis was performed at the individual level (section 5.2.1) some 

patients were misclassified. The recruitment and analysis of Cohort 2 has looked to 

further investigate the spectral differences between the cancer and control groups, and 

in particular improve individual classification.  

FTIR spectral data from Cohort 2 were collected using a Nicolet spectrometer (section 

2.3.1, 2.3.2). 79 patients were recruited in total. 71 of the patient samples were suitable 

to be included in the analysis: 41 patients had a cancer diagnosis and 30 were control 

patients (Figure 6.1, and section 2.1). The patient characteristics for all patients 

included in the analysis are summarised in Table 6.1. 

Figure 6.1: Flow diagram of Cohort 2. 
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Table 6.1: Characteristics of the 71 patients included in the analysis, comparison between individuals 
with cancer to controls. 
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6.1 Cancer versus Control  
 

The 4162 spectra from 41 lung cancer patients were compared to 3021 spectra from 30 

controls patients. The spectra of some cells, from both groups showed notable 

absorbance peaks at 1151 cm-1, 1080 cm-1 and 1024 cm-1 (Figure 6.2A). These 

correspond with the spectral differences previously reported (section 5.2.1) and are 

believed to be suggestive of increased glycogen within the cells. These areas can also 

be clearly identified when reviewing the second derivative of all the spectra between 

1200 – 1000 cm-1, where peaks present as troughs (Figure 6.2B).  Whilst some spectra 

from both the cancer and control groups show increased absorption at these regions, 

on visual review, it appears to be a feature more often found in patients with cancer.  

Figure 6.2: Comparing all the spectra between cancer and control. A: All the absorbance spectra, 
showing 4162 spectra from 41 cancer patients (red) compared to 3021 spectra from 30 control patients 
(green) between 1800 – 900 cm-1.  Three wavelengths with increased areas of absorbance in some 
spectra are labelled (1151 cm-1, 1080 cm-1 and 1024 cm-1). B: The second derivative of the same data 
between 1200 – 1000 cm-1, with the same features labelled, shown as troughs in the second derivative.  

 

 

Differences between the mean and standard deviation of the second derivative of the 

data between 1200 – 1000 cm-1 were reviewed and four spectral regions 1163 – 1146 

cm-1, 1113 – 1105 cm-1, 1088 – 1072 cm-1 and 1034 – 1016 cm-1 were selected for 

further analysis (Figure 6.3).  The area of all the spectra in these four spectral regions 

were calculated. Wilcoxon rank-sum analysis was performed (section 2.3.4) on the 

resulting area calculations to compare the data between the two groups.  A statistically 

significant difference was found at each of the four spectral regions between the cancer 

and control groups, p<0.001, supporting the previous analysis performed in other data 
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sets, (Chapters 3 and 5) that suggests a difference between the buccal spectra from 

patients with cancer and those without. 

 

Figure 6.3: Comparison of cancer and control A: The mean absorbance (top) and second derivative 
(bottom) of the data for all the cancer spectra (red) compared to the control spectra (black), are 
compared between 1800 – 1000 cm-1. B: Shows the mean and standard deviation (shown by spread) of 
the second derivative data between 1200 – 1000 cm-1, showing the cancer (red) compared to control 
(black) with the 4 spectral regions (1163 – 1146 cm-1, 1113 – 1105 cm-1, 1088 – 1072 cm-1 and 1034 – 
1016 cm-1) that were further analysed highlighted in blue. 

  

 

6.1.1 Individual Patients 
 

To assess whether the statistically significant differences between the area calculations 

of the two groups was reflective of the entire group rather than a small number of 

individual patients, the data were reviewed at a patient level. The mean of all 

absorbance and second derivative spectra were calculated for each individual patient 

and the 1200 – 1000 cm-1 spectral region was inspected. The mean of one cancer 

patient was noted to have a much greater absorbance when compared to the other 

patients, raising the possibility that it could be skewing the data in the area calculations 

(Figure 6.4A).  This patient will subsequently be referred to as ‘Patient X’. To check this 

patient was not solely responsible for the statistically significant difference, they were 

removed and the above analysis repeated at spectral regions 1163 – 1146 cm-1, 1113 – 

1105 cm-1, 1088 – 1072 cm-1 and 1034 – 1016 cm-1 on the remaining 4053 spectra from 

40 cancer patients and 3021 spectra from 30 control patients. Wilcoxon rank-sum 
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analysis showed a statistically significant difference at three of the four regions (1113 – 

1105 cm-1, 1088 – 1072 cm-1 and 1034 – 1016 cm-1) between the cancer and control 

groups, p <0.0001, but not at the fourth, 1163 – 1146 cm-1, p value 0.1015.  After 

Patient X was removed there was no visual difference between the means of the 

remaining individual patient’s averaged second derivative spectra. This observation was 

not unexpected as it was previously observed that only a proportion of the cells in an 

individual patient have a different spectra signature (section 5.2.1). 

Figure 6.4: Individual patient means A: Second derivative spectra shown between 1200 – 1000 cm-1; 
each line represents the mean of one individual patient with cancer patients shown in red and control 
patients in black.  The black arrow labels the mean of one cancer patient who was subsequently removed 
from the cohort. B: Comparison of the spread of the individual patient means show in A, without the 
patient previously labelled. 

 

 

To review the variance of the data, PCA analysis including all patients (41 cancer and 

30 controls) was performed at the same four spectra regions previously identified (1163 

– 1146 cm-1, 1113 – 1105 cm-1, 1088 – 1072 cm-1 and 1034 – 1016 cm-1). 4162 spectra 

from the 41 cancer patients were compared with 3021 spectra from 30 control patients. 

The first 3 PCs were used to account for 93% of the data variance, with PC1, PC2 and 

PC3 contributing 85%, 7% and 2% respectively; the PC loads are shown in Figure 6.5C 

and the resulting scores are shown in Figures 6.5A and B. PC2 shows the largest 

variance between the data. When reviewing at a group level (box, Figure 6.5A) it may 

appear that this component could be responsible for a difference between the cancer 

and control group. However, further inspection at a patient level suggests that this 

variance is from only a single patient, (box, Figure 6.5B) Patient X. 
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Figure 6.5: PCA Analysis A: PCA plot comparing 4162 spectra from 41 cancer patients (red) with 3021 
spectra from 30 control patients (green), shown plotted by PC1, PC2 and PC3. A black box highlights the 
largest variance. B: Shows the data represented in A, where each symbol represents an individual 
patient, the same variance highlighted in A (black box) is shown to be due to one patient (blue triangles). 
C: The corresponding PC loads are shown PC1 (blue), PC2 (orange) and PC3 (yellow). D: The spectral 
regions that the PC loads correspond to are highlighted in blue. 

 

 

 

To determine whether the same variance was present in the rest of Cohort 2, Patient X 

was removed and PCA analysis was repeated in 4053 spectra from 40 cancer patients 

and 3021 spectra from 30 control patients. The first 3 PCs accounted for 91% of the 

variance, with PC 1, PC 2 and PC 3 contributing 80%, 9% and 2% respectively; the PC 

loads are shown in Figure 6.6C and the resulting scores are shown in Figure 6.6A and 

B.  A combination of PC1 and PC2 show the most variance between the data (box 

Figure 6.6A). Reviewing the data at the group level (Figure 6.6A) suggests that there is 

more variation in samples from cancer patients, shown by increased spread, compared 
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to controls. When reviewed at the individual patient level (Figure 6.6B), this variation 

could be identified as coming from a number of different cancer patients.  

Figure 6.6: PCA Analysis A: PCA plot comparing 4053 spectra from 41 cancer patients (red) with 3021 
spectra from 30 control patients (green), shown plotted by PC1, PC2 and PC3. A black box highlights the 
largest variance. B: Shows the data represented in A, where each symbol represents an individual 
patient. C: The corresponding PC loads are shown, PC1 (blue), PC2 (orange) and PC3 (yellow). D: The 
spectral regions that the PC loads correspond are highlighted in blue. 

 

 

These results suggest an increase in variation between the cancer and control groups 

is occurring at one or more of these four spectral regions (1163 – 1146 cm-1, 1113 – 

1105 cm-1, 1088 – 1072 cm-1 and 1034 – 1016 cm-1).  Further analysis has looked to 

investigate whether these spectral regions could be used as a classifier to differentiate 

between individuals with cancer from those without. 

6.1.2 Identifying a classifier 
 

The methods to identify a classifier are based on the same principle used in Chapter 5. 

However, in expansion of the previous analysis an increased number of features and a 
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range of area thresholds were reviewed against a range of ratio thresholds to choose 

the optimal combination at each feature.  

The methods used have been explained (section 2.3.4, figure 2.12) but below is a brief 

recap of the terminology. The area threshold defines the threshold below which a 

spectra is classified as ‘cancer-like’ and above which ‘control-like’.  The area threshold 

is used to calculate the proportion of ‘cancer-like’ signals to ‘control-like’ signals, which 

can be plotted. The ratio threshold is chosen based on its ability to classify the correct 

number of patients in both groups.  

All patients were included in the following analyses (41 cancer patients and 30 control 

patients). A summary of the analysis conducted at each region is presented below. The 

tables to show the sensitivity and specificity data for all the thresholds reviewed at each 

spectral region are presented in Appendix B.  

 

 

Classifier at spectral region 1113 – 1105 cm-1 

 

The data at spectral region 1113 – 1105 cm-1 were plotted, clustered by individual 

patient and separated by cancer and control (Figure 6.7). Although there was a 

statistically significant difference between the cancer and control groups, when the area 

calculations were plotted there was no unidirectional difference in spectral spread at 

this region. This method of classification could subsequently not be applied here as the 

proposed classifier requires that there is a spread of spectra (either predominantly up or 

down) between the spectral areas at the chosen feature. 
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Figure 6.7: A scatter plot of the areas of all spectra between 1113 – 1105 cm-1, with individual patients 
grouped and separated by cancer (red) and control (black).  

 

 

 

 

Classifier at spectral region 1163 – 1146 cm-1 

 

The data at spectral region 1163 – 1146 cm-1 were plotted, clustered by individual 

patient and separated by group (Figure 6.8A). The outcomes of using all the area 

thresholds between -0.5 and -0.2, with a 0.01 interval, combined with all the ratio 

thresholds between 0 and 0.05, with a 0.005 interval, were reviewed. An area threshold 

of -0.37 and ratio threshold 0.015 were found to have a sensitivity of 56% and a 

specificity of 63%, corresponding to 23/41 cancer patients being correctly identified and 

19/30 control patients correctly identified (Figure 6.8). These chosen parameters will be 

termed ‘Classifier 1163’ in further discussion. 
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Figure 6.8 Classifier 1163 A: A scatter plot of the areas of all the spectra between 1163 – 1146 cm-1, with 
individual patients grouped and separated cancer (red) compared to control (black). The area threshold 
of -0.37 is shown (horizontal green line) below which spectra were classified as having a ‘cancer-like’ 
signal (green shaded area) and above which a ‘control-like’ signal. B: A bar chart shows the proportion of 
‘cancer-like’ signals to ‘control-like’ signals calculated at the area threshold of -0.37, where each bar 
represents one patient, cancer patients (red), control patients (black). The ratio threshold (dotted 
horizontal blue line), of 0.015 was chosen at which to classify patients as either cancer or control. C: 
Showing the sensitivities top and specificities bottom for all the area threshold between -0.43 to - 0.26 
(interval 0.01) and ratio thresholds 0.01 to 0.025 (interval 0.005). The ratio thresholds that were 
subsequently plotted to further review are highlighted by colour respective to the colour of the plot line 
(D). The threshold combination that was chosen as the classifier has been identified (black circle). D: The 
plots of the data shown in C, with colours of the lines plotted respective to the ratio thresholds as 
highlighted in C, with the chosen threshold labelled (green cross). Insert boxes illustrate the plots of the 
sensitivity and specificity data. 
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Classifier at spectral region 1088 – 1072 cm-1 

 

The data at spectral region 1088 – 1072 cm-1 were plotted, clustered by individual 

patient and separated by group (Figure 6.9A). The outcomes of using all the area 

thresholds between -0.5 and -0.2, with a 0.01 interval, combined with all the ratio 

thresholds between 0 and 0.07, with a 0.005 interval, were reviewed. 

Figure 6.9 Classifier 1088 A: A scatter plot of the areas of all the spectra between 1088 – 1072 cm-1, with 
individual patients grouped and separated by cancer (red) compared to control (black). The area 
threshold of -0.37 is shown (horizontal green line) below which spectra were classified as having a 
‘cancer-like’ signal (green shaded area) and above which a ‘control-like’ signal. B: A bar chart shows the 
proportion of ‘cancer-like’ signals to ‘control-like’ signals calculated at the area threshold of -0.37, where 
each bar represents one patient, cancer patients (red), control patients (black). The ratio threshold 
(dotted horizontal blue line), of 0.045 was chosen at which to classify patients as either cancer or control.  
C: Showing the sensitivities top and specificities bottom for all the area threshold between -0.43 to - 0.34 
(interval 0.01) and ratio thresholds 0 to 0.055 (interval 0.005). The ratio thresholds that were 
subsequently plotted to further review are highlighted by colour respective to the colour of the plot line 
(D). The threshold combination that was chosen as the classifier has been identified (black circle). D: The 
plots of the data shown in C, with colours of the lines plotted respective to the ratio thresholds as 
highlighted in C, with the chosen threshold labelled (green cross). 
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An area threshold of -0.37 and ratio threshold 0.045 were found to have a sensitivity of 

51% and a specificity of 63%, corresponding to 21/41 cancer patients being correctly 

identified and 19/30 control patients correctly identified (Figure 6.9). These thresholds 

will be referred to as ‘Classifier 1088’ in further discussion. 

 

Classifier at spectral region 1034 – 1016 cm-1 

 

The data at spectral region 1034 – 1016 cm-1 were plotted, clustered by individual 

patient and separated by group (Figure 6.10A).  

Figure 6.10: Classifier 1034 A: A scatter plot of the areas of all the spectra between 1034 – 1016 cm-1, 
with individual patients grouped and separated by cancer (red) compared to control (black). The area 
threshold of -0.2 is shown (horizontal green line) below which a ‘cancer-like’ signal (green shaded area) 
and above which they were classified as having a ‘control-like’ signal. B: A bar chart shows the 
proportion of ‘cancer-like’ signals to ‘control-like’ signals calculated at the area threshold of -0.2, where 
each bar represents one patient, cancer patients (red), control patients (black). The ratio threshold 
(dotted horizontal blue line), of 0.065 was chosen at which to classify patients as either cancer or control.  
C: Showing the sensitivities top and specificities bottom for all the area threshold between -0.25 to - 0.17 
(interval 0.01) and ratio thresholds 0.03 to 0.08 (interval 0.005). The ratio thresholds that were 
subsequently plotted to further review are highlighted by colour respective to the colour of the plot line 
(D). Four threshold combinations with the same sensitivities and specificities are labelled (black circles) 
with the combination chosen as the classifier identified (single black circle). D: The plots of the data in C, 
with colours of the lines plotted respective to the ratio thresholds as highlighted in C, with the chosen 
threshold labelled (green cross). 
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The outcomes of using all the area thresholds between -0.4 and -0.1, with a 0.01 

interval, combined with all the ratio thresholds between 0 and 0.08, with a 0.005 

interval, were reviewed. In this analysis four threshold combinations all found a 

sensitivity of 54% and a specificity of 63%, corresponding to 22/41 cancer patients 

being correctly identified and 19/30 control patients correctly identified. The area 

threshold at -0.2 with ratio threshold 0.065 was one of the four possible combinations 

and was subsequently used (Figure 6.10C). These thresholds will be referred to as 

‘Classifier 1034’ in further discussion. 

 

 

Classifier of combined spectral regions 
 

As a final comparison of the cancer and control groups a classifier of the combined 

three spectral regions was reviewed. This was initially attempted using the spectral 

areas of the three regions combined, however the scatter plot was similar to Figure 6.7 

(data not shown) and therefore the classifier could not appropriately be applied to the 

data. As an alternative, instead of using the areas of the spectral regions, a classifier 

was created using the PC of the spectral areas (1163 – 1146 cm-1, 1088 – 1072 cm-1 

and 1034 – 1016 cm-1) combined. PCA analysis was performed as above (section 

6.1.1). PC 2 was previously observed to show the largest variance between the data. 

Classifiers based on the data described by PC1 and PC2 were reviewed.  

A scatter plot for the data described by PC 1 was plotted and the outcomes of all the 

area thresholds between -0.07 and 0 with an 0.005 interval, combined with all the ratio 

thresholds between 0.05 and 0.15 with an interval 0.005 were reviewed. An area 

threshold of -0.055 and ratio threshold of 0.07 were found to have the best combined 

outcome to show a sensitivity of 59% whilst maintaining a specificity of 53%. Resulting 

in 24/41 cancer patients and 16/30 control patients being correctly identified (Figure 

6.11A and B). 
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Figure 6.11: PCA Classifiers. A: A scatter plot of the data described by PC1, with the cancer patients 
shown (red) compared to the control patients (black) The area threshold of -0.005 is shown (horizontal 
green line) below which spectra were classified as having a ‘cancer-like’ signal (green shaded area) and 
above which a ‘control-like’ signal. B: A bar chart shows the proportion of ‘cancer-like’ signals to ‘control-
like’ signals calculated at the area threshold of -0.005, where each bar represents one patient, cancer 
patients (red), control patients (black). The ratio threshold (dotted horizontal blue line), of 0.07 was 
chosen at which to classify patients as either cancer or control based on the PC1 data. C: A scatter plot 
of the data described by PC2, with the cancer patients shown (red) compared to the control patients 
(black) The area threshold of -0.021 is shown (horizontal green line) below which spectra were classified 
as having a ‘cancer-like’ signal (green shaded area) and above which a ‘control-like’ signal. B: A bar 
chart shows the proportion of ‘cancer-like’ signals to ‘control-like’ signals calculated at the area threshold 
of -0.021, where each bar represents on patient, cancer patients (red), control patients (black). The ratio 
threshold (dotted horizontal blue line), of 0.006 was chosen at which to classify patients as either cancer 
or control based on the PC2 data 

 

 

A scatter plot for the data described by PC 2 was plotted and the outcomes of all the 

area thresholds between -0.023 and 0 with an 0.001 interval, combined with all the ratio 

thresholds between 0 and 0.015 with an 0.003 interval were reviewed. An area 

threshold of -0.021 and ratio threshold of 0.006 were found to have the best combined 

outcome to show a sensitivity of 51% with a corresponding specificity of 73%. This 

equated to 21/41 cancer patients and 22/30 control patients being correctly identified 

(Figure 6.11C and D). In the classifier that used PC2 of the combined data, (the PC that 
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had previously been observed to show the greatest variation in the data) thresholds 

could be chosen that slightly improved the specificity of the classifier ability, but the 

sensitivity remained low. (The tables of all the thresholds reviewed are shown in 

Appendix B, Tables B4 and B5). 

 

6.1.3 Summary 
 

A statistically significant difference has been detected between the cancer and control 

groups at spectral regions in the ‘fingerprint’ region. PCA analysis of the same spectral 

regions suggested a variance between the spectra with increased variation in samples 

from patients with cancer compared to controls. Further analysis of these spectral 

regions to see if they could be used as classifiers to differentiate between the groups 

was performed.  Based on a specificity of 63% the classifiers could correctly identify the 

groups with a sensitivity of between 51- 56%. Attempts to use a combined PC classifier 

of all three spectral regions at best correctly identified the groups with a sensitivity of 

59% and 51% based on corresponding specificities of 53% and 73% respectively for 

classifiers at PC 1 and PC2. Subsequent sub-analysis has looked to try and understand 

why certain patients have been misclassified in this analysis and to identify any 

relationships or patient characteristics that could explain the spectral features that have 

been observed 
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6.2 Sub-analysis 
 

6.2.1 Misclassified patients 

 

All three individual classifiers (Classifiers 1063, 1088 and 1034) misclassified both 

cancer and control patients. In the cancer group the classifiers correctly identified the 

samples with a sensitivity of 56%, 51% and 54% resulting in 18, 20 and 19 patients 

being misclassified in the three classifiers 1163, 1088 and 1034 respectively. It is 

noteworthy that it was not always the same patients that were misclassified. Similarly in 

the control groups, despite all three misclassifying 19 patients (specificity 63%) it was 

not always the same ones. To understand possible reasons for patient misclassification 

the results from all three classifiers were combined. The patients that were always 

correctly classified and those that were always incorrectly classified in the three 

classifiers were identified and reviewed.  

 

Cancer Patients 

 

In the cancer group, 19 patients were always correctly classified as cancer and 15 

patients with cancer were always incorrectly classified (Table 6.2).  Comparing the 

smoking status between the two groups in the incorrectly classified patients, 12 were 

ex-smokers, 2 current smokers and 1 never smoker, compared to 7 ex-smokers, 11 

current smokers and 1 never smoker in the correctly classified patients. Comparing 

stages of disease in the incorrectly classified patients, 87% had stage 0 – II disease 

compared to 63% of the correctly classified patients. These are small groups, but 

observations show a higher proportion of current smokers and trend towards higher 

stage of lung cancer in the always correctly classified patients.  These possible 

associations with regards to smoking status and stage of lung cancer with be further 

reviewed in subsequent sub-analysis (sections 6.2.3 and 6.2.4).  
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Table 6.2: Comparison of cancer patients who were incorrectly and correctly classified. 

 

 

Control Patients 

 

In the control group, 18 patients were always correctly classified as controls and 10 

patients were always incorrectly classified, (Table 6.3). In the incorrectly classified 

control patients 1 was a current smoker, 4 were ex-smokers and 5 were never smokers. 

This compares to 4 current smokers, 8 ex-smokers and 6 never smokers in the always 

correctly classified patients.  No clear patterns were observed between the two groups 

that could explain why some patients were misclassified and other were not. Possible 

associations between variations in spectral signatures due to other diagnoses and 

smoking status will be further reviewed. 
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Table 6.3: Comparison of control patients who were incorrectly and correctly classified. 

 

 

6.2.2 Other diagnoses 

 

Control patients were grouped together based on their diagnosis and compared. The 

new subgroups were infection (n=8, 818 spectra), inflammation (n=7, 696 spectra), 

haemoptysis (n=3, 290 spectra) and other (n=6, 618 spectra). The ‘other’ group 

included 2 patients with pneumothoraces, 2 patients with benign pleural disease and 2 

patients with benign non pulmonary lesions.  Not all control patients were included in an 

attempt to create diagnostic subgroups where comparisons could be drawn. The area 

of all spectra in the spectral region 1088 – 1072 cm-1 were calculated and subsequently 

plotted grouped by individual patients. The spread between patients observed by group 

(Figure 6.12A) and individually (Figure 6.12B) did not show any clear patterns to 

differentiate between the different diagnoses. A possible consideration, suggested in 

earlier analysis (section 5.2.2), was that the spectral signature detected might be a 

marker of infection/inflammation or a pathological process with increased cell turnover, 

not specifically reflective of field carcinogenesis and representative of a distal cancer. 

However, whilst some patients with infection and inflammation did show an increased 

spread of spectra, two patients with respiratory infections did not (Figure 6.12B, black 

stars).  Similarly, in the three patients who underwent bronchoscopies for previous 

haemoptysis, who had resolved symptoms at the time of sample collection with normal 

airways and no growth on bronchial washes, there was no discernible reason for the 
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variable spread of spectra.  Despite this further sub-analysis, no clear association or 

pathology that can explain the variation in spectra signatures has been identified.  

Figure 6.12 Other diagnoses A: A scatter plot of the areas of all the spectra between 1088 – 1072 cm-1, 
with individual patients grouped and separated by infection (pink), inflammation (yellow), other (green) 
and haemoptysis (blue).  B: The same data as shown in A, plotted by individual patients where each 
symbol and colour represent a different patient, the vertical black dotted lines indicate the different groups 
and the black stars indicate two patients with respiratory infections. 

 

 

 

6.2.3 Smoking Status 

 

Previous sub-analysis (Chapter 3 and 5) found no significant difference when 

comparing between controls who were never smokers and smokers. In this dataset, 

review of the classification data (Table 6.2) suggested that smokers, and those with a 

greater pack year history, appeared more likely to be correctly classified as cancers.   

To investigate the relationship of smoking and spectral features in these data, the 

spectra from control subjects who were never smokers (1196 spectra (n=12)), current 

smokers (616 spectra (n=6)) and ex-smokers (1211 spectra (n=12)) were compared.  

The areas of all spectra at three spectral regions previously identified to show a 

significant difference between the control and cancer groups (1163 – 1146 cm-1, 1088 – 

1072 cm-1 and 1034 – 1016 cm-1) were calculated and Wilcoxon rank-sum analysis 

performed (section 2.3.4) to compare between the groups (Figure 6.13D). In contrast to 

previous findings, significant differences between the groups were found between the 

never smokers and both ex- smokers and current smokers as well as between the ex-

smokers and current smokers (Table 6.4).   
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Table 6.4: Showing the p values for the comparisons between the area calculations for never smokers, 
current smokers and ex-smokers at the three spectral regions 1163 – 1146 cm-1, 1088 – 1072 cm-1 and 
1034 – 1016 cm-1, calculated by Wilcoxon rank-sum analysis. 

 

 

PCA analysis of the data was performed at the same three spectral regions (1163 – 

1146 cm-1, 1088 – 1072 cm-1 and 1034 – 1016 cm-1) to review the variation of the data 

between the three groups. The first 3 PCs were used to account for 93% of the variance 

of the data, with PC1, PC2 and PC3 contributing 82%, 9% and 2% respectively. The PC 

loads are shown in Figure 6.13C and the resultant scores are shown in Figure 6.13A 

and B. PC1 shows the largest variance of the data. When reviewed at the groups level 

(Figure 6.13A), a similar spread of spectra between the three groups was observed. 

Interestingly, when reviewed by patient, a proportion of the spread in the current 

smokers group was observed to be due to one patient (Figure 6.13B, green circles). 

This does not help explain the reason for variation in spread amongst some spectra 

compared to others but suggests that it is not caused by smoking. 

To visualise the data in a different way, the area data for all the patients at spectral 

region 1088 – 1072 cm-1 were reviewed. Patients in all three groups showed spectra 

that clustered away from the group, and no clear difference in spectra variation could be 

attributed to smoking status (Figure 6.13E and F).  Although a statistically significant 

difference was found between the different groups comparing never, current and ex-

smokers at some spectral regions (Table 6.4), this subsequent analysis supports 

previous suggestions that the differences between groups are not related to smoking 

status.  The variation that is observed in this cohort appears to be due to interpatient 

variation, the reasons for which are yet undetermined. 
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Figure 6.13: Smoking status A: PCA plot comparing 1196 spectra from 12 never smokers (blue), with 
616 spectra from 6 current smokers (red) and 1211 spectra from 12 ex-smokers (green), showed plotted 
by PC1, PC2 and PC3. B: Shows the data represented in A, but each symbol represents an individual 
patient. C: The corresponding PC loads are shown PC1 (blue), PC 2 (orange) and PC 3 (yellow). D: The 
spectral regions that the PC loads corresponds to are highlighted in blue. E: A scatter plot of the areas of 
all the spectra between 1088 – 1072 cm-1, with individual patients grouped and separated by never 
smoker (blue), current smoker (red) and ex-smoker (green). F: The same data as shown in E, plotted by 
individual patient where each symbol and colour represent a different patient, the vertical black dotted 
lines indicate the different groups. 
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6.2.4 Stage of Cancer 

 

Sub-analysis of the misclassified patients (section 6.2.1.1, Table 6.2) suggested that 

individuals with a higher stage of cancer were more likely to be correctly classified. 

Differences due to stage of disease in the cancer group were reviewed. This sub-

analysis was performed only on the 28 patients with a confirmed histological diagnosis 

of adenocarcinoma, to remove possible variable affects due to different histology. 

‘Patient X’ who had stage 2 adenocarcinoma has previously been observed to have a 

greater proportion of ‘cancer-like’ spectra was not included in this sub-analysis so as to 

not skew the visualisation of the data.  

The data was categorised into stage I (n=16), stage II (n=5) and stage III and IV 

combined (n=7).  1610 spectra from patients with stage I disease were compared to 

521 spectra and 739 spectra from patients with stage II and III/IV disease respectively.  

The area of all the spectra between 1088 – 1072 cm-1 were calculated and plotted to 

show the data spread by group and by individual patient (Figure 6.14A and B). No clear 

pattern based on stage of disease was observed. However, there were more patients 

with stage I disease with no spread compared to patients with a higher stage of 

disease. This was possibly a result of the larger data set for stage I but was reviewed 

further. The method previously used to classify the data (section 2.3.4) was applied at 

spectral region 1088 – 1072 cm-1. An area threshold of -0.2 was chosen to represent a 

cut-off area below which a spread of spectra was observed (Figure 6.14A).  The 

proportion of cells that showed increased spread below this threshold were plotted on a 

bar chart and at a ratio threshold of 0.07, 7 patients with stage I disease were separate 

out to have an increased spread, (Figure 6.14C). A more detailed review of these 

individual patients was not able to explain this separation, they were found to be a mix 

of stage Ia and Ib disease and a mix of smoking statuses.  

As a final comparison between the different stages, PCA analysis at the three spectral 

regions (1163 – 1146 cm-1, 1088 – 1072 cm-1 and 1034 – 1016 cm-1) was performed. 

The first 3 PCs were used to account for 92% of the data variance, with PC1, PC2 and 

PC3 contributing 78%, 11% and 3% respectively.  The PC loads are shown in Figure 

6.14F and the resultant scores are shown in Figure 6.14D and E.  PC1 showed the 

largest variance of data, however no clear separation in spread of  
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Figure 6.14 Stage of Cancer A: scatter plot of the areas of all the spectra between 1088 – 1072 cm-1, 
with individual patients grouped and separated by stage I (red), stage II (green) and stage III and IV 
(blue). The area threshold of -0.2 is indicated by the horizontal dotted black line. B: The same data as 
shown in A, plotted by individual patient where each symbol and colour represent a different patient. C: A 
bar plot showing the proportion of spectra below to above the area threshold of -0.2, where each bar 
represents one patient, stage I (red), stage II (green) and stage III and IV (blue). The ratio threshold is 
shown at 0.07 (dotted horizontal black line). D: PCA plot comparing 1610 spectra from 16 patients with 
stage I disease (red) to 521 spectra from 5 patients with stage II disease (green) and 739 spectra from 7 
patients with stage III and IV disease (blue). E: The same data represented in A, where each symbol 
represents an individual patient. F: The corresponding PC loads are shown PC1 (blue), PC 2 (orange) 
and PC 3 (yellow). G: The spectral regions that the PC loads corresponds to are highlighted in blue. 
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the data was observed between the three groups. This analysis suggests that stage of 

disease does not appear to be a cause for the spectral variation observed in some 

patients and not others. 

 

6.2.5 Cell morphology  
 

In a further sub-analysis, the spectra from a sample which showed a spread of spectra, 

consistent with high absorption recorded in some cells were reviewed. Some of the 

cells from the sample which had recorded an increased absorption at 1151 cm-1, 1080 

cm-1 and 1024 cm-1 were reviewed to ascertain if there is a morphological feature of 

these cells that can be identified and may explain the spectral variation observed both 

between and within samples.  4 cells were identified that had increased absorbance 

between 1200 – 900 cm-1 and their morphology was reviewed on the image taken 

during analysis (Figure 6.15A green diamonds).  There were no clear cell morphological 

features that were identified. The sample had a clean background, with a good 

monolayer spread of cells and cells were of standard size and appearance to others 

analysed both in this sample and in all samples analysed in this project.   

Figure 6.15: Cell morphology A: Picture of buccal cells on ZnSe window as generated by the white light 
microscope at the time of sampling.  Markers are placed over the cells analysed (not proportional to the 
aperture windows, as only the cells are analysed). 4 cells (green diamonds) which have an increased 
absorption were compared to 5 cells (blue diamonds) that did not show the same increased absorbance 
spectra B: The respective absorbance spectra for the cells labelled in A shown between 1200 – 1000 with 
the cells that showed an increased absorbance shown (green) and those without (blue). 

 

To support this observation, 5 random cells that looked similar in morphology on the 

image were chosen and their spectra reviewed.  These additionally chosen cells did not 

show a similar pattern of absorbance (Figure 6.15A blue diamonds).  Whilst this does 
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not explain the spectra variation, it is reassuring to suggest that the spectra signature is 

not a feature of sample preparation or cell morphology, at least in this one individual 

patient. 

 

6.2.6 IR windows over time 
 

A sub-analysis was performed to review if duration between sample processing and 

measurement had any effect on the spectral signatures recorded. Samples in Cohort 2 

were on average recorded within 3 weeks of being processed but the range was from 2 

months to 2 days. In Cohort 1 there were much longer periods between the processing 

of samples and measurement by FTIR spectroscopy. To review the effect of time on 

spectral signature, 5 samples that were measured at two different time intervals nearly 

2 years (21 months) apart were compared. All measurements were made with the 

Nicolet spectrometer and on average 20 cells per sample were measured. The cells 

were matched, using the images taken for the earlier measurements, so exactly the 

same cells were measured at the two different time intervals. The mean and standard 

deviation of the second derivative spectra between 1200 – 1000 cm-1 were reviewed 

with further analysis performed at spectral regions 1164 – 1147 cm-1, 1089 – 1075 cm-1 

and 1033 – 1016 cm-1 (Figure 6.16A). The area of spectra at the three spectral regions 

were calculated and Wilcoxon rank sum performed (section 2.3.4) to compare the 

measurements taken at the two time points. No statistically significant differences were 

found between the three time points for spectral regions 1164 – 1147 cm-1, 1089 – 1076 

cm-1 and 1033 – 1016 cm-1, p = 0.2554, p = 0.052 and p = 0.1290, respectively. 

Histograms were plotted to show the spread of the data at these three spectral regions, 

a similar spread of data was seen between the two different time points with small 

changes in the tails of the data only involving a few cells, (Figure 6.16B-D). These 

results suggest that there is no change in the spectra recorded in the cells due to 

storage of IR windows after a nearly 2 year time period. This is a reassuring finding for 

further work as well as any clinical translation of these findings. 

  



123 
 

Figure 6.16 IR windows over time A: The mean and standard deviation between 1200 – 1000 cm-1 
comparing the spectra from cells analysed in 2019 (blue) to the same cells analysed again in 2021 
(orange). The areas further analysed are highlighted in blue. B – D: Histograms showing the spread of 
spectra comparing the measurements in 2019 (blue) with measurements in 2021 (orange) at the three 
spectral regions 1164 – 1147 cm-1, 1089 – 1075 cm-1 and 1033 – 1016 cm-1 for histograms B, C and D 
respectively. 

 

 

 

6.2.7 Validation 
 

Although the classifiers devised from the analysis of the data set (section 6.1.2) did not 

perform as hoped, they were reviewed in two separate data sets in consideration of 

validating any findings.  

Firstly, classifiers 1088 and 1034 were applied to the data set from Cohort 1 analysed 

with the Bruker spectrometer (12 cancer patients compared to 13 control patients) 

(section 5.2.1). The area of all spectra at the 1088 – 1072 cm-1 and 1034 – 1016 cm-1 

spectral regions were calculated and classifiers applied to their respective regions. 

Classifier 1088 correctly identified 1 of 12 patients as cancer and correctly identified 12 

of 13 patients as controls, and Classifier 1034 identified correctly 3 out of 12 cancer 

patients and correctly identified 11 out of 13 control patients.  The respective scatter 

plots for the two spectral regions (1088 – 1072 cm-1 and 1034 – 1016 cm-1) were 

reviewed (Figure 6.17) and it could clearly be seen that the area thresholds (shown as 
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blue horizonal lines, Figure 6.17A and B) did not provide a good split of the data in this 

data sets.  

 

Figure 6.17 Validation Cohort 1: A: A scatter plot of the areas of all the spectra between 1088 – 1072 
cm-1, with individual patients grouped and separated by cancer (dark blue) and control (light blue). The 
area threshold -0.37 used for Classifier 1088 is shown (horizontal blue line). B: A scatter plot of the areas 
of all the spectra between 1034 – 1016 cm-1, with individual patients grouped and separated by cancer 
(dark blue) and control (light blue). The area threshold -0.2 used for Classifier 1034 is shown (horizontal 
blue line). 

 

It is acknowledged that the spectral regions originally analysed in this data set (section 

5.2.1) were slightly different to the ones used above that match the respective 

classifiers, (1089 – 1074 cm-1 and 1034 – 1017 cm-1). However, when these spectral 

regions were used with the same thresholds, exactly the same findings were observed.  

Secondly the classifiers 1163, 1088 and 1034 were reviewed in a completely different 

data set of samples that had been collected by my collaborators (Beamline Diagnostic). 

In continuation of this work, they are recruiting 400 patients and I reviewed the data 

from the first 10 cancer patients and 10 control patients recruited. All samples were 

measured on the Spotlight spectrometer (used previously section 5.3). Pre-processing 

was performed as per section 2.3.3. All the data was reviewed between 1200 – 1000 

cm-1 and once again were found to have a lower SNR that data obtained from 

measurements on other spectrometers, subsequently 17- point Savitzky-Golay 

smoothing was applied to the data (Figure 6.18A). The previously identified spectral 

areas (1163 – 1146 cm-1, 1088 – 1072 cm-1 and 1034 – 1016 cm-1) did not match this 

data very well, likely associated with the increased smoothing, therefore both the 

‘classifier’ spectral regions and the spectral regions that fitted to this data set were 

reviewed. However, the same issues as found above (Figure 6.7) were once again 
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found in this data, in that the area thresholds were not appropriate for the data in these 

different data sets. Applying Classifier 1163 to the data (at the correct 1163 – 1146 cm-1 

spectral region for which it had been designed), the area threshold of -0.37 was not 

appropriate for this data (Figure 6.18B). This was found with both the other classifiers 

and also when the spectral areas were matched to this data set (data not shown). 

Given the borderline performance of the classifiers in the matched data set, these 

findings were not surprising. An additional issue in trying to use these classifiers in 

these other data sets was that they were both analysed on different spectrometer to the 

one that was used to create the classifier, further complicated by the different quality of 

the data obtained following measurements on different machines. This highlights the 

need to address generalisation of findings in spectroscopy. A challenge moving forward 

is how to standardise readings that are recorded on different spectrometers, possible 

considerations for which will be further discussed (section 8). 

Figure 6.18: Validation A: The mean and standard deviation of the second derivative spectra of 10 
cancer patients (red) compared to 10 control patient (blue) analysed on the Spotlight spectrometer from a 
different data set to those previously discussed. The areas further reviewed are highlighted in blue. B: A 
scatter plot of the areas of all the spectra between 1163 – 1146 cm-1 with individual patients grouped and 
separated by cancer (red) compared to control (blue), with the area threshold -0.37 shown (horizontal 
dotted blue line). 
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6.3 Summary 
 

Analysis of this larger data set was able to reproduce previous findings showing a 

statistical difference between the cancer and control groups. However, more detailed 

analysis of individual patients with the creation of classifier models has further 

questioned whether the spectral features identified are truly a result of field 

carcinogenesis. A clear spectral signature can be identified in cells of some patients 

and sub-analysis has looked to explain these spectral features in the context of 

smoking status, other pathology or cell appearance, however no clear associations 

have been identified. These spectral variations may be an indication of an as yet 

unidentified pathological process. These findings, possible explanations and future work 

will be further discussed. 
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7 Discussion  
 

7.1 Spectral signatures of buccal cells 
 

FTIR microspectroscopy of buccal cells was performed, comparing the spectra from 

individuals with a distal lung cancer to those without. The aim was to find a spectral 

signature of field carcinogenesis that could correctly identify patients with lung cancer to 

be used as a lung cancer screening tool.  

This project analysed RC1 and subsequently recruited and analysed two further cohorts 

(Cohort 1 and 2) to compare the buccal spectra of patients with a distal lung cancer 

from those without. Buccal cells were collected in a very minimally invasive way through 

use of a cytology brush rotated on the inner aspect of the cheek (buccal mucosa). They 

were immediately fixed following collection and subsequently processed onto IR 

windows. Single cell measurements by FTIR microspectroscopy were performed 

resulting in numerous spectra recorded per patient sample. Analysis of spectra was 

concentrated in the ‘fingerprint’ region looking to detect spectral changes in the 

cytologically normal buccal cells that could be an indication of field carcinogenesis. The 

analysis of RC1 showed interesting initial results that were subsequently further 

investigated and initial work was performed (Chapter 4), to optimise the method used 

for sample preparation.  

A statistically significant difference was found between the spectra of cancer patients 

and the control patients in all three cohorts (RC1, Cohort 1 and Cohort 2) at the three 

spectral regions that corresponded with absorbance at peaks at 1151 cm-1, 1080 cm-1 

and 1024 cm-1. Further analysis was subsequently performed at these spectral regions 

(1163 – 1146 cm-1, 1088 – 1072 cm-1 and 1034 – 1016 cm-1) with classifiers created to 

differentiate between the cancer and control groups (section 6.1.2). These classifiers 

were found to correctly classify cancer patients from controls with a specificity of 

between 63% - 73% based on corresponding sensitivities of between 51% – 59%. The 

thresholds for these classifiers were chosen as they resulted in the best combined 

outcomes (highest possible sensitivity with corresponding specificity). Other thresholds 

could have been chosen that would have prioritised one over the other. For example, in 

the classifier at spectral region 1163 – 1146 cm-1, if the area threshold -0.37 was paired 

with a ratio threshold of 0.05 this would have resulted in a specificity of 87% but 
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corresponding sensitivity of 32%, or if an area threshold of -0.26 was paired with a ratio 

threshold of 0.005, the sensitivity would have improved to 85% but the corresponding 

specificity would have been 23%, (Appendix B, Figure B1). 

Ideally any diagnostic or screening test would be 100 % sensitive and 100% specific. 

However most diagnostic tests are unlikely to achieve this, therefore the next question 

is what thresholds are acceptable. To answer this, the way in which the test plans to be 

used and the population in who it is to be used, balanced against the cost effectiveness 

need to all be considered. The main benefit of using a buccal spectral signature of lung 

carcinogenesis as a lung cancer screening tool is that it is a minimally invasive 

sampling method. It could subsequently be used on a larger population of individuals 

with a lower risk than those who are currently eligible for screening with LDCT, thus 

improving rates of early detection. To make it a valuable tool it needs to have a 

sufficient sensitivity to detect lung cancer and adequate specificity to reduce the false 

negative rate. Suggestions have been made with regards to what levels of accuracy 

should be strived for in biomarker discovery (Mazzone et al., 2017; Pepe et al., 2016) 

and one model would propose that with a 50% sensitivity a test should have a 88% 

specificity (Mazzone et al., 2017), accuracy thresholds that the classifiers in this work 

were not able to show. However, despite these suggestions there are no standard cut 

offs, which is not surprising given the complex considerations in biomarker discovery. 

Furthermore, when reviewing the sensitivities and specificities reported for other 

biomarkers, some of which have been commercialised, different groups have prioritised 

the respective accuracies differently, with some opting for high sensitivities and low 

specificities and others the opposite (Table 1.1, Section 1.1.3). Deciding on the merit of 

relatively accuracies and comparing between the biomarkers available is difficult and 

illustrates the challenges that have been experienced to date in biomarker discovery 

and the need for further development.  

 

Sub-analysis on the misclassified patients (section 6.2) was performed to investigate 

poor classifier performance. A review of the misclassified patients, which expanded on 

observations from analysis of Cohort 1 (section 5.2.2), suggested that the increased 

spectral absorbances at 1151 cm-1, 1080 cm-1 and 1024 cm-1 in a proportion of patients’ 

spectra may not be due to field carcinogenesis. To try and understand another possible 
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cause of these spectral changes, the patients’ smoking status, other diagnoses in the 

control group, stage of disease in the cancer group and cell morphology, were 

investigated. However, none of these factors were found to explain these spectral 

signatures and whilst a statistically significant difference was found between the cancer 

and control groups the subsequent results (borderline classifier performance) suggest 

that the cause of this difference is not clear. 

Although the reason for the observed variation in spectral signatures is undetermined, 

there is an apparent difference in absorption in some cells compared to others (Figure 

6.1). These spectral changes appear to be consistent with increased glycogen content 

in these cells. The reasons to why some cells may have an increased glycogen content 

and not others remain unclear. Glycogen as discussed (section 5.5) has been linked to 

tumour cell growth in lung cancer (R. C. Sun et al., 2019) and other groups have 

similarly observed elevated glycogen levels with FTIR analysis of both saliva in lung 

cancer patients and in lung cancer tumours (Lewis et al., 2010; Yano et al., 1996). 

However, the suggested increased glycogen levels in some cells in this project were not 

just seen in patients with a distal cancer, suggesting that the signatures observed could 

be from a yet undetermined caused. 

FTIR spectroscopy has been used by another research group to distinguish between 

oral leukoplakia and oral squamous cell cancer. They as with other groups observed 

changes in cellular glycogen content between these cells that appears to be related to 

keratinisation. They found increased intracellular glycogen in non-keratinised mucosa, 

and reduced intracellular glycogen in oral leukoplakia cells that had increased 

keratinisation (Banerjee et al., 2015). The stratified squamous epithelium of the buccal 

mucosa in health is non-keratinised, due to its need for flexibility, in contrast to 

keratinised epithelium found on the hard palate, dorsum of the tongue and gingiva, 

(Groeger & Meyle, 2019), however keratinisation of epithelial cells is recognised to 

occur in pathology (Deo & Deshmukh, 2018).  

Changes in cellular glycogen content have also been observed by a group who used 

FTIR spectroscopy to measure cells at different stages in the cell cycle. (Mourant, 

Yamada, Carpenter, Dominique, & Freyer, 2003). This is an interesting observation and 

there is likely a multi-purpose role of glycogen in cells. To further investigate possible 

links with cellular glycogen concentration and buccal cells, future work should review in 



130 
 

detail the cells obtained from brushing the buccal mucosa, and compare the cells 

obtained between individuals with a distal lung cancer and those without. Theda and 

colleagues looked at the cellular morphology of buccal mucosal brushings, stained with 

Papanicolaou (Pap) staining. They observed three different buccal epithelial cell types: 

non-keratinous superficial squamous cells (most abundant), keratinous superficial 

squamous cells and intermediate squamous cells (Theda et al, 2018). In this study the 

methods of buccal mucosal swabbing were much longer and more extensive with a 

different type of brush (flock swab) than the methods applied in this project using a 

cytology brush. The use of Pap staining could help to understand the differentiation of 

cells sampled in future work and may help explain some of the spectral signatures 

detected by FTIR.  

Improving the understanding of the detected spectral difference between patients with 

cancer and those without, identified in this project, will provide insights into any potential 

future role for FTIR spectroscopy of the oral mucosa. There remain unanswered 

questions around the spectral signatures of buccal cells detected in this work, which will 

hopefully be clarified in future work planned by my collaborators.  

 

 

7.2 Considerations for clinical translation 
 

This project has highlighted some of the challenges of using FTIR spectroscopy for a 

biomedical application. Some of the reasons as to why, despite the huge volume of 

research and many promising proof of concept studies, translation to the clinical 

environment has been slow have been recognised. Acknowledging and addressing 

these issues will be of key importance in enabling future translation of FTIR 

spectroscopy as a clinical tool. 

Some of these challenges can be associated with the need to establish and standardise 

protocols that can be easily used in clinical environments and that are appropriate for 

the cell type or tissue being sampled. Elements of protocol optimisation and 

standardisation have been considered in this project (Chapter 4). However, before 

successful translation into the clinic can occur the practical application and use of FTIR 

spectroscopy needs to be addressed alongside evidence of clinical benefit from FTIR 
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spectroscopy from larger clinical trials. This work has identified that significant 

improvements to both FTIR hardware and software are required to improve the 

reliability and consistency of FTIR spectroscopy before translation to the clinical 

environment will be possible.  

Over the course of this project three different spectrometers with their corresponding 

software programmes were used. Challenges were encountered in the use of all three. 

The hardware frequently experienced errors requiring the machines to be re-started, re-

calibrated or sample measurements repeated.  An example of this was sometimes mid-

way through a sample being measured the stage would misalign and therefore all cells 

after that point would not be correctly aligned and would need to be re-done. Another 

consideration for clinical translation is the measurements acquisition timings. Of the 

spectrometers used in this project acquisition was quickest with the synchrotron where 

100 cells could be recorded in under 1 hour. Measurements using the Nicolet 

spectrometer took 45 seconds per cell therefore measurement of 100 cells with 

associated blanks/backgrounds took around 1 hour 20 mins, per sample, in addition to 

at least 15 mins for the sample to be set up. These times in themselves are not the 

issues as many clinical laboratory tests can take time, the greater issue is the variability 

in reliability of the machines with time and cost for samples being reanalysed. Work by 

my collaborators is looking to address these limitations to include stage automation with 

multiple samples being recorded in series, therefore allowing batch runs, to negate the 

need for each sample to be individually set up.  

The software was also challenging to use. It was not found to be particularly user-

friendly for processing the large volumes of IR data generated in this project from single 

cell measurements of buccal cells; alternative methods were subsequently used 

(sections 2.3.3 and 2.3.4). Whilst using the Nicolet spectrometer, an error in the OMNIC 

software was detected (section 2.3.2), later confirmed by the technical team at 

Thermofisher and is currently awaiting correction with the software programmers. It 

became apparent through discussions with the technical team that although the 

software was built to have certain functions, they had not really been tested as they 

were not widely used. A possible explanation for the difficulties experienced in this 

project and by others in the application of FTIR spectrometer to biomedical applications 

is that these machines have not been designed for either biomedical applications or a 

clinical environment. In the absence of an established clinical use (confirmed with a 
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large clinical trial and translated), FTIR spectroscopy for biomedical applications 

remains an area of research and as such manufacturers are not targeting their 

machines to a clinical audience. Perkin Elmer and Thermofisher, who respectively 

make the Spotlight and Nicolet spectrometers, advertise their devices towards 

applications for pharmaceutical, environmental and manufacturing45. Collaborations 

with industry and research institutions are ongoing to address these shortfalls in the 

biomedical application of FTIR spectroscopy (Finlayson, Rinaldi, & Baker, 2019) to 

include work by my collaborators. These considerations should ideally be built into any 

future work. 

 

 

 

 

 

  

 
4 https://www.perkinelmer.com/uk/category/infrared-spectroscopy-ft-ir 
5 https://www.thermofisher.com/uk/en/home/industrial/spectroscopy-elemental-isotope-analysis/molecular-
spectroscopy/fourier-transform-infrared-ftir-spectroscopy/ftir-instruments.html 
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8 Future Work 
 

Although the initial promising results in this project were not upheld in further analysis, 

there remain unanswered questions and areas for further exploration before the use of 

FTIR spectroscopy is discounted as a lung cancer screening tool. A difference was 

detected in the spectrum of some cells of both patients with a distal cancer and those 

without, that is possibly due to increased glycogen in those cells. However, these 

differences were not able to be used to differentiate between patients with a distal lung 

cancer and those without using the classification methods developed in this project.  

Future work being started by my collaborators is looking to further understand these 

spectral differences in a larger 400 patient population, to include a proportion of 

‘healthy’ controls, recruited purely for research purposes. This may help establish if 

there is a link between disease (even if not cancer) and this spectral signature, which 

was perhaps harder to observe in this project as the patients recruited were all 

undergoing clinical investigations as part of their routine care and not true ‘healthy 

controls’. 

Other groups looking at the differences between disease and health detected by FTIR 

spectroscopy have reviewed other spectral regions (Table 1.3, section 1.2.5). 

Differences were not found in these areas in these cohorts, but a larger cohort again 

may enable comparison between spectra at an increased number of spectral regions, 

and subsequently identify additional features that could be used to differentiate between 

healthy individuals and those with disease.  

Validation of the classifiers created in this work was not successful in other data sets, 

but both through expansion of this work with optimisation of future classifiers and work 

to standardise comparison between spectrometers, better results may be achieved. For 

a classifier to have wide clinical utility it will need to be applicable to data recorded on 

different spectrometers. It is recognised that there is variability both between 

spectrometers from different manufacturers, but also between machines built by the 

same manufacturer. There are two ways that this could be approached and corrected 

for. Firstly, through computational correction at the pre-processing stage of IR data 

analysis. Through assessment of different spectrometers at the National Physical 

Laboratory, the required computational corrections could be calculated and 
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subsequently applied to data as appropriate. Secondly, through adaptations to 

spectrometers with the bespoke fitting of calibration wheels. Any widespread application 

of FTIR for a clinical or commercial purpose will need to consider and address these 

issues to ensure translatability of any test. 

Future work will hopefully be able to further understand the observed spectral 

signatures from this work, that suggest an increased glycogen concentration in some 

cells compared to others. In addition to investigating possible changes in spectral 

signature in buccal cells at different stages in the cell cycle (as discussed above). It will 

be interesting in future work to look at staining samples to look at the cellular 

composition and specifically to evaluate glycogen content to assist in answering some 

of the unanswered questions generated. 

 

Some interesting findings, showing spectral differences in buccal cells and significant 

differences between the spectra of cancer samples compared to controls have been 

made. Whilst the classification models developed in this project were not as promising 

as initial findings suggested it has provided some interesting findings that future work 

can build upon.  
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9 Appendices 
 

Appendix A 

• Figure A1: Plastic prototypes of IR window holder and stage holder 

 

Appendix B 

• Table B1: Table of all thresholds for Classifier 1163 

• Table B2: Table of all thresholds for Classifier 1088 

• Table B3: Table of all thresholds for Classifier 1034 

• Table B4: Table of all thresholds for Classifier at PC1 

• Table B5: Table of all thresholds for Classifier at PC2 

 

  



147 
 

Appendix A 

Figure A1: Photograph to show the plastic prototypes made and used in this project. A: The IR window 

holder, shown post use with a Zinc Selenide IR window with buccal cells attached following cytospinning. 

B: The stage holder made for the Nicolet spectrometer to fit Zinc Selenide IR windows 18 mm x 1 mm.  

These were both created from my designs by Dr Andrew Thomson, who I acknowledge with thanks.  
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Appendix B  

Supplementary figures for section 6.1.2 

Table B1: Classifier 1163. Table showing the sensitivity (top) and specificity (bottom) for all the 
thresholds reviewed for the spectral area 1163 – 1146 cm-1. Showing the respective accuracies at area 
thresholds -0.5 to -0.2 (interval 0.01) and ratio thresholds 0 to 0.05 (interval 0.005). 

 

 

Table B2: Classifier 1088. Table showing the sensitivity (top) and specificity (bottom) for all the 

thresholds reviewed for the spectral area 1088 – 1072 cm-1. Showing the respective accuracies at area 

thresholds -0.5 to -0.2 (interval 0.01) and ratio thresholds 0 to 0.07 (interval 0.005). 
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Table B3: Classifier 1034. Table showing the sensitivity (top) and specificity (bottom) for all the 

thresholds reviewed for the spectral area 1034 – 1016 cm-1. Showing the respective accuracies at area 

thresholds -0.4 to -0.1 (interval 0.01) and ratio thresholds 0 to 0.08 (interval 0.005). 
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Table B4: Classifier at PC1. Table showing the sensitivity (top) and specificity (bottom) for all the 

thresholds reviewed for the combined analysis using PC1 of the spectral areas 1163 – 1146 cm-1, 1088 – 

1072 cm-1 and 1034 – 1016 cm-1. Showing the respective accuracies at area thresholds -0.07 to 0 

(interval 0.005) and ratio thresholds 0.05 to 0.15 (interval 0.005). 
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Table B5: Classifier at PC2. Table showing the sensitivity (top) and specificity (bottom) for all the 

thresholds reviewed for the combined analysis using PC2 of the spectral areas 1163 – 1146 cm-1, 1088 – 

1072 cm-1 and 1034 – 1016 cm-1. Showing the respective accuracies at area thresholds -0.023 to 0 

(interval 0.001) and ratio thresholds 0 to 0.015 (interval 0.003). 

 

 


