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Abstract 
 

Oesophageal adenocarcinoma (OAC) is a highly aggressive cancer, often arising from 

Barrett's oesophagus (BO), a condition where the normal squamous epithelium is replaced 

by intestinal-like columnar epithelium due to chronic acid and bile reflux. Disease progression 

typically follows a continuum from non-dysplastic BO to dysplasia, eventually leading to OAC. 

Identifying the biochemical and mechanical changes at each stage is crucial for early 

diagnosis and intervention. This study utilised advanced single-cell techniques, including 

Raman spectroscopy and deformation cytometry, to characterise these changes and develop 

novel diagnostic tools. 

Single-cell Raman spectroscopy, a non-invasive biophysical technique, was applied to detect 

biochemical signatures in healthy oesophageal tissue, non-dysplastic and dysplastic BO, and 

OAC. This revealed distinct spectral features linked to lipid, protein, and nucleic acid content, 

reflecting cellular changes during disease progression. For instance, cancerous cells exhibited 

increased nucleic acid content, indicating higher metabolic activity, while dysplastic cells 

displayed early alterations in lipid profiles. These biochemical variations highlight potential 

biomarkers for early detection of oesophageal malignancies. 

To complement the biochemical profiling, deformation cytometry was used to measure the 

mechanical properties of individual cells with microfluidic devices. This revealed significant 

decreases in cell stiffness in dysplastic and cancerous cells compared to healthy and non-

dysplastic BO cells, likely due to cytoskeletal remodelling, a hallmark of tumour progression 

and metastasis. By integrating Raman spectral data with mechanical measurements, this 

study created a multi-modal framework capable of accurately distinguishing disease stages. 

The microfluidic platforms facilitated high-throughput single-cell analysis, enabling rapid, 

automated measurement of biochemical and mechanical properties while improving 

reproducibility. This system also allowed real-time monitoring of cellular changes, 

demonstrating potential applications for time-sensitive studies like drug response 

evaluations. Together, these findings highlight the promise of combining Raman 

spectroscopy and deformation cytometry as diagnostic tools for early cancer detection and 

clinical applications.  
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Figure 2.9 Examples of raw CP-A single cell spectra (blue), EMSC-corrected CP-A single cell 

spectra (green), background PDMS spectra (black) and raw biological reference spectra 

(red). All spectra have been interpolated, averaged, and smoothed using a Savitzky-Golay 

filter (sgolayfilt function) with a polynomial order of 2. ........................................................ 65 

Figure 2. 10: A (a) raw and (b) analysed Raman spectrum of a single CP-A cell, post EMSC 

background removal and baseline correction. ....................................................................... 66 

Figure 2.11: Raman spectrum pre-processing steps for 10 CP-A single cell spectra. (a) Post-

EMSC correction; (b) Truncated between 500 – 3200 cm-1; (c) Baseline corrected; (d) 

Smoothed [2, 17]; (e) Averaged, with the standard deviation calculated. ............................ 66 

Figure 2.12: (a) Schematic of the microfluidic setup for deformation cytometry. (b) PDMS 

device mounted in a holder with inlet and outlet tubing for high-speed microscopy of cell 

deformation. (c) The device positioned between a standard inverted bright-field microscope 

and an additional light source to enhance image intensity. (6) ............................................ 68 

Figure 2.13: Flowchart illustrating the cell tracking algorithm logic for obtaining cell 

parameters. Green arrows indicate True statements, red arrows indicate False. The 

parameters help identify frames where cells are at maximum or no deformation, providing 

images for CNN training and data for LDA. (5) ...................................................................... 71 

 

Figure 3.1: Representative brightfield images and quantitative analyses of single-cell 

trapping efficiency under varying cell concentrations (0.5, 1, 2, and 3 million cells/mL). 

Brightfield images were captured using a 10x objective lens, highlighting cell distribution 

within microfluidic traps. Quantitative data (bottom graphs) show the percentage of traps 

occupied by single cells (left) and multiple cells (right) over time. Optimal trapping 

conditions were achieved at a concentration of 2 million cells/mL, maximising single-cell 

trapping (74% ± 6%) and minimising multi-cell occupancy, while higher concentrations (3 

million cells/mL) resulted in clumping and reduced trapping efficiency. Error bars represent 

standard deviations across three experimental replicates. ................................................... 75 

Figure 3.2: viability of single cells trapped on-chip over 5 hours for different oesophageal cell 

lines, including HET-1A (healthy epithelial cells, red), CP-A (non-dysplastic Barrett's 

oesophagus, cyan), CP-B (low-grade dysplasia, pink), CP-C (high-grade dysplasia, yellow), 

CP-D (high-grade dysplasia, purple), and OE19 (oesophageal adenocarcinoma, green). Cell 

viability was monitored hourly using Calcein AM and Sytox Red fluorescence staining, with 

data averaged across 100 single cells per cell line. ............................................................... 76 

Figure 3.3: Single-cell Raman spectra representing the progression from healthy squamous 

oesophageal epithelia (HET-1A: red) through non-dysplastic Barrett’s (CP-A: cyan), mild 

dysplastic Barrett’s (CP-B: pink), moderate dysplastic Barrett’s (CP-C: yellow) and severe 

dysplastic Barrett’s (CP-D: purple), to oesophageal adenocarcinoma (OE19: green) cells. All 

spectra were normalised to the Amide I band at 1656 cm-1. The shaded area around each 

cell line is representative of the standard deviation. The grey shading across all cell lines 

highlights bands of interest (labelled). n =  number of single cell Raman spectra. The high 

wavenumber region (CH2CH3) has been multiplied by a factor of 0.25 to fit on the same 

scale. ...................................................................................................................................... 78 

Figure 3.4: PCA-LDA of HET-1A (red) and OE19 (green) EMSC-corrected spectral data. (a) 

Truncated Raman datasets between 800 and 1800 cm−1 used for analysis. (b) Principal 

component loadings taken from PCA. Scores 1–5 are shown, accounting for > 85% 

variability. Bands of interest are highlighted in blue. (c) Cumulative variance and variance 

explained for the first 15 PCs. (d) LDA histogram displaying the spread of the scores for each 
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dataset. (e) Confusion matrix for statistical analysis of the PCA-LDA. The outputted values 

are representative of the False Positive (0.058), True Positive (1), False Negative (0.942) and 

True Negative (0). ................................................................................................................... 80 

Figure 3.5: (a) Truncated Raman spectra (800 -1800 cm-1) for each stage of cancer 

development. The healthy (HET-1A), non-dysplastic (CP-A), severely dysplastic (CP-D) and 

cancerous (OE19) cell lines are represented by red, cyan, purple and green spectra, 

respectively. (b) The PC loadings from the data shown in Figure 4.7a. Bands of interest have 

been highlighted in blue. (c) 2D plot representing the variance explained and the cumulative 

variance for HET-1A (healthy), CP-A (non-dysplastic), CP-D (severely dysplastic) and OE19 

(cancerous) single cells. .......................................................................................................... 81 

Figure 3.6: (a) 2D plotted PCA LDA1 vs PCA LDA2 scores for HET-1A (red), CP-A (cyan), CP-D 

(purple) and OE19 (green) and their relative LDA histograms. (b) Confusion matrix for 

statistical analysis of the PCA-LDA. ........................................................................................ 82 

Figure 3.7: (a) 2D plotted PCA LDA1 vs PCA LDA2 scores for CP-B (pink), CP-C (orange) and 

CP-D (purple). (b) Principal component loadings taken from PCA. Scores 1-5 are shown, 

accounting for > 80 % variability. Bands of interest are highlighted in blue. (c) Cumulative 

variance and variance explained for the first 15 PCs. (d) Confusion matrix for statistical 

analysis of the PCA-LDA. ......................................................................................................... 84 

 

Figure 4.1: Line graph displaying the average viability of 50 single cells exposed to a Raman 

laser (2.4.1) every 30 minutes, to a total of 10 Raman laser exposures. Values were 

normalised against the average viability of trapped single cells on-chip which were not 

exposed to the Raman laser. .................................................................................................. 89 

Figure 4.2: Offset Raman spectra of a CP-A cell are shown at four time points: immediately 

before laser exposure (black), post-2 hours (red), post-4 hours (blue), and post-5 hours 

(green). The study aimed to assess whether a single Raman laser exposure could induce 

delayed apoptosis by monitoring untreated cells over time. Each spectrum represents the 

average of 100 individual spectra, all of which were baseline-corrected and smoothed using 

the Savitzky-Golay method for noise reduction. .................................................................... 89 

Figure 4.3: Bright-field images of a trapped CP-A cell on-chip, illustrating morphological 

changes at various time points: (A) immediately before exposure, (B) 0.5 hours post-

exposure, (C) 1 hour post-exposure, (D) 1.5 hours post-exposure, and (E) 2 hours post-

exposure. ................................................................................................................................ 90 

Figure 4.4: Overlapped bright field and fluorescence images of single cells trapped on-chip. 

All images were taken on a 10x dry lens. Each column (left to right) is representative of the 

average viability of cell lines CP-A, CP-B, CP-C and CP-D. The top row displays results from 

cells that are untreated, with the remaining rows (top to bottom) displaying cells that have 

been treated with 2, 4, 6, 8, and 10 acidic-bile salt solution exposures. Viability was 

determined via Sytox Red dead stain fluorescence imaging. The right-hand panel displays 

the percentage viability for each cell line, calculated over 10+ independent experiments, for 

>100 single cells. The red bars are indicative of increasing cellular death, whilst the blue bars 

are indicative of respective cell viability %. ............................................................................ 92 

Figure 4.5: On-chip viability data for CP-A (cyan), CP-B (pink), CP-C (mustard) and CP-D 

(purple) Barrett’s single cells. Cells were subject to 2 (b), 5 (c) and 10 (d) minute durations of 

pH 4.0 acidic-bile salt solution exposure, to give an overall exposure time of 10 minutes. 

Untreated cells were monitored on-chip for a total duration of 5 hours (a). The pH was 

raised to 7.0 post-exposure with the addition of serum-free media. The duration between 
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each exposure was 30 minutes. Viability was determined via  ................. Sytox Red dead stain 

fluorescence imaging. Each value is the average of >100 single cells, taken over 10+ 

independent experiments. ..................................................................................................... 93 

Figure 4.6: CP-A (cyan), CP-B (pink), CP-C (mustard) and CP-D (purple) Barrett’s single cells 

were subject to 10 x 1-minute exposures of pH 4.0 acidic-bile salt solution, giving a total 

exposure duration of 10 minutes. The pH was raised to 7.0 post-exposure with the addition 

of serum-free media. The time between each exposure was 30 minutes. Viability was 

determined via Sytox Red dead stain fluorescence imaging. Each value shown is the average 

of >100 single cells, taken over 10+ independent experiments ............................................. 94 

Figure 4.7: Raman spectra for Barrett’s oesophageal cell lines CP-A (A), CP-B (B), CP-C (C), 

and CP-D (D). Single cells were subjected to 10 individual 1-minute exposures to acidic-bile 

salt solution at pH 4.0, resulting in a total exposure duration of 10 minutes. Following each 

exposure, the pH was neutralised to 7.0 with serum-free media, with a 30-minute recovery 

period between exposures. Spectra were collected during the neutral pH recovery phase. 

The average of 50 spectra per condition is displayed, offset by 0.1 units for clarity, with 

colours representing ascending exposures: exposure 1 (black), exposure 2 (red), exposure 3 

(blue), exposure 4 (green), exposure 5 (purple), exposure 6 (mustard), exposure 7 (cyan), 

exposure 8 (brown), exposure 9 (olive), and exposure 10 (orange). ...................................... 95 

Figure 4.8: Heatmaps showing changes in spectral intensity for CP-A (top row), CP-B (second 

row), CP-C (third row), and CP-D (bottom row) cell lines. Spectral regions are displayed as 

follows: 1000–1400 cm⁻¹ (left column), 1400–1800 cm⁻¹ (middle column), and 2800–3000 

cm⁻¹ (right column). Each intensity value represents the average of 50 individual spectra per 

cell line under each condition. Cells were exposed to 60-second treatments with pH 4.0 

acidic-bile salt solution, with the total number of exposures indicated on the left side of each 

heatmap. Data was collected during a 30-minute recovery period, following neutralisation 

to pH 7.0 with serum-free media. .......................................................................................... 97 

Figure 4.9: Raman spectra for CP-A (a), CP-B (b), CP-C (c) and CP-D (d). The upper trace 

(black) displays the average spectrum for untreated single cells. The lower trace displays the 

average spectra for single cells after 2 (blue), 4 (green), 6 (light purple), 8 (teal) and 10 (dark 

purple) exposures of ABSS, plotted as a function of peak differences against the untreated 

spectra. Each spectrum shown is the average of 50 measurements taken at pH 7.0. All 

spectra were normalised to the Amide I band (1656 cm-1) prior to subtraction from 

untreated single-cell data to show the peak difference over multiple exposures. A dotted line 

on the upper trace marks Y(0). The high wavenumber region (CH2CH3) was multiplied by a 

factor of 0.25 to fit on the same scale. .................................................................................. 98 

Figure 4.10: Bright-field images illustrating the morphological changes in CP-A cells 

subjected to pH 4 acidic-bile salt solution. Cells were exposed for 60 seconds to low pH 

conditions, followed by restoration to pH 7.0 for 30-minute recovery intervals. Images were 

captured after 0, 2, 4, 6, 8, and 10 exposures. The outlines of cell membranes are 

highlighted to emphasise changes in shape, size, and integrity. Significant structural 

degradation is observed with increasing exposures, correlating with reduced viability as 

determined by Sytox Red dead stain fluorescence imaging. ............................................... 100 

Figure 4.11: Bright-field images illustrating the morphological changes in CP-B cells 

subjected to pH 4 acidic-bile salt solution. Cells were exposed for 60 seconds to low pH 

conditions, followed by restoration to pH 7.0 for 30-minute recovery intervals. Images were 

captured after 0, 2, 4, 6, 8, and 10 exposures. The outlines of cell membranes are 

highlighted to emphasise changes in shape, size, and integrity. Significant structural 
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degradation is observed with increasing exposures, correlating with reduced viability as 

determined by Sytox Red dead stain fluorescence imaging. ................................................ 101 

Figure 4.12: Bright-field images illustrating the morphological changes in CP-C cells 

subjected to pH 4 acidic-bile salt solution. Cells were exposed for 60 seconds to low pH 

conditions, followed by restoration to pH 7.0 for 30-minute recovery intervals. Images were 

captured after 0, 2, 4, 6, 8, and 10 exposures. The outlines of cell membranes are 

highlighted to emphasise changes in shape, size, and integrity. Significant structural 

degradation is observed with increasing exposures, correlating with reduced viability as 

determined by Sytox Red dead stain fluorescence imaging. ................................................ 102 

Figure 4. 13: Bright-field images illustrating the morphological changes in CP-D cells 

subjected to pH 4 acidic-bile salt solution. Cells were exposed for 60 seconds to low pH 

conditions, followed by restoration to pH 7.0 for 30-minute recovery intervals. Images were 

captured after 0, 2, 4, 6, 8, and 10 exposures. The outlines of cell membranes are 

highlighted to emphasise changes in shape, size, and integrity. Significant structural 

degradation is observed with increasing exposures, correlating with reduced viability as 

determined by Sytox Red dead stain fluorescence imaging. ................................................ 103 

 

Figure 5.1: (a) Diagram illustrating the cross-flow region of the microfluidic device with 

shear (Fs) and inertial (Fc) forces. Changes in cell shape are labelled as 1 (undeformed), 2 

(stagnation point max deformation) and 3 (undeformed) (b) Diagram of a cell, showing the 

nucleus and key cytoskeletal filaments (actin, microtubules, and intermediate filaments) 

that primarily contribute to cell stiffness. Additionally, parameters such as cell area (A), 

height (H), and width (W) are extracted from high-speed videos capturing cell deformation. 

Reprinted and amended with permission from (12). ........................................................... 109 

Figure 5.2: Comparison of the trajectory of a polystyrene bead in a cross-slot microfluidic 

device compared to a CP-A cell. Fluid flow is marked with blue arrows. (a) Bright field 

superimposed image of a 7 µm diameter bead passing through the extensional flow 

junction. The flow rate was 20 µl/min and the beads were suspended in PBS with 0.5% (w/v) 

methyl cellulose (µ≈33 cP). (b) A bright-field image of a CP-A cell passing through a device 

with identical geometry and flow conditions. ...................................................................... 110 

Figure 5.3: Scatter plots and corresponding mean deformation indices (D.I.) of HET-1A and 

OE19 cell lines across varying flow rates. The scatter plots (top panel) show the relationship 

between cell size (µm) and DI for each flow rate: yellow (5 µL/min), orange (10 µL/min), pink 

(20 µL/min), purple (40 µL/min), and navy (60 µL/min). The lower panel depicts the mean DI 

values and their standard deviations for HET-1A and OE19, plotted against cell size. ........ 112 

Figure 5.4: Images of single cell deformation at 5 µl/min for (a) HET-1A and (b) OE19, 

compared to single cell deformation at 60 µl/min for (c) HET-1A and (d) OE19. Images were 

taken during the analysis process. A purple outline defines the parameters of the cell, whilst 

the green box outlines the overall size of the cell during deformation at the stagnation point.

 .............................................................................................................................................. 113 

Figure 5.5: Mean deformation index (D.I.) and density scatter plots for Barrett’s oesophagus 

single cells across flow rates (5 – 60 µL / min). : Scatter plots and corresponding mean 

deformation indices (D.I.) of CP- cell lines across varying flow rates. The left-hand panel 

depicts the mean D.I. values and their standard deviations for CP-A (a), CP-B (c), CP-C (e) 

and CP-D (g), plotted against cell size. The scatter plots (right-hand panel) show the 

relationship between cell size (µm) and DI for each flow rate. Each chart is colour coded to 
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1 Introduction 

 

1.1   Overview 

Oesophageal cancer is the seventh leading cause of cancer death worldwide, accounting for 

just under half a million deaths annually. The most recent GLOBOCAN statistics estimate 

around 511,000 new cases every year, with 2040 estimations predicting an increase in both 

incidence cases to (957,000), and patient mortality (880,000) (14). Countries with a lower 

human development index (HDI) are burdened with 80 % of cases, whilst 70 % of diagnosis 

develop in men; a 2-to-3 fold difference in both mortality and incidence rate between the 

sexes (15). This cancer burden is increasing rapidly on a global scale, with two predominant 

histological subtypes: oesophageal squamous cell carcinoma (OSCC) and oesophageal 

adenocarcinoma (OAC).  

OSCC accounts for 85 % of global cases, developing through the malignant transformation of 

the oesophageal squamous epithelium, with 79.7 % of new cases detected in Asia in 2020. 

China, Japan, Pakistan, India and Bangladesh were amongst the most affected, with the 

incidence in China almost five times higher than in America (16). Despite this, the incidence 

for OAC has now surpassed that of OSCC in higher HDI countries following increases in age-

standardised incidence (17), representing two thirds of cancer diagnosis’. With OAC 

incidence rates rising, key contributors for cancer development are gastroesophageal reflux 

disease (GORD), Barrett’s oesophagus (BO) and excess body weight (17, 18). Unfortunately, 

the five-year survival rate for both subtypes remains discouraging, at less than 20 % for 

patients at advanced stages (19). Accompanied by global aging and population growth, GORD 

affects 10-30 % of the adult population in HDI countries, with higher prevalence with 

Northern Europe and 5 in 1000 people affected in the UK (20, 21). Pre-cancerous condition 

BO currently affects less than 1 % of the UK population, with 3-13 % of these patients going 

on to develop oesophageal adenocarcinoma. Whilst incidence figures appear low, mortality 

rates are steadily increasing (22, 23).  

Advanced endoscopic techniques have the potential to detect the progression of pre-

malignant lesions to cancer and vastly enhance patient outcomes. However, this 

effectiveness is hindered by low endoscopy rates due to its invasive nature. Despite extensive 
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research on cancer risk predictors, a large number of cases remain undiagnosed, highlighting 

the requirement for improved screening techniques at earlier stages of disease progression. 

Cost-effective, minimally invasive, and well-tolerated non-endoscopic technologies are 

crucial. Implementing such devices in primary care settings within high-risk populations 

should aid detecting in early disease progression and highlighting patients at risk for cancer 

development. The use of modernised minimally invasive techniques and faster detection will 

in turn provide a substantial improvement in both morbidity and mortality rates. A 

comprehensive understanding of each stage of disease progression is important for 

delivering these improvements in prevention, with an emphasis on minimal costs and 

intrusion, to give maximum throughput and accuracy.   

 

 1.1.2   Prevalence and Risk Factors 

The ‘OAC epidemic’ (24) has seen soaring incidence rates since the 1950s, with the highest 

incidence rates seen in Northern Europe, particularly the UK and the Netherlands (17, 25). 

Accompanied by global aging and population growth, incidence rates for oesophageal cancer 

have risen by 38,000 since 2017 (15). The primary risk factors for OAC are closely linked to 

the disease progression from BO. GORD is currently the most significant risk factor for OAC, 

with rising cancer incidence reflective of increasing GORD prevalence, as shown in Figure 1.1. 

A systematic review and meta-analysis of five population-based studies demonstrated that 

experiencing GORD symptoms at least weekly elevates the risk of OAC nearly five-fold (OR 

4.92, 95% CI 3.90–6.22), and daily symptoms increase the risk approximately seven-fold (OR 

7.40, 95% CI 4.94–11.1) (26). Nonetheless, 40 % of OAC patients do not report GORD 

symptoms (27).  

Obesity is another significant risk factor for both GORD and BO, contributing to the rising 

incidence of OAC, which parallels the growing prevalence of obesity. A systematic review and 

meta-analysis of six studies conducted through March 2013 found that central obesity is 

associated with an increased risk of OAC (OR 2.51, 95% CI 1.54–4.06) (28). Tobacco smoking 

also correlates with a higher risk of OAC. A pooled analysis of ten population-based case-

control studies and two cohort studies, comprising 2990 OAC cases and 9453 controls, 

indicated that smoking doubles the risk of OAC (OR 2.08, 95% CI 1.83–2.37) with a strong 

dose-response relationship linked to the number of pack-years of smoking (29). 
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Dissimilar to GORD, OAC exhibits a notable male predominance, with a global male-to-female 

ratio of 4.4, ranging from 1.7 to 8.5 (30). This disparity cannot be fully attributed to higher 

BO rates in men, as suggested by a meta-analysis of the sex ratio for BO (31). Possible 

explanations include greater severity of GORD due to increased abdominal obesity and 

higher smoking rates among men, as well as potential contributions from sex hormone 

factors (32). 

Contrasting to its role in OSCC, alcohol consumption is not a significant risk factor in the 

progression from GORD to BO to OAC, although some studies indicate a weak association. A 

meta-analysis of 24 studies, including 5500 OAC cases, found no substantial link between 

alcohol consumption and OAC risk, even at higher consumption levels (33). Additionally, 

infection with Helicobacter pylori appears to reduce the risk of OAC. A systematic review and 

meta-analysis of studies up to February 2007 found an inverse relationship between 

Helicobacter pylori prevalence and OAC risk (pooled OR 0.52, 95% CI 0.37–0.73) (34). 

In 2021, > 7800 people in England were diagnosed with oesophageal cancer, predominantly 

affecting those aged 70 to 74, with 1,054 diagnoses in men and 371 in women. This 

distribution is illustrated below in Figure 1.2. 13 % of men and 10 % of women in England 

were regular smokers, and many men exceeded the recommended weekly alcohol intake of 

Figure 1.1: Worldwide oesophageal adenocarcinoma rates (age-adjusted according to 

the world standard population, per 100,000) in 2020. Reprinted with permission (10) 
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14 units. In 2018/19, 30 % of women and 25 % of men in England reported eating at least five 

portions of fruit and vegetables per day, while 9 % of men and 7 % of women consumed none 

(35).  

  

 

 

  

 

 

 

 

 

 

 

Assessing the exact prevalence of BO in different populations is challenging due to the 

asymptomatic nature of the condition, which often remains undiagnosed until an endoscopy 

is performed. Consequently, the actual prevalence may be significantly higher than currently 

predicted. In European studies, BO is found in approximately 1 % to 2 % of the unselected 

general population, whilst in the USA, the prevalence is around 5 % to 6 %. However, amongst 

individuals with GORD, the prevalence can rise to as high as 15 % (36). A Swedish population-

based study from the early 2000s found BO with intestinal metaplasia in 1.6% of 3,000 

randomly selected individuals (95% CI 0.8–2.4) (37). An Italian study from 2000 to 2004 

reported a prevalence of 1.3% in 1,033 individuals (38). A systematic review and meta-

analysis of 51 studies from Asian countries up to September 2014 found a pooled prevalence 

of 1.3% (95% CI 0.7–2.2) and noted an increasing trend over time from 1991 to 2014 (39). 

BO is more common in men and is notably more prevalent in Caucasians compared to those 

of African ancestry (40). The condition also becomes more frequent with age and is more 

Figure 1.2: Registrations of newly diagnosed cases of oesophageal cancer in England by 

2021, by age group and gender. Reproduced with permission from the Office for National 

Statistics (UK). © Stastica 2024 
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likely to affect individuals with a family history of the condition. UK studies indicate that the 

prevalence increases by 7.4 % for each additional year of age between 20 and 59 years in 

males, with a similar pattern observed in females, though with a 20-year delay. It is important 

to note that the development of metaplasia to columnar epithelium does not directly 

correlate with the degree of oesophageal acid reflux, suggesting that other genetic and 

environmental factors play a significant role (36).  

Risk factors associated with progression to adenocarcinoma include male gender, advanced 

age, extensive segment involvement (greater than 8 cm), presence of intestinal metaplasia, 

prolonged history and/or early onset of GORD, duodeno-gastro-oesophageal reflux, mucosal 

damage (such as ulceration and stricture), and a family history of the condition (41, 42). Sex-

specific differences in the progression of BO may be influenced by hormonal factors. 

Evidence suggests that males develop BO earlier than females, resulting in a longer duration 

of risk for progression (43). Familial clustering of both BO and oesophageal adenocarcinoma 

(OAC) has been observed, with linkage and genome-wide association studies indicating a 

complex genetic trait (44, 45). While no monogenic mutations have been identified for BO or 

OAC, the heritable components are estimated at 35 % and 25 %, respectively (46). The 

characteristics of the BO lesion, such as longer lesion length and the progression from non-

dysplastic BO to low-grade dysplasia, also influence the likelihood of developing OAC (47). 

Characterised by the reflux of acidic and bile salt-containing duodenal and gastric contents, 

GORD is a primary factor in the development of the initial metaplastic BO lesion and is among 

the strongest risk factors for OAC (27, 48, 49). 10 – 15 % of patients suffering from GORD will 

develop BO, with 1 – 10 % of those BO patients developing OAC over a period of 10 – 20 

years. The vast majority of BO patients die of natural causes (50, 51). A 2021 systematic 

review and meta-analysis of 44 cross-sectional studies revealed that 7.2% (95% CI, 5.4%-

9.3%) of 26,521 individuals with GORD had histologically confirmed BO (52). There is greater 

progression towards OAC with long-segment BO (> 3cm) than short-segment BO (< 3cm). A 

meta-analysis of 4097 BO patients, who weren’t presenting with dysplasia, reported annual 

OAC progression rates of 0.06% (95% CI, 0.01%-0.10%) for short-segment BO and 0.31% (95% 

CI, 0.21%-0.40%) for long-segment BO (53). GORD evaluation via upper endoscopy was 

analysed for 378 patients as part of a cohort study, with short-segment BO having a higher 

prevalence (8.5 %) than long-segment BO (4.8 %) (54). This outcome has also been reported 

in other studies (53, 55). 
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Evidence suggests that GORD significantly promotes dysplastic progression, especially in BO 

lesions located in the right oesophageal hemisphere, which is most commonly exposed to 

gastric refluxate (56, 57). Additionally, medications that relax the lower oesophageal 

sphincter, increasing the frequency and severity of gastric reflux, are associated with the 

development of OAC (47, 58-63). These medications include anti-cholinergic drugs, calcium 

channel blockers, and theophylline. Proton pump inhibitors (PPIs) have shown a dose-

response relationship in preventing dysplastic BO progression (64), with high doses being 

more protective when combined with aspirin. Patients with BO often exhibit elevated basal 

acid production, while Helicobacter pylori infection may reduce the risk of OAC by decreasing 

gastric acid secretion (65-67). Studies indicate that 36 % of OAC cases are directly linked to 

frequent symptomatic acid reflux, with daily GORD symptoms increasing the risk of OAC 

seven-fold compared to less frequent symptoms (68, 69), with a significant proportion of OAC 

cases likely arise in individuals with silent reflux disease (70). 

 

 1.1.3    Clinical Characteristics 

The majority of patients with BO have a known history of GORD, with symptoms such as 

heartburn after eating and acid regurgitation. Less common symptoms include dysphagia and 

the sensation of obstruction within the throat when there is none. Rarely, patients may 

present as asymptomatic however most patients will have GORD symptoms with no other 

specific physical examination findings (71). 

Unselected population screening for BO is not recommended due to the relatively low risk (1 

– 2 %)    (52, 54, 72-75) with an annual risk of progression to OAC at 0.3 – 0.8 % (76-78). The 

cost-effectiveness of BO screening programmes has therefore been disputed (79-81), with 

suggestions that it only be offered to high-risk populations. A recent systematic review and 

analysis (82) assessed the prevalence of BO in individuals with known risk factors. Prevalence 

was low (0.8 %) for patients not exhibiting GORD symptoms. Higher prevalence was detected 

in patients presenting known risk factors for BO such as a family history of BO/OAC (23 %), 

male sex (6.8 %), age > 50 years (6.1 %), GORD (2.3 %), and obesity ( 1.9 %). Individuals with 

GORD and one other risk factor had an overall increased risk of 14.5 %, with each additional 

risk factor increasing BO prevalence by 1.2 %, shown as a positive linear relationship. The 

minority of patients who don’t suffer from GORD (40 – 50 %) (83, 84) would be missed when 
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adhering to current suggested screening strategies, all which require GORD symptoms as an 

pre-requisite, as illustrated in Figure 1.3. 

 

 

 

 

 

Figure 1.3: Treatment algorithm for patients with Barrett’s oesophagus. 
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 1.1.4    Diagnostic Challenges  

Despite modest improvements over recent decades, survival rates for OAC remain poor. 

Overall, less than 20 % of patients survive for five years, and approximately half succumb to 

their cancer within a year of diagnosis (58, 85). A recent analysis using USA SEER data showed 

that 73 % of patients with stage 0 and 37 % with stage 1 disease were alive at five years (58). 

Strategies promoting the prevention and early diagnosis of OAC are essential for improving 

overall outcomes. These include screening to detect patients with BO, surveillance to identify 

those at risk of or demonstrating progression, effective chemoprevention to limit dysplastic 

progression, and effective treatments for cases where dysplasia or invasive disease has 

occurred. It currently remains unclear whether community surveillance programs translate 

to improved survival (83, 86-88). This uncertainty may be partly due to a lack of sensitive and 

specific biomarkers, which hampers current screening and surveillance approaches from 

identifying patients most at risk of neoplastic progression (64). Intensive and often invasive 

follow-up regimes are required, placing pressure on healthcare resources and exposing 

patients to potential harm. Chemo-preventive options for BO are limited beyond anti-reflux 

treatments, with no definitive chemotherapeutic option for patients who progress to 

dysplasia. In such cases, invasive treatments such as ablative therapy or endoscopic or 

surgical resection are generally required (84). 

The cost-effectiveness of screening programmes may be improved by using prediction tools 

which incorporate multiple risk factors to select patients for screening. This strategy would 

still require patients to undergo time-consuming invasive endoscopies for the collection of 

multiple Barrett’s lesions for analysis. New screening modalities that would reduce both 

surgery time and required sample volume would be more cost-effective than standard 

patient sedated endoscopy. With the implementation of such modalities, the prospects of 

BO / OAC screening may be expanded in the near future.  
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   1.2  Development of the Barrett’s Lesion 

 

 1.2.1    The Oesophageal Barrier 

The formation of the initial BO lesion results directly from chronic exposure of the lower 

oesophagus to gastric refluxate (9,22,115), comprising of hydrochloric acid-rich gastric acid, 

bile salts, ingested foods, bacteria, proteolytic pancreatic enzymes, and pepsin (116). The 

lower oesophageal sphincter, along with the diaphragmatic sphincter and the 

phrenoesophageal ligament, create a high-pressure zone in the lower oesophageal region. In 

conjunction with gastric emptying and oesophageal peristaltic movement, this increased 

pressure minimises the frequency and duration of refluxate exposure to the oesophageal 

mucosa (117,118). Despite this, reflux episodes are typically common in healthy populations, 

with a recent ambulatory impedance-pH study reporting a median of 44 episodes per 24 

hours (119).  

To minimise contact with harmful gastric stimuli, the oesophageal epithelium must maintain 

a protective barrier, as illustrated in Figure 1.4. This barrier is created through the combined 

actions of multiple layers: a pre-epithelial (luminal), an intrinsic epithelial, and a post-

epithelial (stromal) compartment (120). A mucous buffer layer originates from within the 

lumen, formed using bicarbonate, water and mucous from swallowed saliva, produced by 

the submucosal glands (118, 121). This mechanism neutralises hydrogen (H+) ions and 

prevents diffusion of harmful stimuli to the apical cellular membrane, with additional 

protection via a layer of unstirred water flowing laminar along the apical epithelial surface 

(120,122).  

The swallowed saliva also contains various tissue repair mediators, including transforming 

growth factor α (TGF-α), prostaglandin E2 (PGE2), and epidermal growth factor (EGF) (123). 

These defences are less effective than their gastric counterparts, leaving the oesophageal 

mucosa more vulnerable to damage (120). The intrinsic non-squamous epithelial barrier 

plays a crucial role in preventing harmful molecules from penetrating deeper mucosal layers. 

Key to this function are the intracellular glycocalyx and the apical junction complex, which 

includes tight junctions, adherens junctions and desmosomes (120). The transmembrane 

proteins claudin and occludin are essential for maintaining the integrity of the epithelial 

barrier (124,125). Junctional adhesion molecules, which support occludin assembly, and the 



 
 

10 
 

late epidermal differentiation protein filaggrin, which helps maintain the intercellular 

glycoprotein matrix, are also important (126,127). H+ ions that bypass these defences are 

neutralised by a neutral intercellular glycoconjugate or removed through diffusion into the 

bloodstream, which increases in response to mucosal acid exposure. This hyperaemia also 

facilitates the removal of lactic acid and carbon dioxide, and delivers bicarbonate ions to 

neutralise acid (128,129).  

 

 

Despite these protective mechanisms, prolonged exposure to harmful stimuli results in 

damage to tissues and cell death. Previous research has determined that the resulting cellular 

injury and necrosis is a result of cytokine-mediated inflammatory processes (130). Initiated 

during damage to the apical junction complex, this results in increased para-cellular 

permeability, shown morphologically via the presence of dilated intercellular spaces. 

Consequently, this leads to a greater H+ concentration along basolateral epithelial cell 

membranes, affecting their sodium-independent chloride/bicarbonate exchange (133). 

Acute and chronic inflammation arises due to the build-up of intercellular acidification, 

concluding with DNA damage and oxidative stress (120,132). Whilst regeneration of 

Figure 1.4: Illustration detailing the protective mechanism of the oesophagus against 

noxious refluxate H+ ions. Reprinted with permission. (4) 
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damaged cells is possible (135), the epithelium is able to repair itself through the migration 

of healthy adjacent cells to the damaged area within 30-60 minutes of initial injury (134), as 

detailed in Figure 1.5.   

Increased intragastric pressure is a feature of obese GORD patients, resulting in an increased 

gastro-oesophageal pressure gradient and transient relaxation of the lower oesophageal 

sphincter, thereby leading the gastric contents to flood the lower oesophagus. This also 

occurs when intra-abdominal pressure is increased. Additionally, obesity enhances the 

spatial separation of the lower oesophageal sphincter and the crural diaphragm, 

predisposing individuals to a hiatal hernia, resulting in increased exposure of the oesophagus 

to acid (7).   

 

 

 

 

 

 

 

 

 

 

 

Figure 1.5: Models of wounding and competitive replacement in Barrett’s oesophagus 

development. (A) The squamo-columnar junction in a Barrett’s oesophagus segment shows 

granulation indicative of recent epithelial denudation. (B) This junction aligns with the 

stomach-oesophagus boundary. (C) Chronic acid-biliary reflux erodes squamous epithelium, 

forming an ulcerative defect. (D) The defect is covered by undifferentiated epithelium. (E) 

Progenitor cells mature into mucous glands, which (F) differentiate into intestinal or gastric 

types based on the microenvironment. Recurrent reflux and ulceration lead to progressive 

replacement of squamous epithelium by columnar epithelium. Reproduced with permission 

(13)  
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 1.2.2  Molecular Origins of Barrett’s Oesophagus  

The development of oesophageal cancer has a large number of mutations akin to cancers 

such as melanoma and lung cancer. Non-dysplastic BO has a remarkably lower number of 

mutations in contrast to oesophageal cancer; whilst having a larger number of mutations 

than other malignancies such as breast cancer and multiple myeloma (89). The mutation, 

inactivation, or loss of regulatory genes are responsible for controlling the cell cycle, which 

leads to changes in the oesophageal lining, into BO (90). The most important tumour 

suppressor gene in BO is p16, also known as CDKN2A, with 80 % of BO associated with p16 

anomalies (91). Inactivation of this gene results in genomic instability and resultant 

uncontrolled cell multiplication. The alteration of p53 can be found in both high-grade BO 

and OAC, however it is not a feature in low-grade BO. Both p16 and p53 affect the G1 to S-

phase of the cell cycle, through either induction of apoptosis or blocking cell division 

processes should DNA repairs fail. Faults in both genes lead to a lack of cell death, excess cell 

division and progression to malignancy.  

Epigenetic governors such as Homeobox [Hox] genes code for DNA-attached proteins which 

determine the fate of various cell types. Caudal-type Hox [Chx] -1 and -2 have been linked 

with to the transformation of cell architecture from squamous to columnar cells (92), 

heralding the development of metaplasia in the oesophagus (93) via hyper-methylation of 

promoter sequences on tumour suppressor genes, leading to the inactivation of the latter. 

Other cell cycle regulators include tumour suppressor genes such as adenomatous polyposis 

coli gene involved in cell cycle control, and proto-oncogenes such as Myc genes.  

Significant alterations occur in gene regulation and protein expression during the metaplastic 

process. This involves the loss, diminished function, or downregulation of transcription 

factors critical for the normal development of oesophageal squamous epithelium, such as 

tumour protein 63 [p63], transcription factor SOX2, and paired box protein Pax-9 [PAX9]. 

Concurrently, there is an upregulation of transcription factors linked to intestinal 

development, including SOX9, nuclear factor kappa-light-chain-enhancer of activated B cells 

[NF-ĸB], GATA binding protein 6 [GATA6], homeobox proteins CDX1 and CDX2, protein analog 

homolog 1 [ATOH1], hypoxia-inducible factors [HIFs], mini-chromosome maintenance 

protein (MCM2) (Figure 1.6), and hepatocyte nuclear factors [HNF] 1α, 3α, 3β, 3ƴ, and 4α 

(70, 94-97).  
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Upstream of these factors, the combination of pro-inflammatory cytokines produced from 

the lower oesophageal stroma and the GORD-induced inflammatory environment leads to 

activation in numerous different pathways (98, 99). These include signalling cascades such as 

the Hedgehog signalling pathway, the highly-conserved Wnt signalling pathway, and the 

TGFβ superfamily member bone morphogenetic protein BM4 (100-106). Downregulated 

pathways associated with both transdifferentiation and transcommitment include the Notch 

signalling cascade (107-109). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.6: Abnormal proliferation compartments of Barrett's oesophagus and associated 

dysplasia. Expression of a proliferation marker mini-chromosome maintenance protein 

(Mcm2) is shown by immunohistochemistry. Whereas the proliferative compartment is 

confined to the basal layers (normal squamous oesophagus, (A)) and in the crypts and the 

glands (normal stomach and duodenum, (B) and (C)), in Barrett's metaplasia proliferation 

extends towards the surface (D). With increasing dysplasia the number of proliferating cells 

increases with expansion of the proliferative compartment (E-G). Reproduced with 

permission from BMJ Publishing Group Ltd (9). 
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 1.2.3   Transdifferentiation, Translocation &    

    Transcommitment 

The cellular origin of BO is debated with controversial and conflicting opinions, partly due to 

the inability to observe the metaplastic process in vivo and the lack of reliable physiological 

animal models. The initial hypothesis was that BO arose as a consequence of migrating 

transitional zone cells from the gastro-oesophageal junction to the distal oesophagus and 

gastric cardia as a response to acid refluxate-induced tissue damage (110). However, even if 

this were to be the case, the differing epithelial cell lineages present in BO still need to be 

accounted for.  

When studying the oesophageal and gastric cardiac mucosae distribution across 

oesophagectomy specimens, it was inferred that exposure of the cardiac glands to the 

luminal surface could result in their transition to columnar epithelial islands which could give 

rise to BO through clonal expansion (111). The theory of upward migration from the gastro-

oesophageal junction was discarded after animal studies revealed the cell of origin was 

intrinsic to the oesophagus (112).   

The predominant theories of the last few decades suggest that the metaplastic epithelium 

arises from transdifferentiation; a direct conversion of squamous cells to columnar cells. 

Transdifferentiation is defined in this context as the irreversible metaplastic conversion from 

one fully differentiated state into another. This is supported by previous research detailing 

the conversion of murine epithelium from columnar to stratified squamous, during 

embryonic oesophagus development. This correlated with the co-expression of squamous 

(cytokeratin 14) and columnar (cytokeratin 8) differentiation markers during the conversion, 

suggesting that these changes can occur independent of cell division or apoptosis (113).  

In theory, the reverse transformation could explain the phenotypic change seen in BO, 

although this switch is yet to be determined in adulthood. Additionally, evidence of newly 

developed squamous epithelium post-BO endoscopic removal (provided all differentiated 

epithelium was removed) would further weaken this hypothesis (114). Another related 

hypothesis suggests that there may be an intermediate “multi-layered epithelium”; 

composed of multiple cellular layers, appearing squamous in their basal portion and 

columnar more superficially, with both layers expressing cytokeratins (115).  
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Despite this, recent data has strengthened the argument that the upward migration of 

columnar cells from the gastro-oesophageal junction leads to BO development (116). 

Examination of early oesophageal development in wild-type mouse embryos led to 

suggestion that the columnar cells lining of the embryonic oesophagus, composed of 

columnar cells, was sloughed off as squamous epithelial cells migrate through the 

oesophagus, undermining and replacing the columnar cells (117). They hypothesised that the 

squamo-columnar junction in adult mice, and the gastro-oesophageal junction in human 

adults, contain a residual population of embryonic columnar cells. These cells later give rise 

to BO via migration after refluxate damage to the proximal squamous epithelium (117). The 

concept of a oesophagus-gastric junction cell of origin may also explain the origin of gastric-

type columnar metaplasia in the distal oesophagus, however the debate as to whether these 

are linked or separate entities is ongoing (118). This indicates that there are multiple cells of 

origin for BO, and that the progression from BO to OAC is linked to the particular cell type 

that BO developed from. 

 

 

 

 

 

 

 

 

 

 

 

Alternate theories include changes in the commitment (transcommitment) of pluripotent 

stems cells responsible for refreshing of the oesophageal epithelium, leading to metaplastic 

development (119). The oesophagus has multiple sites from which these cells can arise, 

Figure 1.7: Endoscopic appearance of Barrett’s oesophagus. Note the white- appearing 

normal  squamous mucosa displaced above the true end of the oesophagus. The intervening 

mucosa appears salmon-pink. Reposted with permission (7) 
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including the sub-mucosal glands and the lining of their ducts, and the stratified squamous 

basal layer epithelium. This hypothesis suggests an induced change in the commitment of 

multipotent stem cells due to environmental stressors such as acidic refluxate. Whilst 

correlating with the evidence that the BO cell(s) of origin are intrinsic to the oesophagus, it 

would also explain the various cell phenotypes present in BO, as well as the regeneration of 

squamous epithelium post-BO lesion removal (114).  

The first stem cell population to be involved in this theory are the squamous epithelial cells 

in the basal layer. Observation of highly characterised squamous epithelium in the 

interfollicular epidermis, which contains features similar to the oesophagus, saw the 

presence of multiple different cell linages within adult tissue, from a multipotent stem cell 

population (120). The glandular neck region of the oesophageal submucosal gland ducts has 

been suggested to contain a second stem cell population, possibly responsible for the origin 

of the columnar epithelium (121). This prefigures a migration of surface glandular cells, 

derived from new ducts and glands via stem cells in the lamina propia, similar to ulceration 

observed in the gastrointestinal tract due to the near-residing ulcer-associated cells (122).  

Retinoic acid has previously been adapted as a stimulant for squamous cell differentiation, 

with the results suggesting that the submucosal gland ducts within the stromal department 

provide the columnar cell source (123).  Bone marrow-derived progenitor cells have also 

been hypothesised as possibly contributing to BO development (124). There may be more 

than one route to BO development (70, 125), however, given the presence of multiple cell 

linages, transcommitment can be considered the most likely.  

 

 1.2.4   Adenocarcinoma Progression 

The genomic progression of BO to OAC has a baseline association of increased clonal diversity 

reflective of high levels of multi-generational chromosomal instability (126, 127). Associated 

with mitotic slippage, this is characterised by tetraploidy, aneuploidy, and early copy number 

changes, possibly allowing for pre-malignancy detection of OAC (126, 128-130). Malignancy 

transformation can be detected at high levels of sensitivity and specificity using 

measurements of genomic instability such as flow cytometric DNA analysis, single nucleotide 

polymorphism arrays, and shallow whole genome arrays (130, 131). The main complication 

when evaluating clonal diversity is the requirement of a wide sampling field, which, given the 



 
 

17 
 

high risk of complications during traditional endoscopic procedures, may favour the use of 

non-endoscopic pan-oesophagus sampling modalities such as capsule delivered sponges 

(129).  

Contrastingly, high levels of heterogeneity result in no effective biomarkers from gene 

mutation panels (132). The burden of mutations in BO is reported at 5.6 – 6.8 SNVs/Mb, 

however differences between non-dysplastic and dysplastic cases is uncertain (129, 133). 

Immuno-histological confirmation of p53 aberrance correlates with high-grade dysplasia and 

OAC development, with its use recommended as part of UK guidance for histopathological 

assessment (41, 132), with emerging evidence for the association between the rapid 

accumulation of copy number heterogeneity and p53 loss (127). Recent data is suggestive of 

the theory that extrachromosomal DNA almost exclusively arises due to TP53 alterations in 

high-grade dysplasia, amplifying a variety of oncogenes and immunomodulatory genes (134). 

Additional meta-analysis revealed a higher genetic correlation between GORD and BO, than 

GORD and OAC (135) (136).  

Once developed, OAC can be considered a structurally unstable, heterogeneous, C-type 

malignancy, characterised by intensive large scale structural rearrangements and frequent 

copy number changes (129, 137, 138). These structural rearrangements are also present in 

high-grade dysplasia, including fragile site deletions, chromothripsis, breakage-fusion-

breakage cycles and somatic mobile element insertions (137). The mutational burden of OAC 

is much higher than that of BO, at 7.1 – 25.2 SNVs/Mb, averaging 9.9 SNVs/Mb (139). In a 

reflection of BO colonal diversity, little overlap is seen between the mutational patterns of 

OAC and BO. Over 60 mutational driver genes can be recognised in OAC development, with 

a median of 5 driver gene events per tumour (140), with these genes exherbated and 

promoted by assisting patient-specific helper genes (141). A commonly known driver, SMAD4 

mutation or deletion, is common in one third of OAC cases, and is associated with 

significantly higher mortality and poorer prognosis (hazard ration 0.6, 95 % confidence 

interval 0.42 to 0.84; p = 0.003) (140). This trend is reflected in GATA4 amplification (0.64, 

0.38 – 0.78; p <0.001) and activation of the Wnt pathway, which has previous association 

with well-differentiated tumours (140). Later stages contain an increased number of APOBEC 

signatures indicative of worsened outcomes (142).  

Three relevant treatment groups can be categorised from mutational OAC signatures (138). 

One-fifth of patients display a DNA damage repair impairment signature, which could 
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improve susceptibility to irradiation treatment or a combination of other DNA damaging 

agents with poly ADP ribose polymerase (PARP) inhibition. The second group enriches for a 

mutational pattern associated with ageing, C>A/T dominant, whilst the final group, 

comprising half of all patients, has a T>G dominant mutational pattern, associated with a high 

mutational load (138). This hyper-mutation is indicative of the loss of immune signalling 

genes and Wnt dysregulation. An example gene would be β2 microglobulin, explaining the 

poor sensitivity of OAC to checkpoint inhibition (140). The immune landscape is further 

influenced through the consistent amplification of targetable receptor kinases, also present 

during dysplastic progression of BO (138, 143). 

 

    1.3 A Model System 

 

 1.3.1   Available Models for Research 

In order to determine the most effective experimental models for studying OAC progression 

from BO, it is imperative to assess the advantages and limitations of current models. Murine 

models enable transgenic studies, allowing for lineage tracing and selective gene 

manipulation. These models help researchers explore the interaction between genetic 

factors and environmental stressors, such as diet or acid exposure, in cellular dysregulation. 

However, differences between mouse and human anatomy, like the absence of oesophageal 

submucosal glands in mice, must be considered. A review of mouse models for BO and OAC 

highlighted the IL-1β model (144), which induces inflammation, abnormal NF-kB signalling, 

and progression from metaplasia to dysplasia and neoplasia (116, 145). The model showed 

that high-fat diets (145, 146) and bile salts (147) exacerbate dysplasia, whilst manipulating 

genes like CDX2 (148), telomerase RNA component (149), and Notch2 (150) further 

influences disease progression. Additionally, combining the IL-1β model with hyper-

gastrinemic mice revealed that increased gastrin levels (151, 152), potentially linked to 

proton pump inhibitor use (153), promote dysplasia and cancer stem cell expansion (151). 

The development of squamous dysplasia and oesophageal squamous cell carcinoma was 

seen in older mice (154).  
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Murine xenograft models allow the study of tumour formation and metastasis via 

implantation of genetically engineered human oesophageal cell lines into 

immunocompromised mice (155). These models can be used for assessing the effects of drug 

targeting pathways such as TGF-β, JNK and MEK signalling (156, 157), however a key 

limitation would be that tumour development is anatomically distinct from the oesophagus 

(158, 159). Further limitations of animal models are details in Table 1. The rat surgical model 

was developed in the 1960s, consisting of a connection between the oesophagus and the 

small intestine, resulting in the development of a columnar epithelium and adenocarcinoma 

via acid exposure (160, 161). Recent refinements have improved operative mortality (162), 

however key issues such as reduced acid exposure and concerns regarding the origin of the 

columnar epithelium limit the use of such models for physiological anatomy (154, 163).  

 

Table 1: An overview of animal models used in Barrett’s oesophagus and oesophageal 

adenocarcinoma research. Reproduced with permission under a Creative Commons 

Attribution-NonCommercial-No Derivatives License (CC BY NC ND) (1) 
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Developed in the 1980s, the canine model induced oesophageal metaplasia via acidic reflux 

through a hiatal hernia and myotomy, forming oesophageal columnar mucosa (164, 165). 

The latest model supports squamous healing and reverses metaplasia using a proton pump 

inhibitor and porcine-derived hydrogel applied via endoscopic mucosal resection (159). 

While useful for comparative oncology (166), oesophageal tumours in dogs are rare and 

typically non-adenocarcinomas (167).  

Similarly, the porcine model, with its oesophageal submucosal glands, mirrors human OAC 

development (168, 169). The CAV3 protein, linked to familial BO and OAC, suggests a role in 

wound healing (170). Limitations of this model include their large size and appropriate 

housing. 

Human oesophageal biopsies can be cultured short-term, but immortalised cell lines offer a 

practical, consistent, and modifiable alternative. Risks such as phenotypic drift, 

contamination, and misidentification necessitate careful verification (171). Although rare in 

preclinical research, in vivo studies provide critical insights into human-relevant disease 

processes, identifying label-retaining cells in basal squamous epithelium and BO, unlike 

mouse models. Organotypic culture models mimic epithelial structure and barrier function 

by incorporating immune cells and fibroblasts. These models, built using oesophageal 

fibroblasts, collagen type I, and Matrigel, support epithelial cell layers for studies of 

morphology, differentiation, and columnar marker induction (107, 172-174). Organoid 

cultures, developed in 2011 (175), are valuable for analysing BO and OAC heterogeneity, 

genomic changes, and personalised treatments (176-179). Advances such as “organ-on-a-

chip” technologies further enable complex multi-cellular structures and mechanical forces 

(180, 181).  

Most BO and OAC research relies on cell lines to study metaplasia, inflammation, genomic 

instability, and mutations like TP53 (95, 132, 155, 182-190). Single-cell analysis is increasingly 

used to study gene expression and clonal mutations via mitochondrial cDNA amplification 

(191, 192). Multi-omics single-cell studies reveal cancer cell evolution and diversity but face 

challenges like limited non-polyadenylated transcript analysis and data sparsity due to small 

sample sizes in DNA proteomics, proteomics, and epigenomics.  
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 1.3.2    Single Cell On-Chip 

Single-cell analysis offers significant potential for uncovering cellular diversity and identifying 

abnormal cells that may emerge during cancer and disease development. Cell phenotype and 

genotype comparisons typically rely on averaged measurements from a population of cells. 

Whilst these results provide valuable insights, they fail to capture the responses of individual 

cells due to the inherent heterogeneity within cell populations. This arises from the dynamic 

nature of cellular processes, including cell signalling, differentiation, motility and the cell 

cycle, all driven by biochemical reactions. Additionally, “biological noise” leads to stochastic 

gene expression, even amongst genetically identical cells in identical environments, resulting 

in variations in phenotype (12). Therefore, whilst the average study may reveal significant 

differences between multiple populations, single-cell analysis can provide further insights 

into the heterogeneity and presence of sub-populations within mixed samples.  

Single-cell technologies have already been applied across varied biomedical fields such as 

early disease diagnosis (193, 194), stem cell biology (195), neuroscience (196), and drug 

screening (197, 198). High-throughput screening is required for precise determination of any 

underlying causes of heterogeneity, with classic methods including optical (199) and 

magnetic (200) tweezing, flow cytometry (201), atomic force microscopy (202), and single-

molecule fluorescence spectroscopy (203). Each of these methods has its limitations; with 

flow cytometry requiring the use of expensive instruments and complex cell surface markers, 

long pre-treatment times, sample contamination risks and a reduction in cellular viability 

(204). The other methods listed suffer from complex operation, high cost, and low detection 

flux problems.  

Microfluidics provides a high-throughput option for biophysical characterisation. By 

confining fluid flow to the micron scale, microfluidic systems guide fluids through channels 

measuring tens of microns, allowing precise fluid manipulation via devices that require low 

sample volumes. Due to the advantages of high detection sensitivity, low cost and reagent 

consumption, and large-scale sub-system integration, the use of microfluidics in the life 

sciences is advancing rapidly. An efficient tool for single-cell analysis, the ability to 

manipulate single cells for capture has led to a wide range of strategies such as micro-traps 

(205), micro-droplets (206), micro-patterns (207), and micro-wells (208). On-chip 

measurements keep cells viable, enabling subsequence destructive genetic sequencing.  
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Recent research on oesophageal adenocarcinoma development has utilised chip-based 

models, albeit not at the single cell level. The development of the EndoScreen Chip by 

Webster et al.,(209) led to detection of specific serum biomarkers via the use of a lectin 

immunoassay, in particular Jacalin-lectin binding complement C9 (JAC-C9). Increased levels 

of JAC-C9 were shown to correlate with patients with oesophageal adenocarcinoma, 

underscoring the potential of microfluidic chips in enhancing diagnostic endoscopy.  

Shimshoni et al.,(210) created BO organoid cultures for modelling the tissue repair processes 

post-gastric refluxate exposure, via integration of patient-derived epithelial cells and 

fibroblasts with BO cells on-chip. This replicated the epithelial-stromal interactions 

characterised with BO, with the model demonstrating how interactions between BO 

epithelial cells and fibroblasts from cancerous regions led to increased epithelial cell 

proliferation and pre-cancerous changes.  

Ohnaga et al., (211) developed a polymetric microfluidic device for the isolation of circulating 

tumour cells (CTCs) from blood samples to determine progression and prognosis of different 

cancers, including oesophageal. The study concluded that the microfluidic device was able to 

effectively capture CTCs from oesophageal cancer cell lines, with performance influenced by 

anti-epithelial cell adhesion molecule antibodies (EpCAM) expression levels.  

 

 

 

  1.4      Raman Spectroscopy 

Mapping tumours from sub-cellular to whole-organ scales is a significant challenge in cancer 

research, especially for linking biological changes to pathology. Much of our understanding 

of how genotype refers to phenotype comes from population-wide cell measurements (212). 

Whilst useful, these average measurements fail to capture the unique behaviour of individual 

cells in heterogeneous populations. For instance, population data may show a gradual 

concentration gradient, but single-cell analysis could reveal a sharp all-or-nothing switch. To 

fully understand a system, its individual components must be studied, though single-cell 

techniques are time-consuming and require analysing large numbers of cells for statistical 

significance.  
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High-content screening has become critical in applications such as drug delivery, relying on 

fluorescence-based methods (213, 214). Also known as high-content analysis, this technique 

combines high-throughput screening with automated microscopy and image analysis to 

study cells in a high-throughput manner. This has its limitations – cytotoxicity, prone to 

photobleaching and limited stains due to spectral overlap, making it costly and complex 

(215). Other single-cell techniques, such as chemical cytometry, are low-throughput and 

destructive. There is currently limited reliable high-throughput, high-content, non-

destructive, label-free technique to analyse cell chemical composition (216). 

Raman spectroscopy (RS), based on inelastic light scattering, was first predicted by Smekal in 

1923 (217), and experimentally confirmed by C.V. Raman in 1928 (218). RS is a vibrational 

spectroscopy method where laser light interacts with a sample to produce a spectrum. When 

photons from the laser encounter a vibrating molecule, most scatter elastically (Rayleigh 

scattering) without changing energy. However, about one in a million photons undergo a shift 

in frequency, known as a Raman scattering (219-222). This shift can either result in energy 

loss (Stokes shift) or gain (anti-Stokes shift), reflecting changes in the molecule’s vibrational 

state. The technique employed here is Stokes Raman confocal micro-spectroscopy, which 

reduced out-of-focus contributions to the spectrum.  

Though inherently weak, RS became more feasible with the advent of high-power lasers in 

the 1960s (223). RS has since been applied to biological research as a label-free method 

offering high-content information from a single measurement. It can be used on living cells, 

providing biochemical data at sub-cellular resolution and differentiating between cell types 

(213, 224-227). This makes RS particularly valuable for studying cell heterogeneity, drug 

response, tissue mapping and cancer detection in microfluidic systems (228). To conduct 

high-throughput single-cell analysis, precise manipulation of small fluid volumes and 

immobilisation of cells are necessary during measurement (229). Microfluidic devices, with 

their microscale channels and low reagent consumption, provide an ideal platform for 

enhancing the throughput of RS (216). By integrating RS with microfluidics, techniques like 

Raman-activated cell sorting (RACS) could offer label-free, high-throughput insights into cell 

composition, holding promise for advanced biological and cancer research (230, 231).   
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 1.4.1  Raman Spectroscopy of Biological Systems 

Cells consist of thousands of different molecules at varying concentrations, all of which 

contribute to their Raman spectrum (232). For a molecule with N atoms, the number of 

possible vibrational bands equals 3N – 6 (for non-linear molecules), though not all are Raman 

active (233). CH2 as a non-linear molecule, exhibits three fundamental vibrational modes due 

to its atomic configuration and degrees of freedom. For CH2, with three atoms, this results in 

three vibrational modes: symmetric stretching (ν1), bending (ν2), and asymmetric stretching 

(ν3), as illustrated in Figure 1.8.  Each of these modes influences the polarisability of the 

molecule in unique ways, determining their activity in Raman spectroscopy (234).  

 

 

 

  

Figure 1.8: Illustration of the three fundamental vibrational modes of the CH2 molecule : (a) 
symmetric mode, (b) bending mode, and (c) asymmetric mode; with their associated 
polarisability ellipsoid during vibration in their: (i) equilibrium state, (ii) stretched state, and 
(iii) compressed state.  
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In the symmetric stretching mode, Figure 1.8, both C-H bonds in the molecule expand and 

contract simultaneously, resulting in significant changes to molecular polarisability. When 

the bonds are stretched, the electrons are less firmly attached to the nucleus and increasing 

the polarisability, whilst during compression, the electrons are more tightly bound leading to 

a decrease in polarisability and a larger ellipsoid size. The magnitude and direction of 

polarisability change in this mode make it strongly Raman active, producing distinct and 

measureable spectral lines.  

The bending mode involves changes in the angle between the two C-H bonds of the molecule. 

This mode causes the molecule to adopt a bent shape, altering the polarisability ellipsoid, 

which becomes smaller and thicker, and the molecule behaves as though it were diatomic. 

Although it is Raman active, the intensity of this mode is significantly lower compared to 

symmetric stretching due to the relatively minor changes in polarisability.  

In the asymmetric stretching mode, one C-H bond lengthens whilst the other shortens, 

leading to complex changes in the direction of the major axis of the polarisability ellipsoid. 

Unlike the symmetric stretching mode, this vibration maintains the overall size and shape of 

the ellipsoid but results in a significant directional shift. The polarisability changes in this 

mode are less pronounced, making this vibration challenging to observe in Raman spectra 

(234).  

While CH₂ is a non-linear molecule with three vibrational modes, CO₂ is a linear molecule 

with a centre of symmetry, resulting in unique Raman and infrared activity patterns governed 

by the rule of mutual exclusion (Figure 1.9). The vibrational modes of CO₂—symmetric 

stretching, bending, and asymmetric stretching—can be directly compared to those of CH₂ 

to highlight how molecular geometry and symmetry influence the polarisability changes that 

determine Raman activity. In symmetric stretching, both C=O bonds expand and contract 

simultaneously, causing significant changes in polarisability, making this mode Raman active 

but infrared inactive. The bending mode involves changes in the bond angle, leading to shifts 

in the dipole moment but minimal polarisability changes, rendering it infrared active and 

Raman inactive. In asymmetric stretching, one C=O bond elongates while the other 

compresses, resulting in notable dipole moment shifts but only minor polarisability changes, 

making it infrared active but Raman inactive. These behaviours highlight the rule of mutual 

exclusion, which dictates that vibrational modes in molecules with a centre of symmetry are 

typically either Raman active or infrared active, but not both (234).  
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Despite the vast diversity of molecules in a cell, their abundance may be limited, with 

approximately 70 % of a cell’s mass comprising of water, with the remainder consisting of 

macromolecules such as proteins, nucleic acids, and polysaccharides. RS detection sensitivity 

depends on a molecule’s total area (223), with UV-RS able to detect proteins at lower 

concentrations such as 1 mg/ mL (235). This capability highlights RS’s potential as a diagnostic 

tool, given the rich spectral content of cells. Whilst many of the main spectral features 

observed in cells have been reported (225, 236-238), interpreting these spectra is challenging 

because different molecular vibrations can contribute to the same spectral regions. Peak 

identification aids in understanding cellular biochemistry but is less useful for distinguishing 

Figure 1.9: Illustration of the three fundamental vibrational modes of CO2: (a) symmetric 

mode, (b) bending mode, and (c) asymmetric mode; with their associated polarisability 

ellipsoid during vibration in their: (i) equilibrium state, (ii) stretched state, and (iii) 

compressed state. 
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between cell populations. Differences between cell types are often subtle, necessitating 

multivariate analysis to classify them accurately (239). Chemometric techniques have been 

widely used for this purpose (239, 240).   

A typical cell spectrum features two key regions for cellular analysis: the fingerprint region 

(below 1800 cm-1) with many smaller peaks and the high wavenumber region above 2800 

cm-1, marked by a strong broad band, as illustrated in Figure 1.10 (11).  Lipids contribute 

significantly to the C – H stretching region around 3000 cm-1, whilst proteins contribute 

through the Amide I, II, and III bands, located around 1650, 1550 and 1300 cm-1, respectively. 

The shape and intensity of these amide bands provides insights into protein structure. 

Additionally, nucleic acids (e.g. thymine, cytosine, uracil, and adenine), and disulphide bonds 

adds important features to the Raman spectra  

A typical Raman spectrum of a cell is characterised by two key regions that are essential for 

cellular analysis: the fingerprint region and the high wavenumber region. The fingerprint 

region, which lies below 1800 cm⁻¹, contains a dense array of smaller peaks corresponding to 

the vibrational signatures of various molecular components within the cell. This region is 

highly specific, making it invaluable for identifying and distinguishing different biomolecules. 

In contrast, the high wavenumber region, located above 2800 cm⁻¹, is dominated by a strong, 

broad band associated with C-H stretching vibrations, which provide important information 

about the lipid and protein content in the cell (241). This is illustrated in Figure 1.10.  

Lipids contribute to the C-H stretching region around 3000 cm⁻¹, as their symmetric and 

asymmetric stretching vibrations from CH₂ and CH₃ groups are prevalent in this region, as are 

proteins. Protein C-H stretching vibrations originate from side chains of amino acids, such as 

aliphatic groups, and from the peptide backbone, which overlap with lipid signals. These 

overlapping contributions provide insights into the relative proportions of lipids and proteins 

and their structural organisation, such as in cellular membranes or protein-lipid complexes 

(233, 242). 

Proteins also play a prominent role in the fingerprint region, where their characteristic 

vibrational modes provide detailed structural and functional insights. The Amide I band, 

located around 1650 cm⁻¹, is primarily due to C=O stretching in the peptide bond and is highly 

sensitive to the secondary structure of proteins, such as α-helices and β-sheets. The Amide II 

band, around 1550 cm⁻¹, arises from N-H bending coupled with C-N stretching, while the 

Amide III band, around 1300 cm⁻¹, results from C-N stretching and N-H bending vibrations. 
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The shape, position, and intensity of these amide bands offer valuable information on protein 

conformation and interactions, making them critical markers in cellular studies (243, 244). 

 

 

In addition to proteins and lipids, nucleic acids also contribute distinct features to the 

fingerprint region. Their vibrational modes, including C-N stretching, N-H bending, and ring 

breathing motions, are essential for identifying and analysing DNA and RNA in cells. 

Furthermore, disulphide bonds, characterised by S-S stretching vibrations around 500 cm⁻¹, 

add specific signals to the Raman spectrum, reflecting the presence of stabilising structures 

within proteins. (245, 246). Further details on common biological Raman bands are detailed 

in Table 2 (223, 238).  

Figure 1.10: The Raman spectrum of a single cell of human primary glioblastoma 

U87 cell line, demonstrating various bands representative of cellular constituents. 

Reprinted with permission (11).   
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When performing RS on single cells, long acquisition times are required to obtain high-quality 

spectra, often raging from tens to hundreds of seconds per cell. This can limit the number of 

cells analysed in each experiment. For instance, Swain et al., (247) required 40 seconds per 

spectrum over four different spots on the cells, restricting the sample size. Similarly, Krishna 

et al., (236) used 90-second acquisition times with spectra averaged three times. In live cell 

applications, RS has been demonstrated with various cancer cell lines. Gala de Pablo et al. 

(248) conducted a study using label-free live single-cell Raman spectroscopy to obtain 

chemical fingerprints of colorectal cancer cells, specifically focusing on the SW480 and 

SW620 cell lines. Principal component analysis combined with linear discriminant analysis 

achieved an accuracy of 98.7% in cell classification. The study found that SW480 cells 

exhibited higher content of disordered secondary protein structures in the amide III band, 

while SW620 cells showed larger α-helix and β-sheet band content. Additionally, SW620 cells 

displayed higher levels of nucleic acids, phosphates, saccharides, and CH₂ content. Oshima et 

al., (249) conducted an RS study using a 532 nm laser on one healthy and four lung cancer 

cell lines, revealing that cytochrome C (bands 747, 1127, and 1583cm−1) was the primary 

source of variability. However, they only performed five measurements per culture dish with 

a 1 µm laser spot, yielding highly specific signals rather than an average over the whole cell. 

Pully et al., (250) used RS for time-lapse imaging of human lymphocytes from healthy donors 

with a 647.1 nm laser. After acquiring 10 images, each with a 2-minute acquisition time, the 

Table 2: Table of common Raman shifts (in cm⁻¹) associated with biological molecules, 

detailing their corresponding molecular components and vibrational modes, such as S-S 

stretching in proteins, C-N stretching in lipids, and CH₂ twisting in lipids, highlighting the 

specificity of Raman spectroscopy in identifying biomolecular structures.  
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cells showed signs of photo-damage, including blebbing and loss of cytoplasmic and nuclear 

material, due to the imaging conditions in buffer and at room temperature. They observed a 

decline in the 1524 and 1154 cm-1 bands, associated with carotenoids, but saw no significant 

changes in protein or nucleic acid bands. Laser trapping RS (LTRS), which involves optical 

trapping and Raman acquisition in live cells, was used by Harvey et al., (251) to classify 

bladder and prostate cancer cell lines, analysing spectra from 20-30 cells per line. Protein-

related changes were observed in the amide I (1650 cm⁻¹) and amide III (1300 cm⁻¹) regions, 

reflecting variations in protein content and structure. Nucleic acid differences were evident 

around 785 cm⁻¹, associated with nucleic acid components. Lipid-related variations were 

noted in the CH₂ and CH₃ stretching regions (2850–2950 cm⁻¹), indicating differences in lipid 

content.  

Similarly, Casabella et al., (252) employed LTRS in a Poly (methyl methacrylate) microfluidic 

device to study live prostate cancer cells and lymphocytes, enabling the analysis of hundreds 

of cells. Significant variations were observed in the amide I and amide III bands, indicative of 

differences in protein content and secondary structure between the two cell types. Nucleic 

acid-associated bands, particularly around 785 cm⁻¹, displayed notable differences, 

highlighting variations in DNA and RNA content. Lipid composition contributed to the spectral 

variability, with changes detected in the CH₂ and CH₃ stretching regions.  

 

 1.4.2  Raman for Medical Diagnosis 

RS is a sensitive non-invasive method suitable for analysing living cells. However, its 

diagnostic application presents several challenges. Firstly, cells are heterogeneous, so an 

average spectrum must be captured from the entire cell (220). Secondly, RS often requires 

long acquisition times, as the signal is weak, and high laser powers can damage the sample 

(253, 254). Thirdly, the Raman signal can be easily obscured by other signals, such as auto-

fluorescence or background substrate (220). To reduce background noise, substrate 

materials like quartz or magnesium fluoride are recommended (254, 255).   

Alternate Raman techniques such as Resonance Raman and Surface-Enhanced Raman 

Scattering, can increase signal intensity. Resonance Raman uses a light source that matches 

the absorbance band of the target molecule (220, 256), whilst Surface-Enhanced Raman 



 
 

31 
 

Scattering amplifies the signal with the help of nanoparticles or structured metal surfaces 

(231, 257, 258).  

RS has potential biomedical applications, from monitoring cell composition to classifying cell 

types (220, 224). It has been used for imaging organelles (259), studying cell cycles (247), and 

even identifying exosomes (260). Its diagnostic use, particularly in cancer research, has 

shown promise, with studies focusing on cervical (255), lung (249), breast cancer (237, 253, 

261, 262) amongst others (263-265); most notably for biomarker detection across 

oesophageal tissues. Maitra et al. analysed human serum samples, revealing significant 

changes in lipid and protein profiles, with key biomarkers including CH₂ and CH₃ stretching 

vibrations (2850–2950 cm⁻¹) indicative of lipid composition, and Amide I vibrations (1650 

cm⁻¹) reflecting protein secondary structures (266). In their tissue Raman mapping study, 

Maitra et al. identified nucleic acid content as a critical biomarker, with peaks around 785 

cm⁻¹ associated with nucleobase breathing modes and phosphate backbone vibrations (1090 

cm⁻¹), along with protein conformational changes observed in the Amide I (1650 cm⁻¹) and 

Amide III (1300 cm⁻¹) bands (267). Hao et al. corroborated these findings in a systematic 

review and meta-analysis, highlighting consistent increases in nucleic acid signals (785 cm⁻¹) 

and protein-related bands (Amide I and III regions) in oesophageal cancer tissues compared 

to healthy samples (268). Various reviews and studies provide insights into the biological and 

diagnostic applications of RS, including its integration with other imaging techniques (220, 

224, 269). 

 

 1.4.3  On-Chip Raman Spectroscopy 

Current Raman-activated cell sorting systems often suffer from low throughput because of 

the intrinsically weak Raman signal. These systems frequently require manual operation, 

which adds inefficiency. Given the extended acquisition times in RS, first-generation sorting 

systems commonly rely on laser trapping, such as laser tweezers Raman spectroscopy, to 

confirm cells for analysis. Alternatively, laser-induced forwards transfer is sometimes used to 

eject cells from a substrate for further investigation, however this method presents 

challenges in maintaining high-quality acquisition, achieving precise cell isolation, and 

aligning cells accurately with the laser spot for analysis (231).  
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Microfluidic platforms allow for precise control of minute fluid volumes, making them highly 

advantageous for single-cell analysis. In terms of microfluidic device fabrication, durable 

materials like silicon and glass are commonly used when chemical resistance and longevity 

are priorities. These materials offer excellent performance but require the use of hazardous 

chemicals during fabrication. Quartz is an excellent material for minimising background 

interference in RS but is costly. Cheaper alternatives like polydimethylsiloxane (PDMS) and 

Perspex can be used due to their ease of fabrication, though they produce significant 

background signals that complicate analysis. While polymer-based devices are cost-effective, 

their strong out-of-focus Raman signals, particularly in shallow PDMS chambers, limit their 

compatibility with RS. Consequently, glass or quartz microfluidic chips are preferred in 

Raman-based systems despite their higher cost (228). 

The field has seen several advancements in integrating RS with microfluidics. Early work by 

Huang et al.,(270) and Lao et al.,(271) demonstrated the potential of laser trapping RS in glass 

and PDMS devices, successfully classifying leukaemia cells with moderate throughput 

(dozens to hundreds of cells per session). Another significant milestone came from the 

integration of microfluidic devices with optical fibres, eliminating the need for microscopes 

in some set-ups and allowing for improved Raman signal collection (272). Studies have since 

advanced to the use of silicon nitride micro-hole arrays, which provide a low Raman 

background signal (273). This technology was tested on system containing leukocytes, breast 

cancer cells, and leukaemia cells, achieving high classification accuracy. Additionally, 

advancements in the use of nonlinear Raman techniques such as Raman scattering and 

coherent anti-Stokes Raman scattering (CARS), have addressed the need for enhanced signal 

intensity and higher throughput. SRS has been used to image lipid droplets in single cells 

within PDMS microfluidic chips, probing specific molecular vibrations with background 

removal techniques (274). The development of dual-comb CARS systems (275) further 

pushed the boundaries of throughput, reaching speeds of up to 2000 events per second in 

Raman-based cell cytometry. This marked the fastest Raman-based cell analysis system to 

date, offering unprecedented capabilities for real-time cell sorting and biochemical analysis.  

Whilst the integration of RS with microfluidics has advanced considerably, significant 

challenges remain. These include reducing background interference, optimising material 

choices and enhancing signal intensity to increase throughput and precision in real-time and 
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single-cell analysis. Further innovations, particularly in material engineering and signal 

processing, will be crucial for the future of this field.  

  1.4.4  Raman Theory  

The “Raman Effect” was first theoretically predicted by Smekal in 1923, followed by quantum 

mechanical formulations from Kramers and Heisenberg in 1925, and Dirac in 1927. The effect 

was experimentally observed by Raman and Krishnan in 1928, leading to its name. Raman’s 

experimental setup was relatively simple: he used sunlight as the light source, with a violet 

filter to isolate violet light, and a green filter to detect scattered green light. When violet light 

scattered through different liquids, Raman noticed the appearance of a green component, 

marking the first observation of what is now known as Raman scattering. The Raman Effect 

can be understood through two theoretical frameworks: classical electrodynamics and 

quantum mechanics, each offering different insights. 

 

 1.4.4.1   Classic Theory 

In the classical description, molecules are modelled as collections of bonded atoms that 

vibrate at characteristic frequencies. These vibrational motions, which are often 

approximated as perfectly harmonic for simplicity, are intrinsic to the molecular structure. 

For small symmetric molecules like CO₂ and CCl₄, sub-modes such as stretching and bending 

can be clearly identified and analysed (223). When light interacts with a molecule, the electric 

field component of the incident electromagnetic wave distorts the electron cloud, inducing 

a dipole moment (μ). This induced dipole moment is proportional to the electric field (E), as 

expressed in the relationship:  

 

            1.4.4.1 

 

where α represents the polarisability of the molecule. The polarisability, a measure of how 

easily the electron cloud can be distorted, is a tensor described by components (αij)which 

depend on the molecule's orientation relative to the electric field. For simplicity, many 
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models neglect geometric factors such as orientation and spatial arrangement, focusing 

instead on the bulk behaviour of the polarisability tensor (222). 

Light, as an electromagnetic wave, primarily interacts with matter through its electric field 

component E, which oscillates with time. The term E0 is the amplitude of the wave, indicating 

the maximum strength of the electric field, with larger values corresponding to more intense 

light. The cosine function, cos(2πν0t), defines the oscillatory nature of the field. Within this 

term, ν0 is the frequency of the wave, measured in hertz (Hz), determining how many cycles 

the wave completes per second, and t represents time. The factor 2π converts the frequency 

into angular units (radians per second), aligning with the periodic nature of the cosine 

function. This field can be described mathematically at a phase of zero and a frequency (v0): 

 

             1.4.4.2 

      

When a molecule vibrates, any change in the polarisability of a bond or group of atoms can 

be expressed as a Taylor series around the equilibrium position. For small vibrations, this is 

simplified by considering only the first-order change in polarisability with respect to the 

vibrational displacement (qv) along the vibration axis: 

 

                 1.4.4.3 

 

 

Here, α0  represents the equilibrium polarisability, which is the intrinsic polarisability of the 

molecule when it is at rest and not vibrating. The term (∂α/∂qv)0  represents the rate of 

change of polarisability with respect to the vibrational displacement (qv), evaluated at the 

equilibrium position. This indicates how sensitive the polarisability is to changes in the 

molecular structure as it vibrates. The vibrational displacement (qv) describes how far the 

molecule's atoms move from their equilibrium positions due to vibrational motion. For small 

vibrations, this displacement can be approximated as a harmonic motion, mathematically 

expressed where q0 is theamplitude of vibration, vv is the vibrational frequency, and t is time.   
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                    1.4.4.4 

 

Substituting these equations into the expression for the dipole moment, μ=αE, results in a 

time-dependent dipole moment: 

                 1.4.4.5 

The first term α0E0cos(2πν0t) represents Rayleigh scattering, where the molecule’s 

equilibrium polarisability (α0) interacts with the electric field (E0) of the incident light, 

oscillating at its original frequency (ν0). This corresponds to elastic scattering, with no energy 

exchanged between the light and the molecule. The second term accounts for the 

contribution of molecular vibrations to the dipole moment, leading to Raman scattering. 

Here, (∂α/∂qv)0 is the rate of change of polarisability with respect to the vibrational 

displacement (qv), and the amplitude of vibration (q0). The molecular vibration, oscillating at 

frequency νv, modulates the induced dipole moment, resulting in frequency shifts in the 

scattered light. These shifts include the Stokes (ν0− νv) and Anti-Stokes (ν0+νv) components, 

corresponding to energy being transferred to or absorbed from the vibration, respectively. 

This equation highlights the connection between the light’s electric field and the molecule’s 

vibrational motion, forming the basis of Raman scattering and its application in identifying 

molecular vibrational modes (223). 

Using the trigonometric identity 2cos(A)cos(B) = cos(A+B) + cos(A-B), the dipole moment can 

be defined. This is used to break down the product of two oscillating cosine terms into a sum 

of two new cosine terms with frequencies corresponding to the sum (A+B) and difference 

(A−B) of the original frequencies. The two oscillating cosine terms in this equation are 

cos(2πν0t), representing the light's electric field, and cos(2πνvt), representing the molecular 

vibration (222). The dipole moment can be expressed as: 
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                  1.4.4.6 

 

This equation reveals three components of the dipole moment: 

1. Rayleigh scattering (ν0): Elastic scattering at the same frequency as the incident light. 

2. Stokes scattering (ν0−νv): Inelastic scattering at a lower frequency, where energy is 

transferred to the molecular vibration. 

3. Anti-Stokes scattering (ν0+νv): Inelastic scattering at a higher frequency, where 

energy is absorbed from the vibration. 

For Raman scattering to occur, the polarisability must vary during molecular vibrations. Only 

vibrational modes for which (∂α/∂qv)0 ≠ 0 are considered Raman active, with examples 

previously discussed in Figure 1.8 and Figure 1.9.  

The vibrational frequency (νv) of a molecule can be approximated using the ball-and-spring 

model, where atoms are connected by "springs" representing chemical bonds (223, 233). The 

frequency of harmonic vibrations depends on the bond strength (spring constant, k) and the 

reduced mass (μm) of the bonded atoms: 

 

           1.4.4.7 

     

                

 

Stronger bonds (e.g., double or triple bonds) have higher spring constants, leading to higher 

vibrational frequencies. Conversely, heavier atoms increase the reduced mass, resulting in 

lower frequencies. Raman spectroscopy is particularly effective in analysing organic 

compounds rich in carbon and hydrogen, such as those found in biological systems. Bonds 

with large polarisability changes, including C=C, C=S, S=S, and aromatic structures, produce 
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strong Raman signals, whereas highly polarised bonds like N=O or O–H have a weaker scatter 

(256). 

However, classical Raman theory involves approximations. Molecular vibrations are 

anharmonic, meaning overtones and combination bands appear but are weaker than 

fundamental vibrations. Higher-order effects, ignored in this theory, can lead to non-linear 

phenomena such as Stimulated Raman Scattering, Hyper Raman Scattering, and Coherent 

anti-Stokes Raman Scattering (CARS), which extend the utility of Raman spectroscopy in 

advanced analytical applications (276).  

 

  1.4.4.2    Quantum Theory 

Quantum theory works on the assumption that a molecules energy is quantised, meaning it 

can only occupy specific energy levels. These energy levels consist of electronic, vibrational 

and rotational components, represented as E = Ee + Ev + Er. Here, electronic energy levels are 

the most widely spaced, followed by vibrational levels, while rotational energy levels are the 

most closely spaced. This hierarchy of energy spacings underpins the distinct transitions 

observed in molecular spectroscopy.  

Vibrational energy levels can be approximated using a harmonic oscillator model, which 

describes the vibrational energy as: 

           

                  1.4.4.9 

 

 

where h is Planck’s constant, νv  is the vibrational frequency, and v is the vibrational quantum 

number (v = 0,1,2, …). This equation shows that vibrational energy levels are evenly spaced 

in the harmonic approximation, with the lowest energy state (v = 0) representing the ground 

vibrational state. The quantised nature of these levels explains why molecules exhibit 

discrete spectral features in vibrational spectroscopy. 

In Raman scattering, when an incident photon interacts with a molecule, the molecule 

temporarily enters a virtual state. This state is not one of the molecule’s true quantised 
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energy levels and exists only fleetingly. The transition to this virtual state is classically 

forbidden but is allowed in quantum mechanics due to Heisenberg’s uncertainty principle, 

which permits such transitions within extremely short timeframes (typically less than one 

picosecond). The virtual state allows the molecule to scatter the incident photon either by 

losing energy (Stokes scattering) or gaining energy (Anti-Stokes scattering) (221). 

Unlike processes such as fluorescence, where a molecule absorbs light and transitions to a 

real excited state, Raman scattering involves the molecule remaining in the virtual state only 

briefly before returning to a different quantised energy level. The scattered photon’s energy 

reflects the difference between the initial and final molecular energy states, which 

corresponds to a vibrational mode. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.11: A Jablonski Energy Diagram illustrates the distinctions between (1) IR 

absorption, (2) Rayleigh scattering, (3) Stokes Raman scattering, (4) anti-Stokes Raman 

scattering and (5) fluorescence. The energy levels E0 and E1 represent different 

vibrational states at varying frequencies. A dashed line indicates a virtual state. Colours 

highlight the light shifts, either red or blue, with green representing the incident light. 
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At room temperature, most molecules occupy their ground vibrational state (v = 0), with the 

population of higher energy levels following a Boltzmann distribution: 

 

                                1.4.4.10 

Where nj is the population of a specific vibrational level, N is the total number of molecules, 

hvj is the energy of the j-th vibrational level, k is Boltzmann’s constant, and T is the absolute 

temperature. This distribution explains why Stokes transitions, where molecules start in the 

ground state and scatter to a higher vibrational state, are more common than Anti-Stokes 

transitions, which require the molecule to already be in an excited vibrational state.  

 

1.5  Deformation Cytometry in Cancer Research  

Single-cell techniques are often slow and require large sample sizes for statistical relevance. 

Flow cytometry offers an alternative approach, analysing thousands of cells per second to 

measure physical and chemical traits, albeit requiring sample labelling (277). Cells pass 

through a laser beam in single file, with scattered light providing data on properties like size 

and shape. The addition of labelling with fluorescent labels, provides further chemical and 

molecular information. Deformation cytometry is a relatively new form of cytometry that 

measures the mechanical properties and is thus complimentary to conventional cytometry 

modalities.  

Biological materials exhibit mechanical properties across different scales, from protein 

filaments to whole organs. In cancer research, one challenge is linking biological changes to 

pathology whilst finding suitable methods to map tumours across various length scales. Cell 

deformability arises from a complex interaction of its subcellular components. Disease can 

alter these components, including the cytoskeleton, nucleus, and cytoplasm, making 

deformability a useful marker for identifying diseased cells (278, 279). When applied to 

Barrett’s oesophagus development, it can be used to mechanically profile cells to identify 

diseased populations whilst tracking changes in their mechanical properties throughout 

disease progression to cancer.   
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 1.5.1  Structure- and Fluid-Induced Deformation 

Cell deformation via microfluidic techniques can be classified into two categories: structure-

induced and fluid-induced deformation (280). Structure-induced deformation occurs when a 

cell is passed through a constriction channel narrower than the cell diameter (W < D). This 

method measures parameters such as cell elongation, transit time, and recovery to 

determine cell stiffness. It is particularly useful for studying red blood cells, as the narrow 

channels mimic in vivo capillaries. Shelby et al., first used this technique to deform malaria-

infected red blood cells (281) and Zheng et al., paired it with impedance measurements, 

eliminating the need for image analysis (282). This enabled higher throughput (~ 100 cells / 

s) whilst analysing parameters like transit time and impedance ratios. However, cell volume 

and adhesion to the channel walls can affect results, and the smaller channels are prone to 

clogging, which limits throughput.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.12: The principles of deformation cytometry are illustrated as follows: (a) device 

set-up; (b) a schematic of the cross-slot device featuring inertial focusers provided; (c) 

deformation at the stagnation point; (d) a high-speed image captures a deformation event; 

(e) shape parameters used to quantify deformability are defined; (f) a density scatter plot 

presents  deformability measurements.  Reprinted with permission (8). 
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 Fluid-induced deformation, on the other hand, deforms cells through shear or extensional 

hydrodynamic forces rather than structural confinement (283, 284). This approach avoids the 

friction and adhesion issues present in structure-induced deformation. Constriction channels 

with widths slightly larger than the cell (W > D) can apply shear fluid stress, as demonstrated 

by Zhang et al., who showed that red blood cells undergo stretching, tumbling and recoiling 

(285) – with these cells naturally deformable, this method is less effective for other cell types. 

Extensional flow, where a velocity gradient is created between a larger chamber and a 

contraction area, has been shown to induce more significant deformation. Lee et al., 

demonstrated that extensional flow deforms cells more efficiently than shear flow (286).  

 

 1.5.2   Microfluidic Geometry 

A cross-slot geometry can be used to generate extensional flow, using two opposing inlets 

and outlets to deform cells at the stagnation point (SP) in the centre of the junction. This 

method can achieve high strains (> 50 %) (8) but requires cells to be focused along a central 

streamline, which can be achieved using inertial (287) or viscoelastic (288) focusing. 

Deformability cytometry (DC), introduced by the Di Carlo Group (8) utilises inertial focusing 

and a cross-slot geometry to mechanically phenotype cells. This method significantly 

increased throughput, reaching up to 20,000 cells /s (289, 290). The applied stress field 

depends on the cells initial size and shape, so these properties are measured independently 

for classification (291). Deformability is defined as the ratio of the cells major and minor axes, 

with density scatter plots used to visualise the data.  

Microfluidic techniques such as DC utilise high-speed imaging to capture thousands of cell 

deformation events, generating extensive datasets that require significant computational 

time for analysis – often resulting in a delay of around 15 minutes before results are available. 

To overcome this limitation, the Guck group developed Real-Time Deformation Cytometry 

(RT-DC), which allows for continuous acquisition of deformation data with real-time analysis 

(292).  

RT-DC employs constriction deformations where the channels width exceed the cell diameter 

(W > D) and suspends cells in high-viscosity buffers to enhance shear forces induced by 

proximity to the channel walls. This setup causes cells to deform into a bullet-like shape due 

to the strong velocity gradients within the channel. Whilst RT-DC operates at a throughput 
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of 100 cells / s, lower than DC, it has analysed total cell populations exceeding 100,000, 

compared to DC’s processing of only a few thousand despite its faster rate (280). The 

deformations in RT-DC are relatively small and anti-symmetric, making them more 

challenging to characterise than those in DC.   

Mietke et al., developed an analytical model for RT-DC that relates elastic parameters to cell 

deformation by combining theory with simulations and experiments (293). By assuming 

steady-state deformations, they calculated surface stresses on an isotropic, incompressible 

sphere within a cylindrical channel and used these as boundary conditions to solve linear 

elasticity equations. The model, valid for small deformations, allowed them to calculate the 

elastic modulus E of cells, effectively decoupling size from deformation. Although their 

results agreed well with experiments using rectangular channels and agar beads of known 

stiffness, the elastic modulus measured for HL60 cells (E = 1.48 ± 0.51 kPa) was around nine 

times higher than values obtained using atomic force microscopy. They suggested that the 

shorted timescale of RT-DC (~1 ms) or the dominant influence of the cell membrane and 

cytoskeletal cortex might explain this discrepancy.  

Guillou et al., used a cross-slot microfluidic device to deform cells at low strain (0.01 

 ≤ ε ≤ 0.18) and low Re numbers (< 0.2), allowing them to apply an analytical model to extract 

mechanical properties (294). They employed a viscoelastic two-parameter power-law model 

to predict the shear modulus of cells, validating their results with micropipette aspiration and 

comparisons to dextran particles. Due to the requirement that cells pass through the 

stagnation point of the device, the number of cells recorded for each flow condition was 

relatively low (10 ≤ n ≤ 30), and the model was only applicable for small deformations.  

Integrating traditional precise techniques with microfluidics has the potential to create high-

throughput systems capable of outputting mechanical properties. For instance, Guck et al., 

combined continuous cell flow through a microchannel with optical stretching 

measurements (295). This method requires precise alignment of laser fibres on either side of 

the microchannel, adding complexity. Micropipette aspiration can also be integrated with 

microfluidics to increase throughput and extract properties like elastic modulus (296), but 

the rectangular shape of microchannels may reduce the applicability of traditional 

micropipette aspiration models. The elastic modulus measured using different techniques 

can vary due to several factors. Firstly, materials often exhibit viscoelastic behaviour, 

meaning they possess both elastic (G') and viscous (G'') characteristics. As a result, the 
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measured modulus can be rate-dependent, varying with the speed or frequency of the 

applied force. Secondly, variations can arise due to the depth of indentation or the extent of 

deformation. At shallow indentations, the mechanical response may primarily reflect the 

properties of the cell membrane, whereas deeper indentations engage underlying structures 

such as the actin cytoskeleton, resulting in different modulus values. Similar considerations 

apply to whole-cell deformation. These factors may contribute to the discrepancies reported 

in the literature (290). Additionally, throughput remains limited compared to other 

microfluidic techniques like DC and RT-DC. Further detailed discussions on the advantages 

and disadvantages of various biomechanical assays can be found in literature (280, 290, 297, 

298).    



 
 

44 
 

 1.5.3    Shear and Inertial Forces 

Hydrodynamic cell stretching results from a combination of shear and inertial forces, with 

the Re number indicating whether shear or inertia dominates. The flow regime is influenced 

by device geometry, cell suspension viscosity and flow rate, with this configuration allowing 

for the induction of both low and high strains across various flow conditions.  

The shear force acting on a spherical particle is derived from the viscous stresses exerted by 

the surrounding fluid. This force is proportional to the shear rate (γ˙) and the fluid's dynamic 

viscosity (μ). For a spherical particle with radius r, the shear force (Fs) is given by: 

 

                   1.5.1.1 

 

The shear rate (γ˙), quantifies the rate of deformation of the fluid layers, whilst the fluids 

resistance to deformation is quantified as (μ). U represents the relative viscosity between the 

fluid and the particle. Shear forces dominate in low Reynolds number (Re) regimes, where 

viscous effects are significant, such as in microfluidic devices or Stokes flow. 

 

Inertial forces arise due to the particle’s interaction with the flow's momentum. For a 

spherical particle moving in a flow with velocity U, the inertial force (Fc) is given by:  

              

        

                  1.5.1.2 

 

The density of the fluid is represented using (ρ), with CD the drag coefficient, dependent on 

the Re. The projected cross-sectional area of the particle (πr2 for a sphere), is denoted using 

Ap. This equation shows that the inertial force scales with the square of the relative velocity 

(U2) and is influenced by the drag coefficient (CD), which varies based on the flow regime.

      

The dominance of shear (Fs) or inertial (Fc) forces depends on the flow regime: 
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 Shear-dominated flow: At low Re, viscous forces govern particle motion, with Fs

proportional to the viscosity (μ) and shear rate (γ˙). 

 Inertia-dominated flow: At high Re, inertial forces become significant, scaling with 

the fluid density (ρ) and the square of the velocity (U2). 

 

 

 1.5.4   Microfluidic Theory  

Microfluidics revolves around controlling and manipulating fluids in channels which have 

dimensions typically on the micrometre scale. At this scale, the behaviour of fluid flow is 

dictated by the interplay between inertial and viscous forces, with the Reynolds number (Re) 

serving as a dimensionless parameter to quantify their relative importance (299). Re can be 

expressed as: 

 

                    1.5.4.1 

 

 

Where Re can be determined using the fluid density (ρ), mean flow velocity (v), hydraulic 

diameter of the channel (DH) and fluid dynamic viscosity (μ). Re provides critical insight into 

flow characteristics, distinguishing between laminar (Re < 2300) and turbulent (Re > 4000) 

regimes. In microfluidics, the extremely small dimensions of channels ensure that Re remains 

low, often < 1, resulting in laminar flow, where fluid moves in smooth, predictable 

streamlines with negligible turbulence (300). 

The hydraulic diameter (DH) quantifies the effective diameter of non-circular channels, 

accounting for the geometry of the cross-section. For rectangular micro-channels, it is 

calculated as: 

 

 

 

                     1.5.4.2 
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The cross-sectional area of the channel is defined by (w⋅h), the perimeter of the channel by 

(2w + 2h), along with the width (w) and height (h) of the rectangular channel. This parameter 

ensures that equations developed for circular pipes, such as the Reynolds number, can be 

applied to micro-channels with arbitrary shapes. 

At low Re, viscous forces dominate, leading to laminar flow, where particle velocities are 

stable and predictable. This contrasts with turbulent flow, seen at high Re, characterised by 

chaotic, unpredictable particle paths due to inertial instabilities like vortices and eddies. The 

transition between these regimes occurs at a critical Reynolds number, typically around Re = 

2300 for circular pipes. However, this value varies with channel geometry and surface 

properties. In microfluidic systems, laminar flow dominates because of the small channel 

dimensions, and systems often operate under Stokes flow (Re < 1), where inertial effects are 

negligible. An intermediate regime, roughly 1 < Re < 100, allows for subtle inertial effects that 

can be exploited for particle focusing and sorting (301).  

In microfluidic channels, flow resistance plays a significant role in determining the system's 

performance. The relationship between pressure drop (ΔP), flow rate (Q), and channel 

resistance (RΦ) can be determined via the equation ΔP = QRΦ, with the channel resistance for 

a rectangular channel given as: 

                       1.5.4.3 

 

Where f(β) is a dimensionless function of the channel aspect ratio (β = h / w), calculated using 

a polynomial expansion, L is the channel length, and w and h refer to the channel width and 

height, respectively. For channels with high aspect ratios (β ≈ 0), the flow becomes nearly 

one dimensional, simplifying calculations and system design (302).   

The aspect ratio (β = h / w) plays a crucial role in determining flow characteristics within 

rectangular micro-channels. Function f(β) accounts for these geometric effects, as shown 

below.  

                 1.5.4.4 
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The coefficients 1.3553, 1.9467, 1.7012, 0.9564, and 0.2537 are empirically determined 

through mathematical fitting to experimental data and numerical simulations. These 

coefficients ensure that f(β) accurately represents the relationship between aspect ratio and 

flow resistance for rectangular channels. f(β) modifies the general resistance equation for 

rectangular channels to make it more accurate for different channel geometries, ensuring 

that the flow resistance reflects the true fluid behaviour for a wide range of aspect ratios, 

from square channels (β = 1) to very flat channels (β → 0). When β = 1, the channel is square, 

and the function simplifies to the case of equal width and height. When β → 0, the channel 

becomes highly rectangular (flat), and the function accounts for the confinement of flow in 

one dimension (303).  

 

 1.5.5   Detection of Disease Progression  

Mechanical phenotyping plays a key role in disease diagnostics by identifying diseased cells 

based on their mechanical properties. Changes in cell deformability have been linked to 

conditions like cancer, sepsis (304), diabetes (305), malaria (306), and sickle cell anaemia 

(307). Cancer is a frequent focus, as studies consistently show that malignant cells are less 

stiff than healthy ones (308). This reduced stiffness is thought to result from a disorganised 

cytoskeleton, which allows cancerous cells to invade tissues more easily and metastasise. Cell 

stiffness or softness is quantifiable by measuring strain from applied forces or calculating 

mechanical parameter like the elastic modulus, where a lower modulus indicates softer cells. 

For instance, Cross et al., used atomic force microscopy to show that malignant cells are over 

70 % softer than normal tissue cells (309).  

High-throughput screening is often necessary in mechanical phenotyping, as diseased cells 

may make up only a small fraction of a sample. Microfluidic techniques have been successful 

in distinguishing cells with various diseases. In one study, Tse et al., used DC to identify 

tumour cells in pleural effusion samples. Scatter plots of cell diameter and deformability 

created distinct regions for healthy leukocytes and malignant pleural cells. A scoring system 

(1 – 10) was developed to assess the likelihood of malignancy, achieving 100 % accuracy for 

most of the cell population, with cells in certain regions requiring additional techniques for 

precise diagnosis (291). Armistead et al. used a microfluidic device to measure the 

deformability and relaxation of colorectal cell lines, SW480, HT29, and SW620, representing 
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primary, advanced, and metastatic stages, respectively. The results showed that metastatic 

SW620 cells exhibited the highest deformability and lowest elastic modulus, indicating 

increased softness, while SW480 cells, from a primary tumour, were the least deformable. 

Relaxation analysis revealed that metastatic cells underwent plastic deformation, whereas 

primary tumour cells recovered their original shape, highlighting structural cytoskeletal 

differences. Linear discriminant analysis achieved 69% classification accuracy, distinguishing 

cell lines based on deformation parameters, though complete separation required multi-

parametric analysis (310). 

Similarly, Che et al., combined microfluidic vortex trapping and DC to isolate circulating 

tumour cells from blood samples. Cancerous samples showed a population of larger, more 

deformable cells, confirmed as tumour cells through immunofluorescence (311). Microfluidic 

techniques have also been used to study deformability across different cancer types and 

stages, including breast (295), pancreatic (312), brain (313), prostate (314), and bone (315) 

cancers. Whilst the mechanical stiffness of some Barrett’s oesophagus cell lines has been 

previously investigated using atomic force microscopy (316), there is yet to be any published 

DC results regarding the progression from Barrett’s oesophagus to oesophageal 

adenocarcinoma.  
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 1.5.6  Cellular Biomechanics 

 1.5.6.1  The Membrane  

Cell membranes are primarily composed of a phospholipid bilayer, approximately 5-6 nm 

thick, held together by non-covalent interactions. These membranes are fluid and dynamic, 

allowing lipids to move freely within the membranes plane. In addition to phospholipids, 

membranes contain cholesterol and various proteins. The three key types of membrane 

proteins are integral, peripheral, and lipid-anchored proteins, each playing crucial roles in 

biological functions (317). Integral proteins span the membrane, with functions such as 

forming ion channels that regular ion flow via chemical or mechanical triggers. Lipid-

anchored proteins are covalently attached to lipid molecules, securing them to either side of 

the membrane. Peripheral proteins are temporarily associated with integral proteins or the 

membrane surface.  

Membrane proteins also link the membrane to the cytoskeleton, maintaining cell shape and 

integrity. Additionally, these proteins facilitate cell attachment to the extracellular matrix 

(ECM) and neighbouring cells, forming tissues. Whilst the membrane is fluid-like, contributing 

to the cells viscosity and resistance to bending, the cytoskeleton is considered the primary 

factor in determining cell mechanics. The cytoskeleton is responsible for maintaining cell 

shape, organising organelles, enabling cell division and facilitating movement. Being highly 

adaptable, the cytoskeleton constantly reorganises itself in response to environmental cues 

and signalling pathways, such as those active during the cell cycle when DNA replication and 

division occur. It also plays a crucial role in processes such as tissue development and would 

healing. Composed of three filament types, detailed in Figure 13: microtubules, intermediate 

filaments and actin filaments (also known as microfilaments),  with each serving a distinct 

mechanical and functional role (318).   
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 1.5.6.2   Microfilaments  

Microfilaments, also known as actin filaments or F-actin, are the thinnest of the three 

cytoskeletal filaments in eukaryotic cells, with a diameter of 7 – 10 nm. They are formed by 

the polymerisation of actin monomers (G-actin, ~ 42 kDa), which self-assemble into a double-

helix structure with a pitch around ~ 72 nm. Actin filaments are polarised, with two distinct 

ends: the barbed (+) end, where the G-actin is preferentially added, and the pointed (-) end, 

where disassociation occurs (319). When the rates of polymerisation and depolymerisation 

at the respective ends are balanced, the filament exhibits “treadmilling”, appearing to move 

forward.  

The stiffness of cytoskeletal filaments is defined by their persistence length (lp). When a 

filaments length is below its lp, it behaves as a flexible rod, whilst lengths above lp cause the 

filament to behave like a 3D random walk. F-actin has a persistence length of 3 – 17 µm, 

longer than intermediate filaments (200 nm – 1 µm) but shorter than microtubules (4 – 8 

mm) (320). Actin filaments form bundles and networks that regulate cell shape and provide 

structural support. Various actin-binding cross-linkers control the orientation and spacing of 

Figure 1.13: (a) Microtubules: Hollow cylindrical shape composed of many small spheres. 
Measures 25 nm tall. (b) Microfilaments: 2 strands of actin subunits, denoted by small 
spheres, twisted into a helix shape. Measures 7 nm tall. (c) Intermediate filaments: Fibrous 
subunit of keratins coiled together. Measures 8-12 nm tall (2) 
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these structures, particularly at the cell’s periphery, where actin filaments form a ~100 nm-

thick network called the actin / cell cortex (321). This structure, consisting of actin filaments 

and myosin motors anchored to the lipid membrane via the membrane proteins, provides 

mechanical rigidity and helps maintain cell shape. Myosin motor proteins, which move along 

actin filaments in an ATP-dependent manner, generate tension and transport intracellular 

vesicles. Due to the fluidity of the membrane, the protein components of the cortex turn 

over rapidly, giving it a dynamic plastic nature. The composition of the lipid membrane and 

the actin network are closely linked and changes in one can lead to mechanical changes in 

the entire cell.  

 1.5.6.3    Microtubules 

Microtubules, with a diameter of 25 nm and lengths ranging from 0.2 µm to 25 µm, are the 

largest of the cytoskeletal filaments. These are composed of α and β tubulin dimers that 

polymerise in a helical structure, forming filaments with a pitch of around 13 dimers, which 

self-assemble into cylindrical structures (322). They extend radially from the nucleus, helping 

maintain cell structure and enabling transport between the nucleus and other parts of the 

cell. The centrosome acts as the main organising centre for microtubule formation, 

promoting their characteristic radial growth. Two motor proteins, kinesin and dynein, 

facilitate transport across microtubules, with each protein moving in a specific direction 

determined by the filaments polarity, which is defined by the α or β subunits at the ends.  

Microtubules are the stiffest of the cytoskeletal filaments, with a lp of 4 – 8 mm (322). Despite 

their rigidity, microtubules contribute less to overall cell mechanics compared to 

microfilament, which, although individually less stiff, gain mechanical strength through 

extensive cross-linking.  

 

 1.5.6.4   Intermediate Filaments 

Intermediate filaments, with a diameter of 10 – 24 nm, are named as so because their size 

falls between microfilaments and microtubules. Unlike microfilaments (made of G-actin) and 

microtubules (made of tubulin), intermediate filaments are composed of proteins encoded 

by 70 different genes, categorised into six subtypes based on their amino acid sequences and 

structures. Their final structure consists of eight protofilaments twisted into a rope-like 
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arrangement. As they assemble into anti-parallel tetramers, intermediate filaments lack the 

polarity (distinct plus and minus ends) seen in microfilaments and microtubules. 

With more stability and less dynamic, there is no “treadmilling” behaviour observed. Whilst 

not observed in cell motility, their assembly and disassembly is regulated via 

phosphorylation. They serve various functions such as supporting the cell membrane and 

anchoring organelles within the cytosol. Cytoplasmic intermediate filaments include 

vimentin and keratin, whilst lamin is an example of a nuclear intermediate filament, providing 

structure and mechanical stability to the nucleus. These filaments undergo disassembly and 

reorganisation during mitosis.  

The most flexible of the cytoskeletal components, intermediate filaments have a lp of 200 nm 

to 1 µm, withstanding strains up to 200 % without breaking (323). This resilience is due to 

their hierarchical structure, allowing unfolding of subunits without rupturing. In the cell actin 

filaments form a peripheral cortex responsible for resisting mechanical stress. Above a 

certain strain threshold, cytoplasmic flow occurs, and intermediate filaments maintain cell 

integrity by allowing flexibility without making the cytoskeleton overly rigid or prone to 

excessive deformation (324).  

   
 

 1.6  Thesis Aims and Outline  

The aim of this PhD project was to investigate and identify biochemical changes on live single 

cells from healthy oesophageal epithelium, through each stage of Barrett’s oesophagus, to 

oesophageal adenocarcinoma. These experiments were conducted on microfluidic devices, 

and conducted using biophysical techniques such as Raman spectroscopy and deformation 

cytometry. Both the current literature and theoretical background were covered in this 

chapter (Chapter 1). The next chapter of this thesis (Chapter 2) constitutes the 

methodologies that were optimised and utilised for this research.  

Chapter 3 is the first results chapter and here I introduce the first set of single cell results 

obtained using Raman spectroscopy on untreated single cells from cell lines: HET-1A, CP-A, 

CP-B, CP-C, CP-D, and OE19. The presented analysis details the assigned cell peaks with most 

relevance for each cell line, whilst identifying differences between each sub-category 

through multivariate analysis. Chapter 4 continues this story, with the Barrett’s oesophagus 
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cell lines: CP-A, CP-B, CP-C, and CP-D, exposed to fluctuating pH and the presence of acidic-

bile salts in order to mimic the changing physiology seen in patients experiencing regular 

gastric reflux episodes. A combination of Raman spectroscopy and morphological analysis 

determines the effect of recurring changes to the extracellular environment, made possible 

through the use of microfluidics. Changes in the mechano-biology of each stage of disease 

progression are explored in Chapter 5, where deformation cytometry is performed to 

determine changes within the cellular cytoskeleton under different flow regimes. Cell lines 

HET-1A, CP-A, CP-B, CP-C, CP-D and OE19 were tracked and analysed using a combination of 

machine learning techniques as well as convolutional neural network (CNN) analysis. This 

work is summarised in Chapter 6 where the conclusion for each chapter is cross-referenced 

with an overview on the next steps for the continuation of this work. All of the data presented 

in this thesis is novel in regards to single cell characterisation for all six presented cell lines 

using Raman spectroscopy and deformation cytometry, on a microfluidic device.    
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2 Experimental Methods 

 

 2.1 Cell Culture and Viability 

Six cell lines were acquired for these experiments. Human oesophageal cell line HET-1A 

(ATCC® CRL-2692™) was used for the healthy control. The Barrett’s oesophagus in vitro model 

comprised of one non-dysplastic cell line and three high-grade dysplastic cell lines: CP-A/KR-

42421 (ATCC® CRL-4027™), CP-B/ CP-52731 (ATCC® CRL-4028™), CP-C/CP-94251 (ATCC® CRL-

4029™) and CP-D/CP-18821 (ATCC® CRL-4030™), respectively. The cell line OE19/JROECL19 

(ECACC 96071721) was used as a representative for oesophageal adenocarcinoma. All cell 

lines were authenticated and confirmed negative for mycoplasma infection. 

Healthy (HET-1A) and Barrett’s Oesophagus cell lines (CP-A, CP-B, CP-C and CP-D) were 

cultured in keratinocyte serum-free media (KSFM, Invitrogen), and the oesophageal 

adenocarcinoma cell line (OE19) was cultured in RPMI cell media containing 2 mM glutamine 

(Thermo Fisher, UK). Both cell media were supplemented with 10% foetal bovine serum 

(Merck Life Science Limited). Cells were washed and passaged using Dulbecco's Phosphate 

Buffered Saline (Merck Life Science Limited) and TrypLE Express Enzyme (Thermo Fisher, UK). 

Culture was maintained at conditions of 37 °C and 5% CO2 with a maximum passage number 

of 20. Cells were passaged immediately before experimentation and re-suspended in their 

appropriate culture medium before flowing through the respective microfluidic device at a 

flow rate of 3 µL/min. 

Confocal microscopy was performed on samples of cells using a Leica DMi8, allowing 

simultaneous capture of bright field images and fluorescent images. Cellular viability on-chip 

was determined by running both a live and dead stain through the device at 3 µL/min after 

each experiment (Viability/Cytotoxicity Assay Kit, Calcein AM, Sytox Red—L32250, Thermo 

Fisher, UK). A 488 nm optically pumped semiconductor laser aided sequential excitation and 

fluorescence emission was measured from 490 to 525 nm. Images were captured using a 

10 × dry objective. 
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 2.2 Acidic – Bile Salt Solution 

An acidic bile-salt solution (ABBS) was chosen to mimic gastric reflux, with the pH acidified 

to pH4 via titration of 1M hydrochloric acid immediately prior to use. The bile salt solution 

comprised of taurocholic acid (TCA [T4009, Sigma]),  glycochenodeoxycholic acid (GCDCA 

[#50534, Sigma]), glychocolic acid (GCA [#360512]), deoxycholic acid (DCA [D2510, Sigma]), 

and glycodeoxycholic acid (GDCA [sc-280755, Insight Biotechnology]), in a 100µM equimolar 

mixture. All salts were solubilised in DMSO prior to media addition, not exceeding a 0.1% 

(v/v) final concentration. An equal volume of DMSO was added to the untreated cell group 

as a control. pH test strips were used prior to, and periodically during, the experiment to 

confirm that the ABBS remained at pH 4. 

 

 2.3 Microfluidics 

 2.3.1    Single Cell Trapping   

 Whilst the integration of single-cell traps with microfluidics has been previously documented 

(325, 326), these traps exhibit inefficiencies for Raman spectroscopy applications due to their 

substantial structure, which results in a significant contribution to the background signal from 

PDMS material. The trap region comprised a single chamber featuring swallowtail-shaped 

designs that arranged single cells in an offset array by half a period. At the junction of the 

two “wings”, a gap of approximately 5 µm was created to accommodate single cells 

measuring between 10 – 13 µm. Originally designed for trapping liquid crystal droplets (327), 

the swallowtail-shaped hydrodynamic trap design was adapted for this research. This design 

offers several advantages over traditional trap structures. First, the configuration of the 

“wings” minimises the resistance of the gap to fluid flow. Secondly, this design alleviates the 

challenges associated with creating patterns with intricately small features (< 10 µm) within 

a relatively thick layer of SU8 (25 µm). Lastly, this trap structure is capable of capturing larger 

cells when the flow direction is reversed, enabling it to function as a dual-mode trapping 

system.  

The device structure and trap design are further detailed in Figure 2.1. Prior to 

experimentation, cell clumps and debris were filtered out using a 20 µm cell strainer. Single 

cells were introduced to the device via the inlet port, as shown on Figure 2.1a, where they 

flowed through the trapping chamber at a flow rate of 3 µL/min, with excess single cells 
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removed off-chip through the outlet. Single cells were trapped in the swallowtail-shaped 

PDMS traps, illustrated in Figures 2.1b and 2.1c.  

 

 

 

 

 

 

 

 

 

 

 2.3.2   Deformation Cytometry  

Microfluidic devices featuring a cross-slot configuration are widely utilised to create 

extensional flow, which is integral to this thesis for the deformation of single cells under 

varying flow conditions. Illustrated in Figure 2.2a is the cross-slot device, designed using 

AutoCAD, as previously published by Armistead et al., (12, 310).  

A suspension of single cells, at a concentration of 2-3 million cells/mL, was introduced 

through the inlet port depicted in Figure 2.2a. Prior to on-chip filtration (Figure 2.2ai) samples 

were passed through a 20 µm cell strainer to break up any large clumps. Figure 2.2b provides 

a closer look at an array of filtering pillars, spaced a minimum of 50 µm apart, and designed 

to prevent blockages downstream caused by cell debris. 

Figure 2. 1: (a) The single-chambered cell trapping device was designed using autocad and 

clewin. Both inlet and outlet have been appropriately labelled, with an arrow indicating 

the flow direction. (b) Schematic of the swallowtail-shaped single cell traps, with each row 

positioned offset to allow for optimal cell trapping. (c) Bright-field image of Barrett’s 

oesophagus single cells (CP-A) trapped on-chip. 
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Following filtration, the single cells were divided on-chip into two channels of equal size. 

These channels then converged at a junction where two opposing inflowing channels met 

two orthogonal outflowing channels (Figure 2.2aii). This junction was designed as the 

extensional-flow junction, with further details provided in the schematic shown in Figure 

2.2c. It is at this location that the cross-slot configuration produces extensional flow, resulting 

in cell deformation at the stagnation point located at the centre of the junction. All channels 

within the extensional-flow junction measured 35 µm in width and 25 µm in height. 

Subsequently, the sample exits the device via one of the outlet ports.  

 

 

 

 

 

 

 

 

2.3.3   Master Fabrication  

The fabrication of microfluidic devices typically consists of three key stages: designing the 

device geometry using AutoCAD and CleWin softwares, creating a master template, and 

finally, using soft lithography to produce devices from the master.  

Masters for the devices were made using 3-inch silicon wafers coated with the negative 

photoresist SU-8 2025 (Microchem, Warwickshire, UK). The wafers were initially cleaned 

using a piranha wet etch (H2SO4 & H2O2) at temperatures exceeding 80 ˚C for 30 minutes. 

Figure 2.2: (a) The cross-slot device was designed using AutoCAD, featuring labelled inlets 

and outlets, with arrows indicating the flow direction. Key highlighted sections include (i) 

an on-chip filter and (ii) the extensional-flow junction. (b) A schematic depicts the on-chip 

filter positioned after the inlet to prevent larger particles from causing downstream 

blockages. (c) The extensional-flow junction, the critical feature of the cross-slot device, 

where cell deformation takes place. (6) 
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Post-cleaning, they were rinsed and stored in deionised water, as shown in Figure 2.3a. 

Before use, the wafers were dried with a nitrogen gun and heated in an oven at 180 ˚C for 

approximately 20 minutes. Once cooled to room temperature, the wafers were placed on a 

spin coater (EMS 6000) to apply a uniform layer of SU-8. The acceleration, speed, and spin 

times were adjusted to achieve the required photoresist thickness (Figure 2.3b). 

To solidify the SU-8 layer, a soft bake was performed, evaporating the solvent from the SU-

8. The wafers were placed on a room-temperature hot plate (EMS 1000-1, Salisbury, UK), 

which was then set to 55 ˚C and allowed to heat over 5 minutes. The wafers were kept at 55 

˚C for 30 minutes before turning off the hot plate and letting the wafers cool to room 

temperature, which took approximately 1 hour and 30 minutes (Figure 2.3c). Direct-write 

laser lithography was then used to etch the microdevice patterns into the SU-8 layer with a 

2 µm laser spot size (wavelength: 375 nm) using the MicroWriter ML™ system (Durham 

Magneto Optics) (Figure 2.3d). As a negative photoresist, the areas of SU-8 exposed to the 

UV laser became cross-linked, whilst the unexposed lasers remained soluble. The optimal 

exposure dose for the designs presented in this thesis was 400 mJ/cm2, which provided fine 

detail for small channels (approximately 35 µm in width). Lower doses could improve 

resolution but led to adhesion problems between the SU-8 and the wafer, whereas higher 

doses risked overexposure, producing “bell-shaped” channels wider than intended.  

A post-exposure bake was carried out, following the same temperature ramping procedure 

as the soft bake (Figure 2.3e). The wafers were developed in ethyl lactate (C5H10O3) for 

approximately 2 minutes to dissolve the uncross-linked SU-8, followed by a quick rinse in 

isopropanol (CH3CHOHCH3) for 1 minute (Figure 2.3f). The earlier baking steps sometimes 

cause stress in the SU-8 layer, resulting in cracks. A hard bake at 180 C for 15 minutes, just 

below the glass transition temperature of SU-8 (210 C), effectively removed any cracks 

(Figure 2.3g). The resulting master could then be used for PDMS microdevice fabrication 

(Figure 2.3h).  

The height of the SU-8 channels was determined using a Stylus Profiler (Bruker Dektak). This 

instrument employs a mechanical probe to scan the surface topography, and as the probe 

moves across the surface, a feedback loop maintains a constant force applied by the sample. 

The probe performed a line scan over an SU-8 channel, generating a height profile and 

determining the step height of the channel. 
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 2.3.4   Soft Lithography 

The channels of the microfluidic device were fabricated in PDMS (polydimethylsiloxane) by 

using the master as a mould to cast a negative replica of the SU-8 structures into the PDMS. 

A liquid mixture of the PDMS and the cross-linking agent SYLGARD 184, in a 1:10 ratio, was 

prepared and centrifuged at 40,000 rpm for 1 minute to eliminate air bubbles. This mixture 

was poured over the master in a petri dish (Figure 2.4a) and subjected to a soft vaccum for 

about an hour to remove any residual dissolved gas in the PDMS. Following this, the PDMS 

was cured in an oven at 75 ˚C for approximately one hour, solidifying into a hydrophobic 

elastomer. Once solidified, the PDMS was carefully peeled from the master (Figure 2.4b), and 

inlet and outlet holes for fluid access were punched using a 1 mm diameter biopsy puncher 

(Figure 2.4c).  

To complete the device, the PDMS was oxygen plasma bonded to either a glass slide 

(deformation cytometry) or a glass cover slip (Raman spectroscopy), dependent on the 

experiment. Both the PDMS and the glass were placed in a plasma-cleaning chamber (Zepto, 

Diener Electronics, Germany) and treated with plasma for 30 seconds at 0.4 mbar of O2 

(Figure 2.4d). Plasma treatment oxidises both the PDMS and the glass surfaces, replacing 

hydrocarbon groups with hydroxyl groups (- Si – O – OH-), increasing surface activity. The 

PDMS and glass were then firmly pressed together to ensure bonding, forming strong 

Figure 2.3: This schematic provides an overview of the production process for fabricating an 

SU-8-silicon master, with the key steps of the protocol displayed sequentially from (a) to (h) 

(6) 
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covalent bonds (-Si – O – Si -). Finally, the bonded microfluidic devices were baked at 75 ˚C 

for 30 minutes (Figure 2.4e). 

 

 2.4 Raman Spectroscopy Protocol 

 2.4.1  Spectroscopy Facilities  

The thesis utilised a Renishaw inVia Spectrometer System integrated with a Leica DMi8/SP8 

laser scanning confocal microscope. Figure 2.5 illustrates the Raman spectrometer optics. 

The system had two excitation lasers: a 532 nm DPSS diode laser (50 mW, 22 mW at the 

sample) and a 785 nm near-IR diode laser (100 mW, 45 mW at the sample), both mounted 

with kinematic baseplates. The 532 nm laser had a plasma filter, with a pinhole to adjust the 

laser width. Motorised ND2 filters offered 16 power levels ranging from 0.00005 to 100%. A 

beam expander was used to adjust laser spot size (0-100% expansion) (Figure 2.6).  

The light passed through a motorised shutter, mirrors, and a chosen objective to reach the 

sample in an inverted configuration. Biological samples were slotted into in-house 3D-printed 

holders which contained magnets to minimise movement during acquisition. These holders 

were then positioned on an automated XYZ stage (Z-movement is handled via objective 

adjustment). The high-speed encoded stage, had a step size of 0.1 μm. Renishaw’s Wire 

Figure 2.4: This schematic outlines the production process for fabricating microfluidic 

devices using PDMS, with the key steps of the protocol displayed sequentially (a – e) (6) 
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software controlled acquisition settings, except for detector and optical path changes, which 

were handled manually or via Leica fluorescence confocal software. 

 

 

Scattered light was partially reflected to a camera for laser spot observation and calibration, 

with most of it directed to Rayleigh reflection filters (rejecting intensities below 100 cm⁻¹). 

The entrance slit shapes the laser beam for grating, with standard and high confocality modes 

of 65 μm and 20 μm, respectively. Two gratings (1800 and 1200 lines/mm) separate 

wavelengths, spread across a CCD detector. Grating movement options include continuous 

(synchro-scan) for high-resolution spectra or step motion for spectral range selection.Two 

detectors were available: a Renishaw CCD array detector (infrared-enhanced, deep 

depletion, 1024 x 256 px, Peltier-cooled to -70°C) and an Andor EMCCD3 high-sensitivity 

back-illuminated detector (UV/VIS measurements, 1600 x 200 px, TE4-cooled to -100°C). 

These will be referred to as the Renishaw and Andor detectors. 

The microscope was equipped with an EL6000 fluorescence light source (LQ-HXP 120 LEJ), a 

120 W mercury short-arc reflector lamp with a wavelength range of 380-680 nm. Filter cubes 

with BP5 or LP6 filters allow standard fluorescence settings. BP filters transmitted light 

around a specific wavelength, indicated as center/bandwidth, while LP filters transmitted all 

Figure 2.5: Key features of the optical configuration of the Renishaw inVia Raman 

microscope, simplified for clarity. Reprinted with permission (3) 
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light above a certain wavelength. Available filter cubes included DAPI (exc. BP 360/40 nm, 

em. LP 425), FITC (exc. BP 470/40, em. LP 515), RHOD (exc. BP 540/45, em. LP 590), and TXR 

(BP 560/40, em. BP 630/75). An LED1 bright-field light source with a TTL shutter was also 

available for transmitted light. 

 

All Raman data presented in this thesis was collected via the 532 nm DPSS diode laser, 

supplying a laser power of 22 mW, at the sample surface, used with a grating of 1800 lines 

mm−1. A near-infrared enhanced CCD array detector (1024 × 256 pixels, Renishaw) was used 

to collect light. The Raman system was calibrated to the Si band position (520.5 cm−1) prior 

to each experiment. All single-cell spectral data were obtained with the use of a 100 × oil 

objective (HC PL APO CS2 FWD 0.13 mm NA 1.4). A beam expander was positioned in the 

optical path between the excitation laser and the objective lens used to focus on the sample. 

A 20 % defocus, when used with a 100 × objective, produced a spot size of approximately 18 

μm at the sample. The entrance slit was set to 20 μm. Spectral settings remained the same 

across all six cell lines, utilising a step configuration with a 5 s exposure time and 6 

accumulations in two different windows (300–1800 cm−1 and 1800–3200 cm−1), giving a total 

exposure time of 60 s per cell. To ensure reproducibility and account for motor drift over 

time, the Raman system was calibrated before each use with a standard silicon sample, which 

produced a sharp peak at 520.5 cm−1. Each calibration was specific to the experiment, utilising 

Figure 2.6: Images of the 532 nm Raman laser through the beam expander at defocus 

rates of (a) 0 %, (b) 20 %, and (c) 100 %. (d) Bright-field image of the single CP-A cell used 

for refraction of the Raman laser.   
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the same settings as expected for data collection. Background removal using Extended 

Multiplicative Signal Correction (EMSC) required the utilisation of both background spectra 

and biological reference spectra to accurately identify and isolate biological peaks. The 

background spectra were specifically obtained from the cell traps, ensuring that there was 

no contribution of any biological material, only PDMS. Meanwhile, the biological reference 

spectra were derived from a balanced dataset comprising various cell lines. This combination 

of cell lines ensured a representative range of biological variability, enabling more robust 

peak identification and reducing bias in the spectral analysis process.  

 

 2.5 Raman Analysis  

 2.5.1   Data Pre-Processing  

A raw single-cell Raman spectrum can show variable background contributions depending on 

the cell’s position in the chamber, baseline shifts from autofluorescence and scattering, 

intensity changes due to the cell size within the acquisition volume, cosmic ray interference, 

as well as intrinsic biological variation. To ensure reliable analysis across multiple 

experiments, consistent and robust pre-processing of the spectra is essential. The pre-

processing steps are detailed below in a flow graph (Figure 2.7) using the sample spectra of 

10 CP-A single cells for image purposes (Figures 2.8 - 2.9), excited under the conditions 

described in section 2.4.1. Both Matlab scripts were written by Dr Julia Gala de Pablo, and 

were adapted with permission, with the Python scripts written by Professor Stephen Evans. 

Example scripts and functions for both dataset creation and analysis are provided as 

supplementary materials in the e-thesis. 

The initial dataset creation was performed using a single Matlab script, which saved the pre-

processed data for efficient loading and further analysis (DatasetCreationScript_1.mat). The 

code iteratively processes selected datasets (selectedDataSets) to extract Raman 

spectral data. For each dataset, the program navigates to the corresponding directory and 

loops through all available measurement repeats (Index [j]). Within this inner loop, it 

constructs the filename for each repeat based on a predefined naming convention, then 

reads the associated .wdf file using a data-reading function. The X-axis values (Raman shifts) 

and intensity data (spectra) are extracted from the file and stored in a structured array 

(RamanSpectra). This systematic looping ensures all datasets and their repeats are 
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processed efficiently, enabling organised extraction and storage of spectral data for 

subsequent analysis. 

 

 

A second Matlab script was used for background removal (EMSCAnalysis_2.mat). The code 

performs EMSC to remove background signals, such as PDMS, from Raman spectra. It aligns 

all spectra to a calibration peak (520.5 cm⁻¹) to reduce variability and uses background and 

reference spectra to isolate biological signals. An example of the inputted raw, biological, 

background, and post-EMSC spectra is shown in below Figure 2.8. After applying EMSC, the 

baseline is subtracted to remove low-frequency noise, ensuring the spectra focus only on 

meaningful peaks. The processed data are organised into a matrix for analysis, with key 

features like average spectra, standard deviation, and peaks identified for further 

interpretation. Examples of these steps are shown in Figure 2.9.  And 2.10  

Figure 2.7: Comprehensive Workflow for Raman Spectra Acquisition, Pre-processing, and 

Analysis. 
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Figure 2.9 Examples of raw CP-A single cell spectra (blue), EMSC-corrected CP-A single cell 

spectra (green), background PDMS spectra (black) and raw biological reference spectra 

(red). All spectra have been interpolated, averaged, and smoothed using a Savitzky-Golay 

filter (sgolayfilt function) with a polynomial order of 2. 

Figure 2. 8: Examples of raw CP-A single cell spectra (blue), EMSC-corrected CP-A single cell 

spectra (green), background PDMS spectra (black) and raw biological reference spectra (red). 

All spectra have been interpolated, averaged, and smoothed using a Savitzky-Golay filter 

(sgolayfilt function) with a polynomial order of 2. Examples of raw CP-A single cell spectra 

(blue), EMSC-corrected CP-A single cell spectra (green), background PDMS spectra (black) and 

raw biological reference spectra (red). All spectra have been interpolated, averaged, and 

smoothed using a Savitzky-Golay filter (sgolayfilt function) with a polynomial order of 2. The 

spectrum of a single CP-A cell showing (a) post-spline interpolation; (b) EMSC-corrected 

Raman spectra compared to the raw data and the background contribution; (c) baseline 

alterations post-EMSC correction; (d) the final outputted spectrum. 
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EMSC-corrected datasets (.mat) were exported to Python and converted to .csv files using 

the CsvConversion.py script. These .csv files were then imported into 

RamanPreProcessing_4.py for the main pre-processing steps. The EMSC-corrected data 

(Figure 2.11a) was first truncated between 500–3200 cm⁻¹ (Figure 2.11b), and baseline 

correction was applied using the Koch et al. (328) algorithm (Figure 2.11c). Additional pre-

processing included smoothing (polynomial 2, window 17) (Figure 2.11d), averaging, and 

standard deviation calculations (Figure 2.11e).  

  

Figure 2. 10: A (a) raw and (b) analysed Raman spectrum of a single CP-A cell, post EMSC 

background removal and baseline correction. 

Figure 2.11: Raman spectrum pre-processing steps for 10 CP-A single cell spectra. (a) Post-

EMSC correction; (b) Truncated between 500 – 3200 cm-1; (c) Baseline corrected; (d) 

Smoothed [2, 17]; (e) Averaged, with the standard deviation calculated. 
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 2.5.2 Multivariate Analysis 

Principal component analysis and linear discriminant analysis (PCA-LDA) was conducted using 

the EMSC-corrected datasets, truncated within the fingerprint region (800–1800 cm−1). This 

was carried out using Python scripts RamanPCA_5.py and RamanLDA_6.py, written by 

Professor Stephen Evans. All confusion matrices presented from this data are normalised 

using the fourfold cross-validation method. 15 principal components were chosen for the 

PCA as this was representative of > 90 % of the overall variance within the data. The variance 

explained reaches a plateau after 15 PCs, indicating that the remaining components are 

representative of little to no change. The fourfold cross-validation was conducted using a 

StratifiedKFold, whereby the datasets for each set of analysis were split into k (4) groups of 

equal size, with the first group held as a validation set, and the remaining groups (k − 1) used 

to fit the method. 

  

 2.6 Deformation Cytometry Procedure  

The deformation cytometry setup is shown in Figure 2.12a, utilising the microfluidic device 

described in Section 2.3.2. A 1 ml glass syringe, cleaned with ethanol and deionized water, 

was filled with a cell sample. Fine bore polythene tubing (Smiths Medical™, Kent, UK) with 

0.36 mm ID and 1.09 mm OD connected the syringe to the microdevice, fitting directly into 1 

mm punctured PDMS inlets and outlets. The syringe was placed in a syringe driver (WPI, 

Hertfordshire, UK) to control the volumetric flow rate (µl/min) through the device. Tubing 

from the outlets directed the flow into a glass vial or microcentrifuge tube for sample 

collection. Microdevices were positioned on an inverted bright-field microscope (Figure 

2.11b), using a 10x objective to capture cell deformation events. 
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High-speed microscopy recorded these events, with the camera (Photron Fastcam SA-X) 

operating at frame rates of 7000 to 260,000 fps and exposure times of 0.37 to 6.67 µs. An 

external light source mounted over the setup (Figure 2.11c) enhanced image capture at 

higher frame rates and reduced exposure times to minimize motion blur. Flow rate and 

camera settings are detailed below in Table 3: frame rate, exposure time and camera 

resolution for each flow rate.  

 

Figure 2.12: (a) Schematic of the microfluidic setup for deformation cytometry. (b) PDMS 

device mounted in a holder with inlet and outlet tubing for high-speed microscopy of cell 

deformation. (c) The device positioned between a standard inverted bright-field 

microscope and an additional light source to enhance image intensity. (6) 
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The deformation cytometry experiments utilised an inverted microscope (Eclipse Ti-U, Nikon, 

Japan) with reflection bright-field microscopy, which illuminates a sample with white light 

and collects the reflected light. In this technique, contrast is generated through the sample's 

absorbance of light, though biological samples, like mammalian cells, tend to exhibit low 

contrast due to their optical transparency and lack of colour. Bright-field images typically lack 

detail unless the sample is stained, a process that often requires fixation and is not suitable 

for live cell imaging in suspension. 

A high-speed camera is defined as having a frame rate exceeding 250 frames per second (fps) 

and an exposure time shorter than 1 ms. In this study, cells were deformed and recovered in 

less than a millisecond through microfluidics, necessitating high-speed microscopy to capture 

these rapid events. Key factors in high-speed cameras include image resolution, frame rate, 

exposure time, and data rate. The resolution must be sufficient to capture the cell before, 

during, and after deformation, while the frame rate should be high enough to avoid missing 

any critical deformation. Short exposure times are required to minimize motion blur. For this 

work, the FASTCAM SA-X camera (Photron), featuring a CMOS (complementary metal–oxide–

semiconductor) sensor, was employed. It offers a maximum resolution of 1024 x 1024 pixels 

at frame rates up to 12,500 fps. Beyond this frame rate, the resolution is constrained by the 

data rate, reducing the field of view as frame rate increases. The camera has an ISO value of 

25,000, which enables exposure times as low as 293 nanoseconds (ns).  

 

 2.7 Single Cell Deformation  

 2.7.1 Python Analysis 

 The analysis conducted in this section was conducted using Python scripts 

CellMovieTrimmer_ and CellMovieTracker_, both written by Professor Stephen Evans. 

Table 3: frame rate, exposure time and camera resolution for each flow rate. 
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Videos up to 40,000 frames were uploaded into CellMovieTrimmer_, and were subsequently 

trimmed down to remove empty frames and reduce file size, with the outputted file 

uploaded for analysis in CellMovieTracker_.  Through changing parameters such as flow rate 

and frame rate, CellMovieTracker was used to determine the average number of frames, 

velocity, cell size and maximum deformation for each single cell, allowing this information to 

be plotted (Chapter 6).  

 

 2.7.2  CNN Analysis   

The analysis detailed in this portion of the thesis was conducted by MPhys student Henry 

Aldridge.  

To prepare images for CNN training and extract parameters for LDA, cells were tracked and 

analysed from greyscale AVI videos recorded at 10,000 fps. These videos captured cells 

traveling through a DC device at a flow rate of 20 µl/min in a shear-dominant regime. Each 

video was processed using a Python cell-tracking script (illustrated in Figure 2.12) which 

included rotating frames to align channels horizontally, scaling to the lowest magnification, 

and cropping to show a consistent area of the device. Cells were tracked using the OpenCV 

module, ensuring debris and large cell clumps were excluded. Cell metrics such as area, 

perimeter, circularity, D.I., and strain were recorded. Duplicates were removed based on 

frame occurrences per video, and frames where cells exhibited maximum deformation (1 − 

circularity) were identified. Image processing steps included smoothing, background 

subtraction, colour normalisation, and shifting pixel value medians to 150 for uniform 

backgrounds. Additionally, corner segment datasets (~25% the size of main dataset images) 

were filtered to exclude partial cell segments based on mean pixel values ± 2 % of the median 

Machine learning (ML) is a branch of artificial intelligence (A.I.) that uses statistical and 

computational methods for recognising patterns within data, enabling predictions for new 

unseen data (329). This is invaluable for large and complex biological datasets, which often 

involve high-dimensional, non-linear relationships, an example being the interactions 

between genes, proteins, or metabolic pathways.  

Linear Discriminant Analysis (LDA) was initially used for analysing the deformation cytometry 

data, as it can help classify and interpret differences in cell mechanics, such as deformation, 

elasticity, and stiffness, which are often linked to cell state or disease. Deformation 
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cytometry generates high-dimensional data, and this complexity is reduced during LDA by 

projecting the data into a lower-dimensional space while maximising the separation between 

predefined groups, such as healthy and diseased cells. This makes it easier to identify key 

mechanical features, such as D.I., that are most relevant for classification. LDA is particularly 

useful for distinguishing subtle mechanical differences between cell types or states, such as 

normal, dysplastic, and cancerous cells, and can help identify potential biomarkers or 

mechanical signatures. Additionally, it is computationally efficient, making it well-suited for 

high-throughput applications like disease screening or hypothesis testing in clinical and 

research settings (330) . 

  

Figure 2.13: Flowchart illustrating the cell tracking algorithm logic for obtaining cell 

parameters. Green arrows indicate True statements, red arrows indicate False. The 

parameters help identify frames where cells are at maximum or no deformation, providing 

images for CNN training and data for LDA. (5) 
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CNN training was primarily based on Géron’s ML textbook Hands-on machine learning with 

Scikit-Learn, Keras, and TensorFlow (331), utilizing two architectures: Google's Xception (332) 

and Microsoft's ResNet50 (333). ResNet50 was chosen due to its success in similar studies 

(334, 335). TensorFlow and Keras were employed for model development. Data was divided 

using an 80:10:10 stratified split into training, validation, and test sets. Video still images 

were used as the inputs, resized to 72×72 pixels and processed using the Keras preprocessing 

function. Xception and ResNet50 models were initialized with random weights, and their 

layers remained unfrozen. Each model was completed by adding a global pooling layer 

followed by five fully connected layers, as per Géron’s approach. The global pooling layer 

reduced dimensionality. Both models were trained for 10 epochs using the Adam optimizer 

with a learning rate of 0.1, chosen for its efficiency in similar studies (334). The models were 

then evaluated on test datasets, and confusion matrices were generated. Metrics such as 

accuracy (2.7.2.1), recall (2.7.2.2), and precision (2.7.2.3) were calculated from the confusion 

matrices. Where TP is the number of true positives, TN is true negatives, FP is false positives 

and FN is false negatives (331) . These metrics allow different model qualities to be identified, 

such how many true positives it identifies or how many false positives it provides, which are 

crucial in clinical settings.  

           2.7.2.1 

 

 

             2.7.2.2 

 

             2.7.2.3 

 

 

The training datasets were augmented using Keras to increase size and variability, aiming to 

reduce overfitting and improve model generalization. Augmentations included random 

vertical/horizontal flips, brightness/contrast adjustments, and small rotations, expanding the 

dataset fourfold. A balanced dataset was also created by duplicating images from 

undersampled cell lines before augmentation. For 5-fold stratified cross-validation, LDA was 
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applied using the scikit-learn module (6). Parameters included cell area, perimeter, 

circularity, DI, and strain. As with the CNN analysis, confusion matrices, accuracy, recall, and 

precision were calculated. Tests were repeated with a balanced dataset, achieved by 

randomly sampling from oversampled cell lines. 
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3 Raman Spectroscopy for the Staging of 

Oesophageal Adenocarcinoma Progression 

The previous chapters of this thesis have provided an overview of the current literature in 

this field, detailed the technical theory behind the experimental methods, and outlined the 

aims of this project. This chapter presents the first key findings: novel on-chip live single-cell 

analysis of oesophageal adenocarcinoma development, characterised using Raman 

spectroscopy. Representative cell lines were employed to model healthy oesophageal 

epithelium (HET-1A), oesophageal adenocarcinoma (OE19), and the progressive stages of 

Barrett’s oesophagus (CP cell lines: -A, -B, -C, and -D). Data was consolidated across multiple 

experiments and cell passages to minimise variability and ensure high reproducibility. 

Principal component analysis (PCA) combined with linear discriminant analysis (LDA) enabled 

accurate classification of each cell population, achieving robust differentiation both between 

and within disease stages. 

 

 3.1  On-Chip Optimisation 

 3.1.1 Trapping Efficacy 

The first parameters to be defined were the conditions for single cell trapping. This involved 

refining conditions such as flow rates and cell concentrations to ensure consistent and 

reliable isolation of individual cells in each cell trap. Optimal trapping conditions were 

necessary to prevent on-chip cell clumping. CP-A single cells were used for this optimisation, 

with cells passaged, filtered through 20 µL cell strainers, and flown though the microfluidic 

device at flow rates between 1- 5 µL/ min. Cell concentrations for 0.5, 1, 2 and 3 million cells 

/ mL were used to determine ideal conditions.  

Figure 3.1 provides a visual and quantitative assessment of the efficacy of single cell trapping 

under a range of conditions. Imaged in Figure 3.1a and Figure 3.1b, lower concentrations of 

0.5 and 1 million cells / mL led to an inadequate number of trapped single cells available for 

data collection, whilst using a higher concentration of 3 million cells/ mL  (Figure 3.1d) led to 

cell clumping between traps, reducing the available number of traps containing only single 

cells.  A final cell concentration of 2 million cells / mL (Figure 31.c) was established to provide 

the best trapping efficacy of 74 % (± 6%), calculated by the percentage of traps filled with 
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completely detached single cells, with results for each cell concentration plotted in Figure 

3.1e. When determining optimal flow rate, it was vital that it was high enough to push cells 

through the device, but low enough not to force them through the traps. Detailed in Figure 

3.1f, lower flow rates of 1 µL/ min and 2 µL/ min were insufficient to generate the pressure 

required to propel cells through the device. In contrast, higher flow rates of 4 µL/ min and 5 

µL/min resulted in excessive pressure, causing cells to deform and pass through the 5 µm 

gaps between the traps. All single cell trapping experiments were conducted using a cell 

concentration of 2 million cells / mL, at a flow rate of 3 µL/ min.  

 

 

 

 

 

 

 

 

 

 

   

 

 

Figure 3.1: Representative brightfield images and quantitative analyses of single-cell trapping 

efficiency under varying cell concentrations (0.5, 1, 2, and 3 million cells/mL). Brightfield 

images were captured using a 10x objective lens, highlighting cell distribution within 

microfluidic traps. Quantitative data (bottom graphs) show the percentage of traps occupied 

by single cells (left) and multiple cells (right) over time. Optimal trapping conditions were 

achieved at a concentration of 2 million cells/mL, maximising single-cell trapping (74% ± 6%) 

and minimising multi-cell occupancy, while higher concentrations (3 million cells/mL) resulted 

in clumping and reduced trapping efficiency. Error bars represent standard deviations across 

three experimental replicates. 
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 3.1.2  Cellular Viability On-Chip 

Single cells were successfully trapped within the microfluidic device at a flow rate of 3 

µL/min and maintained under controlled conditions at 37.5°C. To sustain cell viability, a 

constant flow of fresh culture media was supplied at 1 µL/min throughout the experiment. 

Viability was assessed using Calcein AM live stain and Sytox Red dead stain, with 

fluorescence images captured at hourly intervals over a 5-hour period. Each experiment 

was limited to a maximum duration of 5 hours, and viability data were collected for 100 

single cells per independent cell line. 

To evaluate the potential impact of laser exposure on cell viability, delayed apoptosis was 

assessed by monitoring viability over the same 5-hour period following a single laser 

exposure. Fluorescence viability images were acquired at hourly intervals to quantify the 

percentage of viable cells. The average viability for each cell line over the 5-hour 

experiment is summarised in Figure 3.2. These results represent the mean viability of 100 

single cells per cell line across multiple experimental replicates. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.2: viability of single cells trapped on-chip over 5 hours for different oesophageal 

cell lines, including HET-1A (healthy epithelial cells, red), CP-A (non-dysplastic Barrett's 

oesophagus, cyan), CP-B (low-grade dysplasia, pink), CP-C (high-grade dysplasia, yellow), 

CP-D (high-grade dysplasia, purple), and OE19 (oesophageal adenocarcinoma, green). Cell 

viability was monitored hourly using Calcein AM and Sytox Red fluorescence staining, with 

data averaged across 100 single cells per cell line.  
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 3.2    Raman Analysis of Live Cells 

 3.2.1   Spectral Profile Across All Cell Lines  

Raman spectra were obtained from trapped live single cells across the cancerous cell line 

(OE19), those representing the healthy epithelium (HET-1A) and the intermediary Barrett’s 

oesophagus (CP-A to CP-D), via Raman conditions detailed in the methodology (2.4

 Raman Spectroscopy Protocol) 

Figure 3.3 shows the averaged spectrum and standard error for each cell line, averaging over 

100 single cells per sample type. All bands were pre-processed using EMSC and normalised 

to the Amide I peak at 1656 cm-1. Each peak is labelled corresponding to the associated 

cellular component, with Table 4 detailing further covalent bond information.   

 

 

 

 

 

 

 

 

 

 

 

 

 
Table 4: Key Raman spectral peaks and their corresponding molecular assignments and 

vibrational modes. Peak positions (in cm⁻¹) are associated with specific biomolecules such 

as proteins, lipids, and nucleic acids, providing insights into the biochemical composition 

and structural properties of single cells. 
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At an initial glance, all cell lines contain a prominent band corresponding to the presence of 

phenylalanine at 1004 cm-1. The spectra for the oesophageal adenocarcinoma cell line 

(OE19), displays an increase in irregularity within peaks when compared against other stages 

of disease progression, alongside an increase aromatic amino acid presence (tryptophan 

(336, 337), tyrosine (246, 338-340) and phenylalainine (246, 339)). These components are 

associated with various cancers such as breast (341) and colorectal (342), as well as with the 

acquisition of mutated transforming functions in cancer development (343). An additional 

band also related to this function is the tryptophan shoulder shown at 1009 cm-1 (341, 343). 

Figure 3.3: Single-cell Raman spectra representing the progression from healthy 

squamous oesophageal epithelia (HET-1A: red) through non-dysplastic Barrett’s (CP-A: 

cyan), mild dysplastic Barrett’s (CP-B: pink), moderate dysplastic Barrett’s (CP-C: yellow) 

and severe dysplastic Barrett’s (CP-D: purple), to oesophageal adenocarcinoma (OE19: 

green) cells. All spectra were normalised to the Amide I band at 1656 cm-1. The shaded 

area around each cell line is representative of the standard deviation. The grey shading 

across all cell lines highlights bands of interest (labelled). n =  number of single cell 

Raman spectra. The high wavenumber region (CH2CH3) has been multiplied by a factor 

of 0.25 to fit on the same scale.  



 
 

79 
 

Nucleic acid and protein-related bands, such as Amide III and Amide I, are displayed across 

all six cell lines. DNA-associated bands, as seen at 1089 cm-1, are common within transformed 

cancerous cells (246) with an increased DNA concentration associated with disease 

progression.  An increase in protein signature is observed via the heightened CH3 stretching 

(2881 cm-1 and 2980 cm-1) band for the OE19 cancer cells. Such an increase in protein content 

is consistent with previously reported data (266),(344, 345).  

CH3 and CH2 twisting modes previously attributed to collagen (346) can be observed between 

1310 - 1340 cm-1 (238, 343). Lipid-associated bands are prominent in Figure 4.5, reported as 

being attributed to the acyl (C – C) backbone in lipids (238, 347), CH3 rocking / C – O vibrations 

(266), bending modes of C – H in CH2 moieties (348, 349) as well as methylene deformation 

(246). These changes in cellular lipid quantity are significant biomarkers of abnormal 

membrane composition, characteristic of neoplastic cells (350). 

 

 3.2.2  Healthy vs Adenocarcinoma  

Analysis was carried out to determine if the OE19 oesophageal adenocarcinoma cell line 

could be distinguished from HET-1A healthy cells. PCA was conducted as an unsupervised 

technique with the goal of maximising and identifying the variance of the data along the 

principal components (PCs). These PCs can be visualised and plotted to identify features 

within the spectra that help distinguish the different cell lines.  

PCA was undertaken using the first 15 PCs of a truncated Raman spectra (Figure 3.4a). 

Differences across the first 5 PCs, accounting for > 80 % variance, are shown in Figure 3.4b, 

with bands showing significant differences highlighted in blue. The cumulative variance and 

variance explained for all 15 PCs is shown in Figure 3.4c. Variation within the amino acid 

bands (tryptophan, tyrosine and cytosine) are seen in the first 5 PCs at 880 cm-1, 1171 cm-1 

and 1610 cm-1 respectively. Additional bands showing variation across all 5 PCs include DNA 

(1089 cm-1), collagen (1310 – 1340 cm-1), methylene deformation (1450 cm-1) and Amide I 

(1656 cm-1). 

Further analysis was undertaken using LDA, a supervised technique used for classification, by 

maximising the separation between different classes within a dataset via their discriminant 

functions. The LDA was trained on 75% of the data and tested on the remaining 25% using a 

4-fold cross-validation approach. The combined PCA-LDA was able to separate the datasets 
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into distinct classes with high accuracy. The histogram (Figure 3.4d) indicates a clear 

separation of both populations. It is also evident that the representative healthy cell line 

(HET-1A, red) provides a narrower distribution compared to the cancerous equivalent (OE19, 

green).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.4: PCA-LDA of HET-1A (red) and OE19 (green) EMSC-corrected spectral data. (a) 

Truncated Raman datasets between 800 and 1800 cm−1 used for analysis. (b) Principal 

component loadings taken from PCA. Scores 1–5 are shown, accounting for > 85% 

variability. Bands of interest are highlighted in blue. (c) Cumulative variance and variance 

explained for the first 15 PCs. (d) LDA histogram displaying the spread of the scores for each 

dataset. (e) Confusion matrix for statistical analysis of the PCA-LDA. The outputted values 

are representative of the False Positive (0.058), True Positive (1), False Negative (0.942) and 

True Negative (0). 
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The confusion matrix obtained from this analysis is diplayed in Figure 3.4e. Whilst all HET-1A 

cells were correctly categorised, approximately 6 % of OE19 cells were mistaken for HET-1A, 

this is presumably a consequence of their heterogeneity. Precision [(true positive value / 

(true positive + false positive)], Recall [true positive value / (true positive + false negative)], 

and F1-Score [2 * ((precision * recall) / (precision + recall)), were determined to be 1, 0.972 

and 0.942 respectively. The average accuracy for the classification of healthy vs. cancer single 

cells was 97 %.   

 

 3.2.3    Disease Progression 

Intermediate between the healthy (HET-1A) and cancerous (OE19) stages are the progressive 

stages of Barrett’s oesophagus, represented in these results by cell lines CP-A (non-

dysplastic) and CP-D (severe dysplasia). Shown in Figure 3.5a, the spectra for each cell line 

was truncated to 800 – 1800 cm-1 prior to PCA-LDA. Analysis of the first 5 PC loadings (Figure 

3.5b), covering 85% variance (Figure 3.5c), confirms the influence of amino acid bands, with 

phenylalanine and tryptophan bands present across all 5 PCs. Other cellular components 

such as Amide III, Lipids and Amide are present in PCs 1 and 5, PCs 2, 4 and 5, and PCs 2 and 

5, respectively. Additionally, between disease stages, the Cytochrome C band (1583 cm-1) is 

present within PC1 and PC2. This peak can be attributed to the presence of aromatic side 

chains within the Cytochrome C compound(244, 351, 352).  

 

Figure 3.5: (a) Truncated Raman spectra (800 -1800 cm-1) for each stage of cancer 

development. The healthy (HET-1A), non-dysplastic (CP-A), severely dysplastic (CP-D) and 

cancerous (OE19) cell lines are represented by red, cyan, purple and green spectra, 

respectively. (b) The PC loadings from the data shown in Figure 4.7a. Bands of interest 

have been highlighted in blue. (c) 2D plot representing the variance explained and the 

cumulative variance for HET-1A (healthy), CP-A (non-dysplastic), CP-D (severely dysplastic) 

and OE19 (cancerous) single cells.  
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The 2D scatter plot for the LDA is displayed in Figure 3.6a, with HET-1A (red), CP-A (cyan), CP-

D (purple), and OE19 (green), along with their respective histograms. From this scatter plot 

we see that the OE19 dataset is separated from the others and also shows greater scatter as 

might expected from a cancerous dataset with uncontrolled mutation. The HET-1A appears 

to be separated from CP-A and CP-D datasets in LDA2, whilst the CP-A and CP-D cells appear 

to exhibit strong overlap. This is further supported by looking at the confusion matrix in 

Figure 3.6b, which suggests that neither of the Barrett’s Oesophagus cell lines (CP- A and CP-

D) nor the healthy cell line (HET-1A) were mis-categorised as the cancer cell line (OE19). The 

HET-1A cells were correctly identified with ~91 % accuracy whilst the non-dysplastic (CP-A) 

and dysplastic (CP-D) cell lines were only correctly classified correctly 63 % and 64 % of the 

time. The largest errors occur between CP-A and CP-D cells, with ~36 % inaccuracy.  The OE19 

cells could be inaccurately categorised as any of the other three cell lines but with low 

probability – HET-1A (4 %), CP-A (6 %) and CP-D (2 %). The precision, recall and F1-score for 

this data is shown in Table 5.   

 

 

 

 

 

Figure 3.6: (a) 2D plotted PCA LDA1 vs PCA LDA2 scores for HET-1A (red), CP-A (cyan), CP-

D (purple) and OE19 (green) and their relative LDA histograms. (b) Confusion matrix for 

statistical analysis of the PCA-LDA. 
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 3.2.4  Dysplastic Progression 

Next, the focus was on the analysis of cell lines representing high-grade Barrett’s dysplasia. 

Identification of measurable differences in the spectral data could provide a promising route 

to the diagnosis of Barrett’s Oesophagus severity in patients. 

The PCA-LDA was carried out on the fingerprint region of the dysplastic cell lines, with the 

first 5 PC loadings in Figure 3.7b responsible for 80% of the variance, with the cumulative 

variance and variance explained detailed in Figure 3.7c. Negative bands in PC1 correlated 

with the aromatic amino acid content and Cytochrome C. These bands become positive 

between PC2 – PC4. Other notable bands present in PC1 are associated with Amide I, Amide 

III, lipid and collagen content. The PO2- DNA-associated band (1089 cm-1) also displays an 

increase in PC1. 

The scatterplot, Figure 3.7a, displays how CP-B (pink), CP-C (orange) and CP-D (purple), are 

well separated by LDA1 and 2. The confusion matrix for this data is shown in Figure 3.7d, with 

precision, recall, and F1-scores detailed in Table 6. The average accuracy was calculated at 

92 %, with PCA-LDA classification accuracy at 77 %. The PCA-LDA is able to correctly identify 

each stage of Barrett’s dysplasia with accurate detection of CP-B at 80 %, CP-C at 93 % and 

CP-D at 91 %. With CP-B cells have a 13 % chance of being identified as CP-C cells.  

 

 

Table 5: Precision, recall and F1-scores for 4-fold cross-validation analysis of the LDA scores 

for HET-1A (healthy), CP-A (non-dysplastic), CP-D (severely dysplastic), and OE19 

(cancerous) single cells. The average model accuracy for this analysis was 88 %. 
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Figure 3.7: (a) 2D plotted PCA LDA1 vs PCA LDA2 scores for CP-B (pink), CP-C (orange) and 

CP-D (purple). (b) Principal component loadings taken from PCA. Scores 1-5 are shown, 

accounting for > 80 % variability. Bands of interest are highlighted in blue. (c) Cumulative 

variance and variance explained for the first 15 PCs. (d) Confusion matrix for statistical 

analysis of the PCA-LDA. 

Table 6: Precision, recall and F1-scores for 4-fold cross-validation analysis of the LDA scores 

for CP-B (mild dysplasia), CP-C (moderate dysplasia) and CP-D (severe dysplasia) single cells. 

The average accuracy for this classification model was 92 %. 
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 3.3   Summary of Single Cell Analysis 

In this chapter, it was shown that Raman spectroscopy can be utilised as a classification tool 

for determining disease stages within cancer progression. Distinct spectral signatures were 

exhibited as healthy cells progressed towards oesophageal adenocarcinoma, allowing us to 

observe changes within molecular components at each stage of disease development.    

In the case of the OE19 cell line, peaks associated with changes in the DNA backbone 

geometry (Figure 3.4b) are indicative of phosphate ion interactions found in neoplastic 

cells(26, 344, 353), arising due to the erratic accumulation of DNA and RNA in the nuclei of 

cancer cells  (354).  

The increase of the aromatic amino acids associated with advanced disease progression is of 

note, with previous papers also highlighting the influence of these compounds in various 

cancers and diseases (341, 355). These compounds have been shown to play a significant role 

in orchestrating morphological changes within malignant tissues (356). Moreover, the 

increase in transcription and replication of cancerous cells requires a concomitantly 

increased volume of proteins for sustaining the excessive RNA synthesis. This increase in 

protein expression during cancer progression is expected due to an overall increase in protein 

overexpression with multiple oncogenic pathway activation and upregulation (266, 344, 

345), as shown in Figure 3.3. 

Increase in cellular lipid quantity across cell lines (Figure 3.3) are significant biomarkers of 

abnormal membrane composition, characteristic of neoplastic cells. These increases occur 

due to the modulation of specific enzymes and pathways within the cells, allowing for a 

higher proliferation rate, increased chemotherapy resistance and attenuation of the immune 

response (350). 

This low risk of misclassification identifies a new method of detecting progression within 

Barrett’s dysplasia at a single-cell level, which could allow earlier detection of progression 

towards cancer within a clinical setting. Disease progression classification has been 

conducted using PCA-LDA methods within other cancer sub-types such as oral cavity cancer 

(357) using statistical image analysis, and breast cancer (358), through sensor response 

curves, each derived from patient samples. They produced an accuracy classification of 

98.2(±3.9) % and 95.4(±4.9) %, and 96.4% and 95.6%, respectively. The experimental results 
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of this work support the use of PCA-LDA as an effective and reliable tool for the diagnosis of 

cancer lesions.  

The results from the work presented in this chapter not only highlight the use of single-cell 

Raman spectroscopy alongside PCA-LDA for the identification of healthy versus cancer cells 

but also for distinguishing between progressive disease stages within Barrett’s oesophagus 

dysplasia itself. 
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4 The Influence of a Low pH Bile Salt 

Environment on Barrett’s Oesophagus Single 

Cells 
 

The previous chapter detailed the use of single cell Raman spectroscopy for characterising 

novel on-chip progression of oesophageal adenocarcinoma. The results showed successful 

characterisation of each disease stage using principal component analysis and linear 

discriminant analysis, with the ability to differentiate between healthy and cancerous cells 

with an accuracy of 97 %. Intra-class separation between dysplastic stages was determined 

with an accuracy of 68 %.  

In an effort to identify changes in disease progression with increasing acid-bile exposure, this 

chapter highlights the impact of the increased exposure of Barrett’s oesophagus single cells 

to an acidic bile salt solution (ABSS) over a prolonged duration. Bile is a complex digestive 

fluid primarily composed of bile acids, cholesterol, phospholipids, bilirubin, and electrolytes, 

synthesised in the liver and stored in the gallbladder before being secreted into the 

duodenum during digestion. Its principal role in digestion is to emulsify dietary lipids, 

facilitating their absorption in the small intestine (359). The amphipathic nature of bile acids 

allows them to interact with and disrupt lipid bilayers, which is particularly relevant in the 

context of oesophageal epithelium repeatedly exposed to bile during episodes of reflux. In 

vitro and in vivo studies have shown that bile acids can integrate into and destabilise cellular 

membranes, increase epithelial permeability, and induce oxidative stress and DNA damage 

(360). 

Changes in cellular biochemistry were monitored on-chip using Raman spectroscopy, 

supplemented with morphological analysis via bright-field images. Live cells were trapped 

on-chip before being subject to low pH – bile salt conditions for a duration of 60 s. This was 

repeated for 10 exposures, with a 30-minute “recovery window” during which the pH was 

raised to neutral and data was collected. This recovery window is a dynamic period where 

pro-survival and pro-oncogenic signalling and repair mechanism pathways are activated, 

which in turn contribute to disease progression. Previous studies have reported recovery 

windows, albeit each study having a different duration (361, 362). Representative Barrett’s 
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cell lines CP-A, CP-B, CP-C, and CP-D were utilised, with all data averaged over 10+ 

experimental repeats.   

 

 4.1    Single-Cell Viability: On-Chip vs. Acidic Bile 

Whilst there is significant focus on replicating true phenotypic conditions in vitro, model 

refluxate conditions in the literature show high variation in exposure time and conditions, a 

large majority of research has been conducted on 2D and 3D cultures as well as patient 

tissues using solutions at pH 4.0 (361, 363-369). Ambulatory pH monitoring reports show that 

pH levels can drop as low as 4.0 for approximately 20% (< 4 hours) of the day (370-372) with 

most reflux episodes lasting ten minutes or less (373). For most Barrett’s patients, the bile 

salt concentration can vary between 0.03 and 0.82 mmol/L (374-376).  

To ensure that any biochemical changes within the single cells was due to external stressors 

(ABSS) and not continuous exposure to the 532 nm Raman laser, on-chip viability was 

monitored for 100 single cells per cell line. Each cell underwent a 60 s exposure to the Raman 

laser (2.4.1) every 30 minutes, over a total duration of 5 hours. Cell death was determined 

using Sytox Red (2.1), with average viability plotted in Figure 4.1. No significant changes were 

observed in the Raman spectra, an example for CP-A shown in Figure 4.3, indicating that the 

cells remained viable and healthy on the chip. This suggests that the experimental conditions 

did not induce stress or excessive cell death, allowing the cells to maintain their normal 

physiological state. 
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Figure 4.1: Line graph displaying the average viability of 50 single cells exposed to a Raman 

laser (2.4.1) every 30 minutes, to a total of 10 Raman laser exposures. Values were 

normalised against the average viability of trapped single cells on-chip which were not 

exposed to the Raman laser. 

Figure 4.2: Offset Raman spectra of a CP-A cell are shown at four time points: immediately 

before laser exposure (black), post-2 hours (red), post-4 hours (blue), and post-5 hours 

(green). The study aimed to assess whether a single Raman laser exposure could induce 

delayed apoptosis by monitoring untreated cells over time. Each spectrum represents the 

average of 100 individual spectra, all of which were baseline-corrected and smoothed using 

the Savitzky-Golay method for noise reduction. 
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In order to remain as physiologically accurate as possible, initial experiments focused on 

monitoring changes over a singular 10 minute ABSS exposure. However, due to the fragility 

of isolated single cells, the prolonged exposure to a low pH solution led to cellular damage 

beyond recovery and repair. This was observed through both morphological changes (Figure 

4.2), where signs of damage were observed through blebbing and irregularity of the lipid 

membrane, however this caused extreme disintegration of the cellular structure, notably 

between 1.5 and 2 hours (Figure 4.3e). Immediately before exposure, the CP-A cell appears 

healthy and structurally intact, with a smooth and uniform morphology (Figure 4.3a). There 

seem to be no visible signs of damage or stress, with this image providing a baseline reference 

point for assessing the effect of ABSS exposure. By 0.5 hours post-exposure (Figure 4.3b), 

there are early signs of morphological stress, with slight irregularities in the cell membrane. 

Internal structures also appear darker and more pronounced, possibly due to internal 

swelling or cytoplasmic reorganisation. These changes could be indicative of the cell 

attempting to repair damage caused by the ABSS exposure or adapting to the acidic stress. 

Figure 4.4c presents the cell at 1 hour post-exposure, where there are more pronounced 

morphological changes such as the cell membrane becoming visibly distorted, with an 

uneven surface. The internal structures, previously well defined, are now less prominent. This 

could be due to ongoing damage, or the process of necrotic or apoptotic cell death. The 

morphology deteriorates by 1.5 hours post-exposure, (Figure 4.3d) where the internal 

structures appear disorganised and the membrane has fragmented and partially collapsed. 

By 2 hours post exposure (Figure 4.3e), the cell is completely disintegrated.  

 

  

Figure 4.3: Bright-field images of a trapped CP-A cell on-chip, illustrating morphological 

changes at various time points: (A) immediately before exposure, (B) 0.5 hours post-

exposure, (C) 1 hour post-exposure, (D) 1.5 hours post-exposure, and (E) 2 hours post-

exposure. 



 
 

91 
 

The experiment aimed to observe biochemical changes within single cells during recovery 

after recurrent acid bile exposure, necessitating that the cells remain intact for long-term 

monitoring. For this reason, varying ABSS exposures were tested to identify conditions that 

would trigger biochemical recovery changes in the cells without over-compromising overall 

viability. To ensure an adequately sized dataset for analysis, a minimum final viability of 25 

% was required.  

Single Barrett’s oesophagus cells were subjected to a pH 4.0 ABSS for 1, 2, 5 and 10 minutes, 

to give 10, 5, 2 and 1 exposure(s) respectively, totalling a final exposure duration of 10 

minutes. Exposures were separated by a 30-minute recovery period at pH 7.0, with cell media 

ran through the device to remove any ABSS residue. Shown across Figures 4.3, 4.4 and 4.5, 

increasing the duration of exposure to ABSS at pH 4.0 caused a drastic reduction in cellular 

viability.  

The bar graphs shown in the right-hand column of Figure 4.4 provide a clearer visual 

representation of differences in cellular viability across the CP cell lines. CP-C demonstrated 

the highest percentage of dead cells following each exposure to the ABSS. This pattern 

indicates that CP-C cells are particularly vulnerable to environmental stressors, including 

repeated exposures of a low pH solution, and their viability decreases sharply as the number 

of exposures increases.  

The CP-A single cells exhibit a similar trend, with the second-highest mortality rate. 

Interestingly, after six exposures, the viability of CP-A single cells was comparable to that of 

CP-C single cells, suggesting a possible threshold beyond which these cells may lose their 

ability to maintain homeostasis. The steep decline in viability for CP-A cells is indicative of a 

high sensitivity to ABSS conditions, despite initially appearing to be more robust than CP-C. 

Contrasting this, the CP-D cell line displays a gradual, more linear decline in viability over each 

exposure, possibly attributed to CP-D’s classification as a severely dysplastic Barret’s cell line, 

which is a more transformed cell type than CP-A or CP-C. These cells may have altered 

adaptations, metabolic or structural, which make them less immediately susceptible to 

extracellular environmental changes. CP-B cells displayed the greatest viability amongst the 

CP- cell lines, with the lowest level of recorded cell death. By the final exposure, CP-B cells 

had an overall viability of 56 %, significantly higher than the other cell lines. This could suggest 

that CP-B cells have intrinsic properties or mechanisms that provide them with greater 

resistance to the damaging effects of ABSS exposure.  
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Figure 4.4: Overlapped bright field and fluorescence images of single cells trapped on-chip. 

All images were taken on a 10x dry lens. Each column (left to right) is representative of the 

average viability of cell lines CP-A, CP-B, CP-C and CP-D. The top row displays results from 

cells that are untreated, with the remaining rows (top to bottom) displaying cells that have 

been treated with 2, 4, 6, 8, and 10 acidic-bile salt solution exposures. Viability was 

determined via Sytox Red dead stain fluorescence imaging. The right-hand panel displays the 

percentage viability for each cell line, calculated over 10+ independent experiments, for >100 

single cells. The red bars are indicative of increasing cellular death, whilst the blue bars are 

indicative of respective cell viability %. 
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The comparison between cell lines reveals that the CP-C cell line shows the highest % of dead 

cells after each exposure. CP-A single cells had the second highest rate of mortality, with the 

cellular viability equal to CP-C single cells after exposure 6. The severely dysplastic Barrett’s 

cell line CP-D shows a linear decrease in viability, possibly attributed to being the most 

transformed cell type, and therefore less sensitive to extra-cellular environmental changes. 

CP-B single cells had the least cell death compared to all cell lines, with a final overall viability 

of 56 %. When comparing the viability shown in Figure 4.6 against the line graphs in Figure 

4.4, it is immediately visible that both CP-A and CP-C Barrett’s single cells show a drastic 

reduction in cellular viability after ABSS exposure. When compared against CP-B and CP-D 

Barrett’s, the death rate was 1.5 x higher after the 4th exposure.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.5: On-chip viability data for CP-A (cyan), CP-B (pink), CP-C (mustard) and CP-D 

(purple) Barrett’s single cells. Cells were subject to 2 (b), 5 (c) and 10 (d) minute durations of 

pH 4.0 acidic-bile salt solution exposure, to give an overall exposure time of 10 minutes. 

Untreated cells were monitored on-chip for a total duration of 5 hours (a). The pH was raised 

to 7.0 post-exposure with the addition of serum-free media. The duration between each 

exposure was 30 minutes. Viability was determined via  Sytox Red dead stain fluorescence 

imaging. Each value is the average of >100 single cells, taken over 10+ independent 

experiments. 
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All cell lines, CP-A (cyan), CP-B (pink), CP-C (mustard) and CP-D (purple), show a steady 

decrease in viability over multiple 1 minute (Figure 4.6) and 2 minute (Figure 4.5) exposures 

with a visible decline seen after 4 and 2 exposures, respectively. All cells exposed to ABSS for 

5 minutes (Figure 4.5c) and 10 minutes (Figure 4.5d) had < 10 % viability after a single 

exposure. Final viability for all cell lines after 5 x 2 minute exposures was > 25 %, with final 

viability for 10 x 1 minute (Figure 4.6) exposures exceeding 30 % for all cell lines. For this 

reason, 1-minute exposures were chosen as the optimal experimental conditions. 

 

 

Figure 4.6: CP-A (cyan), CP-B (pink), CP-C (mustard) and CP-D (purple) Barrett’s single cells 

were subject to 10 x 1-minute exposures of pH 4.0 acidic-bile salt solution, giving a total 

exposure duration of 10 minutes. The pH was raised to 7.0 post-exposure with the addition 

of serum-free media. The time between each exposure was 30 minutes. Viability was 

determined via Sytox Red dead stain fluorescence imaging. Each value shown is the average 

of >100 single cells, taken over 10+ independent experiments 
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4.2    Acid-bile salt exposure of Barrett’s oesophagus cells 

Single- cell Raman spectra were acquired from individual CP-A, -B, -C, and -D, Barrett’s cells 

which were trapped on-chip. Data was collected following a 1-minute ABSS exposure, during 

the 30 minute recovery phase after the pH was restored back to 7. The aim of this research 

was to investigate what biochemical changes occur as part of BO cells’ immediate response 

to fluctuations in pH, namely acidic pH. The average spectra for 50 single cells, per cell line, 

and per exposure, is presented in Figure 4.7. All spectral data were pre-processed as detailed 

in 2.5.1, including EMSC background removal and normalisation to the Amide I peak (1656 

cm-1).  

 

 

 

 

 

 

 

 

 

 

Figure 4.7: Raman spectra for Barrett’s oesophageal cell lines CP-A (A), CP-B (B), CP-C (C), and 

CP-D (D). Single cells were subjected to 10 individual 1-minute exposures to acidic-bile salt 

solution at pH 4.0, resulting in a total exposure duration of 10 minutes. Following each 

exposure, the pH was neutralised to 7.0 with serum-free media, with a 30-minute recovery 

period between exposures. Spectra were collected during the neutral pH recovery phase. The 

average of 50 spectra per condition is displayed, offset by 0.1 units for clarity, with colours 

representing ascending exposures: exposure 1 (black), exposure 2 (red), exposure 3 (blue), 

exposure 4 (green), exposure 5 (purple), exposure 6 (mustard), exposure 7 (cyan), exposure 8 

(brown), exposure 9 (olive), and exposure 10 (orange). 
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When looking at the Raman bands displayed for CP-A single cells, there are prominent 

biochemical changes occurring over recurring ABSS exposures. The band at 880 cm-1, 

assigned to tryptophan vibrations, reflects symmetric stretching associated with protein 

stability and cellular stress response. As the number of exposures increase, the phenylalanine 

symmetric ring breathing band at 1004 cm-1, suggests that there is retained protein 

conformation, despite the environmental stress. Lipid-associated peaks at 2850 cm-1 (CH₂ 

symmetric stretch of lipids) and 2881 cm-1 (CH₂ asymmetric stretch), show a gradual decrease 

in intensity, possibly indicative of lipid peroxidation or lipid membrane destabilisation (246, 

377).  This would suggest that CP-A cells experience membrane integrity issues over a 

prolonged exposure of ABSS.  

In contrast, CP-B single cells have fewer intensity changes than CP-A. The glycogen band at 

1122 cm-1 remains constant, similarly the 1312 cm-1 CH₃/CH₂ twisting mode in lipids 

demonstrates greater lipid configuration stability. The amide I band (1656 cm-1) has minimal 

variation, demonstrating protein structural integrity. The 1171 cm-1 tyrosine and collagen 

band present in CP-C single cells has altered intensity, potentially reflective of stress-induced 

protein degradation/modifications (244, 363, 364). Lipid peaks at 1336 cm-1 (C–H 

deformation) and 1450 cm-1 (CH2 bending) have lower intensities, possibly due to lipid bilayer 

disruption or loss of integrity. The 1570 cm-1 (COO- stretch) band has a slight shift, indicating 

changes in the carboxylate group environments linked to cellular metabolic stress.  

The CP-D single cells appear to show the most stable biochemical response out of all four 

Barrett’s cell lines. The 1089 cm-1 DNA-associated band (PO2
- vibrations) is largely unchanged, 

which indicates good genomic stability despite ABSS exposure. Additionally, the 1206 cm-1 

hydroxyproline and tyrosine band remains at the same intensity, suggestive of preserved 

protein and collagen structures. There are minor reductions in the lipid-associated band at 

2935 cm-1 (CH3 symmetric stretch) band, however the overall lipid profile for CP-D remains 

less affected when compared against cell lines CP-A and CP-C. The presence of the amide I 

band (1656 cm-1), indicates that there is maintained protein structural integrity which could 

explain the linear decrease in viability, shown in Figure 4.6, as opposed to the sharp decline 

observed in the other cell lines.  

This spectral data is further detailed in a heatmap, as shown in Figure 4.8. This figure provides 

a visual representation of trends in intensity changes over time, making it easier to observe 

progressive shifts in specific spectral regions.  
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Whilst heatmap analysis can provide a broad overview of intensity changes across spectral 

regions, the Raman spectra shown in Figure 4.9 offers a more detailed explanation into 

biochemical alterations occurring in the single cells after repeated ABSS exposure, compared 

to their untreated counterpart.  

Figure 4.8: Heatmaps showing changes in spectral intensity for CP-A (top row), CP-B (second 

row), CP-C (third row), and CP-D (bottom row) cell lines. Spectral regions are displayed as 

follows: 1000–1400 cm⁻¹ (left column), 1400–1800 cm⁻¹ (middle column), and 2800–3000 

cm⁻¹ (right column). Each intensity value represents the average of 50 individual spectra per 

cell line under each condition. Cells were exposed to 60-second treatments with pH 4.0 acidic-

bile salt solution, with the total number of exposures indicated on the left side of each 

heatmap. Data was collected during a 30-minute recovery period, following neutralisation to 

pH 7.0 with serum-free media. 
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The upper black trace in each panel is representative of the average spectrum of untreated 

cells for respective cell line, serving as a baseline for comparison against the treated spectra 

after 2 (blue), 4 (green), 6 (light purple), 8 (teal) and 10 (dark purple) exposures of ABSS.  Each 

spectrum shown is the average of 50 spectra, per cell line, per condition. All bands were pre-

processed using EMSC and normalised to the Amide I peak at 1656 cm-1. The lower trace 

(untreated cell spectra) has been offset, with a dotted line plotted across Y = -1 to visualise 

negative and positive peaks in the upper traces. 

Figure 4.9: Raman spectra for CP-A (a), CP-B (b), CP-C (c) and CP-D (d). The upper trace (black) 

displays the average spectrum for untreated single cells. The lower trace displays the average 

spectra for single cells after 2 (blue), 4 (green), 6 (light purple), 8 (teal) and 10 (dark purple) 

exposures of ABSS, plotted as a function of peak differences against the untreated spectra. 

Each spectrum shown is the average of 50 measurements taken at pH 7.0. All spectra were 

normalised to the Amide I band (1656 cm-1) prior to subtraction from untreated single-cell 

data to show the peak difference over multiple exposures. A dotted line on the upper trace 

marks Y(0). The high wavenumber region (CH2CH3) was multiplied by a factor of 0.25 to fit on 

the same scale. 
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When analysing CP-A, the spectra show noticeable differences in the lipid-related CH2/CH3 

stretching region (2800 – 3200 cm-1) (238, 349, 360-362). After multiple exposures, the bands 

present in this region become less intense relative to the untreated cells, indicating a loss or 

reorganisation of membrane lipids (346). The band around 1089 cm-1, associated with DNA 

phosphate vibrations (246), has a gradual decrease similar to the lipids, also suggesting a 

reduction in nucleic acid integrity or changes in chromatin structure.  

The differences in CP-B are less intense than CP-A, however there is a consistent reduction 

in the amide I band (1656 cm-1) which may be associated with protein denaturation / 

structural changes (267, 344, 345). The DNA-associated band at 1089 cm-1 remains stable 

across all exposures, indicating that CP-B single cells were able to maintain genomic stability 

under stress (343). These changes align with the previous higher viability data, indicating a 

more robust response to ABSS compared to other cell lines.  

CP-C cells display significant changes associated with the amide I and lipid-stretching region. 

CH2 and CH3 vibrational bands increase in intensity over multiple exposures, suggesting lipid 

damage is a large factor in the stress response of CP-C. The DNA-phosphate band at 1089  

cm-1 shows a decrease, pointing to less genomic stability than that of CP-B. The CP-D dataset 

displays a decrease in intensity for lipid-associated peaks at 2800 – 3200 cm-1, despite the 

amide I and DNA-related bands remaining stable over multiple exposures.  

 

 

 

 

 

 

 

 

Table 7: Raman peak assignments for biochemical components observed in Barrett’s 

oesophagus cell lines undergoing ABSS exposure. Peaks are listed with their corresponding 

assignments and vibrational modes. 
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 4.3   Real time changes in Barrett’s oesophagus  

 morphology 

Bright field and fluorescent images were taken after each ABSS exposure for monitoring 

morphological changes within Barrett’s oesophagus cells due to pH fluctuations. Cellular 

viability was determined after each exposure via Sytox Red dead stain to ensure that all 

observed cells were viable (non-apoptotic) and therefore capable of recovery and repair after 

exposure to low pH. For conciseness, 10 single cells are shown both prior to exposure, and 

after 2, 4, 6, 8 and 10 exposures for CP-A in Figure 4.10. Images for CP-B, CP-C and CP-D single 

cells are highlighted in Figures 4.11, 4.12, and 4.13, respectively. The membrane of each cell 

is outlined to highlight changes occurring over time.  

 

 

At 0 exposures, CP-A single cells (FFigure 4.10) display a round and smooth morphology, 

typical of healthy and viable cells. After 2 and 4 exposures, there are subtle changes in 

morphology. Whilst the cells remain rounded, there are slight irregularities within the 

membrane that become visible. These changes may represent the onset of the stress 

Figure 4.10: Bright-field images illustrating the morphological changes in CP-A cells 

subjected to pH 4 acidic-bile salt solution. Cells were exposed for 60 seconds to low pH 

conditions, followed by restoration to pH 7.0 for 30-minute recovery intervals. Images were 

captured after 0, 2, 4, 6, 8, and 10 exposures. The outlines of cell membranes are 

highlighted to emphasise changes in shape, size, and integrity. Significant structural 

degradation is observed with increasing exposures, correlating with reduced viability as 

determined by Sytox Red dead stain fluorescence imaging.  
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response, potentially cytoskeletal or membrane reorganisation as the cells adapt to the low 

pH environment. Despite these changes, the cells seem to remain structurally stable.  As they 

experience 6 exposures, there are more pronounced changes occurring – membrane 

irregularities are prominent with signs of blebbing and elongation appearing. These 

alterations in the cellular structure suggest that prolonged exposure to ABSS will lead to 

compromising on cellular integrity. The changes at this stage could be linked to increased 

strain on the membrane and cytoskeleton as the cells struggle to maintain homeostasis 

under acidic conditions. Reaching 8 and 10 exposures, the CP-A cells exhibit significant 

morphological degradation. The membranes begin fragmenting and distorting, with a large 

loss of viability. Shrinkage and membrane disruption is evident, with the extent of damage 

suggesting that the cells are no longer able to recover during the neutral pH recovery 

intervals.  

 

 

CP-B cells exhibit subtle but progressive morphological changes across increasing exposures. 

They are able to maintain their round uniform structure across exposures 2 and 4, however, 

Figure 4.11: Bright-field images illustrating the morphological changes in CP-B cells subjected 

to pH 4 acidic-bile salt solution. Cells were exposed for 60 seconds to low pH conditions, 

followed by restoration to pH 7.0 for 30-minute recovery intervals. Images were captured 

after 0, 2, 4, 6, 8, and 10 exposures. The outlines of cell membranes are highlighted to 

emphasise changes in shape, size, and integrity. Significant structural degradation is observed 

with increasing exposures, correlating with reduced viability as determined by Sytox Red dead 

stain fluorescence imaging. 
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by the 6th exposure, the presence of membrane irregularities becomes apparent. These 

increase with further exposures, with noticeable blebbing observed after exposures 8 and 

10. The ability of CP-B cells to retain consistent morphology up to the 6th exposure may 

indicate a moderate resistance to pH-induced stress compared to the other CP- Barrett’s-

derived lines. Their eventual breakdown at higher exposures however, suggests a limited 

capacity to withstand cumulative stress, albeit slower than CP-A. 

 

 

CP-C cells differ from CP-B and CP-A in that from the initial baseline images pre-exposure 

they display morphological irregularities, possibly suggestive of a predisposition to 

environmental stress. By the 4th exposure, there are significant membrane protrusions and 

irregular edges. As the exposures increase, so does the morphological degradation, 

characterised by cell flattening and fragmentation by the 8th and 10th exposures. The rapid 

changes in morphology imply a heightened sensitivity to fluctuations in pH, making CP-C 

single cells especially vulnerable to the ABSS, and correlating with CP-C’s high mortality rates 

as previously analysed (Figure 4.6).  

Figure 4.12: Bright-field images illustrating the morphological changes in CP-C cells subjected 

to pH 4 acidic-bile salt solution. Cells were exposed for 60 seconds to low pH conditions, 

followed by restoration to pH 7.0 for 30-minute recovery intervals. Images were captured 

after 0, 2, 4, 6, 8, and 10 exposures. The outlines of cell membranes are highlighted to 

emphasise changes in shape, size, and integrity. Significant structural degradation is observed 

with increasing exposures, correlating with reduced viability as determined by Sytox Red dead 

stain fluorescence imaging. 
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CP-D appears to display the greatest resistance amongst all the cell lines. Earlier exposures 

(2nd and 4th) show minimal morphological deviations, with the single cells retaining their 

rounded structure. By the 6th exposure, there are slight membrane irregularities, however 

these are less pronounced than CP-A and CP-B at equivalent stages. Even after 8 and 10 

exposures, CP-D cells retain intact membranes despite some evidence of blebbing and 

fragmentation.  

When comparing CP-B, CP-C, and CP-D, it is clear that CP-C experiences the most severe and 

rapid morphological changes in response to ABSS exposure. This aligns with its high death 

rates and suggests significant susceptibility to acidic environments. CP-B cells exhibit an 

intermediate response, maintaining structural integrity for longer durations but ultimately 

succumbing to stress at higher exposures. CP-D cells show the least morphological 

degradation, maintaining cellular structure even after repeated exposures, which supports 

the hypothesis that their transformed phenotype provides them with a degree of resilience.  

 

Figure 4. 13: Bright-field images illustrating the morphological changes in CP-D cells subjected 

to pH 4 acidic-bile salt solution. Cells were exposed for 60 seconds to low pH conditions, 

followed by restoration to pH 7.0 for 30-minute recovery intervals. Images were captured 

after 0, 2, 4, 6, 8, and 10 exposures. The outlines of cell membranes are highlighted to 

emphasise changes in shape, size, and integrity. Significant structural degradation is observed 

with increasing exposures, correlating with reduced viability as determined by Sytox Red dead 

stain fluorescence imaging. 
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 4.5 Final Conclusions  

Previously shown, disease development of oesophageal adenocarcinoma from healthy and 

Barrett’s oesophagus can be determined via spectro-chemical changes within single cells, 

with an accuracy of 97 %.  

Whilst there is alternate literature looking at the effects of ABSS on patient tissues and 2D 

cell monolayers (362, 378-383), little is known about the effect of a low pH 

microenvironment on individual Barrett’s oesophagus cells in real time, including how the 

absence of the extracellular matrix and cell-cell signalling may influence their intracellular 

defence and repair mechanisms. Huo et al. (2010) demonstrated that acid and bile salts 

induce CDX2 expression via NF-κB activation specifically in esophageal squamous cells from 

BE patients, suggesting a predisposition at the epithelial level. Li et al. (2017) found that 

acid exposure in esophageal adenocarcinoma and dysplastic cells upregulated Silencer-of-

Death Domain (SODD) protein and reduced apoptosis via NOX5-S and NF-κB pathways, 

indicating that acid may promote survival of genetically unstable cells in later disease 

stages. Zaika et al. (2011, 2013) focused on the DNA damage response, showing that p73 is 

crucial for repairing bile-induced DNA damage, while its dominant-negative isoform ΔNp73, 

induced by bile and cytokines, may inhibit repair and promote carcinogenesis. Das et al. 

(2011) developed a long-term BE monolayer model chronically exposed to acid and bile 

over 65 weeks, which showed progressive transformation to a tumorigenic phenotype, 

mimicking in vivo disease evolution.   

To address the lack of 3D architecture in monolayer models and diversity in cellular tissues, 

Zhang et al. (2022) established human BE organoids from patient biopsies, which 

recapitulate key histological and molecular features of BE. Upon exposure to acidic bile 

salts, early-stage organoids exhibited epithelial-mesenchymal plasticity (EMP), 

characterized by loss of membranous E-cadherin and increased cell migration, especially 

when embedded in a collagen I matrix to simulate a wound-healing environment.  

Data collection occurred immediately after pH neutralisation post-ABSS exposure, with the 

intention of determining the impact of a changing pH microenvironment on known stages 

of Barrett’s oesophagus single cells. This may reduce the comparability against previous 

studies using 2D monolayers or 3D organoids, formalin-fixed tissues or patient samples due 

to the influence of the duration between in vivo/vitro exposure, sample retrieval and 
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preparation, prior to laboratory analysis. Rapid acquisition of this data was aided by the use 

of a microfluidic platform.  

 

 4.5.1 Cellular Response to ABSS 

The data presented detailing exposure of Barrett’s oesophageal cell lines to acidic bile salt 

solution revealed distinct differences in cellular responses towards extracellular pH 

fluctuations. The progression of ABSS treatments caused an increase in the spectral intensity 

for biological peaks associated with nucleic acids, proteins and lipids, indicating intrinsic 

biochemical changes in response to the low pH environment. As an example, the CH2 

symmetric stretch at 2850 cm-1 and the amide I band at 1656 cm-1 showed prominent 

increases, suggestive of increased lipid membrane reorganisation and protein structural 

modifications. These changes may point to cellular adaptation mechanisms, or possibly 

stressed-induced alterations within the cell.    

CP-C demonstrated the most significant spectral changes, indicating that they have a higher 

degree of biochemical sensitivity to acidic conditions compared to the other cell lines. 

Increases were seen in peaks associated with lipid deformation and DNA-stretching, 

highlighting the role of oxidative stress or structural damage. On the other hand, CP-B cells 

showed the most minimal changes in their spectral profile, correlating with their higher 

viability under ABSS exposure. CP-A and CP-D both displayed intermediate responses, with 

increases in aromatic acids and protein-associated peaks, suggestive of protein oxidation. 

The heatmap provided a visual representation which further emphasised the intensity trends 

over recurrent exposures. Whilst individual spectra highlight specific biochemical changes, 

the heatmaps allowed for identification of broader patterns such as cumulative increases in 

lipid-associated peaks over time, which in turn could be indicative of membrane restructuring 

or damage.  

Exposure to a low pH solution (ABSS) would cause an influx of H+ ions into the cells.  This 

could potentially be redistributed within the cell through mechanisms aimed at maintaining 

intracellular homeostasis. Previous research suggests that organelles like the Golgi apparatus  

(384) or lysosomes (385) may play a role in managing intracellular pH changes. Lysosomes, 

in particular, are known to regulate pH and protein degradation, and while no specific 



 
 

106 
 

staining was performed to confirm their involvement in this study due to time restrictions, 

their role in acidic stress responses has been well-documented. However, lysosomal capacity 

to buffer excess H+ ions is limited by their finite volume. When this capacity is exceeded, 

mechanisms such as exocytosis may occur, potentially leading to morphological changes such 

as bleb formation. These blebs, or ruptures in the actin cortex (386-388), may be observed 

as large protrusions after repeated ABSS exposures. The formation of blebs involves 

membrane compromise, cytosolic expansion, and lipid membrane tearing, which could result 

in a reduction of cellular lipid content (389). The presence of bile salts may have impacted 

this signalling between the lipid membrane and actin cytoskeleton, leading to a loss of 

cellular composure. This is supported by previous research indicative of bile salts influencing 

cell surface signalling via partitioning directly into the membrane and altering its 

microenvironment (390) 

Changes in intracellular ion concentrations may also play a role in this mechanism. An 

increase in H+ ions could lead to a reduction in intracellular K+ ions via H+/K+ pump activity, 

potentially triggering cascades that activate caspases and nucleases (391). These processes 

are linked to DNA fragmentation and apoptosis, as reported in previous studies (392). The 

Raman spectra highlight DNA-associated peaks, may reflect such DNA damage, potentially 

indicating fragmentation (393-396). 

 

4.5.2  Morphological Responses to Extracellular Stress 

Bright-field imaging revealed increasing structural alterations between the cell lines, 

especially between CP-A and CP-C cell lines, following repeated ABSS treatments. These 

changes were characterised by increased irregularities in cell boundaries and decreased 

cellular integrity, especially after exposures 8 and 10. CP-A single cells displayed significant 

membrane protrusions and cytoplasmic shrinkage, indicative of cellular stress or the early 

stages of apoptosis. CP-C exhibited similar trends, with more severe blebbing and 

fragmentation, which correlates with their lower viability.  

Contrasting this, CP-B single cells maintained stable morphology over the experiment, with 

intact membranes with minimal signs of blebbing or cytoplasmic loss, consistent with their 

higher viability post-exposure. CP-D cells present some morphological changes, potentially 

reflecting their transformed nature and grater resilience as a severely dysplastic BO cell line. 
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These observations suggest that CP-B and CP-D cells have robust mechanisms for maintaining 

cellular morphology under acidic stress.  

Morphological alterations observed in the bright-field images in Figures 4.10 - 4.14 may be 

related to osmotic responses of the cells to their extracellular environment. Cellular swelling 

or shrinking is a known response to hyper- or hypotonic conditions, driven by osmotic 

pressure and concentration gradients causing water flux across the membrane (397). This 

could explain the observed changes in cell size and shape. The plasma membrane has a 

limited ability to expand, with volumes exceeding a 10% increase leading to membrane 

rupture (398, 399). Lysosomes may again play a role in regulating these changes, helping cells 

manage osmotic imbalances and maintain volume homeostasis to prevent cell death (400). 

Building on the work conducted in the previous chapter, this ABSS-exposure study expanded 

the application of Raman spectroscopy by exploring how BO cells respond to a low pH bile 

salt solution in real time. This introduced a crucial factor – extracellular pH fluctuations – that 

mimic the physiological conditions of a GORD / BO patient, and play a significant role in 

disease development. The study's observations, including membrane blebbing and cell 

shrinkage, tie closely to the spectral data, providing a clearer picture of how biochemical and 

physical stress responses are connected. 
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 5 Mechano-Phenotyping for Disease  

 Progression 

The previous results chapters detail the use of biochemical characterisation technique 

Raman spectroscopy for determining the disease stages towards the development of 

oesophageal adenocarcinoma. Whilst this approach provides valuable insights, it does not 

infer the mechanical properties of cells, which are markers for determining cellular health 

and disease development. Mechanical properties within cancer cells, such as stiffness and 

deformability, vary significantly within different disease stages, offering an additional 

diagnostic potential. Cell deformability, driven by interactions among subcellular 

components such as the cytoskeleton, nucleus, and cytoplasm, serves as a valuable 

biophysical marker for detecting disease (401, 402). This parameter has been previously 

validated and applied to diseased cells (12, 295); however, it has not yet been explored in 

the context of Barrett’s oesophagus or oesophageal adenocarcinoma.  

Through employing a multi-modal approach using both deformation data and biochemical 

insights through Raman spectroscopy, this method could enhance our understanding of 

cellular alterations associated with disease. This in turn may offer a potential diagnostic 

solution where untreated, unlabelled diseased cells are able to be staged on-chip, allowing 

for rapid disease stage determination. This chapter examines the mechanical profiling of cells 

to identify diseased populations across multiple datasets representing various stages of 

disease. Through utilising cell deformability as a key parameter, both manual and machine 

learning approaches are employed to characterise changes across mechanical properties 

associated with disease progression.  

 

 5.1 Deformation Optimisation  

Previous literature details microfluidic devices which have been successfully used for 

determining the disease stage of single cells through their deformability, as illustrated in 

Figure 5.1a. The deformability of a cell can be defined through a deformation index (D.I.), 

which is a quantitative measure of how much a cell deviates from its natural spherical shape 

in solution when subjected to mechanical forces. The deformation index formula is detailed 

in Figure 5.1b, where cellular parameters relating to the height / width of the cell at its 
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maximum deformation is correlated with its stiffness and elasticity. A D.I. value closer to 1 is 

indicative of a more spherical, less deformed cell, with values above 1 suggestive of highly 

deformed and stretched cells.  

 

 

The cross-slot microfluidic devices and experimental flow rates employed in these 

experiments were previously optimised by Armistead et al., (12), as outlined in the Methods 

section (2.6 Deformation Cytometry Procedure) and depicted in Figure 5.1a. To validate 

cell tracking accuracy for deformation calculations, 7 µm polystyrene microspheres (Thermo 

Fisher) were flowed through the devices and monitored to ensure they were not flagged as 

deformable, consistent with their non-deformable plastic nature. They were suspended in a 

solution of PBS containing 0.5% methyl cellulose, creating a shear-dominant flow regime with 

Figure 5.1: (a) Diagram illustrating the cross-flow region of the microfluidic device with shear 

(Fs) and inertial (Fc) forces. Changes in cell shape are labelled as 1 (undeformed), 2 

(stagnation point max deformation) and 3 (undeformed) (b) Diagram of a cell, showing the 

nucleus and key cytoskeletal filaments (actin, microtubules, and intermediate filaments) that 

primarily contribute to cell stiffness. Additionally, parameters such as cell area (A), height (H), 

and width (W) are extracted from high-speed videos capturing cell deformation. Reprinted 

and amended with permission from (12).  
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a viscosity of approximately µ ≅ 33 cP, consistent with the conditions determined for single 

cell experiments.  

This optimisation is depicted in Figure 5.2a, where a superimposed bright-field image is 

shown of a single bead passing through the stagnation point of the cross-slot device at a flow 

rate of 20 µl/ min, captured using a frame rate of 20,000 fps. Further details regarding 

experimental setup are detailed in 2.7 Single Cell Deformation. No deformation of the 

beads was observed (D.I. = 1) as expected, confirming their suitability as a control for 

comparison against deformable objects such as single cells, with an example shown in Figure 

5.2b. A superimposed image of a BO CP-A single cell is displayed, with blue arrows illustrating 

fluid flow, and a box outlined in red dashes highlighting the stagnation point within the 

device, where the cells undergo maximum deformation at the point of extensional flow.  

The hydrodynamic stretching of cells undergoing deformation cytometry was first 

determined by Gosset et al., (8). As illustrated in Figure 5.1a, the single cells experience 

deformation from a compressive force (Fc) generated by fluid inertia and a shear force (Fs) 

caused by fluid viscosity.   

 

 

 

 

 

 

 

 

 

 

Figure 5.2: Comparison of the trajectory of a polystyrene bead in a cross-slot microfluidic 

device compared to a CP-A cell. Fluid flow is marked with blue arrows. (a) Bright field 

superimposed image of a 7 µm diameter bead passing through the extensional flow 

junction. The flow rate was 20 µl/min and the beads were suspended in PBS with 0.5% (w/v) 

methyl cellulose (µ≈33 cP). (b) A bright-field image of a CP-A cell passing through a device 

with identical geometry and flow conditions. 
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 5.2  Deformation as a Marker of Cancer Development  

The prospect of using deformability as a function of flow rate was evaluated across single 

cells from healthy, Barrett’s and oesophageal adenocarcinoma cell lines (HET-1A, CP-A, CP-

B, CP-C, CP-D, OE19). A detailed overview of experimental conditions is provided in the  

Methodology chapter, Section 2.6 Deformation Cytometry Procedure. For these 

experiments, all cells were suspended in a solution of PBS with 0.5 % methyl cellulose, filtered 

prior to experimentation (20 µm filters), and subjected to flow rates ranging from 5 – 60 

µL/min.  

Similar to the analysis presented in Chapter 3, this study begins by examining the potential 

differences between healthy and cancer cell lines, as these are expected to exhibit the largest 

pronounced variations. One thousand cells per cell line were tested at each of the following 

flow rates: 5, 10, 20, 40 and 60 µL / min. Their maximum deformation index (D.I.) was plotted 

against their original spherical cell size in the scatter plots presented in Figure 5.3a and Figure 

5.3b. The mean deformation index (D.I.) and corresponding standard deviation for each 

dataset are depicted in the Y-error plot presented in Figure 5.3c. Each flow rate is 

distinguished through colour for clarity: yellow (5 µL / min), orange (10 µL / min), pink (20 µL 

/ min), purple (40 µL / min) and navy (60 µL / min).  

When comparing between datasets, it is evident that the mechanical properties of healthy 

HET-1A and cancerous OE19 single cells differ significantly. Density scatter plots for healthy 

(Figure 5.3a) and cancerous (Figure 5.3b) single cells highlight the distinct variation between 

this data. HET-1A cells present a modest increase in D.I., rising from 1.41 to 1.73 as the flow 

rate increases from 5 to 60 µL/ min, with an average cell size of 15.2 ± 0.046 µm. The low D.I. 

and lack of change across flow rates suggest that these cells are comparatively stiff and non-

diseased (6). In contrast, OE19 single cells have a larger average size of 16.94 ± 0.363 µm and 

they display a large increase in D.I. over increasing flow rates – starting at 1.61 and rising to 

2.85, a 77 % increase. The large range of D.I. values across flow rates, combined with the 

significant variation at intermediate flow rates (20 – 60 µL/ min) indicate that the OE19 cells 

are highly deformable, and therefore at an advanced stage of disease.  
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The differences in mean D.I. each flow rate for HET-1A and OE19 is displayed in Figure 5.3c, 

where minimal overlap is observed between the datasets within the error margins. HET-1A 

cells display a tightly clustered distribution, which is characterised by smaller cell sizes and 

lower D.I. values, which remain consistently low across all flow rates. The substantial overlap 

in the mean D.I. error at different flow rates indicates no significant variation in cell stiffness 

measurements within the HET-1A dataset, regardless of chosen flow rate. This reinforces the 

conclusion drawn from Figure 5.3a, that HET-1A cells represent a stiffer and minimally-

deformable healthy cell population.  

Figure 5.3: Scatter plots and corresponding mean deformation indices (D.I.) of HET-1A and 

OE19 cell lines across varying flow rates. The scatter plots (top panel) show the relationship 

between cell size (µm) and DI for each flow rate: yellow (5 µL/min), orange (10 µL/min), pink 

(20 µL/min), purple (40 µL/min), and navy (60 µL/min). The lower panel depicts the mean DI 

values and their standard deviations for HET-1A and OE19, plotted against cell size. Each point 

is plotted with 50 % transparency to show data concentration.  
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To contrast this, the OE19 dataset illustrates significantly larger error margins for each flow 

rate, which progressively increase as the flow rate rises. Interestingly, there is no overlap 

between the lowest (5 µL/ min) and highest (60 µL/ min) flow rates within the OE19 dataset, 

suggesting a large spread of data and high cell deformability / low cell stiffness, characteristic 

of cancer (403, 404). For experimental comparison against both single-cell datasets, there is 

no overlap between the mean D.I. values or errors at flow rate above 20 µL/ min, suggesting 

that this would be the optimal flow rate for classification of these cells as either healthy or 

cancer. 

Changes in this cellular morphology for HET-1A and OE19 single cells during deformation can 

be determined during analysis, as displayed in Figure 5.4.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.4 illustrates the changes in HET-1A and OE19 single cells as they undergo maximum 

deformation.  Greyscale images are displayed, with purple outlines highlighting the 

membrane of each cell, and green boxes encompassing the entire cell area, acting as 

Figure 5.4: Images of single cell deformation at 5 µl/min for (a) HET-1A and (b) OE19, 

compared to single cell deformation at 60 µl/min for (c) HET-1A and (d) OE19. Images 

were taken during the analysis process. A purple outline defines the parameters of 

the cell, whilst the green box outlines the overall size of the cell during deformation 

at the stagnation point. 
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segmentation boundaries for analysis. At a flow rate of 5 µL/ min, HET-1A (Figure 5.4a) exhibit 

a well-rounded shape, with well-defined circular outlines, suggestive of a structurally 

consistent and less deformable population. The rounded shape of HET-1A single cells become 

slightly elongated during maximum deformation when the flow rate is increased to 60 µL / 

min (Figure 5.4b). Consistent with the data provided in Figure 5.3, the OE19 cells shown signs 

of deformability even at lower flow rates (5 µL / min), illustrated in Figure 5.4c. An increase 

in flow rate (60 µL / min) led to an increase in deformability where the cell shapes become 

more elastic and compressed when exposed to larger stress.  

 

 5.3 Biomechanics of Barrett’s oesophagus  

Whilst significant differences between healthy and cancerous cell lines are expected due to 

their distinct nature, distinguishing subtle variations between closely related cell lines, such 

as Barrett’s CP- cell lines, proves to be more challenging. Having already detailed their 

biochemical similarities in Chapter 3 and Chapter 4, deformation cytometry experiments 

were carried out with the aim of determining whether the mechanical properties of Barrett’s 

single cells would be enough to determine disease progression.  

In a similar trend to the OE19 dataset (Figure 5.3c), CP-A cells exhibit an increase in D.I. mean 

and error as the flow rate also rises. This is also depicted across all four CP- cell lines. This can 

be determined from Figure 5.5a, where the error rises from 0.07, to 0.33 between 5 and 60 

µL/ min. The mean D.I. steadily rises with increasing flow rate, until 60 µL/ min, where there 

appears to be a plateau. This indicates that flow rates above 40 µL/ min are non-desirable for 

distinguishing CP-A single cells. Interestingly, the smaller-sized cells from this population 

(14.82 ± 0.647 µm) were calculated to have the largest variance of data at 60 µL/ min. This is 

illustrated in their respective density scatter plot (Figure 5.5b), where a larger proportion of 

smaller-sized cells are plotted across a D.I. variance of 2.29 ± 0.033. The cells exhibit 

increased malleability at higher flow rates (40 - 60 µL/ min); however it is also possible that 

the intensity of the flow is forcibly compressing the cells, suggesting that they may be 

increasingly sensitive to external mechanical stressors.  

The presented data for the CP-B cell line (Figure 5.5c) highlights the small variation in cell 

diameter parameters (± 0.4 µm) across all flow rates, indicative of cellular rigidity and stable 

structural composition under pressure. There is relatively small D.I. error at the lowest flow 
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rate of 5 µL/ min (2.04 ± 0.07), also presented in Figure 5.5d, where the data values are tightly 

grouped together and clustered with few outliers. CP-B displays a similar trend of mean D.I. 

error overlap, with  flow rates 40 and 60 µL / min largely overlapping, suggesting that a 

maximum deformation rate of 40 µL / min would be enough for maximum deformation.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.5: Mean deformation index (D.I.) and density scatter plots for Barrett’s oesophagus 

single cells across flow rates (5 – 60 µL / min). : Scatter plots and corresponding mean 

deformation indices (D.I.) of CP- cell lines across varying flow rates. The left-hand panel 

depicts the mean D.I. values and their standard deviations for CP-A (a), CP-B (c), CP-C (e) and 

CP-D (g), plotted against cell size. The scatter plots (right-hand panel) show the relationship 

between cell size (µm) and DI for each flow rate. Each chart is colour coded to distinguish 

between flow rates: yellow (5 µL/min), orange (10 µL/min), pink (20 µL/min), purple (40 

µL/min), and navy (60 µL/min). 
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At a lower flow rate of 5 µL/ min, the mean D.I. for CP-C single cells is calculated as 1.44 (± 

0.07), with the largest average cell diameter (14.98 ± 0.06 µm). An increase in the flow rate 

impacts cellular diameter due to due to greater compression of the cell, with diameter at the 

highest flow rate of 60 µL/ min averaged as 14.82 µm. When relating this analysis to the 

corresponding scatter plot (Figure 5.5f), each population of cells is grouped together, with 

large variation seen only once the flow rate reaches a minimum of 40 µL/ min.  

When examining the data from CP-D single cells, it is evident that the flow rates 40 and 60 

µL/ min yield the exact same D.I. value and distribution across the dataset (2.19 ± 0.25). the 

scatter of data from this dataset is also heavily overlapped, seen in Figure 5.5h, where lower 

flow rates (5 and 10 µL/ min) have clustered populations with minimal D.I. error (± 0.07 – 

0.12, respectively), and faster flow rates (20 - 60 µL/ min) leading to a larger spread of 

scattering. The results from Figure 5.5g and 5.5h further enforces that the use of a 40 µL/ 

min flow rate is sufficient for producing maximum deformation, as the D.I. values begin to 

plateau above this, as shown in Figure 5.6.  

 

 

 

 

 

 

 

 

 

 

 

Figure 5.6: Average deformation index (D.I.) values for HET-1A (red), CP-A (cyan), CP-B 
(pink), CP-C (yellow), CP-D (purple), and OE19 (green) across flow rates of 5, 10, 20, 40, and 
60 µL/min. Each data point represents the mean of 1000 individual D.I. measurements, with 
an exponential fit applied to each dataset to illustrate trends. 
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Figure 5.6 illustrates the relationship between flow rate and deformation index (D.I.) for cell 

populations involved in the development of oesophageal adenocarcinoma. The general trend 

observed across all populations is the linear relationship between the increase in average D.I. 

value and increase in flow rate. This would indicate that a higher flow rate would induce a 

higher level of deformation. Despite this, the rates of increase and the maximum D.I. values 

between each cell line differ largely, highlighting distinct mechanical properties.  

The HET1A population (red) displays the slowest increase in D.I over each flow rate, 

supporting the theory that the dataset contains stiffer cells which resist deformation under 

mechanical stress. In contrast to this, as earlier elaborated, the OE19 cell line (green) shows 

the steepest increase and the highest overall D.I. values, reflective of a highly deformable cell 

population. CP-A (cyan) and CP-C (yellow) demonstrate increased deformability and similar 

trends when compared against the CP-B (pink) and CP-D (purple) cell populations, which 

show gradual increases in D.I. and lower maximum values than OE19.  

Whilst mechanical differences alone were unable to distinguish between the Barrett’s cell 

lines, clear trends emerge relating to similarities across datasets. CP-A and CP-C show similar 

trends regarding a steady increase in D.I. with increasing flow rate. Conversely, CP-D and CP-

B show a more gradual increase and exhibit a plateau after a flow rate of 40 µL/ min.  Each 

curve plateaus around the highest flow rate of 60 µL/ min, indicating that the cells may reach 

a deformation limit beyond a certain threshold. This is suggestive of a mechanical tolerance 

level or structural limit for these cells types under increasing flow-induced stress.  

 

 

 5.4 Linear Discriminant Analysis 

LDA was performed with model performance assessed using metrics such as accuracy, recall, 

and precision, all defined in the methodology chapter (2.7.2  CNN Analysis), along with a 

confusion matrix. These values were subsequently calculated as 60.34 %, 55.51 % and 65.56 

%, respectively. To handle any imbalances in class representation, random sampling was 

applied to ensure all cell lines were equally represented. The confusion matrix for this work 

is shown in Figure 5.7.  
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The overall accuracy, recall and precision appear high even as the models perform poorly on 

specific classes due to the calculation methods used for these metrics. Accuracy is used to 

reflect the proportion of correctly classified samples (true positives + true negatives) out of 

all the samples, regardless of class. If the model performs well for dominant classes with 

larger proportions of data (such as CP-B and CP-C), this can increase the overall accuracy, 

even if it fails for a smaller or more challenging class (CP-A). Overall recall and overall 

precision were computed as macro-averages, where the recall or precision for each class was 

calculated separately, and those values then averaged equally across all classes, regardless 

of the number of the samples within that class. In this case, the classes with high true positive 

counts (detailed in Table) such as CP-B and CP-C, heavily influence these metrics, 

compensating for poor performance in smaller classes such as CP-A.   

True Positives (TP), False Positives (FP), False Negatives (FN), and True Negatives (TN) are 

calculated from the confusion matrix to evaluate classification performance. TP represents 

the number of instances correctly classified as belonging to a specific class (diagonal entries 

of the confusion matrix). FP is the sum of all instances incorrectly classified as the target class, 

calculated as the column total for that class minus the TP. FN is the number of instances from 

the target class that were misclassified into other classes, calculated as the row total for that 

class minus the TP. TN includes all correctly classified instances that do not belong to the 

Figure 5.7: Confusion matrix illustrating the performance of the model in predicting the 

labels of six cell lines (HET-1A, CP-A, CP-B, CP-C, CP-D, and OE-19). Each cell represents the 

number of instances classified into the corresponding predicted class, with true labels on the 

y-axis and predicted labels on the x-axis. Misclassifications are shown as off-diagonal 

elements, highlighting areas of poor model performance. 
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target class, calculated as the sum of all remaining entries in the matrix excluding the target 

class's row and column. 

 

 

 

For HET-1A single cells, 390 samples were correctly classified, however a larger number (448) 

were misclassified as CP-C cells. this significant miscalculation suggests that there is a overlap 

in defining features, such as cell circularity or D.I., between both cell lines, making it difficult 

for the LDA model to draw any clear conclusion. There were other minor misclassifications 

into other classes, however the confusion with CP-C was most prominent. In comparison, 

OE19 appears to perform better, with 1977 samples correctly identified. There were still a 

notable number of samples still misclassified, as CP-C (484) or CP-D (679), indicating that 

OE19 shares overlapping characteristics with both cell lines. OE19 achieved a higher 

classification accuracy than HET-1A, however the high rates of misclassification point towards 

significant overlap in feature distributions, highlighting the challenges of separating similar 

cell lines using a linear method such as LDA. Both cell lines has considerable 

misclassifications, with the most confusing occurring across the CP- cell lines.  

Table 8: Table showing class-specific performance metrics for the model, including True 

Positives (TP), False Positives (FP), False Negatives (FN), and True Negatives (TN) for the 

HET-1A, CP-B, and CP-D cell lines. 
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CP-A was challenging to classify, with no samples correctly predicted, and the majority (4261) 

misclassified as CP-C. It can be proposed that there are significantly similar features across 

both cell lines, such as D.I. or cell perimeter, and that the lack of CP-A data within the training 

dataset directly affected classification accuracy. Additionally, smaller numbers of CP-A were 

also misclassified across CP-B and CP-D, illustrating the difficulty of isolating CP-A. CP-B had 

a better classification rate, with 5348 samples correctly identified. However, there were still 

1261 misclassifications as CP-C and 298 as CP-D. Whilst CP-B showed less classification 

overlap with CP-A, the overlap with CP-C still significantly impacted its performance. This 

suggests that CP-B single cells had more distinct features, however the overlap with CP-C is 

too much of a challenge for this model. CP-C had relatively strong classification performance, 

with 6953 samples correctly classified. There were lower misclassification results when 

compared against CP-A and CP-B, however 1682 samples were still incorrectly classified as 

CP-B. The high number of classifications indicates that CP-C is more separable from the other 

cell lines overall. CP-D performed the worst out of all the CP- cell lines , with the exception of 

CP-A, with 3256 samples correctly classified. There were however, slight misclassifications 

into CP-C (1005) and OE19 (146). This suggests that CP-D shares morphological and 

mechanical characteristics with the other CP- cell lines, whilst still remaining distinct. 

The model achieved an overall accuracy of 60.34 % ± 0.2, which indicates that whilst LDA 

could classify some of the cell lines reasonably well, there were still significant 

miscalculations. The recall, at 55.51 % ± 0.8, is reflective of the model’s struggle to capture 

all true samples for certain classes, in particular HET-1A and CP-A. When looking at the 

precision, at 65.56 % ± 0.3, the presence of many false positives are highlighted, particular in 

CP-C and CP-D. These combined metrics show that LDA is capable of delivering a semi-

accurate performance, however, the overlapping feature distributions across similar classes 

limited its overall effectiveness. When analysing the confusion matrix, there is substantial 

misclassification between HET-1A and OE19, as well as between each CP- cell line, suggesting 

that the chosen features may not be enough to fully differentiate between classes. 

Additionally the linear assumptions of LDA are unable to capture the more complex non-

linear relationships which appear to be present within the datasets. Amongst the CP- cell 

lines, CP-C and CP-B performed best, indicating that their features are most distinct, whilst 

HET-1A and CP-A had a poorer performance, likely due to the significant overlap found with 

CP-C cells.  
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 5.5 Convolutional Neural Network Analysis 

Convolutional Neural Networks (CNNs) are a specialised type of deep learning model tailored 

for analysing image data, making them particularly powerful for tasks that involve detailed 

pattern recognition. Images contain thousands of data points (pixels), with each pixel 

representing a small unit of information, especially when considering their dimensions (size) 

and colour channels (e.g., RGB for red, green, and blue). Traditional deep neural networks 

are computationally inefficient for handling such large datasets due to the large number of 

connections required between neurons. 

CNNs address this challenge through convolutional layers, which connect each neuron to a 

small, specific region of the image known as a receptive field. This structure reduces the 

number of computations while preserving spatial relationships within the image. Filters, also 

called kernels, are applied to these regions to extract specific features and generate feature 

maps, which are representations of detected patterns such as edges, textures, or shapes. By 

stacking multiple convolutional layers, each with different filters, CNNs progressively learn 

complex patterns, making them efficient and effective for image-based analysis, while 

minimising computational demands. 

The CNN architecture tested for this work was Xception (331), with a focus on understanding 

how data augmentation and balancing influenced the models’ performance, which was 

evaluated using accuracy, recall and precision (2.7.2  CNN Analysis). The network were 

trained over 10 epochs with a learning rate of 0.1, using Stochastic Gradient Descent (SGD) 

as the optimiser, without any pre-initialised weights (Table 6). Epochs refer to the number of 

complete passes the training data makes through the model, so for this analysis the data was 

passed through the network a total of 10 times, allowing it to learn and adjust its parameters 

(weights and biases) based on previous errors. The learning rate is a hyperparameter, 

determining the size of the adjustments made to the weights in each iteration. A learning 

rate which is too high may overshoot the optimal weights, whilst a low rate may cause a 

longer computational time. SGD was used to optimise the weights iteratively based on the 

loss. This training configuration suggests a standard approach to neural network training, 

with the intent of learning patterns in the data directly from scratch, rather than relying on 

pre-existing knowledge.  
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For Xception, without any data augmentation or balancing, the model achieved a high 

accuracy of 99.74 %, with recall at 98.3 % and precision at 99.8 %. This suggest that the model 

was already able to detect spatial features within the datasets. After applying data 

augmentation, there was a slight improvement in accuracy to 99.77 %, with recall peaking at 

99.87 %, which shows that the model was better at recognising variations within the data. 

Precision remained at 99.83 %, meaning that the augmentation didn’t appear to add any false 

positives. Interestingly, the addition of both balancing and augmentation caused a slight dip 

in accuracy (99.7 %) and recall (97.75 %)., possibly due to the introduction of noise or 

synthetic data during balancing. Precision remained high at 99.63 %, suggesting that the 

model was able to reliably classify samples, even after loss of sensitivity.  

 

 

 

Data augmentation helped improve the recall by exposing the model to a larger variety of 

inputs, whilst balancing was used to reduce the effects of class imbalance, especially for 

smaller classes.  

Recall improved significantly with data balancing, suggesting that the model was able to 

better identify HET-1A samples that were previously overshadowed by larger classes such as 

CP-C or CP-D in the unbalanced dataset. Precision remained high across all configurations, 

indicating that there were very few false positives. In comparison, the OE19 dataset 

performed with a lower baseline than HET-1A, possibly due to overlapping features with the 

CP- cell lines, especially CP-C and CP-D. Data augmentation significantly impacted recall, 

improving the models ability to generalise and detect OE19 samples through exposure to 

different patterns during training. Balancing also played a critical role by reducing false 

 

Architecture 

Data 

Augmentation 

Data 

Balancing Accuracy Recall Precision 

Xception No No 99.74 98.3 99.8 

Xception Yes No 99.77 99.87 99.83 

Xception Yes Yes 99.7 97.75 99.63 

ResNet50 No No 99.36 99.37 96.79 

ResNet50 Yes No 99.59 98.65 99.17 

ResNet50 Yes Yes 99.7 98.78 99.6 

 

Architecture 

Data 

Augmentation 

Data 

Balancing Accuracy Recall Precision 

Xception No No 99.74 98.3 99.8 

Xception Yes No 99.77 99.87 99.83 

Xception Yes Yes 99.7 97.75 99.63 

ResNet50 No No 99.36 99.37 96.79 

ResNet50 Yes No 99.59 98.65 99.17 

ResNet50 Yes Yes 99.7 98.78 99.6 

Table 9: Table illustrating the classification performance metrics for different CNN model 

configurations under varying conditions, with and without pre-initialised weights and 

specific modifications. The values represent performance accuracy (%) for distinct 

experimental setups, highlighting areas of improvement (green) and underperformance 

(red) across configurations. 
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positives through addressing the class imbalance. Overall, OE19 benefitted more from 

balancing than HET-1A due to underrepresentation in the dataset.  

 

 

 

CP-A proved to be the most difficult dataset to classify, with many samples misclassified as 

CP-B or CP-C. This is likely due to overlapping features such as strain and perimeter, with may 

be less distinct for CP-A. Data augmentation helped improve recall through diversifying the 

training data, which enabled the models to generalise better. This however, came at a cost 

to precision, as augmentation led to the introduction of noise, which then led to increased 

false positives. CP-B performed better, with consistently high recall and precision across all 

configurations. The features from this dataset appeared more distinct, which allowed the 

models to effectively separate it from other classes. Even without augmentation or 

balancing, CP-B showed strong performance, this was then enhanced when these techniques 

Figure 5.8: Xception Confusion matrix showing the final performance of the 

classification model across six cell lines (HET-1A, CP-A, CP-B, CP-C, CP-D, and OE-

19). True labels are represented on the y-axis, and predicted labels are shown on 

the x-axis. Diagonal values indicate correct classifications, while off-diagonal 

values represent misclassifications, highlighting areas of model strength and areas 

requiring improvement. 
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were applied.  Data augmentation didn’t lead to much improvement for CP-C, however data 

balancing led to a noticeable difference in recall. CP-C already had strong baseline 

performance, with features well-represented within the dataset, but balancing helped 

reduced the number of false negatives for underrepresented CP-C samples. Overall CP-C was 

easier to distinguish than CP-A. CP-D benefitted most from the combination of augmentation 

and balancing, achieving the highest recall and precision across all CP- lines. This suggests 

that balancing the data led to a distinction in CP-D’s features, and reducing confusion with 

CP-C and OE19, which previously cause misclassifications. 

The results from this work show that the addition of data augmentation and balancing both 

play key roles in improving CNN performance. Amongst all the cell lines, HET-1A and CP-D 

were easier to classify due to their distinct features. OE19 and CP-A presented more 

challenges due to overlapping features with other classes, but balancing helped mitigate 

these issues. CP-C’s features were generally well represented, with CP-B’s distinctiveness 

making it easier to classify.  
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 5.6 Chapter Summary   

While previous studies have explored the cellular biochemistry and membrane composition 

of these cell lines (91, 178, 316, 405), research specifically addressing changes in the visual 

biomechanics throughout the progression of oesophageal adenocarcinoma remains absent. 

This study applies well-established techniques for assessing disease progression to 

investigate these changes, offering new insights into the cellular alterations associated with 

oesophageal adenocarcinoma. 

 5.6.1 Biomechanics in Barrett’s Oesophagus   

The presented data in this chapter provides valuable insights into how biomechanical 

properties evolve in different cell states. Notably, there is an observed steady increase in 

deformation with rising flow rates for each cell line, as shown in Figure 5.6, each of which 

eventually reach a plateau, highlighting how deformation behaviour responds to flow 

conditions through each stage of disease. This plateau effect may indicate a threshold in cell 

membrane elasticity, beyond which further changes in flow rate yield minimal deformation, 

potentially reflecting inherent structural limits within the cellular membrane composition of 

each cell line. This can be further supported by the comparison of increasing flow rates shown 

in Figure 5.5, where it is shown that a flow rate of 40 µl/min was able to induce maximum 

deformation for the CP- cell lines, and separate the healthy vs cancerous cell datasets into 

distinct clusters with minimal overlap (Figure 5.3).  

These results identify a discernible increase in deformability when comparing healthy, 

diseased, and cancerous cell states (Figure 4.6). Healthy HET-1A cells display a stronger ability 

to retain their shape under compressive force, visually contrasting with the notable 

deformation seen in cancerous OE19 cells. This visual distinction supports the theory that as 

cells transition from healthy to malignant states, there is a reduction in their structural 

rigidity and resistance to deformation, likely reflecting progressive changes in membrane 

composition and cytoskeletal integrity (178, 406). 

Further analysis of individual disease stages revealed that, while early and late disease stages 

exhibit lower membrane elasticity (Figure 4.2a, 4.2e), intermediate dysplastic stages present 

less rigidity (Figure 4.2b, 4.2d), suggesting a possible remodelling phase during disease 

progression (46, 183). This variation within stages implies that different disease stages may 
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involve specific cellular adaptations that affect elasticity and deformability, perhaps as a 

response to changes in the cellular microenvironment or mechanical forces within the tissue. 

 

 5.6.2 A.I. for Barrett’s Progression  

The first set of presented analysis used an LDA model on a preliminary, imbalanced dataset 

and found that deformation properties alone were insufficient for accurate cell classification. 

The LDA model struggled with data imbalance, leading to moderate accuracy and low 

precision for certain cell lines. This highlighted the need for additional data and balancing to 

improve model performance, as the LDA results were limited by the dataset's small size and 

uneven distribution. In the second set of analysis, the Xception model was trained on an 

augmented version of the preliminary dataset, leading to improved accuracy and recall 

compared to the LDA model. While data augmentation enhanced the model's overall 

precision, classification for some cell lines (like CP-A) remained challenging due to remaining 

imbalances. This analysis demonstrated that while augmentation improved model 

performance, balancing the data further would be essential for optimal classification 

accuracy.  

CNNs excelled in analysing high-dimensional image-based data, effectively capturing spatial 

patterns and distinguishing features such as cell area and D.I. across different cell types. Their 

ability to generalise was enhanced by data augmentation and balancing, particularly for 

underrepresented classes (CP-A). Class imbalance and overlapping feature spaces were 

addressed, leading to improvements in recall and precision for smaller or less distinct cell 

lines, such as OE19. While CNNs demonstrated high accuracy and precision for dominant 

classes like CP-C and CP-B, they highlighted areas requiring further refinement, particularly 

in distinguishing classes with overlapping features. 

In contrast, LDA provided a simpler and interpretable approach for classification by 

projecting the data into a reduced-dimensional space that maximally separated predefined 

classes. While LDA effectively identified key features distinguishing certain cell types, its 

limitations became apparent when dealing with highly non-linear and high-dimensional data. 

The results suggest that while LDA is a useful tool for initial data exploration and hypothesis 

testing, it lacks the robustness and scalability required for more complex biological data 

compared to CNNs. 
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Some of the confusion matrices in this analysis showed zero TP values for CP-A (Figure 5.7) 

and OE19 (Figure 5.8) , indicating that the model struggled to correctly classify any samples 

from those groups. This can arise from several factors, including class imbalance, where 

underrepresented classes are overshadowed by dominant ones, leading the model to ignore 

smaller classes. Overlapping features between classes can further confuse the model, causing 

misclassifications. Additionally, insufficient or poor-quality data, such as small sample sizes 

or noisy inputs, may prevent the model from learning key patterns. Other contributors 

include poorly tuned hyper-parameters, non-appropriate model architectures, or an 

inadequate feature selection, which may limit the model’s ability to capture distinctions 

between classes. Errors during data pre-processing or labelling can also mislead the model 

during training. The lack of data augmentation or an unsuitable loss function may reduce the 

model’s ability to generalise or handle imbalanced data. Addressing these issues through 

dataset balancing, feature refinement, augmentation, and model optimisation could help 

resolve the observed performance gaps. 

Overall, the combination of CNNs and LDA provided complementary insights. CNNs 

demonstrated superior performance in extracting features and classifying complex patterns, 

while LDA offered interpretability and a framework for understanding key features driving 

separations. These findings underscore the value of integrating multiple analytical 

approaches to address diverse challenges in biological data analysis. Future work should 

focus on optimising CNN architectures for enhanced feature learning and exploring hybrid 

approaches that combine the interpretability of LDA with the predictive power of CNNs, 

ensuring comprehensive and accurate classification in complex datasets. 
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6 Thesis Reflections  

The research presented builds upon foundational work in Raman spectroscopy to advance 

our understanding of oesophageal adenocarcinoma and Barrett’s oesophagus. Raman 

spectroscopy revealed biochemical changes across the Barrett’s progression spectrum, 

including alterations in lipid and nucleic acid content, which are consistent with known 

molecular features of squamous–columnar transformation (407). Initial findings 

demonstrated the efficacy of Raman spectroscopy in identifying biochemical changes 

associated with disease progression, achieving a high classification accuracy of 97 %. This laid 

the groundwork for the acid-bile study, which introduced acidic bile salt solution exposure 

(ABSS) to simulate the hostile microenvironment associated with disease development. This 

revealed critical biochemical and morphological adaptations in Barrett’s oesophagus cells 

under stress, transitioning Raman spectroscopy from a diagnostic tool to a potential platform 

for monitoring therapeutic responses and disease progression. 

The acid bile study highlighted significant cellular behaviours, with CP-C cells demonstrating 

a heightened sensitivity to acidic stress and CP-B cells exhibiting greater resilience. These 

findings underscore the heterogeneity within Barrett’s oesophagus cell lines, with potential 

implications for understanding early markers of transformation. The use of heatmaps to 

visualise cumulative biochemical changes provided a novel approach to tracking stress 

responses, adding depth to single-cell analyses. However, the study’s reliance on cell lines, 

rather than patient-derived samples or 3D organoid models, limits its translational relevance, 

emphasizing the need for future validation in more physiologically representative systems. 

The incorporation of deformation cytometry in this research provides valuable insights into 

the mechanical properties of Barrett’s oesophagus cells, highlighting their relationship with 

disease progression and stress response. The findings suggest that cellular deformability may 

serve as a potential biomarker for assessing resilience to acidic stress, with decreased 

stiffness and increased deformability in more advanced cell types, likely reflecting 

cytoskeletal remodelling associated with epithelial plasticity . However, the reliance on 

simplified in vitro conditions limits the broader applicability of the results, as interactions 

with extracellular matrix components and neighbouring cells, which influence mechanical 

behaviour, are absent. Whilst deformation metrics offer promising diagnostic potential, the 

lack of integration with complementary biochemical or genetic data restricts the 

interpretability of the observed mechanical changes. Future studies could enhance the utility 
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of deformability analyses by linking them to cytoskeletal or membrane alterations, providing 

a more mechanistic understanding of cellular responses to microenvironmental stress. 

A key strength of this research lies in its interdisciplinary approach, integrating high-

resolution Raman spectroscopy, deformation cytometry, and AI-based classification. The 

incorporation of CNN models for data analysis offers a pathway to more precise diagnostics, 

with potential scalability into portable, point-of-care devices. The techniques used here have 

translational potential, such as identifying early-stage markers of dysplasia or phenotyping 

residual/recurrent disease after therapy. Although both datasets describe disease 

progression, they were collected independently and cannot be directly correlated without 

integrated or co-localised measurement techniques. Experiments were conducted on 

immortalised cell lines in suspension, which lack tissue context and may not fully reflect in 

vivo behaviour. Cell lines are easy to use and reproducible but genetically altered; primary 

cells are more physiologically accurate but harder to maintain, whilst measuring cells in 

isolation ignores cell–cell and matrix interactions that are critical in Barrett’s 

microenvironment. 

Proposed multi-modal approaches, combining Raman spectroscopy with techniques such as 

fluorescence imaging or genomic profiling, could further enhance the understanding of 

cellular states by correlating biochemical, morphological, and mechanical data. These 

techniques could be adapted for structured models like monolayers or organoids to improve 

biological relevance. Combined with transcriptomics or immunostaining, Raman and 

biomechanical tools could deepen understanding of BO heterogeneity and predict 

progression risk. These integrations would not only refine classification models but also 

provide mechanistic insights into disease progression. Future studies could use platforms like 

AFM-Raman or live-cell co-imaging to relate biochemical and biomechanical changes at the 

single-cell level. With further development, these technologies may support real-time or in 

vivo applications through miniaturised, label-free endoscopic tools. 
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Appendix 1  
 

DatasetCreationScript_1.mat   
 

%% Preparation of the datasets to load onto the other script 
 
% Specify locations of .wdf data files, Matlab scripts, and output path. 
List all of the folders that have data to be processed. Just to for this 
% script; can add new ones following the same format. Where there is an 
% edit required I have added an X. 
 
% directory where the data is  
dirPath={... 
    'X';...   
}; 
 
% Matlab scripts required for this analysis. Should be in a folder 
labelled 
% MATLAB additional scripts 
addpath( "X" ); 
 
% The path used to save the output from this script.  
savePath = 'X'; 
 
 
 
% Specify each of the data sets. 
 
% For each of repeats, need to provide ('i' refers to the data set; 
% starting from 1, and ad one for each new data set): 
% - start and end of all filenames as Name{i,1} and Name{i,2}, such that 
the 
%   actual filename is: "<Name{i,1}><repeat number><Name{i,2}>.wdf 
% - the range of indices for the repeats as Index{i}=first:last; 
% - start and end of all filenames for the background data, as BName{i,1} 
%   and BName{i,2}, used similar to Name{} above. 
% - the range of start and end of the background data runs, sim. to above. 
% - the prefix for the output filename as "NameSaving{i}". 
% - a "calibration peak" as CalibrationPeak{i}". 
 
%%save each repeat with the same beginning (e.g. cpa / cpb),  
%%add an underscore _  and then each repeat/new spectrum is just given a  
%%number in ascending order. All spectrum names must start the same  
%%so just the number at the end changes.  
  
%Set 1: 
Name{1,1}='X'; 
Name{1,2}='';      % No text after the repeat index for this set of runs. 
Index{1}=[X:X];       % i.e. repeat indices 0, 1, 2, 3, 4 and 5. 
NameSaving{1}='test1';  % For the saved output files. 
CalibrationPeak{1}=520.5; % For this data sets 
selectedDataSets = [1];       % Starts from 1. Can do ranges as 
'=[start,end];' 
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%% Load each of the selected data sets 
for j=selectedDataSets 
     
    % 
    % Load all repeats for this data set. 
    % 
    fprintf( "Loading data from data set '%s' (index %i)\n", dirPath{j}, j 
); 
 
    % Move to the directory for this dataset, and keep a record of where 
we 
    % were. 
    oldPath = cd( dirPath{j} ); 
 
    % At the end of the loops below, m will be the number of data sets, 
    % and b will be the number of background repeats. They don't seem to 
    % be used anywhere, though - maybe this was orignally meant as a 
check? 
    m=1; 
    b=1; 
 
    % Loop over all repeats for this data set. 
    for i=Index{j} 
 
        % Get the filename for a single repeat. 
        FileName{j,m}=strcat(Name{j,1},num2str(i),Name{j,2},'.wdf'); 
        fprintf( "- loading repeat: %s\n", FileName{j,m} ); % Check. 
 
        % Import the ".wdf" file for this repeat. 
        wdf=WdfReader(FileName{j,m}); 
        RamanSpectra{m}(:,1)=wdf.GetXList.'; 
        RamanSpectra{m}(:,2)=wdf.GetSpectra(1,1).'; 
        wdf.Close() 
 
        m=m+1;      % Count the number of data repeats. 
    end 
     
    % Get the calibration peak for this dataset. 
    CalibrationPeakTemp = CalibrationPeak{j}; 
     
    % Save the data. Move back to the original path first of all, i.e. 
    % prior to cd'ing to the data directory. 
    cd( oldPath ); 
    oldPath = cd( savePath ); 
    save([NameSaving{j} 'datasetraw'],... 
       'RamanSpectra','CalibrationPeakTemp')  
 
    % Move back to the original directory before finishing. 
    cd( oldPath ); 
%% X alignment of the spectra respect to the Calibration peak position in 
Si 
 
% Every day of measuring a calibrating spectra is taken and it is aligned 
% as good as it can to the 520.5 cm^-1 peak of Silicon. However, sometimes 
% the peak seems to be around 520.3 or 520.8. This peak will be used to 
% align the shift of the spectra and reduce the variability between days. 
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% As the PCA only considers the Y-values for analysis, 
% a spline function should be fit and the Y-values should be guaranteed to 
% have exactly the same X. 
fprintf('Aligning spectra and fitting to the selected X values using a 
spline \n') 
 
tic   % Start timing from here. 
 
Xint_st = round(RamanSpectra{1}(1,1)) 
Xintvalues = Xint_st:-0.5:round(RamanSpectra{1}(end,1))-4; 
% Xintvalues = Xint_st + Xint_en; 
% Xintvalues = round(RamanSpectra{1}(1,1)) + 
4:0.5:round(RamanSpectra{1}(end,1))-4; 
    % Array of X values for the interpolation. RamanSpectra{1}(1,1) is the 
    % start point, and 5:0.5:round(...)-4 gives values separated by 0.5 
    % (the rounding ensures all points are an integer or half-integer, 
    % and evenly spaced), 
 
% Spline interpolation of the actual data. 
for k=1:length(RamanSpectra) 
   RamanSpectraInt{k}=spline(RamanSpectra{k}(:,1)+(520.5-
CalibrationPeak{j}),RamanSpectra{k}(:,2),Xintvalues); 
end 
 
toc   % 'tic', 'toc' used for timing how long operations take; toc 
displays the result. 
 
%% Subtract the baseline 
fprintf('Subtracting the baseline \n') 
 
tic   % Start timing from here. 
 
RamanSpectraBaseline = cell( size(RamanSpectraInt) ); 
 
% Two sets of parameters here for the two baseline corrections; see below. 
smoothwidth1=40; 
smoothwidth2=60; 
 
frame1=500; 
frame2=800; 
 
iterations1=15; 
iterations2=3; 
 
for i=1:size(RamanSpectra,2)    
    disp(['Correcting spectrum ' num2str(i) ' of ' 
num2str(length(RamanSpectraBaseline))]) 
 
    % 1. Remove the maximum possiible of the baseline; parameters ending 
'1' 
    [RamanSpectraB{i}, varargout{i}] = f_baseline_corr(Xintvalues,... 
        RamanSpectraInt{i},smoothwidth1,frame1,iterations1); 
        % By adding a final argument 'plot2D' as suggested by the comment, 
        % will generate plots showing the baseline corrections. 
 
    % 2. Help remove the zero baseline ; parameters ending '2'. 
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    [RamanSpectraB2{i}, varargout{i}] = f_baseline_corr(Xintvalues,... 
        RamanSpectraB{i},smoothwidth2,frame2,iterations2); 
 
    RamanSpectraBaseline{i}=RamanSpectraB2{i}.'; 
end 
 
toc   % Display time from the previous 'tic' command. 
 
 
%% Smoothing of the spectra 
fprintf('Smoothing the spectra \n') 
 
tic 
 
%%can change the iterations and polynomial here if need be (from 2,17) 
for i=1:size(RamanSpectraBaseline,2) 
    RamanSpectraSmooth{i}=sgolayfilt(RamanSpectraBaseline{i},2,17); 
end 
 
toc 
 
%% Truncating the spectra 
%Could truncate down to fingerprint region here. May be easier than 
zapping 
%in the next section (zapping gets rid of section from 1800 - 2800, 
keeping 
%the high freq region - not sure if this is necessary, i find it hassle.) 
fprintf('Truncating the spectra \n') 
 
tic 
 
lowerlim  = 500;  % units of cm^{-1} 
higherlim = 3200; 
 
% Get the array indices corresponding to the above values. 
%May need to switch these round depending on if xdata is ascending or 
%descending 
higherlimIndex  = find(floor(Xintvalues)==lowerlim,1); 
lowerlimIndex = find(floor(Xintvalues)==higherlim,1); 
 
% Remove values outside of the above index range. 
XvaluesTrunc = [Xintvalues(lowerlimIndex:higherlimIndex)]; 
 
% Same for all of the smoothed spectra. 
for i=1:length(RamanSpectraSmooth) 
    
RamanSpectraTrunc{i}=RamanSpectraSmooth{i}(lowerlimIndex:higherlimIndex); 
end 
 
toc 
 
 
%% Normalization of the spectra 
fprintf('Normalizing the spectra \n') 
 
tic 
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% Intensity of the peaks may vary due to different setups, so only 
relative 
% intensity between peaks can be considered real data. 
for i=1:length(RamanSpectraTrunc) 
         
      % For normalization to the amide peak 
     x2=find(round(XvaluesTrunc)==1600);  
      x1=find(round(XvaluesTrunc)==1700); 
       
  
       
      % If we assume that the baseline subtraction is good, then we can 
      % just normalize by the maximum 
      RamanSpectraNorm{i}=RamanSpectraTrunc{i}/... %was RamanSpectraZap 
but trying out no zap 
          max(sgolayfilt(RamanSpectraTrunc{i}(x1(1):x2(1)),2,31));        
end 
 
%%%toc 
 
%% Data Matrix 
% Get the colums of intensities to analyse in a matrix: 
fprintf('Creating the Data Matrix \n') 
 
tic 
 
DataMatrix=[]; 
for i=1:size(RamanSpectraNorm,2) 
    DataMatrix(:,end+1)=RamanSpectraNorm{i}; 
     
end 
 
toc 
 
%% Calculate the Average and STD 
Average = mean(DataMatrix,2); 
Error   = std (DataMatrix,0,2); 
 
 
%% Plot figures 
fprintf('Plotting Figure \n') 
figure = figure 
subplot(2,1,1) 
 
plot(XvaluesTrunc, Average) 
xlabel('Wavenumber / cm^{-1}') 
ylabel('Raman Intensity ') 
 
%hold on 
subplot(2,1,2) 
plot(XvaluesTrunc,Average) 
xlim([500 1800]) 
 
xlabel('Wavenumber / cm^{-1}') 
ylabel('Raman Intensity ') 
xticks(500:100:1800) 
%hold on 
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%% Saving Data 
    disp('saving data') 
    cd(savePath) 
    filename = [NameSaving{j} '.tif'] 
    save([NameSaving{j} 'datasetanalysed'],... 
    
'DataMatrix','Average','Error','XvaluesTrunc','RamanSpectra','CalibrationP
eakTemp') 
    saveas(figure, filename) 
%waitforbuttonpress 
     
% Clear data for next dataset 
    clear RamanSpectraB RamanBackgroundSpectra ... 
        RamanBSpectraInt RamanSpectraBaseline RamanSpectraNorm ... 
        RamanSpectraQuartz RamanSpectraSmooth RamanSpectraTrunc ... 
        RamanBSpectraInt RamanSpectraInt RamanSpectraZero... 
        BackgroundAverage BackgroundAverageZero... 
        DataMatrix RamanSpectraZap 
 
    %% 
end 
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EMSC Analysis_2.mat 
 

%% Preparation of the datasets to load into data analysis script 

 
%% WDF FILE IMPORTING 
clear all 
close all 
clc 
 
% All lines to be edited have been labelled with an X 
 
% add path for emsc folder & raw data 
dirPath={'X'... 
               };      
            
% Add MATLAB additional files           
addpath('X')     
% EMSC function path 
addpath('X') 
% For the background, add the path where the background data is (reference 
% dataset and analyseddataset from previous matlab script is also in this 
folder!!): 
addpath('X') 
 
 
savingPath='X'; 
 
% The file names are always an identifier + a number: (I'm assuming this 
% means namesaving) 
 
%raw data path for testing EMSC function 
cd('X'); 
wdf_files = dir('*.wdf'); 
 
Name{1,1}='X'; 
Name{1,2}='';      % No text after the repeat index for this set of runs. 
Index{1}=[X:X]; 
CalibrationPeak{1}=520.5; 
NameSaving{1}='X'; %the analysed file you want to run has to start with 
this name also and keep it in the same folder as raw data 
 
 
selectedDataset=1;   
 
 
%% Optimizing the parameters 
% This section gives a summary plot of what the spectra will look like 
% after the different stages of dataset creation. 
% This should help you choose the right parameters before you run the 
whole 
% thing  
 
datasettesting=1; % Choose which dataset you are testing (if only 1 then 
change to 1) 
cd(dirPath{datasettesting}); 
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indextesting=1; % Choose one spectrum to test on.  
% Creating the structure file with the map inside 
MapTesting=WdfReader([Name{datasettesting} '.wdf']); 
% Obtaining the spectra from the structure file, where each row is a 
% spectrum 
RamanSpectratesting=MapTesting.GetSpectra(1,MapTesting.Count); 
% Changing it to columns because that is how I usually work with them 
RamanSpectratesting=RamanSpectratesting'; 
Wavenumbers=MapTesting.GetXList'; %added ' at the end to flip values to 
1948x1 
CalibrationPeaktesting=CalibrationPeak{datasettesting}; 
% Choose the final Xintvalues that you want to use for the spline 
% interpolation. 
% Make sure you choose values withing the range you have acquired, or the 
% spline will go very weird. Typically go for 750-1800 for FP region 
Xintvalues=[500:0.5:3200];  
 
 
RamanSpectraInttesting=spline(Wavenumbers+(520.5-
CalibrationPeak{datasettesting}),... 
    RamanSpectratesting(:,indextesting),Xintvalues); 
 
 
 
% Import the background and reference data for the correction with EMSC 
% For background (b) 
load('X_datasetraw.mat') 
% Variables called "Raman Spectra","Wavenumbers" and "CalibrationPeakTemp" 
for k=1:size(RamanSpectra,2) 
   b(:,k)=spline(Wavenumbers +(520.5-
CalibrationPeakTemp),RamanSpectra{k}(:,2),Xintvalues); 
end 
 
% For biological reference (r) 
load('X_datasetraw') 
% Variables called "Ramtest3=test2'an Spectra","Wavenumbers" and 
"CalibrationPeakTemp" 
for k=1:size(RamanSpectra,2) 
   r(:,k)=spline(Wavenumbers+(520.5-
CalibrationPeakTemp),RamanSpectra{k}(:,2),Xintvalues); 
end 
 
% Choose the parameters for the EMSC correction 
 
N=1; 
r_EMSC=r.'; 
b_EMSC=b.'; 
[RamanSpectraEMSCtesting,background,c_r,c_b,B_N] = 
EMSC(RamanSpectraInttesting,r_EMSC,b_EMSC,N); 
 
% Choose the parameters for the baseline subtraction 
addpath('X') 
smoothwidth=10; 
bwidth=400; 
iterations=10; 
[RamanSpectraBaselinetesting, baseline]=f_baseline_corr(Xintvalues,... 
        RamanSpectraEMSCtesting,smoothwidth,bwidth,iterations);   



 
 

139 
 

 
% Plot the whole thing so you get to change the parameters :) 
figure 
 
subplot(2,2,1) 
title('Raw data') 
hold on 
plot(Wavenumbers,RamanSpectratesting(:,indextesting)) 
xlabel('Wavenumber / cm^{-1}') 
ylabel('Raman Intensity / counts') 
axis tight 
 
subplot(2,2,2) 
title('EMSC corrected data') 
hold on 
plot(Xintvalues,RamanSpectraInttesting,'k') 
plot(Xintvalues,RamanSpectraEMSCtesting,'b') 
plot(Xintvalues,background,'r') 
legend('Average Raw Raman Spectra','EMSC-corrected Raman Spectra',... 
    'Subtracted PDMS Background') 
xlabel('Wavenumber / cm^{-1}') 
ylabel('Raman Intensity / counts') 
axis tight 
 
subplot(2,2,3) 
title('Baseline') 
hold on 
plot(Xintvalues,RamanSpectraEMSCtesting) 
plot(Xintvalues,baseline,'r') 
xlabel('Wavenumber / cm^{-1}') 
ylabel('Raman Intensity / counts') 
legend('EMSC-corrected Raman Spectra','Baseline fitted') 
axis tight 
 
subplot(2,2,4) 
title('Baseline subtracted data') 
hold on 
plot(Xintvalues,RamanSpectraBaselinetesting) 
xlabel('Wavenumber / cm^{-1}') 
ylabel('Raman Intensity / counts') 
axis tight 
 
MapTesting.Close 
clear MapTesting 
 
%% Loading the data 
fprintf('Loading the Data \n') 
tic 
 
for j=selectedDataset 
    cd(savingPath)  
    try load([NameSaving{j} 'datasetraw' '.mat']) %move from output to the 
same folder as the PDMS and biological reference data   
    catch 
        warning('Raw dataset could not be found, proceeding to load raw 
wdf files'); 
    end 
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    fprintf(['Loading data from dataset' num2str(j) '\n']); 
    cd(dirPath{j}); 
    
       m=1; 
 
 
    % Loop over all repeats for this data set. 
    for i=Index{j} 
 
        % Get the filename for a single repeat. 
        FileName{j,m}=strcat(Name{j,1},num2str(i),Name{j,2},'.wdf'); 
        fprintf( "- loading repeat: %s\n", FileName{j,m} ); % Check. 
 
        % Import the ".wdf" file for this repeat. 
        wdf=WdfReader(FileName{j,m}); 
        RamanSpectra{m}(:,1)=wdf.GetXList.'; 
        RamanSpectra{m}(:,2)=wdf.GetSpectra(1,1).'; 
        wdf.Close() 
 
        m=m+1;      % Count the number of data repeats. 
    end 
     
    % Creating the structure file with the map inside 
    Map=WdfReader([Name{j} '.wdf']);    
    if exist('RamanSpectra')==0 
        % Obtaining the spectra from the structure file, where each row is 
a 
        % spectrum 
        RamanSpectra=Map.GetSpectra(1,Map.Count); 
        % Changing it to columns because that is how I usually work with 
them 
        RamanSpectra=RamanSpectra'; 
        Wavenumbers=Map.GetXList; 
        CalibrationPeakTemp=CalibrationPeak{j}; 
        cd(savingPath)  
        save([NameSaving{j} '_datasetraw_emsc9623'],... 
            'RamanSpectra','Wavenumbers','CalibrationPeakTemp') 
    end 
    toc 
 
%% X alignment of the spectra respect to the Calibration peak position in 
Si 
 
% Prior to each experiment, the system should be aligned as closely as 
possible  
% to the 520.5 cm^-1 peak of Silicon. Sometimes the peak can be around 
520.3 or 520.8.  
% This peak will be used to align the Shift of the spectra and reduce the  
% variability between days. 
 
% As the PCA only considers the Y-values for analysis, 
% a spline function should be fit and the Y-values should be guarantee to 
% have exactly the same X. 
fprintf('Aligning spectra and fitting to the selected X values using a 
spline \n') 
tic 
RamanSpectraInt=NaN(length(Xintvalues),Map.Count); 
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for k=1:length(RamanSpectra) 
  RamanSpectraInt(:,k)=spline(RamanSpectra{k}(:,1)+(520.5-
CalibrationPeak{j}),RamanSpectra{k}(:,2),Xintvalues); 
end 
toc 
 
clear RamanSpectra Wavenumbers 
 
 
%% Full correction of all spectra with EMSC 
 
% Usign the EMSC function for correction with multiple background spectra. 
 
disp('EMSC correcting') 
 
tic 
r_EMSC=r.'; 
b_EMSC=b.'; 
 
% smoothing of the reference and background files to reduce noise in the 
% EMSC output 
r_EMSC=[sgolayfilt(r_EMSC.',2,17)].'; 
b_EMSC=[sgolayfilt(b_EMSC.',2,17)].'; 
 
RamanSpectraEMSC=NaN(size(RamanSpectraInt)); 
 
for i=1:size(RamanSpectraEMSC,2) 
    [RamanSpectraEMSC(:,i),background,c_r,c_b,B_N] = 
EMSC(RamanSpectraInt(:,i).',r_EMSC,b_EMSC,N); 
end 
toc 
 
%% Subtract the baseline 
fprintf('Subtracting the baseline \n') 
 
tic 
RamanSpectraBaseline=NaN(size(RamanSpectraEMSC)); 
for i=1:size(RamanSpectraEMSC,2) 
    if mod(i,20)==0 
        disp(['Baseline correcting spectrum ' num2str(i) ' of ' 
num2str(size(RamanSpectraEMSC,2))]) 
    end 
    % First step to remove the maximum possible of the baseline 
    if i==1 
        tic 
    end 
    [RamanSpectraBB, ~]=f_baseline_corr(Xintvalues,... 
        RamanSpectraEMSC(:,i),smoothwidth,bwidth,iterations);%,'plot2D');     
    RamanSpectraBaseline(:,i)=RamanSpectraBB.'; 
    if i==10 
        elapsedTime = toc; 
    end 
    if mod(i,20)==0 
        disp(['Time left ' num2str(round(elapsedTime*(Map.Count-i)/600)) 
'min']) 
    end 
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    clear RamanSpectraBB 
end 
toc 
clear RamanSpectraB RamanSpectraEMSC 
 
 
%% Data Matrix 
fprintf('Creating the Data Matrix \n') 
tic 
DataMatrix=RamanSpectraBaseline; 
 
%clear RamanSpectraBaseline 
 
%% Calculate the Average and STD 
 
Average=mean(DataMatrix,2); 
Error=std(DataMatrix,0,2); 
Average2=flip(Average, 2); 
 
%% Plot figures 
fprintf('Plotting Figure \n') 
figure 
subplot(2,1,1) 
 
plot(Xintvalues, Average2) 
xlabel('Wavenumber / cm^{-1}') 
ylabel('Raman Intensity ') 
 
%hold on 
subplot(2,1,2) 
plot(Xintvalues,Average2) 
xlim([500 1800]) 
 
xlabel('Wavenumber / cm^{-1}') 
ylabel('Raman Intensity ') 
xticks(500:100:1800) 
%hold on 
 
%% Saving Data 
    cd(savingPath) 
    save([NameSaving{j} 'X'],... 
        'DataMatrix','Average','Error',... 
        'CalibrationPeakTemp','Xintvalues') 
 
         
end 
 
disp('Done! :)') 
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CsvConversion.py 
 

""" 

Created on Mon Apr 17 20:22:56 2023 

 

Mat->CSV 

@author: stephenevans 

 

 

 

""" 

import numpy as np 

import sys  

import scipy.io as sio 

from scipy import interpolate 

import pandas as pd 

#import pyqtgraph as pg 

#from PyQt5.QtCore import Qt  

#from pyqtgraph.Qt import QtCore, QtGui,QtWidgets 

from PyQt5 import uic 

from PyQt5 import QtWidgets 

from PyQt5.QtWidgets import ( QFileDialog,QMainWindow) 

from sklearn.metrics import auc 

import matplotlib 

matplotlib.use('Qt5Agg') 

 

from matplotlib.figure import Figure  

from matplotlib.backends.backend_qt5agg import (NavigationToolbar2QT as 

NavigationToolbar) 

from matplotlib.backends.backend_qt5agg import FigureCanvasQTAgg as FigureCanvas 
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# set-up graphs - 2 figures 

 

class MplCanvas(FigureCanvas): 

    def __init__(self,parent=None,width=5,height=4,dpi=150): 

                

        fig = Figure(figsize=(width, height), dpi=dpi)          

        self.axes = fig.add_subplot(211)             

        self.axes2 = fig.add_subplot(212)          

         

                             

        fig.tight_layout(pad=5) 

        #print ('in canvas') 

        super().__init__(fig)  

        #super(MplCanvas(),self).__init__(fig) 

         

class MainWindow(QMainWindow):       

             

    def __init__(self):      

        super().__init__()       

        QMainWindow.__init__(self)   

        self.ui=uic.loadUi('Mat_to_CSV_GUI.ui',self)    

        self.show() 

         

         

        global fileCount,MessString,df2,df3,dframe,classDict, cols, cols2,color_by_name 

        color_by_name=['tab:blue','tab:orange','tab:green','tab:red','tab:purple', 

                  'tab:brown','tab:pink','tab:gray','tab:olive','tab:cyan'] 

        classDict={} # used to store data and labels 
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        fileCount=1 # number of classes / different tyoes of cell / material 

        MessString="Report:" 

        self.spinBox.setSingleStep(1) # set in gui set-up next time compile 

        self.setWindowTitle("PCA Analysis") 

        self.pushButton_3.clicked.connect(self.getfiles)  

        self.pushButton_5.clicked.connect(self.end) 

        self.pushButton_6.clicked.connect(self.clearAll) 

        self.pushButton_9.clicked.connect(self.save) 

     

        self.pushButton_8.setCheckable(True) 

        self.pushButton_8.toggle() 

         

        spc=self.spinBox.value() 

        self.pushButton_8.clicked.connect(self.spectrum_to_display) 

        self.pushButton_8.toggle() 

 

        self.spinBox.valueChanged.connect(self.spectrum_to_display) 

        #self.spinBox_3.valueChanged.connect(self.num_outliers) 

         

        # Message box 

        MessString="Messages\n"           

        self.textEdit.insertPlainText(MessString) 

       

 

        # plot set up 

        self.canvas=MplCanvas(self, width=8, height=9, dpi=100)         

        self.ui.verticalLayout_2.addWidget(self.canvas)       

        self.navi_toolbar = NavigationToolbar(self.canvas, self) #createa navigation toolbar for 

our plot canvas 
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        self.verticalLayout_2.addWidget(self.navi_toolbar) 

         

        # it is functional but certain elements not yet implemented - eg dark mode, toggling 

grids, saving outputs 

        Message="\n Step1. Open *.mat file\n Step2. Use spinbox to select outlier (red curve) 

on lower graph\n Step3. Hit the Zap button\ 

  button to remove outlier\n Step4. Repeat steps 2 & 3 \n Step5. Press OK to save, spline 

interpolated, spectra *.csv\n\n" 

        self.textEdit.insertPlainText(Message) 

         

         

    def save(self):      

         #print("old file name" ,fnam) 

         temp=fnam.replace('.mat', '.csv') 

         fname=temp 

         print("new file name:",fname) 

         print("df3=",len(df3.columns)) 

         #remove mean and std before saving 

         if "mean" in df3.columns: 

             del df3['mean'] 

             del df3['std'] 

         print("df3=",len(df3.columns),ncols3) 

         

         col_name3=[] 

         # for Raman spectra - then repeat for background 

         #rename columns to account for those removed 

         for spec in range(ncols3): 

            if spec==0: 

                col_name3=["Wavenumber"] 

            else: 

                colName="Data"+str(spec)             
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                col_name3.append(colName)   

         df3.columns=col_name3 

         df3.to_csv(fname,index=False) 

         print("saved data")     

      

    def spectrum_to_display(self):   

        self.spinBox.setMaximum(ncols)          

        spc=self.spinBox.value() 

        self.zap(spc)     

         

         

    def zap(self,spc): 

        global df3, col_name3,ncols3 

         

        #self.spinBox.setMaximum(ncols)          

        #spc=self.spinBox.value() 

         

         

         

         

        if "mean" in df3.columns: 

            del df3['mean'] 

            del df3['std'] 

         

        # 

        x=df2["Wavenumber"] 

        #df2['mean'] = df2.iloc[:, 1:ncols].mean(axis=1) 

        #df2['std'] = df2.iloc[:, 1:ncols].std(axis=1) 

         

        y=df2['mean'] 
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        dy=df2["std"] 

        #self.canvas.axes.cla() 

         

        self.dataplot(x,y,dy,fileCount) 

         

       

        num=spc-1 

         

         

        outlier=sortedArr[[num]] 

        outlier=int(np.take(outlier,0)) 

        outlierColumn="Data"+str(outlier) 

         

        print("sb value=",spc," df2 column =",outlierColumn) 

       

        #MessString="spectrum ("+str(spc)+")="+outlierColumn+"/"+str(ncols)+"\n"       

        #self.textEdit.insertPlainText(MessString) 

         

         

        y2=df2[outlierColumn] 

        self.dataplot2(x,y2,fileCount) 

         

         

        ncols3=len(df3.columns) 

        print("df3 length", ncols3,"\n") 

        if self.pushButton_8.isChecked(): 

            

           self.pushButton_8.toggle() 

            

           #print('zapping column',outlier) 
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           df3=df3.drop(columns=outlierColumn) 

           ncols3=len(df3.columns)             

           print('zapping column',outlier," df3 length  = ",ncols3," columns") 

           MessString="Zapping "+outlierColumn +"\n"      

           self.textEdit.insertPlainText(MessString) 

            

            

           

        x=df3["Wavenumber"] 

        #df3['mean'] = df3.iloc[:, 1:ncols3].mean(axis=1) 

        #df3['std'] = df3.iloc[:, 1:ncols3].std(axis=1) 

         

        #y=df3['mean'] 

        #dy=df3["std"] 

        y= df3.iloc[:, 1:ncols3].mean(axis=1) 

        dy=df3.iloc[:, 1:ncols3].std(axis=1) 

        self.dataplot3(x,y,dy) 

         

         

         

           

            

     

     

    def getfiles(self): 

        global col_name,ncols,fnam, corrFactor, dataArray,dataSplineArray,sortedArr,df2,df3                    

        dlg = QFileDialog()   

        dlg.setNameFilter('(*.mat)') 

        dlg.setFileMode(QFileDialog.AnyFile) 



 
 

150 
 

         

        df2 = pd.DataFrame()  

        if dlg.exec_(): 

              

             filenames = dlg.selectedFiles() 

             fnam=filenames[0] 

             print("open",fnam) 

              

             sep="/" 

             fnamLen=len(fnam) 

             lastSep=fnam.rfind(sep) 

             #pathName=fnam[:lastSep+1]  # identify path 

             fileName=fnam[lastSep+1:fnamLen]   

             MessString=fileName+"\n"           

             self.textEdit.insertPlainText(MessString) 

              

             

              

             self.pushButton_3.setEnabled(False)  

             mat_contents = sio.loadmat(fnam) 

             print(mat_contents.keys()) 

         

             for key in mat_contents.keys(): 

 

                 if key=="__header__": 

                     header=mat_contents['__header__'] 

                     print("____________header_____________")      

                     #print(header)     

                     print("     ")                

                 if key=="__version__": 
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                    version=mat_contents['__version__'] 

                    print("____________version_____________")    

                    #print(version) 

                    print("     ")     

                 if key=="__globals__": 

                    glob=mat_contents['__globals__'] 

                    print("____________globals____________")    

                    #print(glob)     

                    print("     ")                     

                 if key=='CalibrationPeakTemp': 

                    cal_peak=mat_contents['CalibrationPeakTemp'] 

                    cal_peak_val=cal_peak[0,0] 

                    print("____________calibration peak_____________")    

                    print(cal_peak_val) 

                    print("     ")     

                 if key=='RamanBackgroundSpectra': 

                     RamanBack=mat_contents[key] 

                     print("____________Background____________")    

                     numBackSpectra=RamanBack.size 

                     print("numberRamanBack",numBackSpectra) 

                     print("     ")     

                 if key=='RamanSpectra':    

                     RamanSpectra=mat_contents[key] 

                     numSpectra=RamanSpectra.size 

                      

                     print("____________Spectra_____________")    

                     print("number of spectra=",numSpectra) 

                     print("     ")     
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             corrFactor=round((520.5-cal_peak_val),1) 

             print("correction factor", corrFactor)  

             col_name=["Wavenumber"] 

             # for Raman spectra - then repeat for background 

             for spec in range(numSpectra): 

                data=RamanSpectra[0,spec] 

                lnData=len(data) 

                colName="Data"+str(spec+1) 

                 

                col_name.append(colName)     

                data_x=data[:,0]+corrFactor 

                data_y=data[:,1] 

                 

                #translate in y  so min value=0 

                data_y_min=np.amin(data_y) 

                data_y=data_y-data_y_min 

                 

                if data_x[0]>data_x[-1]: 

                   #print("inverting data",spec) to make low to high wavenumber 

                   data_x=data_x[::-1] 

                   data_y=data_y[::-1] 

                 

               #take x data to 1 dp 

                test_x=np.round(data_x,decimals=1) 

                 

                 

                if spec==0:         

                #write x,y     

                    dataArray=np.column_stack((data_x,data_y)) 

                    xnew,ynew=self.spliInt(spec) 
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                    dataSplineArray=np.column_stack((xnew,ynew)) 

                else: 

                #write y                     

                    dataArray=np.column_stack((dataArray,data_y)) 

                    xnew,ynew=self.spliInt(spec) 

                    dataSplineArray=np.column_stack((dataSplineArray,ynew)) 

 

             #  create data frame at end from the arrays - this stops fragmentation 

             df= pd.DataFrame(dataArray)  

             df2= pd.DataFrame(dataSplineArray)  

             df.columns=col_name 

             df2.columns=col_name 

             df2=df2.round(1)         

             #print(df) 

              

              

             df3 = pd.DataFrame() 

             df3=df2.copy(deep=True)  

             flag="showAll" 

             ncols=numSpectra 

              

             x=df2["Wavenumber"] 

             df2['mean'] = df2.iloc[:, 1:ncols].mean(axis=1) 

             df2['std'] = df2.iloc[:, 1:ncols].std(axis=1) 

              

             y=df2['mean'] 

             dy=df2["std"] 

             self.dataplot(x,y,dy,fileCount) 

             print(df2) 
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             #determine outliers 

             col_name=df2.columns 

             #print(col_name) 

             # calc area under curve using skilearn auc function 

             meanArea=round(auc(x,y),2) 

             MessString="Area under mean = "+str(meanArea)+"\n"           

             self.textEdit.insertPlainText(MessString) 

              

             #find outlier spectra 

             colArea=[] 

             iCount=[] 

             I=0 

             for col in col_name: 

                 if col=="Wavenumber": 

                     x=df2.Wavenumber 

                 elif col=="mean": 

                     pass 

                 elif col=="std": 

                     pass 

                 else: 

                     I=I+1 

                     y=df2[col] 

                     newArea=abs(round(auc(x,y)-meanArea,2)) 

                     colArea.append(newArea) 

                     iCount.append(I) 

             areaArray=np.column_stack((iCount,colArea))          

             #print (areaArray) 

             print(" ") 

             sortedArr = areaArray[areaArray[:,1].argsort()]    
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             print("______ Sorted_____") 

             sortedArr=sortedArr[::-1] 

             print (sortedArr)   

              

             #show 3 largest to zap 

              

             out_first=sortedArr[[0]] 

             out_first=int(np.take(out_first,0)) 

              

             print("first=",out_first) 

             first="Data"+str(out_first) 

             y2=df2[first] 

             self.dataplot2(x,y2,fileCount) 

             MessString="Outlier = "+str(out_first)+"\n"           

             self.textEdit.insertPlainText(MessString) 

              

 

 

          

             

    def spliInt(self,spect): 

         spect=spect+1 

         #Spline Interpolation  

         x=dataArray[:,0] 

         y=dataArray[:,spect]                  

         xStart=2*round(x[0]/2);xEnd=2*round(x[-1]/2)#1947 

        # print("xstart,xstop",xStart,xEnd)           

         s=interpolate.InterpolatedUnivariateSpline(x, y) 

         xnew=np.arange(xStart,xEnd,0.5) #+ corrFactor 

         ynew=s(xnew)          
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         xnew=xnew[::-1] 

         ynew=ynew[::-1] 

         return xnew,ynew        

            

#23456        

    def dataplot(self,x,y,dy,fileCount): 

        #Average Data  

         

        if fileCount==1: 

            self.canvas.axes.cla() 

            self.canvas.axes.set_xlabel("Wavenumber (cm-1)",fontsize=12) 

            self.canvas.axes.set_ylabel("Intensity (arb. units)",fontsize=12) 

            self.canvas.axes.set_title("Raman Spectra",fontsize=14)  

        #offset_ratio=1.5    

        #y=y+(fileCount*offset_ratio)    # offset spectra 

        pcol=color_by_name[fileCount-1]         

        self.canvas.axes.plot( x,y,color=pcol,linewidth=1.5,linestyle='-',alpha=1.0)   

        self.canvas.axes.fill_between(x,y+dy,y-dy,facecolor=pcol,linewidth=1.5,alpha=0.4)   

         

        cb2=self.checkBox_2.isChecked() 

        if cb2==True: 

            self.canvas.axes.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 

        #self.canvas.axes.legend()     

        self.canvas.draw ()  

         

    def dataplot2(self,x,y,fileCount): 

        #Average Data  

         

        if fileCount==1: 

            self.canvas.axes2.cla() 
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            self.canvas.axes2.set_xlabel("Wavenumber (cm-1)",fontsize=12) 

            self.canvas.axes2.set_ylabel("Intensity (arb. units)",fontsize=12) 

            self.canvas.axes2.set_title("Raman Spectra",fontsize=14)  

         

           

        pcol=color_by_name[3]         

        self.canvas.axes.plot( x,y,color=pcol,linewidth=1.5,linestyle='-',alpha=1.0)   

        

         

        cb2=self.checkBox_2.isChecked() 

        if cb2==True: 

            self.canvas.axes2.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 

        #self.canvas.axes.legend()     

        self.canvas.draw ()    

         

    def dataplot3(self,x,y,dy): 

        #Average Data  

                 

        self.canvas.axes2.cla() 

        self.canvas.axes2.set_xlabel("Wavenumber (cm-1)",fontsize=12) 

        self.canvas.axes2.set_ylabel("Intensity (arb. units)",fontsize=12) 

        self.canvas.axes2.set_title("Raman Spectra after Zapping",fontsize=14)  

         

        pcol=color_by_name[fileCount-1]         

        self.canvas.axes2.plot( x,y,color=pcol,linewidth=1.5,linestyle='-',alpha=1.0)   

        self.canvas.axes2.fill_between(x,y+dy,y-dy,facecolor=pcol,linewidth=1.5,alpha=0.4)   

         

        cb2=self.checkBox_2.isChecked() 

        if cb2==True: 

            self.canvas.axes2.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 
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        #self.canvas.axes.legend()     

        self.canvas.draw ()     

         

         

         

         

         

         

#23456           

    def clearAll(self): 

        print("Quit") 

        app.quit()     

           

    def end(self): 

        print("Quit") 

        app.quit() 

         

         

if __name__=="__main__": 

    app=QtWidgets.QApplication(sys.argv) 

    w=MainWindow() 

    w.show() 

    app.exec_() 
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RamanPreProcessing_4.py 
 

"" 

import numpy as np 

 

import sys  

import pandas as pd 

 

from PyQt5 import uic 

from PyQt5 import QtWidgets 

from PyQt5.QtWidgets import ( QFileDialog,QMainWindow) 

 

import matplotlib 

matplotlib.use('Qt5Agg') 

from scipy.signal import savgol_filter 

from matplotlib.figure import Figure  

from matplotlib.backends.backend_qt5agg import (NavigationToolbar2QT as 

NavigationToolbar) 

from matplotlib.backends.backend_qt5agg import FigureCanvasQTAgg as FigureCanvas 

 

from BaselineRemoval import BaselineRemoval   

from scipy import sparse 

from scipy.sparse.linalg import spsolve 

 

 

 

class MplCanvas(FigureCanvas): 

    def __init__(self,parent=None,width=5,height=4,dpi=300): 

                

        fig = Figure(figsize=(width, height), dpi=dpi)          
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        self.axes = fig.add_subplot(211)             

        self.axes2 = fig.add_subplot(212)                                      

        fig.tight_layout(pad=5) 

        #print ('in canvas') 

        super().__init__(fig)  

        #super(MplCanvas(),self).__init__(fig) 

 

class MainWindow(QMainWindow):       

             

    def __init__(self):      

        super().__init__()       

        QMainWindow.__init__(self)   

        self.ui=uic.loadUi('Raman_Processing_GUI.ui',self)    

        self.show() 

         

         

        global fileCount,MessString,df2,dframe,classDict, cols, cols2,color_by_name 

        color_by_name=['tab:blue','tab:orange','tab:green','tab:red','tab:purple', 

                  'tab:brown','tab:pink','tab:gray','tab:olive','tab:cyan'] 

        classDict={} # used to store data and labels 

                

        fileCount=0 # number of classes / different tyoes of cell / material 

        MessString="Report:" 

        

        self.setWindowTitle("Raman Processing") 

        self.pushButton_3.clicked.connect(lambda:self.getfiles())  

         

        #limits for truncate 

         

        self.pushButton_8.clicked.connect(lambda:self.truncate())         
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        self.pushButton_7.clicked.connect(lambda:self.preview_baseline()) 

        self.pushButton_5.clicked.connect(lambda:self.apply_to_all()) 

        self.pushButton_6.clicked.connect(lambda:self.preview_smooth()) 

        self.pushButton_9.clicked.connect(lambda:self.smooth_all())         

        self.spinBox_3.valueChanged.connect(lambda:self.preview_smooth())  

        self.spinBox_8.valueChanged.connect(lambda:self.preview_smooth())          

        self.pushButton.clicked.connect(lambda:self.normalise()) 

        self.pushButton_2.clicked.connect(lambda:self.mean_sd())         

        self.pushButton_4.clicked.connect(lambda:self.save()) 

       

     

         

        # Message box 

        MessString="Files Loaded (and colour)\n"           

        self.textEdit.setPlainText(MessString) 

         

        # plot set-up 

        self.canvas=MplCanvas(self, width=8, height=9, dpi=100)         

        self.ui.verticalLayout_2.addWidget(self.canvas)       

        self.navi_toolbar = NavigationToolbar(self.canvas, self) #createa navigation toolbar for 

our plot canvas 

        self.verticalLayout_2.addWidget(self.navi_toolbar) 

         

        # it is functional but certain elements not yet implemented - eg dark mode, toggling 

grids, saving outputs 

        

     

    def save(self):     

    #fname=fnam+"analysed" 

        temp=fnam 
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        print("old file name",temp) 

        temp2=temp.replace('raw', 'analysed') 

        print("new file name",temp2) 

         

        df4.to_csv(temp2,index=False) 

        text=str(temp2)    

        self.textEdit.setPlainText(str(text))        

     

 

 

     

     

    def mean_sd(self): 

        df4['mean'] = df4.iloc[:, 1:ncols].mean(axis=1) 

        df4['SD1'] = df4.iloc[:, 1:ncols].std(axis=1) 

        x=df4.Wavenumber 

        y=df4['mean'] 

        dy=df4['SD1'] 

        flag=3 

        self.dataplot3(x,y,dy,flag) 

         

    

    def normalise (self):   

        # zoom in to noise and to sharp peak to optimize smooth without reducing peak height 

significantly 

        print("in normalise")      

        xval=self.doubleSpinBox_2.value() # get value to normalise 

        xpos=(df4[df4["Wavenumber"]==xval].index.values) 

        xpos=np.take(xpos,0) 
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        text="Normalised against peak at "+ str(xval)+" (cm-1) \n" 

        print(text) 

        self.textEdit.setPlainText(text) 

         

         

        for coln in col_name: 

            if coln=='Wavenumber': 

                pass 

            else: 

                y=df4[coln] 

                ynorm=y[xpos] 

                #print("x,ynorm",xpos,ynorm) 

                 

                ynew=y/ynorm 

                df4[coln]=ynew 

        self.dataplot(df4) 

        

         

        

         

    def preview_smooth(self):   

        # zoom in to noise and to sharp peak to optimize smooth without reducing peak height 

significantly 

        print("in smooth preview")   

        polynom=self.spinBox_3.value()     # polynomial 

        wind=self.spinBox_8.value()         # window 

        print("poly= ",polynom,"window= ",wind, "(w/p)=", str(wind/polynom)) 

         

        x=df3["Wavenumber"] 

        y=df3["Data1"] 
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        flag=0 

        self.dataplot2(x,y,flag)  

         

        Iny_SGS = savgol_filter(y, wind, polynom) # window size 51, polynomial order 3 

        flag=1 

        self.dataplot2(x,Iny_SGS,flag)            

         

    def smooth_all(self):       

        global df4 

        print("in smooth all")   

        polynom=self.spinBox_3.value()     # polynomial 

        wind=self.spinBox_8.value()  # window 

        text="Smooth: poly= "+str(polynom)+" window= "+str(wind)+ " (w/p)= "+ 

str(wind/polynom)+"\n" 

        print(text) 

        

        self.textEdit.setPlainText(text) 

         

        df4 = pd.DataFrame()# put smoothed data here 

         

         

        for col in col_name: 

           if col=="Wavenumber": 

               x=df3.Wavenumber 

               df4[col]=x 

           else: 

               y=df3[col]   

               Iny_SGS = savgol_filter(y, wind, polynom) # typical window size 15, polynomial 

order 2  note higher w/p ratio gives stronger smoothing 

               df4[col]=Iny_SGS 
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        #show effect for smoothing on a single spectrum 

        x=df4["Wavenumber"] 

        y=df4["Data1"] 

        flag=0 

        self.dataplot2(x,y,flag)  

        flag=1 

        x=df3["Wavenumber"] 

        y=df3["Data1"] 

        self.dataplot2(x,y,flag)  

         

         

         

         

         

         

         

    def preview_baseline(self): 

        #first pick method from combo box 

        choice=self.comboBox.currentIndex() 

        choice_txt=self.comboBox.currentText() 

        txt="baseline choice= "+ choice_txt+"\n" 

        print(txt)             

        self.textEdit.insertPlainText(txt) 

         

         

        # plot average and work out best base line then apply to all 

         

        x=df2["Wavenumber"]        

        y = df2.iloc[:, 1:ncols].mean(axis=1) 
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        flag=0 

        self.dataplot2(x,y,flag) 

    

        if choice==0: 

            #ALS fit 

            #Asymmetric Least Squares Smoothing" by P. Eilers and H. Boelens in 2005.  

             

            txt="Asymmetric Least Square \n" 

            print(txt)             

            self.textEdit.insertPlainText(txt) 

            

            self.textEdit.insertPlainText("uses spin box values N, lambda, and p \n") 

             

            

            lam=self.spinBox_6.value() 

            p=self.doubleSpinBox.value() 

            niter=self.spinBox_5.value() 

            lam=(lam*1000)+1E3 

            p=p/1000 

            print("n. iterations=", niter," lambda=",lam, " p= ",p) 

            y_base=self.baseline_als_optimized(y, lam, p, niter) 

            y_res=y-y_base 

            flag=1 

            self.dataplot2(x,y_base,flag) 

            flag=2 

            self.dataplot2(x,y_res,flag) 

         

        if choice==1: 

            #IMOD poly 

            #IMOD fit 
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            p=int(self.doubleSpinBox.value()) 

            if p<2: 

                p=2 

                #dont let p be less than 2 

            niter=10*self.spinBox_5.value()    

             

             

            grad=0.001 

            txt="IMOD Poly (degree, iterations, gradient) = "+str(p)+" "+str(niter)+" " +str(grad)+" 

\n" 

            print(txt)             

            self.textEdit.insertPlainText(txt) 

            baseObj=BaselineRemoval(y) 

            y_res=baseObj.IModPoly(degree=p,repitition=niter,gradient=grad) 

            y_base=y-y_res 

            flag=1 

            self.dataplot2(x,y_base,flag) 

            flag=2 

            self.dataplot2(x,y_res,flag) 

         

         

        if choice==2: 

             #Zhang 

            txt="Zhang \n" 

            print(txt)             

            self.textEdit.insertPlainText(txt) 

            

            self.textEdit.insertPlainText("uses spin box values N, lambda \n")  

             

            niter=self.spinBox_5.value() 
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            lam=self.spinBox_6.value() 

             

            baseObj=BaselineRemoval(y) 

            y_res=baseObj.ZhangFit(lambda_=lam, porder=1, repitition=niter) 

            y_base=y-y_res 

            flag=1 

            self.dataplot2(x,y_base,flag) 

            flag=2 

            self.dataplot2(x,y_res,flag) 

             

             

             

   

         

         

#2345         

    def apply_to_all(self):   

        global df3 

        temp_array=df2.to_numpy() 

        x=df2["Wavenumber"]   

         

        choice=self.comboBox.currentIndex()  

        if choice==0: #ALS fit 

            lam=self.spinBox_6.value() 

            p=self.doubleSpinBox.value() 

            niter=self.spinBox_5.value() 

            lam=(lam*1000)+1E3 

            p=p/1000 

                         

            #x=df2["Wavenumber"]   
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            temp_array[:,0]=x             

            for i in range(1,ncols):                     

                    y=temp_array[:,i] 

                    yb=self.baseline_als_optimized(y, lam, p, niter) 

                    yr=y-yb 

                    temp_array[:,i]=yr 

            #create new dataframe of baseline corrected spectra         

            df3= pd.DataFrame(temp_array)  

            df3.columns=col_name 

            outText="Parameters: N;lambda; poly "+str(niter)+";"+ str(lam)+"; "+str(p)+" \n" 

             

            self.textEdit.setPlainText(outText) 

            self.dataplot(df3) 

             

        if choice==1: 

            #IMOD poly 

            #IMOD fit 

            p=int(self.doubleSpinBox.value()) 

            if p<2: 

                p=2 

                #dont let p be less than 2 

            niter=10*self.spinBox_5.value()    

             

             

            grad=0.001 

            txt="IMOD Poly (degree, iterations, gradient) = "+str(p)+" "+str(niter)+" " +str(grad)+" 

\n" 

            print(txt)             

            self.textEdit.insertPlainText(txt) 

            temp_array[:,0]=x 
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            for i in range(1,ncols):                     

                    y=temp_array[:,i] 

                    baseObj=BaselineRemoval(y) 

                    yr=baseObj.IModPoly(degree=p,repitition=niter,gradient=grad) 

                    temp_array[:,i]=yr 

                 #create new dataframe of baseline corrected spectra         

            df3= pd.DataFrame(temp_array)  

            df3.columns=col_name 

            self.dataplot(df3) 

         

        if choice==2: #Zhang 

            niter=self.spinBox_5.value() 

            lam=self.spinBox_6.value() 

            temp_array[:,0]=x 

            for i in range(1,ncols):                     

                    y=temp_array[:,i] 

                    baseObj=BaselineRemoval(y) 

                    yr=baseObj.ZhangFit(lambda_=lam, porder=1,repitition=niter) 

                    temp_array[:,i]=yr 

                 #create new dataframe of baseline corrected spectra         

            df3= pd.DataFrame(temp_array)  

            df3.columns=col_name 

            outText="Parameters: N;lambda; poly "+str(niter)+";"+ str(lam)+"; "+str(1)+" \n" 

             

            outText="Baseline: Zhang  \n" 

            self.textEdit.setPlainText(outText) 

            self.dataplot(df3) 
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    def baseline_als_optimized(self, y, lam, p, niter): 

          L = len(y) 

          D = sparse.diags([1,-2,1],[0,-1,-2], shape=(L,L-2)) 

          D = lam * D.dot(D.transpose()) # Precompute this term since it does not depend on 

`w` 

          w = np.ones(L) 

          W = sparse.spdiags(w, 0, L, L) 

          for i in range(niter): 

              W.setdiag(w) # Do not create a new matrix, just update diagonal values 

              Z = W + D 

              z = spsolve(Z, w*y) 

              w = p * (y > z) + (1-p) * (y < z) 

          return z            

         

         

        

    def truncate(self):      

         global df2,outText 

         xmin=self.spinBox.value() 

         xmax=self.spinBox_2.value() 

         print("truncate between limits",xmin,xmax)           

         MessString="Truncated between "+str(xmin)+" and "+str(xmax)+"\n"                    
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         self.textEdit.setPlainText(str(MessString)) 

         

         imin=(df[df["Wavenumber"]==xmin].index.values) 

         imax=(df[df["Wavenumber"]==xmax].index.values) 

         imin=np.take(imin,0) 

         imax=np.take(imax,0) 

         x=df['Wavenumber'] 

         newData=df.loc[imax:imin]    

         df2 = pd.DataFrame(newData)  

         df2.reset_index(drop=True, inplace=True) 

          

         self.dataplot(df2) 

         

         

              

         

    def getfiles(self):         

       global data,col_name,df,ncols,fnam,flag,outText 

         

       dlg = QFileDialog()    

       dlg.setNameFilter('(*.csv)') 

       dlg.setFileMode(QFileDialog.AnyFile) 

       fileNameList=[] 

     

      

       if dlg.exec_(): 

            filenames = dlg.selectedFiles() 

            fnam=filenames[0] 

             



 
 

173 
 

            # get file & path name  (might only work for Mac i.e need to change separator?) i.e. if 

windows use "\" 

            sep="/" 

            fnamLen=len(fnam) 

            lastSep=fnam.rfind(sep) 

            #pathName=fnam[:lastSep+1] 

            fileName=fnam[lastSep+1:fnamLen]   

             

             

            outText="File: "+str(fileName)+"\n" 

            self.textEdit.setPlainText(outText) 

             

            data= pd.read_csv (filenames[0])         

            ncols=len(data.columns)      

            print("number of columns=",ncols) 

            col_name=[] 

            df = pd.DataFrame(data) #create pandas dataframe called data 

         

         # name the columns as wavenumber or data : first create a list of names then add to 

data frame 

       for i in range(ncols): 

            if i==0: 

                col_name.append('Wavenumber')       

            else: 

                col_name.append("Data"+str(i)) 

     

       df.columns=col_name  # add column names into df 

       print(df) 

       

       self.dataplot(df) 
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       x=df["Wavenumber"] 

       xmax=int(max(x)) 

       xmin=int(min(x)) 

       print(xmin,xmax) 

        

       self.spinBox.setValue(xmin) 

       self.spinBox_2.setValue(xmax) 

              

                 

     

        

     

    def dataplot2(self,x,y,flag): 

       

        pcol=color_by_name[flag]     

        if flag==0: 

            print("in flag ==0") 

            self.canvas.axes.cla() 

            self.canvas.axes.set_xlabel("Wavenumber (cm-1)",fontsize=12) 

            self.canvas.axes.set_ylabel("Intensity (arb. units)",fontsize=12) 

            self.canvas.axes.set_title("Raman Spectra",fontsize=14)  

            pcol=color_by_name[flag]     

            self.canvas.axes.plot( x,y,color=pcol,linewidth=1.5,linestyle='-',alpha=1)   

                        

        elif flag==1: 

            print("in flag ==1") 

            pcol=color_by_name[flag]     

            self.canvas.axes.plot( x,y,color=pcol,linewidth=1,linestyle='--',alpha=1)   

        elif flag==2: 
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            pcol=color_by_name[flag-1]     

            self.canvas.axes.plot( x,y,color=pcol,linewidth=1.5,linestyle='-',alpha=1)   

             

             

        cb2=self.checkBox_2.isChecked() 

        if cb2==True: 

            self.canvas.axes.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 

         

        self.canvas.draw () 

         

        

     

    def dataplot(self,df): 

        #Average Data  

               

        self.canvas.axes.cla() 

        self.canvas.axes.set_xlabel("Wavenumber (cm-1)",fontsize=12) 

        self.canvas.axes.set_ylabel("Intensity (arb. units)",fontsize=12) 

        self.canvas.axes.set_title("Raman Spectra",fontsize=14)  

         

        pcol=color_by_name[0]     

        for col in col_name: 

            if col=="Wavenumber": 

                x=df.Wavenumber 

            else: 

                y=df[col]                    

                self.canvas.axes.plot( x,y,color=pcol,linewidth=1.5,linestyle='-',alpha=.5)   

           

         

        cb2=self.checkBox_2.isChecked() 
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        if cb2==True: 

            self.canvas.axes.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 

        #self.canvas.axes.legend()     

        self.canvas.draw () 

         

         

    def dataplot3(self,x,y,dy,flag): 

        #Average Data  

        pcol=color_by_name[flag]     

        

        self.canvas.axes2.cla() 

        self.canvas.axes2.set_xlabel("Wavenumber (cm-1)",fontsize=12) 

        self.canvas.axes2.set_ylabel("Intensity (arb. units)",fontsize=12) 

        self.canvas.axes2.set_title("Raman Spectra ",fontsize=14)        

        self.canvas.axes2.plot( x,y,color=pcol,linewidth=1.5,linestyle='-',alpha=1.0)   

        self.canvas.axes2.fill_between(x,y+dy,y-dy,facecolor=pcol,linewidth=1.5,alpha=0.4)   

         

         

        cb2=self.checkBox_2.isChecked() 

        if cb2==True: 

            self.canvas.axes2.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 

        #self.canvas.axes.legend()     

        self.canvas.draw ()     

     

     

         

     

         

if __name__=="__main__": 

    app=QtWidgets.QApplication(sys.argv) 
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    w=MainWindow() 

    w.show() 

    app.exec_() 

 

  



 
 

178 
 

RamanPCA_5.py 
 

""" 

Created on 15/4/2023  - PCA Analysis of Raman Spectra 

 

Files input are analysed.csv files  

 

1) read in  multiple CSV files - one at a time (though could be changed to read all at once 

quite easily) these should be files that are "analyzed" 

2) display data - the 'mean' data column for each data class displayed 

3) truncate data so that all spectra cover the same wavenumber regime and cover the 

regions of interest 

4) perform SNV  

5) PCA anaylsis using sk learn 

 

6) display outputs 

7) save in way suitable for publication - can produce tiff or other format output directly 

clicking on navigation bar 

at the bottom of the plots - this also allows change colours. lines, etc  

 

Use PyQT & pyqtgrpah as framework for program & displays - could be altered for Matplot 

lib  which would give better histograms 

 

@author: stephenevans 

 

""" 

import numpy as np 

 

import sys  

import pandas as pd 

#import pyqtgraph as pg 
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#from PyQt5.QtCore import Qt  

#from pyqtgraph.Qt import QtCore, QtGui,QtWidgets 

from PyQt5 import uic 

from PyQt5 import QtWidgets 

from PyQt5.QtWidgets import ( QFileDialog,QMainWindow) 

 

import matplotlib 

matplotlib.use('Qt5Agg') 

import scipy.stats as st 

 

from matplotlib.figure import Figure  

from matplotlib.backends.backend_qt5agg import (NavigationToolbar2QT as 

NavigationToolbar) 

from matplotlib.backends.backend_qt5agg import FigureCanvasQTAgg as FigureCanvas 

from matplotlib.pyplot import cm 

 

matplotlib.rcParams['savefig.dpi'] = 600  # sets resolution for saving file (nb tiff can be very 

large - but high quality at this setting) 

#from PyQt5.QtWidgets import QApplication, QMainWindow 

 

 

from sklearn.decomposition import PCA  

#from sklearn.discriminant_analysis import LinearDiscriminantAnalysis 

#from sklearn.preprocessing import StandardScaler 

#from sklearn import svm 

#from sklearn.cluster import KMeans 

#from sklearn.model_selection import train_test_split, cross_val_score 

#from collections import Counter 

#import matplotlib  
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class MplCanvas(FigureCanvas): 

    def __init__(self,parent=None,width=5,height=4,dpi=300): 

                

        fig = Figure(figsize=(width, height), dpi=dpi)          

        self.axes = fig.add_subplot(221)     

         

        self.axes2 = fig.add_subplot(222)          

        self.axes3 = fig.add_subplot(223,projection='3d')    # for 3D plot  

        #self.axes3 = fig.add_subplot(223)     # for 2D plot 

        self.axes4 = fig.add_subplot(224)   

                             

        fig.tight_layout(pad=5) 

        #print ('in canvas') 

        super().__init__(fig)  

        #super(MplCanvas(),self).__init__(fig) 

 

class MainWindow(QMainWindow):       

             

    def __init__(self):      

        super().__init__()       

        QMainWindow.__init__(self)   

        self.ui=uic.loadUi('Raman_PCA_GUI.ui',self)    

        self.show() 

         

         

        global fileCount,MessString,df2,dframe,classDict, cols, 

cols2,color_by_name,c_map_by_name 
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        color_by_name=['cyan','deeppink','orange','purple','green', 

               'deepred','deeppink','sienna'] 

        c_map_by_name=["Reds","Greens", "Blues","Purples","Greys","RdPu"] 

        classDict={} # used to store data and labels 

                

        fileCount=0 # number of classes / different tyoes of cell / material 

        MessString="Report:" 

        

        global pointSize,transp,barWidth 

        pointSize=100 

        transp=0.4 

        barWidth=0.25 

         

        self.setWindowTitle("PCA Analysis") 

        self.pushButton_3.clicked.connect(lambda:self.getfiles())  

        self.pushButton_5.clicked.connect(lambda:self.pca_fit()) 

        self.pushButton_2.clicked.connect(lambda:self.clearAll()) 

        self.pushButton_8.clicked.connect(lambda:self.truncate()) 

     

     

        self.spinBox.valueChanged.connect(lambda:self.valueChange) 

        self.spinBox_2.valueChanged.connect(self.valueChange) 

        self.spinBox_3.valueChanged.connect(self.num_comp_PCA) 

         

         

        # changed axis so PC1 is on x-axis 

        self.spinBox_5.setValue(2) 

        self.spinBox_6.setValue(1) 

        self.spinBox_5.valueChanged.connect(self.pca_fit) 

        self.spinBox_6.valueChanged.connect(self.pca_fit) 
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        # Message box 

        MessString="Files Loaded (and colour)\n"           

        self.textEdit.insertPlainText(MessString) 

         

        self.spinBox_8.valueChanged.connect(self.plotParams) 

        self.doubleSpinBox.valueChanged.connect(self.plotParams) 

        self.doubleSpinBox_2.valueChanged.connect(self.plotParams) 

         

        #self.checkBox_6.setChecked(False) 

        #self.checkBox_6.toggled.connect(self.bgndChange) 

 

        # plot set up 

        self.canvas=MplCanvas(self, width=8, height=9, dpi=100)         

        self.ui.verticalLayout_2.addWidget(self.canvas)       

        self.navi_toolbar = NavigationToolbar(self.canvas, self) #createa navigation toolbar for 

our plot canvas 

        self.verticalLayout_2.addWidget(self.navi_toolbar) 

         

        # it is functional but certain elements not yet implemented - eg dark mode, toggling 

grids, saving outputs 

         

         

      

         

    def plotParams(self):  

        global pointSize,transp,barWidth             

        barWidth=self.doubleSpinBox_2.value() 

        pointSize=self.spinBox_8.value() 

        transp=self.doubleSpinBox.value() 
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        print("point=",pointSize," : Bar width=",barWidth," aplha=",transp)  

         

    def clearAll(self): 

        self.canvas.axes.cla() 

        self.canvas.axes2.cla() 

        self.canvas.axes3.cla() 

        self.canvas.axes4.cla() 

        self.canvas.draw () 

        self.pushButton_8.setEnabled(True)            

        dfSNV=[]     

        df2=[] 

        df_temp=[] 

        fileCount=0  

        fileNameList=[] 

        df=[] 

        # need to clear all relevant data - at present best to simply re-run program 

        

    def truncate(self):      

         global XvaluesTrunc          

         xlowerLimit=self.spinBox.value()             

         xupperLimit=self.spinBox_2.value()    

         print("truncate between limits",xlowerLimit,xupperLimit)  

          

         #data prep truncate for all data have same stop and start 

         #print("Dictionary=\n",classDict.keys()) 

         df_temp=pd.DataFrame() 

          

         for ky in classDict: 

             df_temp = classDict[ky] 

             alldataArray=[] 
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             col_name=df_temp.columns 

             wnbr="Wavenumber" 

              

             #find indices of upper and lower limits                 

             imin=(df_temp[df_temp[wnbr]==xlowerLimit].index.values) 

             imax=(df_temp[df_temp[wnbr]==xupperLimit].index.values) 

          

             imin=np.take(imin,0) 

             imax=np.take(imax,0)     

             print("") 

             #print("data set:",ky,imin,imax) 

               

             # create series / array of truncated x values  

             XvaluesTrunc=xFullSpectrum.truncate(imax,imin-1,copy=False); 

             XvaluesTrunc.reset_index(drop=True, inplace=True)             

             newData=df_temp.iloc[imax:imin,:]            

             newData=newData.drop(['Wavenumber'], axis=1) 

             # could use iloc[imax:imin,1:] instead of dropping Wavenumber 

               

             newData.reset_index(drop=True, inplace=True) 

             #print("new Data.head",newData.head) 

          

             #replace the old dataframe with new truncated dataframe 

             classDict[ky]=newData 

              

         #plot new truncated dataframe - plots mean of the SNV normalised data for each class 

         counter=0   

         for ky in classDict: 

             counter=counter+1 
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             df_temp_new = classDict[ky] 

             ncols=len(df_temp_new) 

             x= XvaluesTrunc                         

             y = df_temp_new.iloc[:, 1:ncols].mean(axis=1)# calc mean for plotting   

             dy=df_temp_new.iloc[:, 1:ncols].std(axis=1) 

             self.dataplot(x,y,dy,counter)     

         self.pushButton_8.setEnabled(False)   # truncate only allowed once  

        # could add reset button and allow re-truncate? 

         

    def valueChange(self):   

        # values for truncate 

         global xlowerLimit,xupperLimit 

         s=self.spinBox.value()        

         sb1_val=s     

         xlowerLimit=sb1_val 

         sb2_val=self.spinBox_2.value()            

         xupperLimit=sb2_val 

         #print("truncate region limits",xlowerLimit,xupperLimit) 

          

    def num_comp_PCA(self):    

             global numPCA_components 

             sb3_val=self.spinBox_3.value()            

             numPCA_components=sb3_val 

              

       

         

    def pca_fit(self): 

        global XvaluesTrunc,alldataArray         

        numPCA_components=self.spinBox_3.value()   
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        print("In PCA") 

        print("number of components=",numPCA_components) 

        alldataArray=[] 

        count=0;counter=0 

         

        for ky in classDict: 

            count=count+1 

            df_temp_new = classDict[ky] 

            col_name=df_temp_new.columns 

            

            ncols=len(col_name) 

             

            lbl=count*np.ones((ncols,1),dtype=int) #add labels to array to allow classification 

            #print(lbl.shape) 

            temp_array=df_temp_new.to_numpy() # convert from df to np array 

             

            temp_array=temp_array.T   #transpose array so spectra are in rows  

             

            #add labels (nb (shape= (num spectra, no spectral point + 1 point for lable))) 

            temp_array=np.hstack((lbl, temp_array))             

            print("Label / class",ky," shape",temp_array.shape) 

             

            # add all data in one large array for PCA & LDA 

            if count==1: 

                alldataArray=temp_array 

            else: 

                alldataArray=np.concatenate((alldataArray, temp_array)) 

                 

            lab = alldataArray[:,0].astype('uint8') # get labels 
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        # perfprm PCA with top n_components 

        skpca1=PCA(n_components=numPCA_components)    

        X1=skpca1.fit(alldataArray[:,1:]) # ignore labels in col 0 

         

         

        expl_var_1=X1.explained_variance_ratio_ 

        

        # plot variance explained (from PCA) 

        xpos=range(1,numPCA_components+1,1) 

        counter=1# set colour  

        self.dataplot2(xpos,expl_var_1,counter) 

         

         

        # plot cummulative varience 

        counter=2 # just to change colour  

        ypos=np.cumsum(expl_var_1)        

        self.dataplot2(xpos,ypos,counter) 

         

         

         

        # find unique labels (classes of data) 

        unique=list(set(lab)) 

        #print("class identifiers (labels)",unique) 

         

        # obtain PCA components to make scatter plot  

        #num_components=4 

        skpca2 = PCA(n_components=numPCA_components) 

        Xt2 = skpca2.fit_transform(alldataArray[:,1:]) 
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        #print("shape of Xt2=", Xt2.shape) 

        

         

        xi=[];yi=[] 

        #choose PCAs to show 

        pca_x=(self.spinBox_6.value())-1   

        pca_y=(self.spinBox_5.value() )-1  

        pca_z=(self.spinBox_7.value() )-1  

         

        y_lbl="PC"+str(pca_y+1) 

        x_lbl="PC"+str(pca_x+1) 

        z_lbl="PC"+str(pca_z+1) 

        print("PC show=",pca_x,pca_y, pca_z) 

         

        #column in Xt2[[j,0]    provides the PCA componet - colm 0 shown here is PCA 1   

        # these are plotted as a function of class /label 

         

         

        for i,u in enumerate(unique): 

            

            xi = [Xt2[j,pca_x] for j in range(len(Xt2[:,0])) if lab[j] == u]  #xi = PCA 1 

              

            yi = [Xt2[j,pca_y] for j in range(len(Xt2[:,1])) if lab[j] == u]   #yi= PCA2    

             

            zi = [Xt2[j,pca_z] for j in range(len(Xt2[:,2])) if lab[j] == u]   #yi= PCA3  

             

             

             

            # plot 3D 

            self.scattplot2(xi,yi,zi,i,x_lbl,y_lbl,z_lbl,u) 
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            # plot 2D 

            fig4_plot=self.comboBox.currentIndex()   

            if fig4_plot==2: 

                if self.checkBox_4.isChecked()==True: 

                    self.scattplot(xi,yi,i,x_lbl,y_lbl,u) 

                            

                if self.checkBox_3.isChecked()==True:     

                    self.contourplot(xi,yi,i,x_lbl,y_lbl) 

            elif fig4_plot==1:     

                bw=barWidth 

                bins=int((max(xi) - min(xi))/bw) 

                #print("Bins=",bins,bw) 

                freq1,x1 = np.histogram(xi,bins=bins)   

                x11=x1[:-1]     

                #print("bins",x11)                           

                self.histplot(x11,freq1,i)         

             

            xi=[];yi=[];zi=[] 

         

         

        # repeat PCA but convert into loading - i.e see each componet versus wavelength 

        skpca3 = PCA(n_components=numPCA_components) 

        components = skpca3.fit_transform(alldataArray[:,1:]) 

        loadings=skpca3.components_.T * np.sqrt(skpca3.explained_variance_) 

        #print("loadings.shape",loadings.shape) 

 

        fig4_plot=self.comboBox.currentIndex()  

        if fig4_plot==0: 

            numPCA_to_plot=self.spinBox_4.value() 

            for i in range(numPCA_to_plot): 
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                yli = [loadings[j,i] for j in range(len(loadings[:,i]))]               

                self.dataplot3(XvaluesTrunc,yli,i,numPCA_to_plot) 

         

       

        

         

       

         

    def getfiles(self):         

        global x,y,dataArray,fileCount,MessString,df2,classDict,dfSNV,xFullSpectrum 

         

        fileCount=fileCount+1  # number of different classes / sample types 

        dfname="df"+str(fileCount) #create sequential names for dataframes as read in  eg 

df1,df2,... 

        dfnameSNV="df"+str(fileCount) +"SNV"   # dataframe names for Standard Normal 

Variate eg, df1SNV,... 

        print("file number",fileCount," dataframe name",dfname)   

         

        # open file (show .csv files) 

        dlg = QFileDialog()    

        dlg.setNameFilter('(*.csv)') 

        dlg.setFileMode(QFileDialog.AnyFile) 

        fileNameList=[] 

         

       

        minX_value=self.spinBox.value()   # low wavenumber limit 

        maxX_value=self.spinBox_2.value() # high wavenumber limit 

          

         

        if dlg.exec_(): 
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            filenames = dlg.selectedFiles() 

            fnam=filenames[0] # could put all data analysed files in a folder and open in one go             

            data= pd.read_csv (filenames[0])                    

            df = pd.DataFrame(data) #create pandas dataframe called df (reading analysed.csv 

files - as produced by Raman processing program) 

             

     

            # get file & path name  (might only work for Mac i.e need to change separator?) i.e. if 

windows use "\" 

            sep="/" 

            fnamLen=len(fnam) 

            lastSep=fnam.rfind(sep) 

            #pathName=fnam[:lastSep+1]  # identify path 

            fileName=fnam[lastSep+1:fnamLen]   # identify file name 

            fileNameList.append((fileName)) 

            

            #print(df.columns) 

            # set spin box values to values that are appropriate for the data 

            x=df["Wavenumber"] 

            if x.max()<maxX_value: 

                maxX_value = int(x.max()) 

                self.spinBox_2.setValue(maxX_value)  

            if x.min()>minX_value: 

                minX_value=int(x.min()) 

                self.spinBox.setValue(minX_value)  

 

            # plot x,y summary data just to show representation of loaded data (nb could have 

also plotted smoothed data) 

            xFullSpectrum=df["Wavenumber"] # in case you need to know original spectral 

length 
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            y=df["mean"]  # get the mean value column from the data file (could also get the 

smoothed mean) 

            y_sd=df["SD1"] 

             

            #y=df["mean_smoothed"]  # get the mean value column from the data file (could 

also get the smoothed mean) 

            #y_sd=df["SD_smoothed"] 

            self.dataplot(x,y,y_sd,fileCount) # plot average spectrum from data analysed 

             

            #put file names in message window - to show which files have been loaded 

            pcol=color_by_name[fileCount-1]    #colours for plotting  

            MessString=fileName+" ("+ pcol+")"+"\n"           

            self.textEdit.insertPlainText(MessString) 

             

            # drop unused columns 

            df.drop('mean', axis=1, inplace=True) 

            df.drop('SD1', axis=1, inplace=True) 

            #df.drop('mean_smoothed', axis=1, inplace=True) 

            #df.drop('SD_smoothed', axis=1, inplace=True)             

            #print(df.columns) 

             

             

             

            # create SNV  

            col_name=df.columns 

            col_nameSNV=["Wavenumber"] 

             

            dataSNV=[]  #new dataframe 

            #calc standard normal variance 
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            # create numpy array of data and column name header then create new SNV 

dataframe 

            # this is a longwinded way and could be done using StandardScalar 

            # feat_SNV = StandardScaler().fit_transform(feat) 

           

             

            for col in col_name: 

                if col=="Wavenumber": 

                    x=df[col] 

                elif col=="mean": 

                    pass 

                elif col=="SD1": 

                    pass 

                elif col=="mean_smoothed": 

                    pass 

                elif col=="SD_smoothed": 

                    pass 

                else: 

                    newcolName=col+"_SNV" 

                     

                    col_nameSNV.append(newcolName) 

                     

                    #SNV is (data-average)/stdev  (column wise) 

                    dataSNV=(df[col]-df[col].mean())/df[col].std() 

                    if col=="Data1": 

                        dataArray_SNV=np.column_stack((x,dataSNV)) 

                    else: 

                        dataArray_SNV=np.column_stack((dataArray_SNV,dataSNV)) 

                     

            #create new data frame - without average and with SNV normalised data         
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            dfSNV = pd.DataFrame(dataArray_SNV) 

            dfSNV.columns=col_nameSNV 

            

                

            #calc mean of SNV data as a check 

            ncols=len(dfSNV.columns) 

            meanSNV =dfSNV.iloc[:, 1:ncols].mean(axis=1)  

            stdSNV= dfSNV.iloc[:, 1:ncols].std(axis=1) 

             

            # create dataframe for average/ SDev   

            """ 

            dfSNV_Average=pd.DataFrame() 

            dfSNV_Average["Wavenumber"]=x 

            dfSNV_Average["mean"]=meanSNV  

            dfSNV_Average["std"]=stdSNV 

            

            #self.dataplot(x,meanSNV,fileCount) #plots the SNV spectrum 

            """ 

            

            #add name data frame to dictionary of dataframes,  name=dfnameSNV            

            classDict[dfnameSNV]=dfSNV.copy()  

            #print("Dictionary=\n",classDict) 

             

    

    def scattplot2(self,xi,yi,zi,colcount,x_lbl,y_lbl,z_lbl,u): 

          # PCA Scores 

          

         pcol=color_by_name[colcount]    

         if colcount==0: 

             self.canvas.axes3.cla() 
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             self.canvas.axes3.set_xlabel(x_lbl,fontsize=12) 

             self.canvas.axes3.set_ylabel(y_lbl,fontsize=12) 

             self.canvas.axes3.set_zlabel(z_lbl,fontsize=12) 

             self.canvas.axes3.set_title("PCA Scores",fontsize=14)  

              

         self.canvas.axes3.scatter( xi,yi,zi,color=pcol, s=100,edgecolors='k',  alpha=transp, 

label=str(u))  

          

          

         if self.checkBox.isChecked()==True:          

             self.canvas.axes3.legend() 

         

         if self.checkBox_2.isChecked()==True: 

             self.canvas.axes3.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 

         self.canvas.draw ()   

     

               

             

    def scattplot(self,xi,yi,colcount,x_lbl,y_lbl,u): 

         # PCA Scores 

                

        pcol=color_by_name[colcount]    

        if colcount==0: 

            self.canvas.axes4.cla() 

            self.canvas.axes4.set_xlabel(x_lbl,fontsize=12) 

            self.canvas.axes4.set_ylabel(y_lbl,fontsize=12) 

            self.canvas.axes4.set_title("PCA Scores",fontsize=14)  

             

        self.canvas.axes4.scatter( xi,yi,color=pcol, s=pointSize,edgecolors='k',  alpha=transp, 

label=str(u))  
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        if self.checkBox.isChecked()==True:          

            self.canvas.axes4.legend() 

        

         

        if self.checkBox_2.isChecked()==True: 

            self.canvas.axes4.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 

        self.canvas.draw () 

     

         

    def contourplot(self,xi,yi,colcount,x_lbl,y_lbl): 

         # LDA Scores 

         

        if self.checkBox_4.isChecked()==False and colcount==0: 

            self.canvas.axes4.cla()  

            self.canvas.axes4.set_xlabel(x_lbl,fontsize=12) 

            self.canvas.axes4.set_ylabel(y_lbl,fontsize=12) 

            # if not showing points clear figure 

        xmin=min(xi) 

        xmax=max(xi) 

        ymin=min(yi) 

        ymax=max(yi) 

         

         

        xx, yy = np.mgrid[xmin:xmax:100j, ymin:ymax:100j] 

        positions = np.vstack([xx.ravel(), yy.ravel()]) 

        values = np.vstack([xi, yi]) 

        kernel = st.gaussian_kde(values) 

        f = np.reshape(kernel(positions).T, xx.shape) 
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        #pcol=color_by_name[colcount]   

        cmap=c_map_by_name[colcount] 

        """f colcount==0: 

            self.canvas.axes2.cla() 

            self.canvas.axes2.set_xlabel(x_lbl,fontsize=12) 

            self.canvas.axes2.set_ylabel(y_lbl,fontsize=12) 

            #self.canvas.axes2.set_title("LDA Scores",fontsize=14)  

        """   

        #step = 0.1 

        

        m = np.amax(f) 

        step = m/10 

        print("m=",m) 

        #levels = np.arange(0.0, m, step) + step 

        levels = np.arange(step, m, step) + step 

        self.canvas.axes4.contourf(xx, yy, f, levels, cmap=cmap, alpha=transp) 

        if self.checkBox.isChecked()==True:          

            self.canvas.axes4.legend() 

        self.canvas.draw () 

     

     

    def histplot(self,x,freq,colcount): 

        pcol=color_by_name[colcount]    

         

        if colcount==0:                      

            self.canvas.axes4.cla() 

            self.canvas.axes4.set_xlabel("PCA Scores",fontsize=12) 

            self.canvas.axes4.set_ylabel("Number of Cells",fontsize=12) 

            #self.canvas.axes4.set_title("LD Score",fontsize=14)                      
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            self.canvas.axes4.bar(x,freq,width=barWidth,bottom=None, 

align='edge',color=pcol,edgecolor='w',alpha=transp+0.1, label=str(colcount+1))                     

        else:   

            #self.canvas.axes4.set_xlabel("PCA Scores",fontsize=12) 

            self.canvas.axes4.bar(x,freq,width=barWidth,bottom=None, 

align='edge',color=pcol,edgecolor='w',alpha=transp+0.1, label=str(colcount+1)) 

         

            

         

        if self.checkBox_2.isChecked()==True: 

            self.canvas.axes4.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 

        if self.checkBox.isChecked()==True:          

             self.canvas.axes4.legend() 

        self.canvas.draw () 

             

     

     

     

     

     

     

     

    def dataplot2(self,x,y,colcount): 

        # plot varience and variance explained        

        self.canvas.axes2.set_xlabel("Principal Component",fontsize=12) 

        self.canvas.axes2.set_ylabel("Variance",fontsize=12) 

        self.canvas.axes2.set_title("Variance Explained/ Cummulative Variance",fontsize=14)  

        if self.checkBox.isChecked()==True:   

            self.canvas.axes2.legend() 
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        if colcount==1: 

            self.canvas.axes2.cla() 

            self.canvas.axes2.plot( x,y,marker='o',markerfacecolor="limegreen", 

markersize=8,color='k',  linestyle='-',alpha=1,label='Var. Expl.')  

        else:  

            self.canvas.axes2.plot( x,y,marker='o',markerfacecolor="gold", 

markersize=8,color='k',  linestyle='-',alpha=1,label='Cum. Var.')  

         

                

        self.canvas.axes2.set_ylim([-0.05, 1.05]) 

         

        if self.checkBox_2.isChecked()==True: 

            self.canvas.axes2.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 

        if self.checkBox.isChecked()==True:          

            self.canvas.axes2.legend() 

              

        self.canvas.draw () 

         

    

    def dataplot3(self,x,y,colcount,numPCA_to_plot): 

        #PC Loadings 

       nme="PC"+str(colcount+1)       

       

       if colcount==0: 

           self.canvas.axes4.cla() 

           self.canvas.axes4.set_xlabel("Wavenumber (cm-1)",fontsize=12) 

           self.canvas.axes4.set_ylabel("PC",fontsize=12) 

           self.canvas.axes4.set_title("PC Loadings",fontsize=14)  

      

       offset_ratio=1.0  
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       #y = list(np.asarray(y) + col/5) 

       y = list(np.asarray(y) + offset_ratio+colcount) 

       colors=cm.Blues(np.linspace(0.5, 1, numPCA_to_plot)) 

       pcol=colors[colcount] 

        

       #self.canvas.axes4.plot( x,y,linewidth=1.5,linestyle='-',alpha=1.0)  

       self.canvas.axes4.plot( x,y,color=pcol,linewidth=1.5,linestyle='-',alpha=1.0)  

        

       if self.checkBox_2.isChecked()==True: 

           self.canvas.axes4.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 

       #self.canvas.axes4.legend()     

       self.canvas.draw () 

        

        

     

    def dataplot(self,x,y,dy,fileCount): 

        #Average Data  

         

        if fileCount==1: 

            self.canvas.axes.cla() 

            self.canvas.axes.set_xlabel("Wavenumber (cm-1)",fontsize=12) 

            self.canvas.axes.set_ylabel("Intensity (arb. units)",fontsize=12) 

            self.canvas.axes.set_title("Raman Spectra",fontsize=14)  

        offset_ratio=1.5    

        y=y+(fileCount*offset_ratio)    # offset spectra 

        pcol=color_by_name[fileCount-1]         

        self.canvas.axes.plot( x,y,color=pcol,linewidth=1.5,linestyle='-',alpha=1.0)   

        self.canvas.axes.fill_between(x,y+dy,y-dy,facecolor=pcol,linewidth=1.5,alpha=0.4)   

         

        if self.checkBox_2.isChecked()==True: 
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            self.canvas.axes.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 

        

        #self.canvas.axes.legend()     

        self.canvas.draw () 

         

       

    

            

         

         

if __name__=="__main__": 

    app=QtWidgets.QApplication(sys.argv) 

    w=MainWindow() 

    w.show() 

    app.exec_() 
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RamanLDA_6.py 
 

""" 

Created on 15/4/2023  - PCA Analysis of Raman Spectra 

 

Files input are analysed.csv files  

 

1) read in  multiple CSV files - one at a time (though could be changed to read all at once 

quite easily) these should be files that are "analyzed" 

2) display data - the 'mean' data column for each data class displayed 

3) truncate data so that all spectra cover the same wavenumber regime and cover the 

regions of interest 

4) perform SNV  

5) PCA anaylsis using sk learn 

 

6) display outputs 

7) save in way suitable for publication - can produce tiff or other format output directly 

clicking on navigation bar 

at the bottom of the plots - this also allows change colours. lines, etc  

 

Use PyQT & pyqtgrpah as framework for program & displays - could be altered for Matplot 

lib  which would give better histograms 

 

@author: stephenevans 

 

""" 

import numpy as np 

 

import sys  

import pandas as pd 

#import statistics 
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#import seaborn as sns 

 

from PyQt5 import uic 

from PyQt5 import QtWidgets 

from PyQt5.QtWidgets import ( QFileDialog,QMainWindow) 

 

import scipy.stats as st 

 

import matplotlib 

import matplotlib.pyplot as plt 

 

matplotlib.rcParams['savefig.dpi'] = 600  # sets resolution for saving file (nb tiff can be very 

large - but high quality at this setting) 

matplotlib.use('Qt5Agg') 

 

from matplotlib.figure import Figure  

from matplotlib.backends.backend_qt5agg import (NavigationToolbar2QT as 

NavigationToolbar) 

from matplotlib.backends.backend_qt5agg import FigureCanvasQTAgg as FigureCanvas 

from matplotlib import cm 

 

from sklearn.decomposition import PCA  

from sklearn.discriminant_analysis import LinearDiscriminantAnalysis 

#from sklearn.preprocessing import StandardScaler 

#from sklearn import svm 

#from sklearn.cluster import KMeans 

from sklearn.model_selection import train_test_split, cross_val_score 

from sklearn.metrics import confusion_matrix,ConfusionMatrixDisplay, 

classification_report 

#from sklearn.model_selection import RepeatedStratifiedKFold 

#from collections import Counter 
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from sklearn.model_selection import StratifiedKFold 

#from sklearn.datasets import make_classification 

 

 

class MplCanvas(FigureCanvas): 

    def __init__(self,parent=None,width=5,height=4,dpi=300): 

                

        fig = Figure(figsize=(width, height), dpi=dpi)          

        self.axes = fig.add_subplot(221)     

         

        self.axes2 = fig.add_subplot(222)          

        self.axes3 = fig.add_subplot(223,projection='3d')    # for 3D plot  

        #self.axes3 = fig.add_subplot(223)     # for 2D plot 

        self.axes4 = fig.add_subplot(224)   

                             

        fig.tight_layout(pad=5) 

        #print ('in canvas') 

        super().__init__(fig)  

        #super(MplCanvas(),self).__init__(fig) 

 

class MainWindow(QMainWindow):       

             

    def __init__(self):      

        super().__init__()       

        QMainWindow.__init__(self)   

        self.ui=uic.loadUi('Raman_LDA_GUI.ui',self)    

        self.show() 

         

         



 
 

205 
 

        global fileCount,MessString,df2,dframe,classDict, cols, 

cols2,color_by_name,c_map_by_name 

        #plot parameters 

        global pointSize,transp,barWidth 

        pointSize=100 

        transp=0.4 

        barWidth=0.25 

         

        color_by_name=['lightcoral','navajowhite','palegreen','lightskyblue','mediumpurple', 

                 'limegreen','sienna','darkred']# can add more colours 

        c_map_by_name=["Reds","Greens", "Purples","Blues","Greys","RdPu"] 

        classDict={} # used to store data and labels like deepskyblue and mediumblue and 

crimson 

                

        fileCount=0 # number of classes / different tyoes of cell / material 

        MessString="Report:" 

        

        self.setWindowTitle("LDA Analysis") 

        self.pushButton_3.clicked.connect(lambda:self.getfiles())  

        self.pushButton_5.clicked.connect(lambda:self.LDA_fit()) 

        self.pushButton_7.clicked.connect(lambda:self.PCA_LDA_fit()) 

        self.pushButton_9.clicked.connect(lambda:self.save()) 

        self.pushButton_8.clicked.connect(lambda:self.truncate()) 

     

        #limits for truncate 

        self.spinBox.valueChanged.connect(lambda:self.valueChange) 

        self.spinBox_2.valueChanged.connect(self.valueChange) 

        # number of ocmponents to use 

        self.spinBox_8.valueChanged.connect(self.num_comp_PCA) 

        self.spinBox_3.valueChanged.connect(self.num_comp_LDA) 
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        # changed axis so PC1 is on x-axis 

        #self.spinBox_5.setValue(2) 

        #self.spinBox_6.setValue(1) 

        self.spinBox_4.valueChanged.connect(self.plotParams) 

        self.doubleSpinBox.valueChanged.connect(self.plotParams) 

        self.doubleSpinBox_2.valueChanged.connect(self.plotParams) 

         

        # Message box 

        MessString="Files Loaded (and colour)\n"           

        self.textEdit.insertPlainText(MessString) 

         

        # plot set-up 

        self.canvas=MplCanvas(self, width=8, height=9, dpi=100)        

              

        self.ui.verticalLayout_2.addWidget(self.canvas)       

        self.navi_toolbar = NavigationToolbar(self.canvas, self) #createa navigation toolbar for 

our plot canvas 

        self.verticalLayout_2.addWidget(self.navi_toolbar) 

         

        # it is functional but certain elements not yet implemented - eg dark mode, toggling 

grids, saving outputs 

         

         

      

         

      

     # need to add button to implement clear all    

    def clearAll(self): 

        self.canvas.axes.cla() 
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        self.canvas.axes2.cla() 

        self.canvas.axes3.cla() 

        self.canvas.axes4.cla() 

        self.canvas.draw () 

        self.pushButton_8.setEnabled(True)            

         

        # need to clear all relevant data - at present best to simply re-run program 

        

    def truncate(self):      

         global XvaluesTrunc          

         xlowerLimit=self.spinBox.value()             

         xupperLimit=self.spinBox_2.value()    

         print("truncate between limits",xlowerLimit,xupperLimit)  

          

         MessString="Truncated between "+str(xlowerLimit)+" and "+str(xupperLimit)+"\n"           

         self.textEdit.insertPlainText(MessString) 

          

      

          

         #data prep truncate for all data have same stop and start 

         #print("Dictionary=\n",classDict.keys()) 

         df_temp=pd.DataFrame() 

          

         for ky in classDict: 

             df_temp = classDict[ky] 

             alldataArray=[] 

              

             col_name=df_temp.columns 

             wnbr="Wavenumber" 
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             #find indices of upper and lower limits                 

             imin=(df_temp[df_temp[wnbr]==xlowerLimit].index.values) 

             imax=(df_temp[df_temp[wnbr]==xupperLimit].index.values) 

          

             imin=np.take(imin,0) 

             imax=np.take(imax,0)     

             print("") 

             #print("data set:",ky,imin,imax) 

               

             # create series / array of truncated x values  

             XvaluesTrunc=xFullSpectrum.truncate(imax,imin-1,copy=False); 

             XvaluesTrunc.reset_index(drop=True, inplace=True)             

             newData=df_temp.iloc[imax:imin,:]            

             newData=newData.drop(['Wavenumber'], axis=1) 

             # could use iloc[imax:imin,1:] instead of dropping Wavenumber 

               

             newData.reset_index(drop=True, inplace=True) 

             #print("new Data.head",newData.head) 

          

             #replace the old dataframe with new truncated dataframe 

             classDict[ky]=newData 

              

         #plot new truncated dataframe - plots mean of the SNV normalised data for each class 

         counter=0   

         for ky in classDict: 

             counter=counter+1 

             df_temp_new = classDict[ky] 

             ncols=len(df_temp_new) 

             x= XvaluesTrunc                         

             y = df_temp_new.iloc[:, 1:ncols].mean(axis=1)# calc mean for plotting   
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             dy=df_temp_new.iloc[:, 1:ncols].std(axis=1) 

             self.dataplot(x,y,dy,counter)     

         #self.pushButton_8.setEnabled(False)   # truncate only allowed once  

        # could add reset button and allow re-truncate? 

         

    def valueChange(self):   

        # values for truncate 

         global xlowerLimit,xupperLimit 

         s=self.spinBox.value()        

         sb1_val=s     

         xlowerLimit=sb1_val 

         sb2_val=self.spinBox_2.value()            

         xupperLimit=sb2_val 

         #print("truncate region limits",xlowerLimit,xupperLimit) 

          

    def num_comp_PCA(self):    

             global numPCA_components             

             numPCA_components=self.spinBox_8.value()       

    def num_comp_LDA(self):    

             global numLDA_components             

             numLDA_components=self.spinBox_3.value()   

 

    def plotParams(self):  

            global pointSize,transp,barWidth             

            barWidth=self.doubleSpinBox.value() 

            pointSize=self.spinBox_4.value() 

            transp=self.doubleSpinBox_2.value() 

            print("point=",pointSize," : Bar width=",barWidth," aplha=",transp) 

             

#2345         
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    def LDA_fit(self): 

        print("In LDA") 

        global XvaluesTrunc,alldataArray,lab,unique                 

        numLDA_components=self.spinBox_3.value()         

        print("number of LDA components=",numLDA_components) 

         

        alldataArray=[] 

        count=0;counter=0 

         

        for ky in classDict: 

            count=count+1 

            df_temp_new = classDict[ky] 

            col_name=df_temp_new.columns 

            

            ncols=len(col_name) 

             

            lbl=count*np.ones((ncols,1),dtype=int) #add labels to array to allow classification         

            temp_array=df_temp_new.to_numpy() # convert from df to np array             

            temp_array=temp_array.T   #transpose array so spectra are in rows              

            #add labels (nb (shape= (num spectra, no spectral point + 1 point for lable))) 

            temp_array=np.hstack((lbl, temp_array))             

            #print("Label / class",ky," shape",temp_array.shape)             

            # add all data in one large array for PCA & LDA 

            if count==1: 

                alldataArray=temp_array 

            else: 

                alldataArray=np.concatenate((alldataArray, temp_array)) 

                 

                lab = alldataArray[:,0].astype('uint8') # get labels 

         # find unique labels (classes of data) 



 
 

211 
 

        unique=list(set(lab))         

        y=lab  

         

         

        # perform LDA with top n_components         

        X=alldataArray[:,1:] 

        sk_lda=LinearDiscriminantAnalysis(n_components= numLDA_components)    

        X_r2=sk_lda.fit_transform(X,y)         

          

        scores = cross_val_score(sk_lda, X, y, cv=4) 

        print("Accuracy LDA only but using cross validation: %0.4f (+/- %0.4f)" % 

(scores.mean(), scores.std() * 2)) 

        print("") 

         

        Message="LDA Accuracy (using CV=4) = "+str(round(scores.mean(),3))+"(+/- 

"+str(round(scores.std() * 2,3))+")\n" 

        self.textEdit.insertPlainText(Message) 

         

        lda_varExp=sk_lda.explained_variance_ratio_ 

        print("LDA variance explained=",lda_varExp,"\n") 

        

         

        # plot variance explained (from LDA)         

        xpos=range(1,numLDA_components+1,1) 

        ypos=lda_varExp 

         

        counter=1# set colour  

        self.dataplot2(xpos,lda_varExp,counter) # plot 

        ypos=np.cumsum(lda_varExp)   
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        counter=2# set colour  

        self.dataplot2(xpos,ypos,counter) # plot 

         

         

         

        xi=[];yi=[];zi=[] 

        y_lbl="LD"+str(2) 

        x_lbl="LD"+str(1) 

        z_lbl="LD"+str(3) 

         

         

        lda_z=(self.spinBox_7.value())-1   

        lda_y=(self.spinBox_6.value())-1   

        lda_x=(self.spinBox_5.value() )-1  

        print("lda x,y",lda_x,lda_y) 

         

         

         

         

         

        for i,u in enumerate(unique):      

             

            xi = [X_r2[j,lda_x] for j in range(len(X_r2[:,0])) if lab[j] == u] 

             

             

            if fileCount>2: 

                print("filecount",fileCount) 

                yi = [X_r2[j,lda_y] for j in range(len(X_r2[:,1])) if lab[j] == u] 

            if fileCount>3:    

                zi = [X_r2[j,lda_z] for j in range(len(X_r2[:,2])) if lab[j] == u]   



 
 

213 
 

             

             

             

            fig4_plot=self.comboBox.currentIndex()   

            if fig4_plot==0: 

                pass 

            elif fig4_plot==1:                 

                freq1,x1 = np.histogram(xi)    

                x11=x1[:-1]                             

                self.histplot(x11,freq1,i) 

            elif fig4_plot==2: 

                freq1,x1 = np.histogram(yi)    

                x11=x1[:-1]   

                self.histplot(x11,freq1,i)  

            else:    

                print("whatever") 

            

            x_lbl="LDA"+str(lda_x+1) 

            y_lbl="LDA"+str(lda_y+1) 

            z_lbl="LDA"+str(lda_z+1) 

                 

             

            # plot scatter plots 2D and 3D 

              

            if fileCount>2: 

                self.scattplot(xi,yi,i,x_lbl,y_lbl,u) 

            if fileCount>3:    

                self.scattplot2(xi,yi,zi,i,x_lbl,y_lbl,z_lbl,u) 

                 

            xi=[];yi=[];zi=[] 
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#2345         

    def PCA_LDA_fit(self):         

        global XvaluesTrunc,alldataArray         

        numPCA_components=self.spinBox_8.value()   

        numLDA_components=self.spinBox_3.value() 

       

         

        print("In PCA_LDA") 

        print("number of PCA components=",numPCA_components) 

        print("number of LDA components=",numLDA_components) 

         

        alldataArray=[] 

        count=0;counter=0 

         

        for ky in classDict: 

            count=count+1 

            df_temp_new = classDict[ky] 

            col_name=df_temp_new.columns            

            ncols=len(col_name)             

            lbl=count*np.ones((ncols,1),dtype=int) #add labels to array to allow classification 

            temp_array=df_temp_new.to_numpy() # convert from df to np array             

            temp_array=temp_array.T   #transpose array so spectra are in rows                         

            temp_array=np.hstack((lbl, temp_array))             

            if count==1: 

                alldataArray=temp_array 

            else: 

                alldataArray=np.concatenate((alldataArray, temp_array))                 

                lab = alldataArray[:,0].astype('uint8') # get labels 
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        unique=list(set(lab))  # find unique labels (classes of data)       

        y=lab  

       

        #combined PCA / LDA 

        X=alldataArray[:,1:] 

        # use test train as alternative to k-fold cross validation - ueseful for prediction / 

generation of conusion matrix... 

        X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.25, random_state=2) 

        sk_lda=LinearDiscriminantAnalysis(n_components= numLDA_components)    

         

        #cv= RepeatedStratifiedKFold(n_splits=10, n_repeats=3, random_state=1) 

        cv=4 

                 

        #combined PCA / LDA 

        sk_pca = PCA(n_components=numPCA_components) # or fixed value eg 15 

components 

        Xpc = sk_pca.fit_transform(X) 

         

        scores = cross_val_score(sk_lda, Xpc, y, cv=cv)         

        print("Accuracy PCA_LDA (cv=4): %0.4f (+/- %0.4f)" % (scores.mean(), scores.std() * 2)) 

         

        Message="PCA_LDA Accuracy (cv=4) = "+str(round(scores.mean(),3))+"(+/- 

"+str(round(scores.std() * 2,3))+")\n\n" 

        self.textEdit.insertPlainText(Message) 

         

        # for plotting 

        lda_z=(self.spinBox_7.value())-1   

        lda_y=(self.spinBox_6.value())-1   

        lda_x=(self.spinBox_5.value() )-1  

        #print("lda x,y",lda_x,lda_y) 
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        """ 

        X=sk_lda.fit_transform(Xpc,y)     

        scores2 = cross_val_score(sk_lda, X, y, cv=cv) 

        print("Accuracy PCA_LDA (cv=4): %0.4f (+/- %0.4f)" % (scores2.mean(), scores2.std() * 

2)) 

        Message="PCA_LDA Accuracy (cv=4) = "+str(round(scores2.mean(),3))+"(+/- 

"+str(round(scores2.std() * 2,3))+")\n" 

        self.textEdit.insertPlainText(Message) 

        """ 

         

        #X, y = make_classification(random_state=0) 

        X=sk_lda.fit_transform(Xpc,y)   

        lda_pca_varExp=sk_lda.explained_variance_ratio_ 

        

         

         

         

        print("LDA-PCA varience explained=",np.around(lda_pca_varExp),4) 

        print("") 

         

        # use test train split to calc sklearn to calc confusion matrix and prediction score - 

based on single test /train set 

        """ 

        sk_lda.fit(X_train,y_train) 

        y_pred=sk_lda.predict(X_test) 

        print("prediction: ",sk_lda.score(X_test,y_test)) 

        #confusion matrix 

        cm = confusion_matrix(y_test, y_pred) 

        print("Confusion Matrix: ") 
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        print(cm) 

        print(classification_report(y_test,y_pred,digits=4 )) 

        """ 

         

         

        # as above but averaged over multple test train splits 

        conf_matrix_list_of_arrays = [] 

        

        skf = StratifiedKFold(n_splits=4) 

         

        #normalised version - set to 'none to get raw data 

        for train_index, test_index in skf.split(X,y): 

            

            X_train, X_test = X[train_index], X[test_index] 

            y_train, y_test = y[train_index], y[test_index] 

            #print("train/test",train_index, test_index) 

            sk_lda.fit(X_train, y_train) 

            y_pred=sk_lda.predict(X_test) 

            conf_matrix = confusion_matrix(y_test, y_pred,labels=sk_lda.classes_) 

            

            nconf_matrix = confusion_matrix(y_test, 

y_pred,labels=sk_lda.classes_,normalize='true') 

            #print(conf_matrix) 

             

             

            conf_matrix_list_of_arrays.append(nconf_matrix) 

        mean_of_conf_matrix_arrays = np.mean(conf_matrix_list_of_arrays, axis=0) 

        ncm=mean_of_conf_matrix_arrays 

        ncm=np.around(ncm, decimals=3, out=None) 
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        print("Confusion Matrix: Averaged & Normalised ") 

        print(ncm)              

        #plot confusion matrix - matplot  

        # disp = ConfusionMatrixDisplay(confusion_matrix=ncm,display_labels=sk_lda.classes_) 

        #disp.plot() 

         

         

        # calc preciscion, recall etc 

        true_pos = np.diag(ncm) 

        false_pos = np.sum(ncm, axis=0) - true_pos 

        false_neg = np.sum(ncm, axis=1) - true_pos 

        true_neg=np.sum(ncm)-true_pos-false_pos-false_neg 

 

        # Precision: The percentage of positive predictions made by the model that were 

correct. It is calculated as TP / (TP + FP). 

        # Recall: The percentage of actual positive cases that were correctly predicted by the 

model. It is calculated as TP / (TP + FN). 

        precision = np.around((true_pos / (true_pos + false_pos)),4) 

        Ave_precision=round(np.mean(precision),4) 

        recall =np.around((true_pos / (true_pos + false_neg)),4) 

        Ave_recall=round(np.mean(recall),4) 

        print("Precison  ",precision, "   Avereage Precision= ",Ave_precision) 

        print("Recall ",recall,"   Avereage Recall= ",Ave_recall)  

        #F1-score: The harmonic mean of precision and recall. It is a balanced measure that 

considers both precision and recall.  

        #It is calculated as 2 * (precision * recall) / (precision + recall). 

         

        F1_score=np.around(2 * (precision * recall) / (precision + recall),4) 

        Ave_F1=round(np.mean(F1_score),4) 

        print("F1-score ",F1_score, " Avearage F1-score= ",Ave_F1)   
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        #Accuracy: The percentage of correct predictions made by the model. It is calculated as 

(TP + TN) / (TP + TN + FP + FN). 

        Acc=np.around((true_pos+true_neg)/(true_pos+true_neg+false_pos+false_neg),4) 

        Ave_Acc=round(np.mean(Acc),4) 

        print("Accuracy ",Acc, "  Average Accuracy",Ave_Acc)  

         

        #Message="Confusion Matrix: Averaged & Normalised \n"+ str(ncm)+"\n" 

        #self.textEdit.insertPlainText(Message) 

        Message="Precision \n"+ str(recall)+"\n"+"Average precision "+ 

str(Ave_precision)+"\n" 

        self.textEdit.insertPlainText(Message) 

         

 

        Message="Recall \n"+ str(recall)+"\n"+"Average recall "+ str(Ave_recall)+"\n" 

        self.textEdit.insertPlainText(Message) 

                

         

        Message="F1-Score \n"+ str(F1_score)+"\n"+"Average F1-score "+ str(Ave_F1)+"\n" 

        self.textEdit.insertPlainText(Message) 

         

        Message="Accuracyl \n"+ str(Acc)+"\n"+"Average Accuracy "+ str(Ave_Acc)+"\n" 

        self.textEdit.insertPlainText(Message) 

         

        xpos=range(1,numLDA_components+1,1) 

        ypos=lda_pca_varExp  

        counter=1# set colour  

        self.dataplot2(xpos,ypos,counter) 

        ypos=np.cumsum(lda_pca_varExp)   

        counter=2# set colour  
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        self.dataplot2(xpos,ypos,counter) 

         

         

         

        xi=[];yi=[];zi=[] 

        for i,u in enumerate(unique): 

            

            xi = [X[j,lda_x] for j in range(len(X[:,0])) if lab[j] == u] 

             

            if fileCount>2: 

                #print("filecount",fileCount) 

                yi = [X[j,lda_y] for j in range(len(X[:,1])) if lab[j] == u] 

                 

            if fileCount>3: 

                zi = [X[j,lda_z] for j in range(len(X[:,2])) if lab[j] == u]  

             

             

            fig4_plot=self.comboBox.currentIndex()   

            if fig4_plot==0: 

                pass 

            elif fig4_plot==1:     

                bw=barWidth 

                bins=int((max(xi) - min(xi))/bw) 

                #print("Bins=",bins,bw) 

                freq1,x1 = np.histogram(xi,bins=bins)   

                x11=x1[:-1]     

                #print("bins",x11)                           

                self.histplot(x11,freq1,i) 

            elif fig4_plot==2: 

                bw=barWidth 



 
 

221 
 

                bins=int((max(yi) - min(yi))/bw) 

                freq1,x1 = np.histogram(yi,bins=bins)  

                x11=x1[:-1]  

                self.histplot(x11,freq1,i)  

            elif fig4_plot==3: 

                # confusion matrix plot 

                self.cmplot(ncm) 

            else:    

                print("whatever") 

            

             

            x_lbl="PCA_LDA"+str(lda_x+1) 

            y_lbl="PCA_LDA"+str(lda_y+1) 

            z_lbl="PCA_LDA"+str(lda_z+1) 

             

            # plot scatter plots 2D and 3D 

            if fileCount>2: 

                 

                if self.checkBox_5.isChecked()==True: 

                    self.scattplot(xi,yi,i,x_lbl,y_lbl,u) 

                if self.checkBox_3.isChecked()==True:     

                    self.contourplot(xi,yi,i,x_lbl,y_lbl) 

                 

                

                 

                 

            if fileCount>3:    

                self.scattplot2(xi,yi,zi,i,x_lbl,y_lbl,z_lbl,u) 
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            xi=[];yi=[];zi=[] 

        

         

         

         

         

         

         

         

         

         

         

         

         

         

         

         

         

         

             

             

                

         

    def getfiles(self):         

        global x,y,dataArray,fileCount,MessString,df2,classDict,dfSNV,xFullSpectrum 

         

        fileCount=fileCount+1  # number of different classes / sample types 

        dfname="df"+str(fileCount) #create sequential names for dataframes as read in  eg 

df1,df2,... 



 
 

223 
 

        dfnameSNV="df"+str(fileCount) +"SNV"   # dataframe names for Standard Normal 

Variate eg, df1SNV,... 

        #print("file number",fileCount," dataframe name",dfname)   

         

        # open file (show .csv files) 

        dlg = QFileDialog()    

        dlg.setNameFilter('(*.csv)') 

        dlg.setFileMode(QFileDialog.AnyFile) 

        fileNameList=[] 

         

       

        minX_value=self.spinBox.value()   # low wavenumber limit 

        maxX_value=self.spinBox_2.value() # high wavenumber limit 

          

         

        if dlg.exec_(): 

            

            filenames = dlg.selectedFiles() 

            fnam=filenames[0] # could put all data analysed files in a folder and open in one go             

            data= pd.read_csv (filenames[0])                    

            df = pd.DataFrame(data) #create pandas dataframe called df (reading analysed.csv 

files - as produced by Raman processing program) 

             

     

            # get file & path name  (might only work for Mac i.e need to change separator?) i.e. if 

windows use "\" 

            sep="/" 

            fnamLen=len(fnam) 

            lastSep=fnam.rfind(sep) 

            #pathName=fnam[:lastSep+1]  # identify path 

            fileName=fnam[lastSep+1:fnamLen]   # identify file name 
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            fileNameList.append((fileName)) 

            

            #print(df.columns) 

            # set spin box values to values that are appropriate for the data 

            x=df["Wavenumber"] 

            if x.max()<maxX_value: 

                maxX_value = int(x.max()) 

                self.spinBox_2.setValue(maxX_value)  

            if x.min()>minX_value: 

                minX_value=int(x.min()) 

                self.spinBox.setValue(minX_value)  

 

            # plot x,y summary data just to show representation of loaded data (nb could have 

also plotted smoothed data) 

            xFullSpectrum=df["Wavenumber"] # in case you need to know original spectral 

length 

            y=df["mean"]  # get the mean value column from the data file (could also get the 

smoothed mean) 

            y_sd=df["SD1"] 

             

            #y=df["mean_smoothed"]  # get the mean value column from the data file (could 

also get the smoothed mean) 

            #y_sd=df["SD_smoothed"] 

            self.dataplot(x,y,y_sd,fileCount) # plot average spectrum from data analysed 

             

            #put file names in message window - to show which files have been loaded 

            pcol=color_by_name[fileCount-1]    #colours for plotting  

            MessString="C"+ str(fileCount)+": "+fileName+" ("+ pcol+")"+"\n"           

            self.textEdit.insertPlainText(MessString) 
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            if fileCount>1: 

                self.spinBox_3.setValue(fileCount-1) 

                fcount=self.spinBox_3.value() 

                print("filecount=",fileCount,fcount) 

                self.spinBox_3.setMinimum(1) 

                #self.spinBox_3.setMaximum(fileCount-1) 

               

            #self.spinBox_3.setMinimum(1) 

                 

            # drop unused columns 

            df.drop('mean', axis=1, inplace=True) 

            df.drop('SD1', axis=1, inplace=True) 

            #df.drop('mean_smoothed', axis=1, inplace=True) 

            #df.drop('SD_smoothed', axis=1, inplace=True)             

            #print(df.columns) 

             

             

             

            # create SNV  

            col_name=df.columns 

            col_nameSNV=["Wavenumber"] 

             

            dataSNV=[]  #new dataframe 

            #calc standard normal variance 

             

            # create numpy array of data and column name header then create new SNV 

dataframe 

            # this is a longwinded way and could be done using StandardScalar 
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            # feat_SNV = StandardScaler().fit_transform(feat) 

           

             

            for col in col_name: 

                if col=="Wavenumber": 

                    x=df[col] 

                elif col=="mean": 

                    pass 

                elif col=="SD1": 

                    pass 

                elif col=="mean_smoothed": 

                    pass 

                elif col=="SD_smoothed": 

                    pass 

                else: 

                    newcolName=col+"_SNV" 

                     

                    col_nameSNV.append(newcolName) 

                     

                    #SNV is (data-average)/stdev  (column wise) 

                    dataSNV=(df[col]-df[col].mean())/df[col].std() 

                    if col=="Data1": 

                        dataArray_SNV=np.column_stack((x,dataSNV)) 

                    else: 

                        dataArray_SNV=np.column_stack((dataArray_SNV,dataSNV)) 

                     

            #create new data frame - without average and with SNV normalised data         

            dfSNV = pd.DataFrame(dataArray_SNV) 

            dfSNV.columns=col_nameSNV 
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            #calc mean of SNV data as a check 

            #ncols=len(dfSNV.columns) 

            #meanSNV =dfSNV.iloc[:, 1:ncols].mean(axis=1)  

            #stdSNV= dfSNV.iloc[:, 1:ncols].std(axis=1) 

             

             

            

            #add name data frame to dictionary of dataframes,  name=dfnameSNV            

            classDict[dfnameSNV]=dfSNV.copy()  

            #print("Dictionary=\n",classDict) 

            #set spin box to be highest number allowed 

             

            

                 

    def cmplot(self,ncm): 

            

           self.canvas.axes4.cla() 

           self.canvas.axes4.set_xlabel('Predictions',fontsize=14) 

           self.canvas.axes4.set_ylabel("Actuals",fontsize=14)   

           self.canvas.axes4.matshow(ncm, cmap=matplotlib.cm.Blues, alpha=0.3) 

           for i in range(ncm.shape[0]): 

               for j in range(ncm.shape[1]): 

                   self.canvas.axes4.text(x=j, y=i,s=ncm[i, j], va='center',ha='center', size='large') 

                 

        

           #self.canvas.axes4.set_title('Confusion Matrix', fontsize=18) 
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           self.canvas.draw ()             

                 

    def histplot(self,x,freq,colcount): 

                  pcol=color_by_name[colcount]    

                   

                  if colcount==0:                      

                      self.canvas.axes4.cla() 

                      self.canvas.axes4.set_xlabel("LDA Score",fontsize=12) 

                      self.canvas.axes4.set_ylabel("Number of Cells",fontsize=12) 

                      #self.canvas.axes4.set_title("LD Score",fontsize=14)                      

                      self.canvas.axes4.bar(x,freq,width=barWidth,bottom=None, 

align='edge',color=pcol,edgecolor='w',alpha=transp+0.1, label=str(colcount+1))                     

                  else:   

                      self.canvas.axes4.set_xlabel("LD",fontsize=12) 

                      self.canvas.axes4.bar(x,freq,width=barWidth,bottom=None, 

align='edge',color=pcol,edgecolor='w',alpha=transp+0.1, label=str(colcount+1)) 

                   

                   

                   

                  if self.checkBox_2.isChecked()==True: 

                      self.canvas.axes4.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 

                   

                  if self.checkBox.isChecked()==True:          

                      self.canvas.axes4.legend()     

                   

                  self.canvas.draw () 

             

    

    def scattplot2(self,xi,yi,zi,colcount,x_lbl,y_lbl,z_lbl,u): 

          # PCA Scores 
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         pcol=color_by_name[colcount]    

         if colcount==0: 

             self.canvas.axes3.cla() 

             self.canvas.axes3.set_xlabel(x_lbl,fontsize=12) 

             self.canvas.axes3.set_ylabel(y_lbl,fontsize=12) 

             self.canvas.axes3.set_zlabel(z_lbl,fontsize=12) 

             #self.canvas.axes3.set_title("LDA Scores",fontsize=14)  

              

         self.canvas.axes3.scatter( xi,yi,zi,color=pcol, s=pointSize,edgecolors='k',  alpha=transp, 

label=str(u))  

          

         """ 

         xmin=min(xi) 

         xmax=max(xi) 

         ymin=min(yi) 

         ymax=max(yi) 

          

          

         xx, yy = np.mgrid[xmin:xmax:100j, ymin:ymax:100j] 

         positions = np.vstack([xx.ravel(), yy.ravel()]) 

         values = np.vstack([xi, yi]) 

         kernel = st.gaussian_kde(values) 

         f = np.reshape(kernel(positions).T, xx.shape) 

         cmap=c_map_by_name[colcount] 

         m = np.amax(f) 

         step = m/10 

         print("m=",m) 

         #levels = np.arange(0.0, m, step) + step 

         levels = np.arange(step, m, step) + step 
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         #self.canvas.axes2.contourf(xx, yy, f, levels, cmap=cmap, alpha=0.5) 

         self.canvas.axes3.contourf(xx,yy,f, levels,  zdir='z',  offset=-5, cmap=cmap, alpha=0.5) 

         self.canvas.axes3.contourf(xx,yy,f, levels,  zdir='y',  offset=-7, cmap=cmap, alpha=0.5) 

         self.canvas.axes3.contourf(xx,yy,f, levels,  zdir='x',  offset=-7, cmap=cmap, alpha=0.5) 

         """ 

          

         

         if self.checkBox_2.isChecked()==True: 

             self.canvas.axes3.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 

         if self.checkBox.isChecked()==True:          

             self.canvas.axes3.legend()   

         self.canvas.draw ()   

           

               

             

    def scattplot(self,xi,yi,colcount,x_lbl,y_lbl,u): 

         # LDA Scores 

                

        pcol=color_by_name[colcount]    

        if colcount==0: 

            self.canvas.axes2.cla() 

            self.canvas.axes2.set_xlabel(x_lbl,fontsize=12) 

            self.canvas.axes2.set_ylabel(y_lbl,fontsize=12) 

            #self.canvas.axes2.set_title("LDA Scores",fontsize=14)  

             

        self.canvas.axes2.scatter( xi,yi,color=pcol, s=pointSize,edgecolors='k',  alpha=transp, 

label=str(u))  

        

         

        if self.checkBox_2.isChecked()==True: 
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            self.canvas.axes2.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 

        if self.checkBox.isChecked()==True:          

            self.canvas.axes2.legend()       

                         

        self.canvas.draw () 

        

    def contourplot(self,xi,yi,colcount,x_lbl,y_lbl): 

         # LDA Scores 

         

        if self.checkBox_5.isChecked()==False and colcount==0: 

            self.canvas.axes2.cla()  

            self.canvas.axes2.set_xlabel(x_lbl,fontsize=12) 

            self.canvas.axes2.set_ylabel(y_lbl,fontsize=12) 

            # if not showing points clear figure 

        xmin=min(xi) 

        xmax=max(xi) 

        ymin=min(yi) 

        ymax=max(yi) 

         

         

        xx, yy = np.mgrid[xmin:xmax:100j, ymin:ymax:100j] 

        positions = np.vstack([xx.ravel(), yy.ravel()]) 

        values = np.vstack([xi, yi]) 

        kernel = st.gaussian_kde(values) 

        f = np.reshape(kernel(positions).T, xx.shape) 

 

        

        #pcol=color_by_name[colcount]   

        cmap=c_map_by_name[colcount] 

        """f colcount==0: 
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            self.canvas.axes2.cla() 

            self.canvas.axes2.set_xlabel(x_lbl,fontsize=12) 

            self.canvas.axes2.set_ylabel(y_lbl,fontsize=12) 

            #self.canvas.axes2.set_title("LDA Scores",fontsize=14)  

        """   

        #step = 0.1 

        

        m = np.amax(f) 

        step = m/10 

        print("m=",m) 

        #levels = np.arange(0.0, m, step) + step 

        levels = np.arange(step, m, step) + step 

        self.canvas.axes2.contourf(xx, yy, f, levels, cmap=cmap, alpha=0.5) 

        self.canvas.draw () 

    

         

     

    def dataplot2(self,x,y,colcount): 

        # plot varience and variance explained        

        self.canvas.axes4.set_xlabel("LD Component",fontsize=12) 

        self.canvas.axes4.set_ylabel("Variance",fontsize=12) 

        self.canvas.axes4.set_title("Variance Explained/ Cummulative Variance",fontsize=14)  

         

         

        if colcount==1: 

            self.canvas.axes4.cla() 

            self.canvas.axes4.plot( x,y,marker='o',markerfacecolor="limegreen", 

markersize=8,color='k',  linestyle='-',alpha=1,label='Var. Expl.')  

        else:  
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            self.canvas.axes4.plot( x,y,marker='o',markerfacecolor="gold", 

markersize=8,color='k',  linestyle='-',alpha=1,label='Cum. Var.')  

 

        if self.checkBox_2.isChecked()==True: 

            self.canvas.axes4.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 

             

        if self.checkBox.isChecked()==True:     

            self.canvas.axes4.legend() 

             

        self.canvas.axes4.set_ylim([-0.05, 1.05])     

        self.canvas.draw () 

         

        

     

    def dataplot(self,x,y,dy,fileCount): 

        #Average Data  

         

        if fileCount==1: 

            self.canvas.axes.cla() 

            self.canvas.axes.set_xlabel("Wavenumber (cm-1)",fontsize=12) 

            self.canvas.axes.set_ylabel("Intensity (arb. units)",fontsize=12) 

            self.canvas.axes.set_title("Raman Spectra",fontsize=14)  

             

             

            #matplotlib.style.use('_mpl-gallery') 

            #fig, ax = matplotlib.subplots() 

            

            #ax.fill_between(x, y-dy, y+dy, alpha=.5, linewidth=0) 

            #ax.plot(x, y, linewidth=2) 
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            #ax.set(xlim=(0, 8), xticks=np.arange(1, 8), 

             #      ylim=(0, 8), yticks=np.arange(1, 8)) 

             

            #matplotlib.show() 

             

             

             

             

             

             

        offset_ratio=1.5    

        y=y+(fileCount*offset_ratio)    # offset spectra 

        pcol=color_by_name[fileCount-1]         

        self.canvas.axes.plot( x,y,color=pcol,linewidth=1.5,linestyle='-',alpha=1.0)   

        self.canvas.axes.fill_between(x,y+dy,y-dy,facecolor=pcol,linewidth=1.5,alpha=0.4)   

         

        

        if self.checkBox_2.isChecked()==True: 

            self.canvas.axes.grid(color = 'gray', linestyle = '--', linewidth = 0.5) 

         

         

         

        self.canvas.draw () 

         

       

         

    def bgndChange(self): 

        global styles, ax_col,cols 
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if __name__=="__main__": 

    app=QtWidgets.QApplication(sys.argv) 

    w=MainWindow() 

    w.show() 

    app.exec_() 
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