ADVANCING BIOLOGICAL BCARS IMAGING: SIMULATION-BASED
OPTIMIZATION, AND MACHINE LEARNING ANALYSIS

A Dissertation
Presented to
The Academic Faculty

Jessica Dixon

In Partial Fulfillment
of the Requirements for the Degree
Doctor of Philosophy in the
School of Chemistry and Biochemistry

Georgia Institute of Technology

May 2025

© Jessica Dixon 2025



ADVANCING BIOLOGICAL BCARS IMAGING: SIMULATION-BASED
OPTIMIZATION, AND MACHINE LEARNING ANALYSIS

Thesis committee:

Dr. Marcus T Cicerone
Department of Chemistry & Biochemistry
Georgia Institute of Technology

Dr. Facundo M Fernandez
Department of Chemistry & Biochemistry
Georgia Institute of Technology

Dr. Carlos Silva
Department of Chemistry & Biochemistry
Georgia Institute of Technology

Dr. Peng Qiu
Department of Biomedical Engineering
Georgia Institute of Technology

Dr. John A Petros
Department of Urology
Emory University School of Medicine

Date approved: April 16, 2025



ACKNOWLEDGMENTS

First and foremost, I wish to thank my family for their support throughout this long
and arduous process. I’d especially like to thank my husband, Drew, my parents, Steve and
Angela, and my grandparents, Dick and Frances, for always believing in me even when |
didn’t believe in myself.

I would also like to express my deepest gratitude to my research advisor, Professor
Marc Cicerone, for his unwavering guidance, support, and mentorship throughout my PhD
journey. His insight and encouragement have been invaluable in shaping my research and
professional growth. I am also incredibly thankful to my committee members, Facundo
Fernandez, Peng Qiu, Carlos Silva, and John Petros, for their constructive feedback and
support. I extend my sincere appreciation to Professor Ahmet Coskun and his student
Nicholas Zhang for their valuable collaboration, which has enriched this dissertation. Fi-
nally, I thank my labmates for sharing their time and expertise which has greatly aided
my growth as a researcher. This work would not have been possible without the collective

efforts of so many, and I am truly grateful for each and every one of you.

1l



TABLE OF CONTENTS

Acknowledgments . . . . . . . . . . i ittt e e e e e iii
Listof Tables . . . . . . . . @ i i i i i it et it ettt i et viii
Listof Figures . . . . . . . . . ittt it ittt ittt it e ix
Listof Acronyms . . . . . . 0 v i it i i i it et e e e e et e e e e e e xiii
SUMMATY . & v v v i it i e e e et o ot o oo oo o oo oo oo oooeesoees XV
Chapter 1: Introduction and Background . . . . . ... .............. 1
I.1 Motivation . . . . . . . . oL e e 1
1.2 Raman Spectroscopy . . . . . . . . . o i 2
1.3 Coherent Raman Spectroscopy . . . . . . . . . . . . o 5
1.4 BCARS MiCroscopy . . . . . o v v i i v ittt e 7
1.5 Machine Learning Analysis of Raman Spectra . . . . . ... ... ..... 10
1.6 Work in Perspective . . . . . . . . . ... L L 12

Chapter 2: Classification of Antibiotic-Resistant Bacterial Strains from their

RamanSpectra . . . . . . . . 0 i i i i i ittt ittt et e e e 14
2.1 Introduction . . . . . . . . . . .. e 14
2.2 Results . . . . . . 18

v



2.3

24

2.5

2.2.1 Model Development . . . .. ... ... .. ... ...... 18

2.2.2 Retrieving model information . . . ... ... ... 23
Discussion . . . . . . . ..o 26
2.3.1 Applicability of ANN to analyze Ramandata . . .. ... ... .. 26
2.3.2 Model interpretation and feature extraction . . . .. ... ... .. 30
2.3.3 Identifying Mode of Action . . . . . .. ... ... ... ... ... 34
Conclusion . . . . . . ... .. 35
Methods . . . . . . . . 36
2.5.1 Bacterial strains and spectral measurements . . . . . ... ... .. 36
2.5.2 Spectral Preprocessing . . . . . . ... ... o 37
2.5.3 ANN Architecture and Training . . . . . . . . ... .. ... ... 38
254 SVM .o 38
2.5.5 Feature Extraction . . . .. ... ... .. ... ... .. 39

Chapter 3: Broadband Coherent Anti-Stokes Raman Scattering (BCARS) Mi-

3.1

32

33

34

croscopy for Rapid, Label-Free Biological Imaging . ...... ... 40
Introduction . . . . . . ... 40
Experimental Setup . . . . . .. ... ... ... 42
3.2.1 Pulse Generation . . . . .. ... ... .. ... ... 42
3.2.2 Signal Generation . . . . . . . . . .. ... 44
Measurement and Processing . . . . . . ... ..o L. 46
3.3.1 sCMOS Noise Characterization and Correction . . . . . .. .. .. 46
3.3.2 Raman Signal Extraction and Processing . . . . . .. ... ... .. 50
Performance and Results . . . . . ... ... ... ... L. 53



3.4.1 Spatial and Spectral Resolution of Beam-scanning BCARS Imaging 53
34.2 Biological Imaging . . . .. ... ... .. ... ... ... 54

3.5 Summary and Future Perspectives . . . . . . . ... ... .. ....... 55

Chapter 4: BCARS Simulated Phantom Dataset for Evaluation of Processing

Pipelines . . . . . . . 0 i i i i i i it e e e e e e e e e e 58

4.1 Introduction . . . . . . . ... 58
42 Methods . . . . . . . 61
4.2.1 Phantom Generation . . . . .. ... .. ... ... ... 61

422 NoiseModel . ... ... ... ... 66

4.2.3 Processing Algorithms . . . . . . ... ... Lo 68

4.2.4 Performance Metrics . . . . . . . .. ..o 71

425 Datasets . . . . ... e e e 72

4.2.6 Approximation of NRB with a Butterworth Filter . . . . . ... .. 73

4.2.7 Wavelet transform for Retrieval of Raman Signal . . . .. ... .. 76

4.3 Resultsand Discussion . . . . . . . ... oL Lo 78
44 Conclusion . . . . ... 85
Chapter 5: MultimodalImaging . . . .. ... ... ... ... 86
5.1 Imtroduction . . . . . . . . .. . 86
5.2 Materialsand Methods . . . . . .. ... L Lo 88
52.1 Celllines . . ... .. .. . ... e 88
522 BCARS Microscopy . . . . . . o v v v i i i 89

523 BCARSprocessing . . . . . . . .. i e 89

vi



5.2.4 Rapid Fluorescence Multipleximaging. . . . .. .. ... .. ... 90

5.2.5 Generation of Fluorescence Masks

.................. 91
5.2.6 UMAP-based Categorization . . . .. .. ... ... ........ 92
5.3 Resultsand Discussion . . . . . . . . ... 92
5.3.1 Multimodal Imaging of Prostate Cancer Cell Lines . . .. ... .. 92
5.3.2 Machine Learning analysis of BCARSimages . . . . .. ... ... 97
5.4 Conclusion . . . . . . .. e 100
Chapter 6: Conclusion and Future Outlook . . . . . .. .. .. ... ...... 101
References . . . . . . . . . . e 103

Vii



11

1.2

2.1

2.2

2.3

2.4

2.5

4.1

4.2

LIST OF TABLES

Major Cancer Types and Diagnostic Uncertainty . . . . . . .. .. .. ... 2
Fingerprint Raman Metabolic Marker Subset . . . . . . . .. .. ... ... 3
Listof StrainsUsedinStudy . . . .. ... ... .. ... ......... 17
Sensitivity and speci city of ANN and SVM models . . . ... ...... 22
Most Common Features . . . . . . . . .. ... 27
Strain SpecicFeatures . . . . . . . . . .. .. e 29
SVM Grid Search Parameters . . . . . .. .. .. ... .. ... ..., 39
Criteria for each of the seven groupings . . . . . . .. ... ... ..... 63
Processing Pipelines . . . . . . . . . . . ... ... 80

viii



11

1.2

1.3

2.1

2.2

2.3

2.4

2.5

LIST OF FIGURES

Energy diagram of Rayleigh Scattering, Stokes Raman Scattering, and Anti-
Stokes Raman Scattering . . . . . . . . .. 4

Coherent Anti-Stokes Raman Scattering Energy Diagram . . . . . . .. .. 6

Energy diagram of (a) two-color CARS, utilizing a narrowband probe and
broadband SC for the Stokes pulse, and (b) three-color CARS with the SC
providing both the pump and Stokes pulses. Three-color CARS has 100x
higher ef ciency in the ngerprint region than two-color CARS because

the signal scales linearly with the SC bandwidth, but is much more dif cult

to achieve because it requires coherence. . . . . . .. .. .. .. ... ... 8

Depiction of ANN classi cationmodel. . . . .. ... ... ........ 18

Classi cation results over 10 trials using a) ANN and b) SVM. Entries in-
dicate the number of predicted samples for each class out of 160 for each
of the 10 mutant strains and out of 480 for the parent strain (MDS42). . .. 21

a) Weights obtained from the ANN model through a modi ed Garson algo-
rithm. b) Weights obtained from the coef cients of the linear SVM model.
Strains are shown in order of average decreasing classi cation accuracy of
the two models. The rst six strains were classi ed 100% correctly by both
models. . . . ... 25

Difference feature weights extracted from ANN of AMK against the par-
ent strain. Highlighted features may be indicative of Amikacin resistance
(positive) or similarity to the parent strain (negative). . . . ... ... ... 31

ANN feature weights of AMK, classi ed with 100% accuracy, and AZM,
classi ed with 84% accuracy. Multiple features were found to have normal-
ized intensity greater than 0.5 for AMK. Only two features have normalized
intensity greater than 0.5 for AZM, one of them being at¢62*. . ... 32



2.6

3.1

3.2

3.3

3.4

3.5

3.6

4.1

4.2

Venn diagram of the most heavily weighted mode-of-action features (in
cm 1) extracted from an SVM model. Overlap indicates features shared by
oneor more modesofaction. . . .. ... ... ... ... ... ...... 34

BCARS experimental setup. G: Grating Compressor, PSD: Position Sen-
sitive Detector, HWP: Half-Wave Plate, PCF: Photonic Crystal Fiber, P:
Prism, DM: Dichroic Mirror, BPF: Bandpass Filter,L: Lens . . ... ... 43

Depiction of the beam location and diameter (a) without the galvo, (b) with
the galvo in use but at 0°, and (c,d) at +/- 1.5 °. €) Schematic of 1D-scanning
design with mirror galvanometer. . . . . . . . .. ... L. 45

FPGA pulse train diagram showing a) the scanning galvo pulse, b) the des-
canning galvo pulse, c) the mechanical stage triggers, and d) the pixel clock. 47

Distribution of the average (a) and standard deviation (b) camera offset val-
ues (o, o), for 10,000 frames over the camera region used for imaging (12

x 2304 pixels). Intensity-dependent gain curves for three distinct camera
pixels (c), with the highly-variant, low-intensity region highlighted (inset). 48

Fluorescence of 200 nm uorescent polystyrene beads with FWHM of
scanning (0.45 m) and slow axes (0.49m) measured by the 1D beam-
scanning imagingmethod . . . . . ... ... .. oL 53

BCARS images at 726m ! of RWPE-1 prostate epithelial cells (a) and
highly metastatic PC-3 cells from a grade IV prostatic adenocarcinoma (b)
and the corresponding average Raman spectrum from each of the num-
bered cells for each cell line (c). The difference spectrum between each
cell and the average of all cells for RWPE-1 (d) and PC-3 (e). Vertical
dashed lines mark speci ¢ vibrational bands at- i: @00, Cholesterol

(1); ii: 720cm 1, Choline (); iii: 785cm 1, U,T,C + bk(O-P-O) @); iv:
855cm 1, Tyr. (p); v: 875cm 1, C, Cy (I); vi: 1004cm 1, Phe. p); vii:
110@&m 1, PO, (d); viii: 1128cm 1, C-N, (p), C-C (); ix: 1175%m 1,

Tyr., Phe. p); x: 126m !, =CH def. (); and xi: 1338m !, A,G, (d),

CH def. (). p: protein relatedd: DNA/nucleic acid related; lipid related 57

BCARS Numerical tissue phantom (a) with 7 pure component concentra-
tion maps (b-h) and an example of corresponding ground-truth spectra (i).

......................................... 62
Noisy BCARS pixel spectrum (a) and the corresponding noise-free reso-
nant signal (c). Demonstration of the TDKK transformation on this spec-
trum without (b) and with (d) SVD-based denoising. . . . . . ... ... .. 69



4.3

4.4

4.5

4.6

4.7

4.8

Depiction of the process used to determine the NRB from BCARS spectra
using the Butterworth lter, starting with calculation of a linear trend in log
space (a, dashed line), which is subtracted from the BCARS spectrum (b)
prior to the application of the Butterworth Iter (c), and then added back

to the Itered signal which is then exponentiated to generate the noise-free
NRB (d). . . . . o e 74

Heatmaps showing the normalized number of true positives (TPs) between

the Butterworth ltered NRB and the ideal NRB for different lIter order

and frequency cutoff values for six datasets. Datasets 1 and 2 (a, b) have
the same NRB, but Dataset 1 has a lower overall signal. Datasets 3 and 4 (c,

d) have the same NRB, but Dataset 3 has a lower overall signal. Datasets

5 and 6 have the same NRB, but Dataset 5 has a lower overall signal. The
optimal Butterworth parameters, (ko) for Datasets 1-5 are (1,12), and the
optimal parameters for Dataset 6 is (1,17). . . . . . . . . . . .. ... ... 75

Comparison of the number of true positives (TPs) (a) and false positives
(FPs) (b) for different values of in the wavelet transformation of Dataset
4. The optimal value was determinedtobe 2.0. . ... ... .. ... ... 78

BCARS spectrum (black) and corresponding NRB (blue) utilized in the
pipelines below, with the true NRB in (a) and the Butterworth Iter gen-
erated NRB in (b). Comparison of a processed Raman spectrum from
Pipelines A-D with the ground-truth spectrum (blue) for Dataset 1 (c-f).
The number of singular values used to reconstruct the phantom in each
case was: ¢) 50, d) 50, e) 77, and f) 89. Pipelines are described in detail in
Table4.3. . . . . e 79

BCARS spectrum (black) and corresponding NRB (blue) utilized in the
pipelines below, with the true NRB in (a) and the Butterworth Iter gen-

erated NRB in (b). Comparison of a processed Raman spectrum from
Pipelines A-D with the ground-truth spectrum (blue) for Dataset 2 (c-f).

The number of Singular Values (SVs) used to reconstruct the phantom in
eachcasewas: c)5,d)5,e)95,andf)100. . . . . ... .. ... ...... 81

BCARS spectrum (black) and corresponding NRB (blue) utilized in the
pipelines below, with the true NRB in (a) and the Butterworth Iter gen-

erated NRB in (b). Comparison of a processed Raman spectrum from
Pipelines A-D with the ground-truth spectrum (blue) for Dataset 3 (c-f).

The number of Singular Values (SVs) used to reconstruct the phantom in
eachcasewas: c)7,d)7,e)54,andf)64. . ... ... .. ......... 82

Xi



4.9 BCARS spectrum (black) and corresponding NRB (blue) utilized in the
pipelines below, with the true NRB in (a) and the Butterworth Iter gen-
erated NRB in (b). Comparison of a processed Raman spectrum from
Pipelines A-D with the ground-truth spectrum (blue) for Dataset 4 (c-f).
The number of Singular Values (SVs) used to reconstruct the phantom in
eachcasewas:c)7,d)7,e)62,andf)22. ... ... ... ... ...... 83

4.10 Comparison of precision (left), recall (middle), and MSE (right) for all
pipelines for Datasets 1 (a-c), 2 (d-f), 3 (g-i),and 4 (-I). . . . .. ... ... 84

5.1 Wide- eld 488 nm uorescence images of RWPE-1 (left) and PC-3 (right)
displaying auto uorescence present in the region where BCARS imaging
had been performed. Auto uorescence (green) is overlayed with DAPI
(blue)intheinsets. . . . . . . . . . . . .. 93

5.2 Normalized intensity images of seven IF markers, BCARS-induced aut-
0 uorescence, and the Raman image for PC-3 (top) and RWPE-1 (bottom).
The Raman image contrast comes from the normalized peak intensity of
the phenylalanine peak (10@n !, after extraction of the Raman signal
fromthe BCARS spectrum. . . . . . . . .. . . . . ... ... 94

5.3 Correlation coef cients for each of the seven IF markers and the BCARS-
induced auto uorescence for PC-3(a) and RWPE-1(b). . ... .. ... .. 96

5.4 IF masks for DAPI, Ki67, ATF6, GOLPH4, and auto uorescence (a-e) and
the corresponding Raman image (f) and the average Raman spectrum with
+/-1s.d. foreachIFmask (g)forPC-3. . .. ... ... ... ....... 97

5.5 IF masks for DAPI, Ki67, ATF6, GOLPH4, and auto uorescence (a-e) and
the corresponding Raman image (f) and the average Raman spectrum with
+/- 1 s.d. foreach IF mask (g) for RWPE-1. . . . ... ... ........ 98

5.6 UMAPs for RWPE-1 (a-c) and PC-3 (d-f). Image pixels from the GOLPH4
(a,d), Ki67 (b,e), and ATF6 (c,f) IF masks are highlighted in black. . . . . . 99

Xii



LIST OF ACRONYMS

ANN Arti cial Neural Network

BCARS Broadband Coherent Anti-Stokes Raman Scattering
CARS Coherent Anti-Stokes Raman Scattering
CNN Convolutional Neural Network

DSNU dark signal non-uniformity

FN false negative

FP false positive

FPGA eld-programmable gate array

FWHM full width at half maximum

galvo mirror galvanometer

GDD Group Delay Dispersion

Grad-CAM Gradient-weighted Class Activation Mapping
IF immuno uorescence

MEM Maximum Entropy Method

ML machine learning

MSE mean squared error

NN Neural Network

NRB Non-Resonant Background

OCT optimal cutting temperature

OPO Optical Parametric Oscillator

PBS phosphate-buffered saline

PC Principal Component

Xiii



PCA Principal Component Analysis

PCF Photonic Crystal Fiber

PFA Paraformaldehyde

PRNU photo response non-uniformity

rapid multiplexed immuno uorescence RapMIF

RNN Recursive Neural Network

ROI region of interest

RS Raman spectroscopy

SC supercontinuum

SHG Second Harmonic Generation

SNR signal-to-noise ratio

SPADE Spanning-tree Progression Analysis of Density-normalized Events
SRS Stimulated Raman Scattering

SV Singular Value

SVD Singular Value Decomposition

SVM Support Vector Machine

TDKK time-domain Kramers-Kronig

TP true positive

UMAP Uniform Manifold Approximation and Projection
UPR Unfolded Protein Response

VC Vapnik Chervonenkis

Xiv



SUMMARY

Since its discovery, Raman spectroscopy has evolved signi cantly as an analytical tech-
nique. Over the past two decades, rapid technological advancements have greatly enhanced
Raman instrumentation. Consequently, numerous studies have demonstrated the poten-
tial of Raman spectroscopy and microscopy in revealing biochemical patterns for critical
biomedical applications, such as identifying antibiotic resistance or detecting cancerous
regions in tissue samples. However, Raman imaging still faces challenges before being
fully adopted by the biomedical community, primarily in terms of speed and sensitivity.
Coherent Raman techniques offer promising improvements over spontaneous Raman in
addressing these limitations.

In this dissertation, | describe the development of a Broadband Coherent Anti-Stokes
Raman Scattering (BCARS) microscope system, intended for imaging biological samples,
such as single cells and tissue slices. Additionally, several algorithms and computational
methods are presented to aid in the extraction and processing of the BCARS data and to
generate simulated data to evaluate these approaches reliably. This work is divided into six
chapters.

Chapter 1 describes the theory of spontaneous and coherent Raman spectroscopy and
describes several applications of these approa&iespter 2 demonstrates the use of sev-
eral machine learning techniques to distinguish antibiotic resistance from Raman spectra
of bacteria and extract the signi cant spectral features used to make this distinction by the
models.Chapter 3 outlines the design, performance, and speci cations of the BCARS mi-
croscope Chapter 4 describes the creation and use of an experimentally based simulated
tissue image dataset designed to evaluate noise and background removal methods applied
to BCARS data. Chapter 5 presents the initial approach to using BCARS microscopy
in conjunction with immuno uorescence labeling to analyze xed prostate cancer cells.

Chapter 6 summarizes the ndings and concludes the dissertation.

XV



CHAPTER 1
INTRODUCTION AND BACKGROUND

1.1 Motivation

Raman spectroscopy (RS) has been long anticipated as a highly valuable discriminatory
technique due to the richness of the chemical information it provides in a label-free, non-
destructive manner. It can be used to analyze human cell lines, tissues, and micro-organisms
in conjunction with other analytical methods, such as mass spectrometry and uorescence
imaging, allowing for high-dimensional, multiplexed datasets. However, due to its intrin-
sic inef ciency and low signal, its adoption into the laboratory and biomedical world was
slow. Advancements in the ef ciency and power of laser light sources and the sensitivity of
detectors have greatly improved the quality and speed of RS, causing its usage to increase
drastically over the last twenty years.

A Google Scholar search for "TRaman spectroscopy” and "cancer” returns 317,000 re-
sults, with 4,110 results this year alone. Even in the early 2000s, RS was used to distinguish
cancerous tissue regions from healthy ones [1, 2, 3, 4, 5, 6, 7, 8]. It has been demonstrated
that RS can identify quantitative and qualitative metabolic changes in cancer cells caused
by the Warburg effect, such that, if used in diagnosis, it would cut diagnostic error by a fac-
tor of 3 to 6 (Table 1.1). Improving diagnostic accuracy could save an estimated 200,000
people who are misdiagnosed in the United States each year, leading to $2.5 billion in
unnecessary treatment costs and missed opportunities for early, life-saving treatment (Ta-
ble 1.1)[9]. Such improvements arise from the rich chemical information contained in
Raman spectra that can help identify metabolic changes that are associated with disease,
some of these metabolites and their identifying Raman peaks are represented in Table 1.2.

More recently, RS has been applied to identify pathogenic bacteria and distinguish bac-



Table 1.1: Major Cancer Types and Diagnostic Uncertainty

Diagnostic ~ Unnecessary Raman
Type New Cases Uncertainty Treatment Cost Uncertainty [9]
Breast 250k 20% $575 M 5%
Lung 225k 10% $680 M 10%
Prostate 180k 30% $540 M 5%
Colon & Rectal 135k 10% $350 M 5%
Bladder 77k 40% $320 M 7%
Melanoma 76k 25% $52 M 5%

terial strains with different antibiotic resistances[10, 11, 12, 13, 14, 15, 16, 17]. Most of
these newer studies employ machine learning techniques to fully leverage the vast amount
of information embedded in Raman spectra, further advancing the capabilities of RS. In
some cases, Raman spectra have even been correlated with gene expression information,
paving the way for non-destructive acquisition of both metabolic and genomic informa-
tion[18, 19].

The capabilities of RS for biochemical imaging are vast, and advancements in instru-
mentation have expanded its usage rapidly. Benchtop Raman instruments can now be
bought commercially, are on most research campuses, and are often used industrially. How-
ever, despite the advancements in spontaneous RS, the sensitivity and speed are still near
the lower limit necessary to provide suitable signal and ef ciency for real-time biological
imaging and are a long way from being adopted as a medical diagnostic method, despite
the promising results that have been shown. Further enhancing the quality, speed, and

sensitivity of Raman imaging techniques brings us closer to unlocking its full potential.

1.2 Raman Spectroscopy

The Raman effect was rst observed experimentally by C. V. Raman in 1928 [25, 26], ve
years after it was predicted theoretically by Smekal [27]. It describes an inelastic scattering

of light, where upon collision of an incident photon with a molecule, the resulting scattered



Table 1.2: Fingerprint Raman Metabolic Marker Subset

Metabolite Conc. [mM] ID Bands [cm 1]

Glutamate 96 (2X) [20] 1346, 1416
Glucose 45 (2X) [20] 1125
Lactate 18 (2X) [20] 830, 1454
Glutathione 17%2X) [21] 508

FBP 15 6 2X) [22]

ATP 9.6 ¢#2X)[23] 680,830, 1112
UDP-GIcNACc 9.2

ROS 9 744,877, 1342
HexoseP 8.8 910, 980, 1170
UTP 8.3

GTP 4.9 1058, 1115
dTTP 4.6 1240, 1380
Aspartate 4.2 (2X) [20] 1086, 1317
Valine 4.0 (0.5X) [24] 727,829, 1328
Glutamine 3.8 848
6-P-gluconate 3.8

light has a different energy and frequency than the incident photon due to energy absorption
or emission by the molecule as a result of the collision. The energy (E) of a photon is
described by:

E=h! =h-=hc~ (1.1)

whereh is Plank's constant, is frequencyg is the speed of light, is wavelength, ane
is wavenumber.

There are two subtypes of Raman scattering, Stokes and anti-Stokes. Stokes scattering
occurs when the interaction between a photon and a molecule results in the emission of a
photon with lower energy than the incident photon. In contrast, anti-Stokes scattering oc-
curs when a molecule that is already in an excited state loses energy to the scattered photon.
These inelastic processes are spontaneous and signi caofly (10’ times) less likely to
occur than the corresponding elastic process, Rayleigh scattering. Anti-Stokes scattering,

in particular, is 10-1,000 times less likely than Stokes scattering because it requires the



Figure 1.1. Energy diagram of Rayleigh Scattering, Stokes Raman Scattering, and Anti-
Stokes Raman Scattering

molecule to already be in an excited state when it interacts with the incident photon, which
is rare.

The energy difference between the incident and scattered light is related to the vibra-
tional frequency of the moleculé ) and is only possible for discrete vibrational modes/energy
levels. When an oscillating electric eld, typically provided by a laser, described by
Esin (!t ), interacts with a molecule, it induces polarizati&t), described by the number

of molecules ') and the sample polarizability §:

P(t)= N (t)Esin(t) (1.2)

Raman-active vibrational modes are characterized by a non-zero change in polariz-
ability along the molecule's normal mod&@(=@ @ 0) [28]. The polarizability of the
molecule depends on the molecular structure and changes as the molecule moves and vi-
brates. It can be described by @fi order Taylor expansion along the normal mode coor-

dinate (Q=0) form normal modes, whema = 3N 6 for non-linear molecules.
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When the molecule vibrates, it experiences an oscillatory restoring force that drives mo-

()= o+

Qr (1) (1.3)

n m

tion along the normal mode, sustaining the vibration. The combination of Raman-active
vibrations for a molecule generates the Raman spectrum, which is directly related to the
chemical composition of the molecule as well as its local environment.

On the macroscopic scale, the behavior of the individual molecules in a mabérial (
can be combined to describe the material's nonlinear susceptibilitynith the multipli-

cation by a constant, the permittivity of free-spagg [28].

P(t)= o E(t) (1.4)

Spontaneous Raman scattering is an inef cient process since one of the two required
photons must be provided by rare vacuum uctuations [29]. Furthermore, the phase re-
lationship of light scattered from different molecules in a sample is uncorrelated, making
the detected signal incoherent [30]. The combination of these effects makes spontaneous
Raman intrinsically weak and historically dif cult to detect, requiring highly sensitive de-
tectors, high-powered laser excitation sources, and/or prolonged measurements to obtain a

reasonable signal.

1.3 Coherent Raman Spectroscopy

As shown in Equation 1.2, the spontaneous Raman response scales linearly with the inci-
dent light as a harmonic oscillator. If a suf ciently strong eld acts on a molecule, it can
no longer be treated as strictly harmonic, and the dependence of the polarization on the
driving eld is non-linear. The nonlinearity of the polarization can be described as a power

series:



Figure 1.2: Coherent Anti-Stokes Raman Scattering Energy Diagram

P(t)= PO+ PA)+ PO)+ 4+ PM(1) (1.5)

These higher-order terms describe coherent Raman techniques such as Stimulated Ra-
man Scattering (SRS) and Coherent Anti-Stokes Raman Scattering (CARS) that exhibit a
non-linear dependence on the incident light. Both CARS and SRS result from the third-
order contribution to the polarizatioR () (t)) [28]. In CARS, two of these three elds are
provided by a two-photon excitation scheme where pump#nd Stokes!(s) elds excite
desired vibrational modes at the single frequehgy s. Energy can only be transferred to
the vibrational level when the energy difference between the pump and stokes elds equals
the difference between adjacent vibrational levels. A third élg,, is then required to
probe the molecular response, which is emitted at the frequepty+! , [28, 31].

In addition to the resonant CARS process, nonresonant electronic processes occur si-
multaneously, interacting with the same elds in different orders. Because these processes
overlap temporally, they are intrinsically linked and cannot be separated through detection.

Therefore, there is a resonanlff() and non-resonant ﬁ)R) component of the nonlinear



susceptibility and also the polarization [31].

Q)= RO+ ) (16)

CARS utilizes coherent radiation, which has a well-de ned phase, to activate the se-
lected vibrational modes, enhancing the Raman response by a factor of 100 [32, 33, 34, 35,
36]. Both the pump and Stokes photons are typically provided by coherent laser pulses with
different wavelengths. To excite different vibrational modes and examine Raman peaks at
different frequencies, one of the lasers' frequencies must be tuned. Therefore, obtaining a
full Raman spectrum involves a tunable laser and multiple successive measurements, which

is time-consuming and impractical for imaging.

1.4 Broadband Coherent Anti-Stokes Raman Scattering (BCARS) Microscopy

BCARS microscopy leverages a broadband supercontinuum (SC) source to simultaneously
excite vibrational frequencies across the ngerprint and CH-stretch Raman spectral regions
[37, 38], enabling rapid broadband hyperspectral imaging. BCARS employs two lasers to
generate three ultrafast elds—pump, Stokes, and probe—required for nonlinear signal
generation. Typically, one laser provides a spectrally narrow probe eld, while the other
delivers a short ( 15fs), spectrally broad SC pulse. Excitation can occur in two schemes:
(1) a two-color scheme, where the probe pulse serves as both pump and probe while the
SC supplies the Stokes eld, or (2) a three-color scheme, where the SC provides both
pump and Stokes elds, as shown in Figure 1.3. When SC coherence is suf cient, both
excitation schemes can be used simultaneously in a dual-excitation approach [39]. This
dual-excitation BCARS con guration enhances signal generation ef ciency in the nger-
print region by a factor of 100 compared to the two-color scheme alone.

Like CARS, the BCARS signal contains a nonresonant component from the electronic



Figure 1.3: Energy diagram of (a) two-color CARS, utilizing a narrowband probe and

broadband SC for the Stokes pulse, and (b) three-color CARS with the SC providing both
the pump and Stokes pulses. Three-color CARS has 100x higher ef ciency in the nger-

print region than two-color CARS because the signal scales linearly with the SC bandwidth,
but is much more dif cult to achieve because it requires coherence.

response to the driving laser elds. An expression for the BCARS signal can be written as:
lecars (') /] Pur (! )+ Pr(!)j? (1.7)

lscars (! ) /] Par(!)i® +2Pnr (! )Ref Pr(! )g+ jPr(!)j? (1.8)

wherePygr (! ) andPr(! ) are the nonresonant and resonant components of the overall
polarization. The convolution of the pump and Stokes elds contributes to the polarization

as well, as a coherent excitation pro IE(! ), as in:

PE)=c() &) (1.9)

PO =c() P) (1.10)

While the BCARS signal contains contributions from the nonresonant and resonant com-
ponents, as well as from a heterodyne component from the mixing of the two elds, there

is a xed phase relationship since the electrons adiabatically follow the driving eld. This



xed phase relationship is represented bycars=nrs , @and contributes to the retrieved
Raman signall(ey (! )) in this way:

S

lrew (V) = Mexm BCARS=NRB ) (1.11)
Inre (1)

Therefore, to extract the Raman signal, this phase relationship and the intensity of the
Non-Resonant Background (NRB)\&s ) must be determined. There are two common
approaches for calculating the phase: the Maximum Entropy Method (MEM) [40, 41]
and the time-domain Kramers-Kronig (TDKK) Transform [42, 43, 44]. The MEM aims
to estimate the spectrum by nding a non-negative solution with maximal entropy that
preserves the autocorrelation of the spectrum [45]. It has been shown that the MEM and
the TDKK are functionally equivalent, and therefore, we choose to use the TDKK because
it is slightly more ef cient [44]. The TDKK uses a windowed Hilbert transforfih ) to
estimate the frequency-dependent phase of the BCARS sigpaiés (! )).

scars (1)= Au Sn(lacass (1) (112)
soes (1) A SINGC)P) + AwtZInGO(0)Dg (113
scrs (1) Aw ZINGCM) +\ [ @)+ RN (19

Then, the phase of the ratio of the BCARS signal to the NRE:frs=nrz (! )) iS:

commsama ()= fu g PEEE) @0 Qen @S

which means that the retrieved signal is:

-]

et (1) jexp(i\ [20)+ S0 (1.16)
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So, the TDKK requires an estimate ofr to make this separation. This estimate
is typically obtained from a separate measurement of a material with minimal resonant
signal, such as coverslip glass or water [46]. Errors in the NRB estimation manifest as
baseline deviations in the Raman spectrum after phase retrieval but can be mitigated using
the approaches described below.

In theory, BCARS offers faster and more sensitive Raman spectroscopic imaging due to
its ef cient coherent dual-excitation scheme. However, realizing its full potential depends
on advancements in instrumentation, including SC power and bandwidth, signal detection
sensitivity, and speed. This dissertation describes an instrument designed to address both
challenges. As the setup evolves, analytical methods for de-noising and Raman signal
extraction may require adaptation. We evaluate modi cations to the BCARS data process-
ing protocol using a numerical tissue phantom that incorporates system-speci ¢ parameters
such as camera noise characteristics and the NRB pro le. Further advancements in BCARS
instrumentation and data processing could facilitate its adoption in biomedical imaging for
applications like disease detection, antibiotic resistance identi cation, and bio uid analysis

for drug delivery and disease monitoring.

1.5 Machine Learning Analysis of Raman Spectra

Raman spectra contain high-dimensional chemical information with subtle differences that
may be imperceptible to humans yet highly signi cant, making them ideal for machine
learning (ML) applications. Classical ML algorithms, such as K-means clustering [47, 48],
discriminant analysis [49, 50], and Support Vector Machine (SVM) [51, 49], have been
widely used to classify Raman spectra by utilizing analytic functions to de ne decision
boundaries between classes. While these methods have shown notable success in classify-
ing Raman spectral data [47, 48, 49, 50], as RS becomes more widely applied, there is no
guarantee that they will always provide adequate models for decision boundaries.

In contrast, Neural Networks (NNs) have gained increasing popularity across various
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elds, primarily due to their exibility and applicability to a wide range of data types and
problems. Their scalable complexity allows them to produce arbitrary boundary topolo-
gies, making them well-suited for highly complex data [52]. However, most NN models
are typically trained with hundreds to thousands of samples per class [53, 54], whereas
Raman image datasets are not commonly as large and generally include tens to hundreds
of samples per class[55, 47, 56]. Yet, in recent advances, NNs have been increasingly ap-
plied to spectroscopy, as they enable the handling of high-dimensional spectral data, and
spectral acquisition rates are improving. Despite their growing popularity in spectroscopic
applications, NNs—particularly Convolutional Neural Networks (CNNs)—have a signi -
cant drawback: they obscure the connection between the identi ed class and the spectral
features that indicate it.

Some ML techniques have been speci cally developed with biological data and the abil-
ity to establish such connections in mind. Spanning-tree Progression Analysis of Density-
normalized Events (SPADE) [57] is a technique that generates a network of nodes to rep-
resent the relationship between different data points. SPADE has been applied to BCARS
images ofC. elegango reveal regions with unique chemical compositions related to their
function [18]. By comparing the SPADE nodes of the BCARS image with gene expression
data, a strong correlation between the groupings of spectral components and transcriptomic
activity was revealed. This suggests that combining BCARS image data with an appropriate
machine-learning method can provide the same level of phenotypic information as a 6,000-
gene transcriptomic read [18]. Obtaining this information ef ciently, non-destructively,
and without labels would be highly valuable for diagnostics. However, not all systems
have enough phenotypic or transcriptomic information readily available to establish such
connections with BCARS data. Alternative methods for establishing these connections,
such as with uorescent imaging or mass spectrometry, may be more accessible for initial
studies.

Many different types of ML methods have been successful at leveraging the information
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contained in Raman spectra and hyperspectral images to provide novel biological insights.
As with any ML analysis, the choice of model must be carefully tailored to the type of data,
size of the dataset, and question at hand. BCARS images provide high-dimensional data,
with approximately 2 x1(P spectra in an image and 50 features in each spectrum. The
ideal ML method in this case should effectively reduce spectral data to identify relevant
features, recurring spectral patterns, and the spatial relationships among related spectra
in the image. Since the notable spectral variations are often subtle, it is crucial that the
BCARS data used to train the model be consistent, with minimal systematic variations due

to changes in processing, background, or noise characteristics.

1.6 Work in Perspective

BCARS is a label-free technique that is non-destructive when used properly, allowing it to
be easily combined with other imaging platforms, such as immuno uorescence (IF) label-
ing and mass spectrometry. The NRB that is generated simultaneously with the resonant
Raman signal provides an intrinsic reference system, making the extracted Raman spectrum
guantitatively absolute, making measurements repeatable and comparable across systems.
BCARS images can also mimic H&E staining by combining the signal from particular vi-
brational bands, providing a familiar visual for pathologists, while still containing all of the
information from the Raman spectrum. These qualities make it particularly advantageous
for biomedical imaging and diagnostics.

However, BCARS microscopes must currently be custom-built and require extensive
training for both instrument maintenance and imaging. The software and processing method-
ology employed to acquire BCARS images is also built in-house and is instrument-speci c,
although most of the required code is available online. Our research group continues to
focus on simplifying the instrument and data analysis so that it might be possible to pro-
duce it commercially. Continued development of the experimental setup and techniques, as

well as the processing methodologies, will improve the ef ciency, ease of implementation,
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and reliability of the required technology, making it more accessible and applicable to the

biomedical community.
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CHAPTER 2
CLASSIFICATION OF ANTIBIOTIC-RESISTANT BACTERIAL STRAINS
FROM THEIR RAMAN SPECTRA

2.1 Introduction

Vibrational spectroscopy can be used to enable label-free microscopy that provides detailed
chemical information, and so it is particularly tfor rapid and non-invasive characterization

of living and non-living material. As recent technological developments allow increasing
spectral acquisition speed and sensitivity [58, 59, 13, 60], a growing number of studies are
investigating potential medical applications of RS, such as disease diagnosis and pathogen
identi cation.

Antibiotic resistance is a current global health issue, leading to fatal bacterial infections
that account for more than 6.7 million deaths globally and $33 billion of healthcare spend-
ing in the United States each year [61, 62, 63]. The rapid identi cation of pathogens from
clinical samples such as urine, sputum, and blood is often crucial to ensure the prescription
of an appropriate antibiotic course and the survival of patients.

Recently, it has been shown that RS can inform on antibiotic resistance or susceptibility.
The major approach has been to identify key spectral shifts occurring under the exposure
of drugs at the population or single-cell level [64, 65, 66]. This strategy can nd straight-
forward application for medical diagnosis, assuming that the antibiotic concentrations and
required time of exposure are taken into consideration appropriately. In a different ap-
proach, Ho et al.[11] and Germond et al. [12] have used the entire Raman spectrum to
discriminate between pathogenic bacteria in the absence of antibiotic drugs. Ho et al. were
able to discriminate between 30 wild-type bacterial pathogens, and Germond et al. were

able to correctly classify ten strains of antibiotic-resistant mutants all genetically derived
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from the samd. colistrain, MDS42. While there are obvious bene ts to positively identi-
fying pathogenic bacteria without the need for drug-exposure testing, the complex spectral
outputs in such applications must be reduced to actionable information using classi cation
algorithms.

Classical ML methods such as K-means clustering [47, 48], discriminant analysis [49,
50], and SVM [51, 49] algorithms are commonly used to classify Raman spectra. Recently,
NN approaches have also been increasingly utilized for this purpose [55, 11]. NN algo-
rithms originated as a pattern recognition tool designed to work like the human brain [47]
and have been studied extensively in the past several decades [67, 68, 69, 70]. The ability
of these models has grown from simple digit recognition tasks to complex biomedical clas-
si cation tasks, such as the prediction of postoperative mortality and tumor identi cation
from medical images [71, 72].

Classical ML approaches and NNs differ in at least two important respects. One of
these is related to the construction of class boundaries. Successful class separation depends
in part on the ability of the function employed to conform to the actual class boundaries of
the dataset. Classical approaches generally use analytic functions to de ne these decision
boundaries. By contrast, NNs model class boundaries using a “hidden layer” of scalable
complexity that can produce arbitrary, even non-analytic, boundary topologies. Thus, if the
actual boundary is relatively well-behaved or is under-sampled in the dataset, the analytic
boundary functions employed may represent it, or appear to represent it adequately. On the
other hand, if the boundary is inherently non-analytinel is well-sampled by the dataset,

NN approaches may map the boundary better than classical methods can.

In general, datasets containing hundreds to thousands of samples per class [53, 54] are
needed to adequately construct the more exible NN models. Raman spectral datasets are
not commonly as large and typically include tens to hundreds of samples per class [55, 47,
56], although new approaches to RS [73, 74, 75, 76, 77, 78, 79] will increasingly make

larger datasets feasible.
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Another difference between classical and NN approaches is that the latter intrinsically
obfuscate the connection between the class identi ed and the spectral features that are
indicative of it. Weight extraction methods can resolve this, however, there are still few
studies where relevant discriminatory features could be extracted from Raman spectra using
NNs. Goodacre et al. and Ho et al. classify bacterial Raman data by Arti cial Neural
Network (ANN) and CNN analysis, respectively, but do not extract feature weights from
the NN for evaluation [55, 11]. Other studies use NNs to analyze Raman spectral data for
mineral identi cation, breast cancer diagnosis, and component identi cation of mixtures
but again do not perform feature extraction [80, 47, 81]. Thrift et al. examine bacterial
species by NN analysis to determine antibiotic susceptibility from surface-enhanced Raman
scattering data but use a generative model, a Variational Autoencoder to extract the relative
importance of spectral features [82].

We are aware of two previous studies that have evaluated spectral feature importance
directly from the NN. Germond et al. [83] used Gradient-weighted Class Activation Map-
ping (Grad-CAM) to retrieve cell-line speci ¢ spectral information from a CNN model, but
this approach cannot be applied to non-convolutional NNs such as ANN or Recursive Neu-
ral Network (RNN). Gniadecka et al. [56] used an ANN model to interpret Raman spectra
for melanoma diagnosis and extracted feature weights using a “sensitivity analysis' where
the derivative of an output with respect to the input indicates the sensitivity to that feature.
Here, we propose a simpler algorithm for retrieving the importance of spectral features
from an ANN and apply it to a model built to classify antibiotic-resistant bacteria. The
feature extraction model is similar to Garson's Algorithm [84, 85] for the relative impor-
tance of input features but with a different normalization scheme. It also does not require
the calculation of gradients, making it computationally less expensive than Gniadecka's
sensitivity analysis.

In this work, we analyze Raman spectral data from Germond et al.[12] of eleven antibiotic-

resistant bacterial strains, listed in Table 2.1, that have the same ancestor but different
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evolved antibiotic resistance. Importantly, the bacterial populations were grown in the
same conditions and measured when they reached a set optical density value, eliminating
differences in growth cycle that were shown to impact the Raman spectra [12]. The study
was repeated in triplicate during three different time periods, with spectra of the same
strains clustering well in semantic space. Given the excellent reproducibility shown by this
study, the resultant dataset provides a reliable basis to help us develop novel tools for NN
analysis. Below, we analyze this dataset using an ANN and weight extraction approach as
well as an SVM approach with feature weights extracted from the model coef cients. We

discuss the relative strengths of these methods for our dataset.

Table 2.1: List of Strains Used in Study

Strain Acquired Class Mode of Action
Resistance
AMK Amikacin Aminoglycoside Protein synthesis
30S,
aminoglycoside
AZM Azithromycin Azalide, macrolide Protein synthesis
50S
CFIX Ce xime Cephalosporin, Cell wall
-lactam
CP Chloramphenicol Protein synthesis
50S
CPEX Cipro oxacin Quinolone DNA gyrase
CPz Cefoperazone Cephalosporin, Cell wall
-lactam
DOXY Doxycycline Tetracycline Protein synthesis
30S,
aminoglycoside
ENX Enoxacin Quinolone DNA gyrase
MDS42
NM Neomycin Aminoglycoside Protein synthesis
30S,
aminoglycoside
TP Trimethoprim Folic acid synthesis
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Figure 2.1: Depiction of ANN classi cation model.

2.2 Results

Two ML models were developed to classify mutant strain€oftoli MDS42 from the
dataset described above[12]. As mentioned above, the dataset included results from three
separate experiments. Each experiment includes average ngerprint Raman spectra of 16
independent biological cultures for each of the 10 mutant strains and 48 populations of the
parent strain. The number of biological replicates in each experiment also increases the
reproducibility of the dataset, allowing data from two experiments to be used to train the
model and the data from the third experiment to be reserved as a representative test set. The
spectra were preprocessed following the method published in[12] and described again in
the Methods below. Feature importance was extracted from the model and analyzed in an

attempt to identify Raman spectral features that are most indicative of bacterial phenotype.

2.2.1 Model Development

A simple ANN model with one hidden layer was trained with data from the rst two ex-
periments (N=416), which were further separated such that a randomly selected portion

(20%) of the data was reserved as a validation set to be used in the ANN training loop. The
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validation data was used to evaluate model performance every 500 training iterations. Once
trained, the success of the model was determined by its ability to accurately classify the test
set, consisting of data from the third experiment (N=208). The ngerprint Raman spectral
region from 600cm ! to 1710cm ! with a 1cm 1 resolution was used for analysis, gen-
erating a 1111-length feature vector. The performance of the model using the full-length
feature vectors (preprocessed Raman spectra) as an input for the network was poor, with
an average accuracy of 60.9% over 10 trials. This was not unexpected, since the size of the
feature vector was greater than the number of samples used to train the model, decreasing
its capacity for generalization and increasing the likelihood that the ANN may over t the
data.

To diminish the probability of over tting, we reduced the data dimensionality using
Principal Component Analysis (PCA), as is often done in machine learning with Raman
spectra for this purpose[47, 11, 55]. PCA nds a basis set to completely describe the input
spectra and then nds projections of the associated basis vectors that best describe varia-
tions in the spectra between phenotypes. A selection of these projections, called Principal
Components (PCs), are then used as inputs to the model. A set of the rst seventeen PCs
were chosen due to having explained variance ratios larger than a threshold value of 0.005.
The spectra were transformed to this 17-PC basis and used as inputs to the ANN model,
reducing the data dimensionality from 1111 to 17. To preserve the independence of the test
set, it was not included in the determination of PCs.

Using this reduced dimensional dataset with a set train and validation data split, the
ANN was optimized to nd the ideal number of neurons in the hidden layer and the min-
imal number of necessary training iterations by increasing each parameter incrementally
and recording the associated training loss and training accuracy. The number of hidden
layer neurons was optimized within the range of 17 (the number of PCs) and 250, while
the number of training iterations was tested up to 100,000 iterations and with the optimal

number chosen to be 15,000. The loss and accuracy for a set number of hidden neurons

19



were plotted against the number of training iterations and visually examined for asymp-
totic behavior. The point where training loss began to behave asymptotically was used to
select the ideal number of training iterations for a given number of neurons. The associated
training loss was then compared among different numbers of neurons, and the combination
with the lowest training loss was selected. The optimization process resulted in an ANN
with a con guration of 17:93.11 (17 input nodes, 93 hidden nodes, and 11 output nodes).
To optimize the other model parameters, some of the most common functions were tested,
including two activation functions, two loss functions, and six optimizers. The combina-
tion with the best performance in the classi cation of the test set was implemented and is
represented in Figure 2.1.

An attempt was made to improve performance by increasing model complexity with an
additional hidden layer and dropout layers, but the increased complexity led to a decrease in
model performance. For example, the single hidden layer ANN architecture was expanded
to two hidden layers by optimizing the number of neurons in the second hidden layer within
the range of 17 and 250, adding an additional softmax activation function, and doubling
the number of training iterations to 30,000. Two ANN architectures, with con gurations
17:93:49.11 (49 neurons in the second hidden layer) and 17:93:118.11 (118 neurons in the
second hidden layer), with the highest training accuracy and lowest training loss during
this optimization process, were applied to the test data. The ANN with 49 neurons in the
second hidden layer resulted in classi cation accuracies ranging from 81.7-92.3% with an
average of 88.6% accuracy over 10 separate train and validation splits (Sup. Fig. 2a), while
the ANN with 118 neurons in the second hidden layer classi ed the test data with average
accuracy of 90.0% and a range of 85.5-95.5% accuracy over 10 data splits (Sup. Fig. 2b).
As a result, the single hidden layer ANN was chosen due to its increased performance and

decreased computation time.
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Figure 2.2: Classi cation results over 10 trials using a) ANN and b) SVM. Entries indicate
the number of predicted samples for each class out of 160 for each of the 10 mutant strains
and out of 480 for the parent strain (MDS42).
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Table 2.2: Sensitivity and speci city of ANN and SVM models

Sensitivity Speci city

Strain ANN SVM ANN SVM
AMK 100% 100% 99.1% 99.8%
AZM 84.4% 73.8% 100% 100%
CFIX 93.8% 93.8% 99.7% 100%
CP 63.1% 86.3% 99.8% 100%
CPFX 95.6% 100% 99.6% 99.7%
CPz 100% 100% 99.9% 100%
DOXY 95% 99.4% 96.7% 98.6%
ENX 100% 100% 99.9% 99.9%
MDS42 100% 100% 99.6% 97.7%
NM 100% 100% 99.9% 100%
TP 100% 100% 100% 100%

Despite its relative simplicity, the single hidden layer ANN was able to distinguish the
mutants with high accuracy. However, the model's performance varied depending on which
spectra were assigned to the training set and which were assigned to the validation set. This
variation was reduced through optimization of the network parameters so that the model
was able to classify the test data with 90.9% to 96.6% accuracy across ten unique train and
validation splits, giving an average accuracy of 94.8%. The sensitivity and speci city of
the model for each strain are listed in Table 2.2.1. Instances of incorrect classi cation are
documented as off-diagonal entries in the confusion matrix shown in Figure 2.2A.

We next compared the performance of the ANN to a linear SVM. A linear kernel was
used because it performed similarly to the nonlinear kernels, with the added bene t of al-
lowing for feature weight vectors to be acquired from the model. A nonlinear kernel does
not provide the same strain-speci c feature vectors due to the nonlinear transformation
performed on the data. The same training, validation, and test data split was used for con-
sistency with the training data used to t the model, the test data used to test the model's
performance, and the validation data set aside due to SVM not requiring the use of a sep-
arate validation set. The results achieved by SVM were largely invariant to changes in the

training data by shuf ing the train and validation sets and yielded smaller deviations in

22



classi cation accuracy. Consequently, SVM classi ed the test data with 95.2% to 97.1%
accuracy and an average of 96.4% accuracy over ten train and validation splits. The model
was also highly sensitive and speci ¢, as seen in Table 2.2.1. Cumulative classi cation
results are shown in Figure 2.2B.

Notably, PCA was not applied to the data prior to analysis by SVM, as this decreased
the average classi cation accuracy of the test set from 96.4% to 92.3% with the linear
SVM architecture. Even with optimization of the model for 17-PC input with a radial
basis function, the resulting accuracy ranged from 94-96% with an average value of only
95%. Since these classi cation accuracies are not as high as the linear model with full
spectra as input features and the use of a nonlinear kernel limits the ability to extract feature
importance, the linear model was chosen for analysis with full Raman spectra as input
features. The ability of SVM to analyze data with many features and relatively few samples
has been previously reported as a strength of the model[86, 87].

Both models achieve similar maximum classi cation accuracy, however, the range of
results is broader for the ANN, causing the mean accuracy to be lower. Furthermore, the
number and identity of misidenti ed strains by the two models differ. For example, the
most common misclassi cation event for the ANN is to classify CP as DOXY. This error
occurred 59 times for the ANN, but only 22 times for the SVM. On the other hand, SVM
misidenti ed AZM as the ancestor MDS42 strain a total of 37 times, whereas this error
occurred only four times for the ANN. Clearly, the two approaches use spectral informa-
tion differently. Comparing the model weights for the two methods may illuminate these

differences.

2.2.2 Retrievingmodelinformation

In an effort to better understand the differences in performance of the two models, the fea-
ture weights used to discriminate between mutant strains were extracted. For the ANN, fea-

ture extraction was performed through a modi ed Garson algorithm [84, 85]. This method
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to extract class-speci c features from ANNSs differs from bothGrad-CAM, which high-
lights sample-speci c properties from CNNs [88], and the sensitivity analysis performed
by Kothari et al. on ANNs [47]. The process, described by Equation 2.1 and Equation 2.2,
consists of selecting one of the classes from the output vector by setting that class to one
and all others to zero. This target vecttrjs then multiplied by the transformation ma-

trix connecting the hidden layer to the output laydr,; , with dimensionalityll 93
Similarly, the resultant vector, of the same dimensionality as the hidden layer with 93
neurons, is multiplied by the transformation matrix connecting the hidden layer to the input

layer,M i, , of shape93 17.

— T
= I\/Iout

t (2.1)
p=M/] * (2.2)

The resulting vectorp, is in the 17-PC basis and can be inverse transformed back
to the spectral domain to represent relative feature importance. Larger coef cients for
a given feature represent its increased signi cance in distinguishing the selected strain.
This process was repeated for all 11 strains, and the resulting weights were normalized
with a min-max normalization scheme that differs from the normalization used to calculate
relative importance by Garson's algorithm. The extracted weights are shown in Figure 2.3,
where the strains are listed in order of decreasing mean classi cation accuracy by the two
models.

The important input features were extracted from SVM by examining the coef cients
of the model. SVM coef cients have been used for feature ranking previously, for example,
in a study of gene selection for cancer classi cation[86]. The weight vegtogbtained
from SVM coef cients represents the coordinates orthogonal to a hyperplane separating
two classes. The equation of the hyperplane is determined solely by the points closest to

it, which lie on the "margin’ that is parallel to the hyperplane. By maximizing the width of
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Figure 2.3: a) Weights obtained from the ANN model through a modi ed Garson algo-

rithm. b) Weights obtained from the coef cients of the linear SVM model. Strains are

shown in order of average decreasing classi cation accuracy of the two models. The rst
six strains were classi ed 100% correctly by both models.

the margin, the optimal hyperplane is found to minimize the risk of misclassi cation. Input

vectors,x, are classi ed according to a decision functi@(x), where:

D(X)=w %+ b (2.3)

with
X
W = k Yk Xk (2.4)
K

such that the weight vector is a linear combination of training pattexgs €lass labels

(yk), corresponding weights of the training patterng)( and bias valuesh([86]. The
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magnitudes of these weights can be used as a feature ranking criterion for the separation of
the two classes[86].

In multi-class classi cation, there is a decision boundary separating each df the
classes, yieldindh (N  1)=2 coef cient vectors. In this case, there are 11 mutant
strains and 55 total coef cient vectors. Each coef cient vector represents the distinction of
one class from another class, yielding a total of ten vectors relating to each class. These
ten vectors for each class were averaged to obtain a single feature vector representative of
all decision boundaries used to distinguish a particular strain from the others. Min-max
normalization was applied to make the data comparable with the feature weights obtained
from the ANN. The weights of each strain obtained by SVM are shown in Figure 2.3B and
compared to the feature weights extracted from the ANN.

The features were ordered by importance for each strain and model. The top ve most
signi cant features were compared for each strain. Table 2.3.1 lists the spectral bands
identi ed as a top- ve signi cant feature at least three times. The @62 * peak, attributed
to cytochrome[89] and circled in Figure 2.3 was the most commonly recognized feature by
both models, and was included as a signi cant spectral band for all but one strain, (NM
by ANN and MDS42 by SVM). Other features appeared to be more speci c for particular
strains. Examples of these are given in Table 2.3.1, which lists peaks heavily weighted by

at least one of the models but only appear for a single strain.

2.3 Discussion

2.3.1 Applicability of ANN to analyzeRamandata

In this work, we compare the performance of ANN and SVM classi cation models con-
structed using an 11-class, 332-member dataset of antibiotic-resistant bacteria in terms of
classi cation accuracy and spectral information usage. We nd that the SVM model is able
to classify test data with an average of 96.4% and a standard deviation of 0.6% accuracy

when using an 1111-dimensional training data input. With such a high-dimensional input,
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the ANN model was unable to distinguish bacterial strains from the test data but achieved
94.8% average and 1.6% standard deviation classi cation accuracy with the test set when

the input data dimensionality was reduced to 17 through the use of PCA.

Table 2.3: Most Common Features

Feature Assignment No. Times No. Times
[cm 1] ANN SVM
752 (C-C) Tyr Protein, 10 10
cytochrome
[89]
1001 Phe ring Phenylalanine, 4 9
breath, protein [89]
C—C skeletal
(protein)
1123 CH Phe Cytochrome 3 5
[89]
1129 C-C stretch Unsat. fatty 3 1
acids in lipids
[90]
1160 C-C/C-N Protein [91] 2 1
stretch
1221 Amide I, Nucleic acid, 2 2
C-C stretch protein, lipid
[89]
1333 CH,CHgs Nucleic acid, 2 1

protein [64]
def of collagen

1476 Amide I, Cytochrome 2 1
bo,
Purine bases  Nucleic acid
(V) [66]
1545 (C=C) Protein [66] 4 4
stretch, Tyr
1646 Amide | Protein [65] 2 1

The classi cation performance results can be qualitatively understood in terms of the

general properties of SVM and ANN models. A minimal number of data points are required
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for the appropriate constraint of any function. This minimal number of training points is
often described in terms of the Vapnik Chervonenkis (VC) dimension, which is the largest
number of points that a model can “shatter”, or is guaranteed to accurately classify[92, 93,
94]. The VC dimension is, therefore a measure of the model's complexity or capacity in
describing a dataset. For a perceptron, the building block of NNs, the VC dimension is
equal to the number of parameters [94]. However, calculating the VC dimension for more
complex models is non-trivial and is usually less than the number of parameters, such as
with SVM [94].

In general, to adequately train a model, the number of input features should be smaller
than the number of data points, a constraint clearly not met for the ANN with 1111 input
dimensions and a maximum of 32 members per class, where it failed to distinguish among
classes. When the ratio of dimensions to class members was reduced to roughly 1:2, the
ANN performance improved and was only slightly worse than the SVM. This lower bound
on appropriate dataset size is also described as approximately 10 times the VC dimension
[94]. Since a neural network is made up of multiple perceptrons, its VC dimension has an
upper bound of the number of parameters. Although the actual VC dimension is likely less,
we can guess that the ANN decision boundary may have been slightly under-constrained
by the number of training samples given. This is consistent with the higher variance in
classi cation accuracy we observed when shuf ing training and validation data.

Feature weights were extracted from the ANN following each of the ten unique train
and validation data splits, demonstrating that the feature weights for a given strain also
varied with the data shufing, further indicating that the decision boundary may not be
fully constrained. The average and standard deviation feature weights for three selected
strains are shown in Sup. Fig. 4. Interestingly, the feature weights extracted from SVM
did not uctuate with different train and validation splits. This may indicate that either the
decision boundary has been fully mapped by a subset of the data that is smaller than the

full training set, or that the SVM coef cients are not as sensitive to changes in the training
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data which may hinder the SVM model's exibility to slight differences in training data.
The former possibility is supported by the strong performance of SVM at classifying the

test set, which consists of data from a completely unique replicate experiment.

Table 2.4: Strain Speci c Features

Feature Assignment Strain Model
[cm 1]
786 C, T, Uring Nucleic acid NM Both
breath, PO, [89]
group
818 O-P-0O stretch, Nucleic acid, NM ANN
DNA, Tyr Protein [48]
867 Ribose RNA [95] CPFX SVM
vibration
1030 (CH) bend, Aromatic CP ANN
Tyr, Phe compound [96]
1466 CH def. Lipids [97] ENX ANN
1578 G A Nucleic acid ENX ANN
[89]

Remarkably, the SVM model classi ed the test set better using the full 1111-feature
ngerprint spectrum as input than with a reduced 17-feature set from PCA. This calls into
guestion the necessity of applying PCA prior to machine learning analysis of Raman spectra
[47], at least when using SVM. The ability of SVM to perform even when the dimension-
ality was much larger than the average class membership has been previously reported as a
strength of the model and is related to the VC dimension of SVM being independent of the
number of features[94].

A few studies have previously applied NN models to analyze bacterial Raman data[11,
82]. Of particular note here is a result of Ho et al.[11], who trained a CNN model using
data dimensionality of 1175 and 2000 data points per class, incidentally also a ratio of 1:2

features to class members. They found that CNNs performed better than SVM (82% vs
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75% accuracy) in discriminating among 30 distinct bacterial species. It is possible that
the inversion in performance of NNs and SVM between our study and that of Ho et al. is
related to the higher data density of the latter study. At a higher sampling density, the true
class boundaries will be better represented. The better performance of the CNN by Ho et al.,
despite SVM having a lower ratio of features to class members due to the applied dimension
reduction by PCA, suggests that the true boundaries are not faithfully reproduced by linear
boundary functions available through SVM. The inversion of performance between the two
studies demonstrates the trade-off of increasing model complexity, where a model with a
higher VC dimension is able to shatter larger, more complex datasets, yet the increased
VC dimension requires more training points to reach a given level of accuracy[92, 94].
Statistical Learning Theory states that it is crucial to restrict the capacity of the model to
one suited to the amount of training data[93, 94]. Here, our simpler models likely achieve
higher accuracies due to decreased VC dimension, which is apt given that fewer training

points are available.

2.3.2 Modelinterpretatiorandfeatureextraction

To further understand the differences in performance between the two models and poten-
tially gain insight into the biological differences between the bacterial strains, we extract
spectral feature weights from the models. Features were extracted from the ANN through
a modi ed Garson algorithm[84, 85] described above, which is less computationally com-
plex than other techniques requiring the calculation of gradients. Feature extraction from
SVM was performed by averaging the coef cients from all two-class decision boundaries
for a strain. The resulting feature weights are shown in Figure 2.3, with strains ordered by
decreasing average classi cation accuracy by the two models. Comparison of these feature
weights may potentially give strain-speci ¢ spectral markers indicating antibiotic resis-
tance. As an example, Figure 2.4 depicts the difference between the ANN feature weights

of the Amikacin resistant mutant (AMK) and the parent strain, obtained by subtracting the
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Figure 2.4: Difference feature weights extracted from ANN of AMK against the parent
strain. Highlighted features may be indicative of Amikacin resistance (positive) or similar-
ity to the parent strain (negative).

feature weights of the parent strain from the feature weights of the mutant strain, with some
features of interest highlighted.

Notably, the rst six strains shown were identi ed with 100% accuracy by both models.
By visual inspection, the feature weights for these strains, particularly the ANN weights,
have one primary similarity: decreased signi cance placed on the cytochrome shift at 752
cm ! and concomitantly increased relative signi cance distributed over the rest of the spec-
trum. This effect is further apparent by comparing the ANN feature weights between AMK,
classi ed with 100% accuracy, and AZM, classi ed with 84% accuracy, where AMK has
multiple bands with normalized intensity greater than 0.5 and AZM only has two features
of this magnitude (Figure 2.5). The 7%2n ! feature was identi ed as one of the ve
most signi cant features for 20 out of the 22 distinct classi cation cases. Other commonly
recognized features are listed in Table 2.3.1 and are primarily attributed to proteins. Inter-
estingly, many of the strains that were classi ed with the greatest success by both models,
such as NM, focused on non-protein-related peaks more heavily, such as the nucleic acid
shifts at 786cm ! and 81&m 1.

Figure 2.3 shows a comparison of the weights for each strain and model. The ve largest
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Figure 2.5: ANN feature weights of AMK, classi ed with 100% accuracy, and AZM, clas-
si ed with 84% accuracy. Multiple features were found to have normalized intensity greater
than 0.5 for AMK. Only two features have normalized intensity greater than 0.5 for AZM,
one of them being at 75@m 1.

weights for each strain and model were examined for patterns. Interestingly, the models
often focused on different peaks to identify the same mutant strain and had noticeably
different feature weights as a whole, apparent from the an average feature weight vectors
obtained by averaging the feature weights of all eleven strains by each model (Sup. Fig. 5).
For example, AMK was classi ed with 100% accuracy by both models which recognized
three of the same features: 766 %, 1001cm !, and 1646cm ! (Sup. Fig. 6). The
remaining two out of the ve most signi cant features are 1338 !, 1367cm ! (nucleic
acid, protein)[65] for ANN, and 976m * (amide I, protein)[65], 1123m ! for SVM
(Sup. Fig. 6). In comparison, AZM was classi ed with an average accuracy of 79%
between the two models which only identi ed one feature in common, &G62t. The
other four features with the largest weights were 129, 1333cm !, 1476cm 1,
and 1594cm ! (possibly phenylalanine, tyrosine) [89] for ANN, and 93 * (protein,
lipid)[66], 1001cm *, 1123cm 1, and 1545m ! for SVM.

We generally nd a positive correlation between the accuracy of the models in identi-
fying a particular strain and the overlap in the set of identifying peaks found by ANN and

SVM for that strain. We can understand this trend on the basis that some mutants may ex-
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hibit spectral features that differ signi cantly, and discrimination will be optimized when all
such features are recognized. So, successful models will focus on these same set of unique
features, and less successful models could be improved by augmenting them with informa-
tion from peaks they neglected. The need for such augmentation calls for methods to not
only extract information from different models but also identify the relative importance of
the feature and optimally combine information from multiple models. This suggests the
need for an appropriately informed weighted voting scheme to combine extracted feature
vectors from multiple models for a classi cation performance-informed ensemble feature
selection approach. Mutual information is one attractive candidate that has been previously
used for feature selection and to inform weighted voting schemes that combine information
from multiple models prior to the nal classi cation [98], but the methods will need to be
adapted to select features from feature vectors extracted following classi cation.

We nd a negative correlation between commonality in identifying peaks between two
strains for a single model and the ability of that model to distinguish the strains. In general,
SVM was slightly less susceptible to confusion in this regard than ANN. Speci cally, ANN
misclassi ed ten distinct pairs of strains, where one strain in the pair was misclassi ed
as the other and potentially, but not necessarily, vice versa. Of these ten pairs, one pair
had no features in common, seven had only one feature in commorgn752 and two
had one other band in common (1001 or 1545 ). The prevalence of the cytochrome
shift at 752cm ! in this list suggests that the ANN model may have overemphasized it.
This hypothesis is supported by examining the feature weights of the six strains that were
classi ed correctly, where it is visually apparent that slightly smaller feature weights are
applied to the peak at 75@n ! for these strains than for the others. SVM misidenti ed
seven distinct pairs of bacterial strains. Of these, four had three identifying features in
common, two pairs had only two features in common and one pair had only one feature
in common. Notably, all of the shared features are listed in Table 2.3.1 as peaks that

commonly occurred as a signi cant feature among multiple strains.
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Figure 2.6: Venn diagram of the most heavily weighted mode-of-action features (it
extracted from an SVM model. Overlap indicates features shared by one or more modes of
action.

2.3.3 ldentifying Mode of Action

Thus far, we have focused on using ANNs and SVM to discriminate among known bacte-
rial strains. While such an ability would be highly useful in cases where identities of all
possible offending bacteria are knoarpriori, it would be of limited use against a newly-
emerged antibiotic-resistant bacterial strain. For such cases, a model to recognize the mode
of action related to antibiotic resistance would be of much greater value. In pursuit of such
a model, we applied SVM and ANN models to data from the 11 bacterial strains that were
aggregated into ve classes with a distinct mode of action, each class containing one or
two strains. The ANN model was trained and optimized essentially as described above for
strain identi cation with a PCA reduced input, while the SVM model used a full 1111-
input dimension and a different train and test data split due to not requiring a validation set.
Figure 2.6 indicates which peaks were important for identifying each mode of action.

Of the eleven mode-of-action-related peaks listed in Figure 2.6, six appear in Table 2.3.1
or Table 2.3.1 as important to discriminating among strains. A similar overlap of six peaks,

although they represent different features, exists between the peaks listed in these two ta-
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bles and function discriminating peaks found by Germond et al.[12] through correlation

with gene regulation changes. Furthermore, a distinct set of six of the eleven mode-of-
action peaks we have identi ed were also found to be discriminating peaks by Germond et
al.[12]. Outside of comparing the features extracted from different models, we are not yet
able to test how strain-speci c spectral features directly relate to a given mode of action of
antibiotic resistance.

From the overlap between these three sets of data, we conclude the following: (1) It
appears that some of the strongest strain-speci ¢ spectral differences are not related di-
rectly to the mode of action of antibiotic resistance, although they were evolved from the
same strain with only differences in antibiotic stress; (2) Like the strain-related spectral
changes, we should expect that robustly identifying mode-of-action-related peaks will re-
quire larger datasets than we have here; (3) Even with the limited dataset at hand, SVM was
able to achieve an average of 98.8% accuracy regarding mode of action, in comparison to
93.4% accuracy by ANN. While this result is likely due to the increased amount of training
data since no validation data was set aside, it nonetheless bodes well for the likelihood of

establishing truly robust models for mode-of-action identi cation.

2.4 Conclusion

In summary, our results demonstrate the ability of two distinct machine learning models,
namely ANN and SVM, to distinguish between highly similar bacterial mutants evolved
from the sameE. coli parent strain, with a relatively small training set. By identifying
spectral-domain importance weightings, we found that overemphasis on spectral features
with high amplitudes was often correlated with poor model performance. The spectral
weightings also showed that recognition of more subtle spectral bands, such as those listed
in Table 2.3.1, in certain strains correlated with strong speci city for that strain. It is likely
that combining discriminating information gleaned from multiple models will lead to sig-

ni cantly improved performance. Along these lines, we found that separating these strains
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by function revealed a different set of bands that may be useful in strain identi cation in a
more comprehensive model.

Finally, our results indicate that both ANN and SVM have the potential to analyze com-
plex spectral datasets for biomedical applications such as bacterial identi cation. Impor-
tantly, increased model complexity does not necessarily correlate with increased model per-
formance, and a simpler model, such as SVM, may outperform NNs with smaller datasets,
such as the one analyzed here. Here, we nd that ANN worked roughly as well as SVM
when we had at least a 1:2 feature to sample ratio. NNs, by their construction, will likely
outperform classical machine learning approaches for large datasets with highly textured
decision surfaces. As Raman methods improve in speed, larger datasets will be more com-

mon, and NNs will be increasingly applicable.

2.5 Methods

2.5.1 Bacterialstrainsandspectraimeasurements

In a previous studyk. coliMDS42 strain was experimentally evolved to obtain 10 mutants
that retain antibiotic resistance even in the absence of drugs yet exhibit very few mutations
by comparison to the parental strain[99]. Cells were prepared and measured by a home-
made confocal Raman microscope in a previous study[12]. Briey, cells were grown in
MO medium in 96 well plates and harvested at the beginning of the stationary phase. To
avoid discrepancy in cell concentration and metabolic differences, cultures were grown in
a synchronized manner so they achieved the beginning of the plateau phase at the same
time. Then, cells were washed by centrifugation at 9000g at room temperature for 2 min
with PBS buffer and resuspended in diluted M9 medium and transferred in optical glass-
bottom 96-well microplates (265300, Thermo Fisher Scienti ¢ Co., Ltd., Waltham, USA).
The optical plates were placed in a micro-chamber at 37°C mounted on the microscope
stage. In each microplate, each well represents one independently grown population (aka

biological replicate). Then, single cells were targeted with a 5-second exposure time, and
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spectra were recorded in each well. Because we were interested in the variation between
populations (biological replicates), the average of the cells’ spectra was calculated for each

well. In each microplate, wells containing only PBS were used to measure the background

signal, and we placed MDS42 populations as an internal control to check the technical re-

producibility between plates. In one set of experiments, we measured 48 populations of

MDS42 and 16 populations for each of the 10 mutants. We repeated the experiments three
times in different months to verify the reproducibility of our dataset.

In total, 624 populations of living bacteria were analyzed. Data supporting the re-
producibility of measurements across the independent experiments were described in the
supplementary section of Germond et al. 2018[12]. Measurements were performed with a
homemade system [12], which bene ts a spectral resolution of approximatety 1. The
spectral pre-processing was described in detail in Germond et al. 2018. The region ranging

from 600 to 171&m ! was selected for this study.

2.5.2 SpectraPreprocessing

The detail of the spectral preprocessing was reported in Germond et al. 2018. Briey,
raw data of cells (Sup. Fig. l1la) and background (Sup. Fig. 1b) were rst interpolated
to as to correct eventual shifts in the x-axis due to mechanical movements of the gratings,
which is essential as our experiments were reproduced 3 times on different months. Then
background signal measured in the culture media (b) was averaged and then removed for
each cell's spectrum. The ModPoly algorithm with 200 iterations was performed on a
reduced spectral range (500 to 1800 ') to determine an area below the baseline that
can be removed without affecting the spectrum. To avoid edge disparities, data from 600

to 1710cm ! were then selected and normalized using vector normalization.
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2.5.3 ANN ArchitectureandTraining

Three experiments were conducted, data from two of the experiments were used to train a
simple three-layer ANN with con guration 17:93.11 (17 input nodes, 93 hidden nodes, and
11 output nodes). All spectra were pre-processed using the method outlined above prior
to dimension reduction by PCA to 17 PCs, where each PC has an explained variance ratio
larger than a threshold value of 0.005. The third experiment was not included in PCA so
that it would serve as a fully independent test set. Of the 416 spectra in the training set,
20% was randomly selected and set aside for validation purposes. The validation set was
used during the training loop to indicate the performance of the model every 100 iterations
out of the total 15,000 training iterations that were performed. The predicted strain is the
strain with the maximum value from the 11-dimensional output vector.

The model utilizes the RMSprop optimizer with a learning rate 0.001, the cross-entropy
loss function, and softmax activation functions. PCA was implemented with the Scikit-
learn package[100] and the ANN was implemented with PyTorch[101]. The model's per-
formance was evaluated by the classi cation accuracy of the test set as well as sensitivity
and speci city for different strains. The model was trained and tested ten times with dif-
ferent train and validation splits and the resulting average, range, and standard deviation of

classi cation accuracies are reported.

254 SVM

A linear SVM model was implemented with Scikit-learn with parameters optimized to
have C=1000 via grid search[100]. The default grid search parameters were used to test
every combination of the SVM parameter values in Table 2.5.4. The same train, validation,
and test data split were used as with ANN for consistency despite the model not using
the validation set due to the differences in training methods of the two models. Grid search
was performed only on one data split, selected by setting the random seed, and the resulting

optimal model parameters were used for all further testing and training of the other data
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splits mentioned. The model's performance was evaluated by the same approach as the

ANN.

Table 2.5: SVM Grid Search Parameters

Kernel C Degree Gamma
linear 0.1 1 scale
polynomial 1 2 auto
radial basis function (rbf) 10 3
100 4
1000 5

2.5.5 FeatureExtraction

Feature weights were extracted from the ANN model by a modi ed Garson algorithm[84,
85], where a particular strain was selected by creating a one-hot vector with the appropriate
index selected. The vector was then multiplied by the trained NN model's weights, yielding

a vector of length 17 (the number of PCs). The magnitude of each entry represents the
relative importance of each PC and the relative spectral feature importance can be extracted
by performing the inverse transformation and normalizing the resultant vector through min-
max normalization.

Feature weights were extracted from the linear SVM model by examining the coef -
cients inherent to the SVM model. The number of coef cient vectors is determined by the
number of classes used to train the model. Since the model draws a boundary between each
class, of which there are 11, there are 55 distinct pairs of classes with coef cient vectors.
The feature weights for each strain were determined by taking the absolute value of all co-
ef cients and calculating the average coef cient vector from the 10 vectors pertaining to a

particular bacterial strain. The resulting feature weight vectors were min-max normalized.
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CHAPTER 3
BROADBAND COHERENT ANTI-STOKES RAMAN SCATTERING (BCARS)
MICROSCOPY FOR RAPID, LABEL-FREE BIOLOGICAL IMAGING

3.1 Introduction

Raman spectroscopy and spectroscopic microscopy have been applied for decades to bi-
ological systems such as cells, tissues, and bacteria [102, 103, 104, 105]. The chemical
information contained in Raman spectra shows signi cant promise for pressing problems
such as improving cancer diagnoses [1, 2, 3, 4, 5, 6, 7, 8] and identifying bacterial strains
with different antibiotic resistances[10, 11, 12, 15, 16, 17]. However, spontaneous Raman
imaging of biological systems is technically challenging and quite slow, with individual
spectral pixel acquisitions at suf cient spectral quality for these tasks requiring 0.01 to 10

s [106, 107, 11, 12, 16].

BCARS microscopy utilizes a narrowband probe pulse and a broadband SC pulse to
stimulate and read vibrational frequencies across the Raman spectrum simultaneously [37,
108], acquiring normalized ngerprint Raman spectra on a millisecond timescale. The im-
proved acquisition speed and normalized spectral transfer function have opened up new
opportunities for RS in biology, including the discrimination of chemical composition of
sub-cellular structures such as lipid particles in live organisms suCaasorhabditis ele-
gang109, 110, 111, 112, 113] and mapping transcriptomic activity in live organisms [114].
While BCARS offers signi cant bene ts to biological investigation, its adoption as a com-
mon bio-imaging tool hinges on making it more accessible. This will require establish-
ing facile models for interpreting Raman signatures in biological terms, robust processing
pipelines that require minimal user intervention [115, 116, 117, 118], and improvements in

hardware that lead to greater ease of use and imaging speed.
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The rst BCARS design [37] employed a pulsed 785 nm laser source and a tapered
telecom ber to generate both a narrowband and SC pulse, which were utilized in a 2-color
excitation scheme as shown in Figure 1.3. The narrowband light provided the pump and
probe elds, and the portion of the broadband continuum with wavelengths longer than 785
nm served as the Stokes light[37]. This instrument con guration was limited by low power
(10 mW) and low coherence in the SC light, restricting the ability to acquire meaningful
signals from biological samples. Subsequent improvements in SC power [119, 39] and
coherence [39, 73] have facilitated biological imaging.

SC coherence is particularly important since a coherent continuum enables a highly
ef cient dual excitation scheme where Raman resonances in the strongly scattering CH-
stretch region are excited and read with the same 2-color signal generation scheme pre-
viously described, and the Raman resonances in the intrinsically weak ngerprint region
are excited by a highly ef cient impulsive generation mechanism in a 3-color [39] scheme
where the pump and Stokes light come from two different wavelengths in the continuum
and the probe pulse is provided by the narrowband light, as shown in Figure 1.3. Depending
on the continuum bandwidth and spectral resolution of the instrument, the dual excitation
scheme can be roughly 100-fold more ef cient than the 2-color scheme since continuum
light frequencies interact combinatorially, effectively reusing them many times to generate
coherence over the ngerprint spectral range. Employment of this scheme using a coherent
but low-power (20 mW) SC has allowed for tissue imaging with pixel dwell times of 3.5
ms [73] and signal-to-noise levels ®f100:1 for strong ngerprint peaks. This pixel dwell
time was limited not by signal-to-noise ratio but by camera speed and the necessity of raster
scanning. Beam scanning could not be implemented because the SC power was too low to
accommodate the associated losses.

We believe improved imaging speed is necessary for the widespread adoption of BCARS,
which will require beam scanning. To our knowledge, there is only one demonstration of

a beam-scanning BCARS microscope [120]. That system utilized a relatively high-power,
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low-coherence SC to enable beam scanning, precluding the implementation of 3-color sig-
nal generation and resulting in a slightly limited spectral bandwidth of (900 to 3200}

[120]. This dispersed a spatial dimension perpendicular to the spectral dimension on the
camera, lling the entire camera. However, due to some overlap in camera exposure for
neighboring spatial pixels, this approach was limited to 0.87 spatial resolution, 3X
lower than the Airy limit for this multiphoton excitation. The achieved imaging speed was
3s/line for a 80 m image line.

Here, we describe a BCARS instrument with SC power suf cient for beam scanning
and SC coherence suf cient for dual excitation. To capitalize on this development, we
were obliged to incorporate an sCMOS camera for its high data transfer rate and low
read noise and an eld-programmable gate array (FPGA) to orchestrate signal acquisi-
tion. In the implementation described below, we achieve a 50% larger eld of view, a
25% increase in spectral bandwidth, 2X better spatial resolution, and a 5-fold increase in
imaging speed compared to our previous beam scanning BCARS implementation. Incor-
porating the sCMOS camera necessitated correction for its pixel-wise varying background
(dark signal non-uniformity (DSNU)) and signal-dependent gain, (photo response non-
uniformity (PRNU)) characteristics. We describe the design and implementation of this

beam-scanning BCARS con guration below.

3.2 Experimental Setup

3.2.1 PulseGeneration

The broadband SC and narrowband probe pulses are generated by a customized dual-output
femtosecond laser, (FSX-Dual, Prospective Instruments). One output utilizes an Optical
Parametric Oscillator (OPO) and Second Harmonic Generation (SHG) to produce an 809
nm, 6 ps, 110 mW probe pulse. The probe is collimated by a simple convex lens, introduced
to a mechanical delay line to control its temporal overlap with the SC, and then combined

with the SC at a dichroic mirror (Figure 3.1).
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Figure 3.1: BCARS experimental setup. G: Grating Compressor, PSD: Position Sensitive
Detector, HWP: Half-Wave Plate, PCF: Photonic Crystal Fiber, P: Prism, DM: Dichroic
Mirror, BPF: Bandpass Filter, L: Lens
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The other laser output channel sources 1031 nm, 130 fs, 700 mW pulses at a 100 MHz
repetition rate. This output generates a 110 mW SC pulse with a bandwidth covering (950
to 1250) nm. The Group Delay Dispersion (GDD) of the 130 fs pulse is rst adjusted with a
grating compressor. The lightis then coupled to a 10 cm long large-mode-area polarization-
maintaining Photonic Crystal Fiber (PCF)(LMA-PM-5, NKT Photonics), where itis broad-
ened to create a (950 to 1250) nm pulse. The ber ends are collapsed to protect the ber.
The ber and surrounding setup are enclosed in a plexiglass box to reduce the introduction
of dust to the ber facets. To maintain good 70%) coupling of the 1031 nm light into
the ber, the input light position and direction are stabilized by an auto-aligning system
(Thorlabs). The linear and nonlinear ber dispersion induces chirp on the SC output, with
GDD 200Gs?and TOD 3000Gs3. We compensate the GDD introduced by the PCF

and other optics in the path with an SF10 prism compressor, having 44 cm separation.

3.2.2 SignalGeneration

The compressed SC pulse and probe pulse are re-combined at a dichroic mirror and then
introduced to a 1D scan head. The 1D scan head (Figure 3.2e) contains a pair of curved
mirrors to expand the beam and a mirror galvanometer (galvo), which rapidly scans the
beam across the sample, forming a line. The curved mirrors employed here expand the
beam by a factor of 1.6 and allow the galvo to scan at angles up to two degrees without
introducing any signi cant beam distortion or clipping. This scan head provides a 50%
larger eld of view than the previous beam scanning system.

The light is introduced to the sample via a 1.2 NA, 60x water objective lens (UP-
LSApo60X W IR, Olympus) mounted on an inverted microscope in transmission (1X73,
Olympus). The SC and probe power at the sample is approximately 30 mW and 18 mW,
respectively. The sample position is controlled by a three-axis motorized stage (MS-2000,
ASI) that provides 120 mm x 110 mm x 300n movement with 22 nm resolution. The

signal is collected and collimated with either a 0.6 NA, 40x air objective lens (LUC-
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Figure 3.2: Depiction of the beam location and diameter (a) without the galvo, (b) with
the galvo in use but at 0°, and (c,d) at +/- 1.5 °. e) Schematic of 1D-scanning design with
mirror galvanometer.

PLFLN40X, Olympus) or a 1.0 NA, 60x water immersion objective lens (LUMPLFLN60XW,
Olympus) and passed through two broad bandpass Iters (Semrock, FF01-709/167) to re-
ject the pump and Stokes light before detection. The remaining anti-Stokes light is focused
by an achromatic lens (AC508-200-B, Thorlabs) on the slit of a spectrometer (IsoPlane
160, Teledyne Princeton Instruments), with 300 g/mm grating set at a center wavelength of
700 nm.

The spectrometer transfers the signal light to the sCMOS camera (ORCA-Fusion, Hama-
matsu), spectrally dispersing it along an 12 X 2304 pixel strip on the 2304 X 2304 pixels
detector (pixel pitch is 6.5m). The sCMOS offers a reduced data transfer time and re-
duced readout noise compared to most CCD cameras but introduces a spatially non-uniform
response that must be accounted for, as we discuss in subsection 3.3.1.

With spectra dispersed along the rows of the camera, it is possible to disperse a spa-

tial dimension of the sample across the camera’s columns [121] as the excitation light is
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scanned across the sample. However, the optical signal from our microscope spreads across
four adjacent rows of pixels, corresponding to a total width of @ This spread is caused

by minor aberrations in the optical system and diffraction effects. Without compensation,
this spreading would reduce our image's lateral resolution by introducing signal cross-talk
at overlapping rows for each spatial pixel. We remove this cross-talk by acquiring a camera
image at each spatial pixel location. This is made practical by de ning a single, small re-
gion of interest (ROI) that can be read out quickly and requires that the signal from scanning
across the sample be descanned at the spectrometer slit as indicated in Figure 3.1.

The descanning scheme is achieved by imaging the back aperture of the collection
objective on a second galvo through two precision tube lenses (TL200-2P2, Thorlabs).
This secondary galvo is synchronized with the rst one with a phase delay in the driving
voltage introduced by a FPGA(STEMLAB 125-14, Redpitaya). This phase delay ensures
that, despite the rapid beam scanning, the signal consistently remains focused on the same
pixel rows of the camera. Separating the signals from successive spatial positions in the
time domain eliminates cross-talk between them, leading to a clearer image, and a 2-fold
improvement in spatial resolution compared to the previous beam-scanning instrument.
The FPGA also generates frame-capture trigger signals sent to the camera, ensuring precise
timing. A pulse train diagram depicting the different trigger signals that are managed by
the FPGA is shown in Figure 3.3. Different objective lenses introduce slightly different
scanning ranges, which we compensate for by adjusting the drive voltage amplitude to the
second galvo. We use a 7-bit digital potentiometer (MCP4018, Microchip) for this ne-

tuning.

3.3 Measurement and Processing

3.3.1 sCMOSNoiseCharacterizatiomndCorrection

While sCMOS cameras generally have low read noise compared to CCDs, they also fea-

ture pixel-to-pixel variation in gain and dark noise. Furthermore, each sCMOS pixel has
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Figure 3.3: FPGA pulse train diagram showing a) the scanning galvo pulse, b) the descan-
ning galvo pulse, c) the mechanical stage triggers, and d) the pixel clock.

low-range and high-range ampli ers, which are active over certain signal levels, leading to
signal-dependent gain pro les. At a 30 MHz pixel read rate, the Orca-Fusion camera has a
readout noise of 0.7 electrons, DSNU of 0.06 electrons, and PRNU of 0.06% at 7500 elec-
trons (a typical signal level for BCARS). As we explain below (Equation 4.1-Equation 3.7),
the vibrationally resonant BCARS signal is accompanied by a much stronger nonresonant
signal. The PRNU alone is large enough to produce suf cient pixel-to-pixel variation in
the apparent nonresonant signal to obscure the vibrational resonant signal. It is necessary
to correct for this and the DSNU. This requires that we carefully map the baseline and
signal-dependent gain at each pixel in the region of the camera that we use.

For Poisson-distributed signals such as BCARS, the light detected at each pixel is given

as follows:

LOoGY)= [ oY) oY+ g (Xy)n( ) (3.1)

where [ o; o] is a Gaussian term with a mean valug(the pixel-wise dark offset value)
and a standard deviation. g is the pixel-speci c, signal-dependent gain, ar(d) repre-
sents a stochastically selected value from the Poisson distributionttog average number
of anti-Stokes photons at a detector pixel.

We obtain values of ,, ,, andg using a procedure we adapted from Mandracchia
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et al. [122]. We extracted pixel-wise values of and , from 100,000 frames of 2 ms
exposure with no light on the camera. Repeating this three times on separate days, we
obtained highly consistent results. Histograms of these values for pixels in the camera
ROI are shown in Figure 3.4a and b. The average valuesfand 2 were 100 and 3,
respectively, but both distributions have heavy tails. Since laggan adversely affect our
signal, we mask the pixels with, > 5in our ROI and estimate their value by interpolating
between the values of the two neighboring pixels in the same spectral column. There are,

on average, just less than 1 such pixel/column in our ROI.

Figure 3.4: Distribution of the average (a) and standard deviation (b) camera offset values
( o, o), for 10,000 frames over the camera region used for imaging (12 x 2304 pixels).
Intensity-dependent gain curves for three distinct camera pixels (c), with the highly-variant,
low-intensity region highlighted (inset).

To obtaing values, we take advantage of the fact that the variance of a Poisson dis-

tribution is equal to its mean: = 2. In the absence of excess noise from a light
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sourcejg ;n( )i =(g; )? ateach pixel. With an independently varying offset,=

(9; )*+ & we expect

y) o axy)
L(Xy)  o(Xy)

g (xy) = (3.2)

To nd g as a function of camera counts, we exposed the camera to various levels of
light from an incandescent battery-powered source. We spatially homogenized the light by
placing an optical diffuser at the Fourier plane of the light element image. We obtained
76 discrete illumination intensities by rotating a neutral density Iter wheel in the beam
path, obtaining pixel-wise count values over the range of 325 to 62,000 counts for 2 ms
exposures. We recorded 10,000 frames at each intensity level. Combining the baseline and
illumination data, we calculate the pixel-wise gain using Equation 3.2.

Representative results of the gain calibrations are displayed in Figure 3.4c. Above
20,000 counts, the gain values are essentially intensity-independent. However, they vary
by a few percent over the range (0 to 15,000) counts for most pixels. Since the gain values
transform the camera signal into photon counts after rst subtractyjgand since the
BCARS signal often falls in this lower intensity range, it was crucial that we use corrected
gain values. To implement the correction procedure, we rst applied a cubic spline to
the intensity-dependent gain values at each pixel. We then interpolated the gain curves at
discrete, indexed levels to obtain correct gain values with a single analytic calculation and
avoid time-consuming intensity look-up operations during the gain correction process in
BCARS signal processing.

As described above, the anti-Stokes light is spread over several camera rows for each
spatial location on the sample. Thus, the intensity of each row was summed after the gain
and offset correction to provide the total intensity for each image pixel.

The gain-mapping procedure described above assumes that the light from the incandes-
cent source was shot-noise limited. In fact, it unavoidably had some multiplicative noise

from Johnson-Nyquist and possibly other sources wiifs = 1 and a variance 3. It
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may have also had an additive Gaussian component of unknown origin withD and a
variance 2. Considering both of these possibilities, the variance of the measured light is
given as follows:

T I Y G B - (3:3)

Combining Equation 3.2 and Equation 3.3 we arrive at an expression for an apparent

gain that is potentially corrupted by non-Poisson noise sources:

gsy)f + H( + g+
g (x;y)

g (x;y) = (3.4)

where is still the time-average number of photons detected from the source with Poisson
and Gaussian noise since we assume = 1.

At small values of we expectg®” / , 1 since a constant, would dominate
the numerator. At suf ciently large values of we expecg®” / 2, . The fact that
neither of these trends are observed over the range of camera exposure levels tells us that

u is negligible and that 2, 1 at our highest exposure level. Thus, we can conclude

that for practical purposes, our assumption that shot noise dominates the lamp intensity
uctuations is valid. We note that some of the gain curves shown in Figure 3.4c do show
an upturn at low count values that is consistent with atrend, but this is not seen for all
gain curves, so we suspect that the potenti&5%error ing at very low counts in these

curves is due to an underestimation gffor these pixels.

3.3.2 RamanSignalExtractionandProcessing

The raw BCARS spectra from each spatial pixel are acquired as a 12 X 2304 array of pixel
intensities from the camera ROI. Each intensity reading is converted to photon counts using
the pixel-specic ,, o, andg values obtained as described above. Photon counts at each

column are summed over the 12 rows to give a raw BCARS spectrum with 2304 spectral

points. Each spectrum in the image is stored with the appropriate spatial pixel coordinates
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in an h5 le that also contains a NRB image (described below), and image metadata.

Before BCARS-speci ¢ signal processing, we correct for over-sampling along the fre-
guency axis of the spectrum. Our system's intrinsic spectral resolution, set by the spectral
width of the probe pulse, is @n !, however, the spectrometer disperses the signal at 2.5
cm !/camera pixel. We thus apply a 3-pixel (B ') median spectral Iter to reduce
noise.

After this correction, an Anscombe transform is applied to the raw BCARS data to sta-
bilize the Poisson noise, transforming it to roughly Gaussian where the variance is indepen-
dent of the mean. Once this is done, the transformed BCARS image data can be denoised
using Singular Value Decomposition (SVD) by selecting only Singular Values (SVs) con-
taining spectral and/or spatial features. The selected SVs are then used to recompose the
image without the unselected noise components, and an inverse Anscombe transform is ap-
plied to this reconstructed image to transform it back to photon counts. After this denoising
step, a TDKK transform process is applied to extract the Raman spectrum. This process is
discussed in detail elsewhere [42, 44, 31], but we discuss it brie y here.

The BCARS signal can be described as follows:
2
locars (1)1 PiR(1)+ PR (1) (3.5)

where P® is the sample polarization due to the interaction of the laser elds and the
nonlinear third-order susceptibility {)). The subscripts “NR” and “R” refer to the non-
resonant (electronic) response and the nuclear (vibrational) response. Since the NR com-
ponent is real (in phase with the driving eld of the laser), and the R and NR components
are coherent, having a de nite frequency-dependent phase relationship, the second term in

Equation 4.1 can be expanded as:

2 2
PR+ PO = P (1)2+ PR )RefFPD(1)g+ PY() (3.6)
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For most biological signals in the ngerprint, the purely resonant term, the last term
on the right-hand side, is very small and can be ignored. Under this assumption, we can
recover the real part d?PF(f)(! ) by subtracting the nonresonant signal (the squared mod-
ulus of the polarization) from the BCARS signal and then dividing by the nonresonant

polarization:

Ref PF(f)(! Y |BCAR§(! ) Inr(!) 3.7)
Inr (1)

wherel g /| P,§3F)zj2.

The Raman spectrum is proportional to the imaginary part of the resonant polarization
and can be obtained frolRef PF(f)g by a Hilbert transform. The steps implied in Equa-
tion 3.7, followed by a Hilbert transform, essentially constitute the TDKK procedure [42,
44, 31].

From Equation 3.7 it is clear that knowledge of the NRB signal plays a central role in
extracting the Raman spectrum from the BCARS signal. A high-quality NRB estimation
is essential to retrieving Raman spectra free of baseline distortion. While it is impossi-
ble to measure only the NRB at each pixel directly, it has been previously demonstrated
that measurements of almost-resonance-free materials such as water or glass can serve as
suitable estimations of the NRB[31]. If a single NRB estimation is used for an image,
but the phase of the actual NRB varies within the image, there will be errors in estimat-
ing the phase of the resonant signal, resulting in baseline distortions that can obscure the
spectral features of interest. Baseline errors are corrected by an asymmetric least squares
algorithm and a broad Savitzky-Golay lter, respectively [31]. Lastly, the frequency win-
dow of interest is selected, and a frequency calibration is performed based on the location
of a reference peak, typically phenylalanine (1G4 !). Each of the steps described
above from Anscombe transform to frequency calibration are implemented in the software

CRIkit2 (https://github.com/CCampJr/CRIKkit2) [31].
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Figure 3.5: Fluorescence of 200 nm uorescent polystyrene beads with full width at half
maximum (FWHM) of scanning (0.45m) and slow axes (0.49m) measured by the 1D
beam-scanning imaging method

3.4 Performance and Results

3.4.1 SpatialandSpectraResolutionof Beam-scannin@ CARS Imaging

The spectral resolution was determined by measuring the FWHM of two peaks in the Ra-
man spectrum of benzonitrile. The (460.9 and 548r6) ! peaks have natural linewidths
of (5 and 6)cm ! respectively, which are both approximately &8 *. Since 2. =

obs
2 el T Zsoution » We determine that we havect ! resolution.

To characterize the spatial resolution of the system, the uorescence signal of 200 nm
uorescent polystyrene beads suspended in agar on a microscope slide was measured. A
background spectrum from an image region without any beads was subtracted from the
uorescence spectrum, and then the remaining uorescence intensity was summed. The
FWHM was determined from the uorescence intensity cross-section across the center of

the bead for each spatial axis. A uorescent bead and its cross-section intensity pro les
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with the calculated FWHM values are shown in Figure 3.5. The system provides a spatial
resolution of 490 nm in the stage-stepping dimension and 450 nm in the beam-scanning
dimension. The slightly degraded resolution in the stage scanning direction is likely due
to uncertainties in the position of the mechanical stage. The optimal obtainable lateral

resolution ¢, ) for our system is 270 nm, given by:

" # 1=

X 2NA 2
Oy = (3.8)

The nearly two-fold degraded spatial resolution we achieve compared to the theoretical
optimum is primarily due to axial chromatic aberration. We estimate that the probe and
continuum pulse foci are separated byl m in the z-direction. This primarily impacts
signal level but also stretches the overall point spread function. We anticipate that imple-
menting a re ective objective [123, 124] will improve this to some extent. Using a re ective
objective, the probe wavelength could be reduced to further improve lateral resolution. Ad-
ditional improvements to the spatial resolution could come through the implementation of

algorithms such as Fourier reweighting, which was used in stimulated Raman scattering to

improve spatial resolution by 30%from 125 nm to 83 nm [125].

3.4.2 Biological Imaging

Like previous BCARS systems, this implementation of BCARS provides label-free, non-
destructive chemical imaging of biological samples. We demonstrate this with BCARS
images of two human cell lines, RWPE-1, an epithelial prostate cell line, and PC-3, a highly
metastatic cell line from the bone metastasis of a prostatic adenocarcinoma (Figure 3.6).
The approximate signal-to-noise ratio of the unprocessed BCARS cell spectrum is 18:1,
determined by the amplitude of the phenylalanine peak (t094").

The BCARS images in Figure 3.6a and b display the chemical contrast atn72o

and show distinct subcellular details, such as the nucleus and lipid droplets, without the
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need for labeling or clustering. The images display the differences in morphology be-
tween the two cell lines, with the PC-3 cells exhibiting more heterogeneity. The average
spectral signature of each numbered cell in the two images was calculated along with the
overall average spectrum for each cell line (Figure 3.6¢c). The average spectra of the two
cell types are similar, as all cells contain similar molecular contents, but variations in the
relative amplitudes of certain Raman peaks indicate key differences in chemical composi-
tion, likely related to the different metabolic and pathway activity between non-cancer and
cancer cells. For example, the average spectrum of the PC-3 cells (Figure 3.6c) has sig-
ni cantly higher contributions from the vibrational bands at 7@ * (Cholesterol) and
720cm ! (Choline). The increased lipid levels in PC-3 cells are likely explained by the
increased capacity for de novo fatty acid synthesis in many cancers and prostate cancer in
particular, leading to higher accumulation of intracellular lipids [126, 127]. Increased fatty
acid synthesis is generally believed to support membrane production for rapidly dividing

cells [128] or to play a role in regulating redox balance [129].

3.5 Summary and Future Perspectives

BCARS provides highly informative and unbiased chemical information at high spatial
resolution. The level of information provided appears to be equivalent to a deep transcrip-
tomic read at each 16@m? spatial pixel[114]. Given that this information can be obtained
in milliseconds in live animals, we envision that it could become a commonly employed
tool to help map pathway timing and activity in normal biological processes and path-
way dysregulation in disease states. Continued re nement of instrument con guration and
signal processing methodologies are required for widespread adoption in the biomedical
community.

We have taken an important step in instrument design re nement by demonstrating a
beam-scanning BCARS system that covers a 180line of view with an exposure time

of one second with spectral and spatial resolutions@f7* and 0.45 m, respectively. It
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improves on the best spectral acquisition rate of dual-excitation BCARS by 57% [73] and
improves on beam-scanning BCARS by ve-fold [120]. These advancements were made
possible by a high-power SC source, the use of an sCMOS camera, and a galvo scan/descan
scheme. We have detailed the methods used to achieve these improvements.

More important than the present speed improvemestsse the instrument design
presented provides a way forward for further imaging speed improvements since it is not
limited by sample movement speeds or camera read rates. Taking further advantage of this
instrument con guration will require further improvements in continuum pulse energy and
coherence and will be facilitated by a better match between the signal projection area on
the camera and the camera pixel size. With pixel dimensions that match the signal spot
size on the camera, we could further reduce the transfer load by 40-fold. Improvements in
continuum pulse energy and coherence are possible and will be described in an upcoming

publication.
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