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Protein and lipid metabolisms play critical roles in cellular function, and their dysregulation 

is associated with a range of diseases. Novel techniques for visualizing and quantifying protein 

and lipid metabolic activities can provide valuable insights into their underlying mechanisms. 

Stimulated Raman scattering (SRS) microscopy is a powerful label-free quantitative optical 

technique that enables the mapping of molecular distributions in inhomogeneous biological 

specimens, such as cells and tissues, by probing their intrinsic vibrational frequencies.  

This dissertation presents advancements in implementing multi-channel SRS microscopy 

and its applications for quantifying several cellular activities related to protein and lipid 

metabolism. Specifically, it describes accurate measurements of single-cell growth rates and drug 

uptake in both two-dimensional and three-dimensional cell environments, classification of lipid 



 

molecules in tissues affected by nonalcoholic fatty liver disease, and detection of oxidation 

products of polyunsaturated fatty acids during lipid peroxidation-induced cell ferroptosis.  

These advancements in SRS microscopy offer significant potential for understanding the 

complex mechanisms that regulate protein and lipid metabolic activities and developing targeted 

treatments for various diseases.  
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CHAPTER 1. INTRODUCTION  

1.1 BASICS OF PROTEIN AND LIPID METABOLISMS 

Protein and lipid metabolisms are fundamental to the functioning of cells, playing essential roles 

in their structural integrity1, energy production2, growth and proliferation3,4, and various signaling 

pathways5–7. Proteins are large, complex molecules that serve as the building blocks for cellular 

structures, enzymes, and signaling molecules.8 These molecules are composed of amino acids, 

which are linked together by peptide bonds, forming polypeptide chains that fold into intricate 

three-dimensional structures. Protein metabolism can be divided into two processes: protein 

synthesis (anabolism) and protein degradation (catabolism). Protein synthesis is the process of 

assembling amino acids into polypeptides directed by the genetic information encoded in 

messenger RNA (mRNA). This process is tightly regulated and occurs in the ribosomes, 

consuming energy in the form of adenosine triphosphate (ATP).9 On the other hand, protein 

degradation involves the breakdown of polypeptides into individual amino acids, during which 

energy is released and can be reused.10 

Lipids are another major class of biomolecules that are crucial for cellular function. They are 

involved in forming cell membranes, storing energy, and acting as signaling molecules.1,11,12 Lipid 

metabolism is divided into lipid synthesis (lipogenesis) and lipid breakdown (lipolysis).13,14 

Lipogenesis includes the synthesis of fatty acids and their subsequent conversion into triglycerides, 

which are stored in adipose tissue as an energy reserve.13 Lipolysis is the process during which 

triglycerides in cell lipid droplets are hydrolyzed into free fatty acids and glycerol, which can then 

be utilized for energy production through beta-oxidation.15 
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Dysregulation in these protein and lipid metabolic processes is associated with the onset and 

progression of a wide range of diseases, including cancer, metabolic syndromes such as obesity 

and diabetes, and neurodegenerative disorders like Alzheimer's and Parkinson's disease.16–19 For 

instance, dysregulated protein synthesis and degradation can lead to the pathology of various 

diseases and are tightly coupled with tumor growth and resistance to chemotherapy.20–24 Similarly, 

altered lipid metabolism can lead to excessive lipid accumulation in tissues, contributing to 

conditions like nonalcoholic fatty liver disease (NAFLD) and atherosclerosis.25–28 Understanding 

the underlying mechanisms of protein and lipid metabolisms and how their regulation is altered in 

pathological conditions can provide essential insights into disease progression and facilitate the 

development of targeted therapeutics. 

Researchers have employed various techniques to investigate and quantify protein and lipid 

metabolism, each with its advantages and limitations. One of the most commonly used methods is 

mass spectrometry (MS)-based metabolomics, which allows for the identification and analysis of 

a wide range of metabolites.29–31 MS provides highly sensitive and accurate measurements of 

proteins and lipids, but it often requires extensive sample preparation, including extraction and 

purification, which can disrupt the native state of biological samples. Additionally, conventional 

MS techniques are destructive, meaning that the sample cannot be reused for further analysis. 

Another major limitation is the lack of spatial information, making it difficult to determine the 

localization of metabolites within cells or tissues.30 To address this challenge, mass spectrometry 

imaging (MSI) has been developed, which provides spatial information with less extensive sample 

preparation.32 The typical spatial resolution of MSI ranges from approximately 5 to 200 

micrometers, depending on the specific technique used.32,33 For instance, Matrix-Assisted Laser 

Desorption/Ionization (MALDI) typically achieves a resolution of around 10-50 micrometers, 
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while secondary ion mass spectrometry (SIMS) can achieve finer resolutions, down to 1-5 

micrometers.34–36 Despite these improvements, the spatial resolution is often not sufficient for 

detailed subcellular localization of metabolites, especially in heterogeneous biological samples 

where finer spatial resolution is crucial for understanding metabolic dynamics.37,38 

Fluorescence microscopy is another widely used technique for studying protein and lipid 

metabolism.39–42 Various fluorescent probes have been designed to bind to specific proteins or 

lipids of interest, enabling their visualization in live cells.43–45 This technique provides high spatial 

resolution and allows for real-time imaging of metabolic processes. However, fluorescence 

microscopy has several limitations, notably the need for exogenous labels, which can interfere 

with normal cellular function, and photobleaching, which limits the duration of imaging. 

Moreover, not all metabolites can be labeled effectively, and the labeling process may alter the 

biochemical properties of the molecules of interest.46 

Nuclear magnetic resonance (NMR) spectroscopy is a nondestructive technique for studying 

protein and lipid metabolism in intact tissues.47–49 NMR provides detailed information about the 

chemical structure of metabolites and can be used to monitor metabolic changes over time in 

vivo.50 However, NMR has relatively low sensitivity compared to other techniques, such as MS, 

which limits its capability to detect low-abundance metabolites.51 Additionally, NMR requires 

large sample volumes and, therefore, is less suitable for studying small or heterogeneous biological 

samples.52 

Isotope labeling is another approach frequently used to study metabolic pathways.53,54 By 

incorporating stable isotopes, such as carbon-13 (13C), nitrogen-15 (15N), or deuterium (D), into 

metabolic precursors, researchers can trace the incorporation of labeled atoms into downstream 

metabolites and gain insights into fluxes in specific metabolic pathways.55–57 Isotope labeling is 
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often combined with MS or NMR to detect labeled metabolites.58–61 Although this technique yields 

valuable information on metabolic pathways, it is often complex and time-consuming, requiring 

specialized equipment and technical expertise. Additionally, careful validation is necessary to 

ensure that introducing labeled precursors does not alter normal metabolic activity, which could 

potentially influence the results. 

Overall, comprehensive visualization and quantification of protein and lipid metabolism at the 

molecular level remain challenging due to the complexity and heterogeneity of biological systems. 

Traditional analytical techniques often require extensive sample preparation, lack spatial 

information, or involve the use of labels that can perturb normal cellular function. Biological 

tissues are composed of diverse cell types, each with distinct metabolic activities, which makes it 

difficult to obtain a complete picture of metabolic dynamics using the abovementioned techniques. 

Therefore, there is a need for advanced imaging methods that can provide label-free, quantitative, 

and spatially resolved information about protein and lipid metabolism in intact biological samples. 

In recent years, vibrational spectroscopy-based imaging techniques, notably Raman imaging, have 

shown tremendous potential for label-free visualization and quantification of different metabolic 

processes in a wide range of biological models. In the following section, we describe the principles 

of Raman scattering-based imaging techniques, specifically stimulated Raman scattering (SRS) 

microscopy. 

1.2 RAMAN SCATTERING-BASED IMAGING TECHNIQUES 

1.2.1 Spontaneous Raman Scattering 

Vibrational spectroscopy is a powerful analytical tool that allows for the identification of 

molecules based on their unique vibrational signatures. When light interacts with a molecule, it 

may be reflected, absorbed, or scattered. Raman spectroscopy is a form of vibrational spectroscopy 
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that measures inelastically scattered photons. Discovered in 1928, Raman scattering occurs when 

photons incident on a sample are scattered by molecular vibrations, resulting in either a loss or 

gain of energy.62 This energy shift corresponds to a change in the wavelength of scattered light 

and can provide chemical and structural information about the molecule.  

Raman spectroscopy is inherently a label-free, non-destructive, and non-invasive technique, 

making it ideal for biological analysis.63 Unlike infrared spectroscopy, which suffers from a strong 

water absorption cross-section, Raman spectroscopy can be effectively used in aqueous 

environments such as cells and tissues. The excitation wavelengths used in Raman spectroscopy 

are typically below 1300 nm, minimizing water absorption and thus enabling the analysis of 

biological samples without interference. 

However, Raman spectroscopy has limitations, particularly its low sensitivity. The typical 

Raman cross-sections are on the order of 10-30-10-23 cm2, which is several orders of magnitude 

lower than those of fluorescence or infrared spectroscopy.64,65 This low sensitivity results in weak 

signals, long acquisition times, and limited chemical specificity due to background scattering from 

other molecules. The invention of lasers in the 1960s enabled higher irradiance, improving the 

practical implementation of Raman spectroscopy by providing higher-intensity light sources for 

excitation. However, the inherently limited signal of spontaneous Raman scattering still presented 

challenges, especially for imaging applications in biological systems. 

1.2.2 Coherent Raman Scattering (CRS) 

To overcome these limitations of spontaneous Raman scattering, coherent Raman scattering 

(CRS) techniques were developed. CRS is the nonlinear analog of spontaneous Raman scattering 

and relies on the coherent excitation of molecular vibrations, significantly enhancing its signal 
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intensity.66 As a result, CRS offers faster imaging capabilities and orders-of-magnitude higher 

sensitivity than spontaneous Raman scattering. 

CRS is a third-order process that involves two synchronized laser pulses, referred to as pump 

and Stokes, with frequencies 𝜔𝑝 and 𝜔𝑝, respectively. When the frequency difference between 

these two pulses (𝜔𝑝 − 𝜔𝑆) matches a vibrational frequency (Ω) within the molecule, it induces a 

vibrational coherence, commonly resulting in two possible Raman scattering outcomes: coherent 

anti-Stokes Raman scattering (CARS) or stimulated Raman scattering (SRS). Figure 1.1 shows the 

Jablonski diagrams of CARS and SRS energy transitions. 

 

Figure 1.1. Energy level diagram of coherent anti-Stokes Raman scattering (CARS) or 

stimulated Raman scattering (SRS). 

1.2.3 Coherent Anti-Stokes Raman Scattering (CARS) 

CARS is a four-wave mixing process in which two photons from a pump laser (𝜔𝑝) and one 

photon from a Stokes laser (𝜔𝑆) interact with the sample coherently to generate a new photon at a 

higher energy, called the anti-Stokes photon (𝜔𝐴𝑆 = 2𝜔𝑝 − 𝜔𝑆).67 The intensity of the CARS 

signal depends on the third-order nonlinear susceptibility, which has both a resonant and a non-
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resonant component. The resonant component corresponds to the molecular vibration being 

probed, while the non-resonant component arises from other electronic contributions within the 

sample. The presence of the non-resonant background can interfere with the resonant CARS signal, 

leading to spectral distortions. Additionally, the CARS signal is quadratic with respect to the 

concentration of the target molecule, making quantification challenging.67,68 

1.2.4 Stimulated Raman Scattering (SRS) 

SRS microscopy, a more recent advancement in CRS, addresses the limitations of CARS and has 

emerged as a powerful, label-free method for mapping molecular distributions by probing intrinsic 

vibrational frequencies of biomolecules in cells and tissues. In SRS, when the photon energy 

difference between the pump and Stokes beams matches the vibrational frequency of a specific 

molecular bond (Ω), the molecular transition rate is enhanced by stimulated excitation. Unlike 

CARS, SRS does not generate new photons of a different frequency and is therefore free from the 

non-resonant background; instead, the intensity of the existing pump and Stokes beams are 

modulated. Specifically, the coherent excitation of a molecular vibration leads to a loss in the pump 

beam (stimulated Raman loss, SRL) and a gain in the Stokes beam (stimulated Raman gain, 

SRG).69 Mathematically, the SRL (∆𝐼𝑝) and SRG (∆𝐼𝑆) can be expressed as: 

∆𝐼𝑝 ∝ −𝑁𝜎𝑅𝑎𝑚𝑎𝑛𝐼𝑝𝐼𝑠;  ∆𝐼𝑆 ∝ 𝑁𝜎𝑅𝑎𝑚𝑎𝑛𝐼𝑝𝐼𝑠 

where  

• 𝑁 is the number of molecules in the excitation volume. 

• 𝜎𝑅𝑎𝑚𝑎𝑛 is the molecular Raman scattering cross-section of the molecule being probed. 

• 𝐼𝑝 and 𝐼𝑆 are the intensities of the pump and Stokes beams. 

These expressions demonstrate that the SRS signal is influenced by factors such as the molecular 

properties, concentration of the molecules, and characteristics of the excitation beams. These 
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relationships highlight several advantages of SRS, including a strictly linear relationship between 

signal intensity and sample concentration, making it ideal for quantitative analysis. Additionally, 

SRS microscopy provides vibrational spectra that are nearly identical to those obtained from 

spontaneous Raman scattering, with only slight peak broadening due to the laser pulse duration 

and bandwidth. 

Another crucial component of SRS is the modulation transfer method used to detect the SRS 

signal.70,71 In typical SRS microscopy setups, the intensity of the pump or Stokes beam is 

modulated at a high frequency (10-40 MHz), and the resulting modulation in the transmitted or 

scattered beam is measured using high-frequency phase-sensitive lock-in detection techniques. 

Lock-in detection allows for the selective measurement of the modulated SRS signal while 

rejecting unmodulated background noise, significantly enhancing the signal-to-noise ratio and 

enabling shot-noise-limited sensitivity. This is particularly beneficial when working with 

biological samples with strong autofluorescence or scattering that can obscure the SRS signal. 

Unlike fluorescence-based imaging, which requires labeling with fluorescent dyes or proteins 

and is limited by photobleaching and phototoxicity, SRS microscopy enables the visualization of 

endogenous biomolecules without external perturbation. The near-infrared laser sources used in 

SRS are less likely to cause photodamage compared to ultraviolet or visible lasers, making it a 

suitable choice for live cell imaging and other biological studies. This label-free capability is 

particularly advantageous for studying metabolic processes, as it allows researchers to observe 

real-time dynamics in living cells and tissues without altering their natural state. Furthermore, SRS 

microscopy offers rapid imaging speeds, making it suitable for capturing dynamic metabolic 

processes, while providing chemical specificity that allows for the identification of various 

biomolecules, such as lipids, proteins, and nucleic acids, based on their unique vibrational 
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signatures. Thus, SRS microscopy offers a unique opportunity to study biological processes in 

their native environment, making it particularly suitable for studying protein and lipid metabolic 

activities. 

1.3 ADVANCEMENTS IN SRS MICROSCOPY FOR METABOLIC STUDIES 

SRS microscopy has been widely applied to study both protein and lipid metabolism in cells and 

tissues, offering valuable insights into various biological environments. In protein metabolism, 

SRS has enabled direct visualization of protein synthesis and degradation in cancer cells and live 

tissues, facilitating the study of protein-related biological processes in diverse environments.72–74  

SRS has also been extensively used to study lipid metabolism, providing crucial insights into 

cellular and whole-organism metabolic regulation. One major area of focus has been lipid droplet 

dynamics, where SRS enables real-time visualization and quantitative analysis of lipid storage and 

mobilization in live cells.75–81 Furthermore, SRS microscopy allows for detailed analysis of lipid 

profiles. Specifically, hyperspectral SRS imaging has been used to quantitatively map and trace 

different lipid species in the Caenorhabditis elegans and mice models, enabling researchers to 

differentiate between lipid molecules such as triglycerides, cholesterol, and phospholipids.82–85 

These insights into lipid composition under different metabolic conditions are invaluable for 

understanding lipid metabolism at a molecular level. 

In cancer research, SRS has played a significant role in uncovering metabolic alterations 

associated with cancer progression. For instance, SRS microscopy has revealed that the aberrant 

accumulation of cholesterol ester in prostate cancer contributes to cancer progression86, while other 

studies have demonstrated that pancreatic cancer cells exhibit a significantly higher glucose 

utilization rate for lipid synthesis than healthy cells87. These findings highlight how altered lipid 

metabolism supports cancer growth and survival, offering potential targets for therapeutic 
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interventions. Additionally, SRS allows researchers to track fatty acid uptake and metabolism in 

live cells, providing insights into how cells metabolize dietary fats.88,89 This approach is 

particularly valuable for studying conditions such as cardiovascular disease and diabetes, where 

lipid metabolism plays a central role. 

Collectively, these diverse applications highlight the potential of SRS microscopy to offer 

valuable insights into protein and lipid metabolic activities, ranging from subcellular dynamics to 

whole-organism metabolic regulation. Despite these advancements, several challenges remain that 

impede the broader application of SRS in metabolic studies. First, the narrower spectral coverage 

of SRS compared to spontaneous Raman scattering restricts the ability to capture the full 

vibrational spectrum of complex molecules. Traditional SRS microscopy using picosecond pulses 

can only probe a single Raman transition at a time, requiring sequential laser wavelength tuning 

for hyperspectral imaging.70,90–92 While picosecond laser systems offer excellent spectral 

resolution, the need for wavelength tuning reduces imaging speed, making it challenging to capture 

rapid, dynamic metabolic processes in real time. Various approaches, such as spectral focusing, 

spectral dispersion, modulation multiplexing, and Fourier transform SRS, have been explored to 

improve imaging speed without sequential tuning93–98, with spectral focusing being the most 

commonly adopted due to its ease and robustness of implementation95–97,99. However, these 

methods remain constrained by the modest spectral bandwidth of femtosecond lasers, which is 

typically around 100-300 cm-1, limiting their ability to differentiate between chemically similar 

compounds. 

Second, accurate quantification in SRS is often hindered by tissue scattering, which can cause 

substantial signal attenuation and distortion, as well as cross-phase modulation-induced 

background, which introduces non-resonant artifacts that obscure Raman signals. These issues are 
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particularly pronounced in heterogeneous tissues, where scattering properties vary spatially, 

making reliable quantification challenging. Ratiometric analysis using hyperspectral information 

from two separated Raman bands is an effective solution to these problems. By simultaneously 

capturing information from both resonant and reference bands, ratiometric analysis can correct for 

variations in scattering, thereby improving quantification accuracy. In addition, ratiometric 

analysis is particularly important to quantify the relative abundance of different molecular species 

and gain insights into metabolic changes. For instance, by simultaneously imaging the C-H 

stretching vibration and the C-D stretching vibration, researchers can distinguish between labeled 

and unlabeled molecules, enabling precise quantification of metabolic activities. However, typical 

femtosecond SRS systems allow the acquisition of information in only one vibrational band at a 

time, whether in the high wavenumber regions (C-H stretching, O-H stretching), the C-D/cell silent 

region, or the fingerprint region. Collecting information from multiple bands requires wavelength 

tuning, which is time-consuming and hence unsuitable for fast dynamic studies. Moreover, 

sequential tuning may introduce issues such as drift in laser power or sample movement, further 

complicating the quantification accuracy. Therefore, advancements that enable simultaneous 

multi-band acquisition are essential for improving the robustness and speed of SRS quantification 

in metabolic studies. 

1.4 DISSERTATION OVERVIEW 

This dissertation presents several advancements in SRS microscopy to address key challenges 

in studying protein and lipid metabolism. First, we constructed a dual-OPO system that generates 

two tunable femtosecond pulses. By combining the dual-OPO outputs with an additional 

femtosecond pulse, we developed a unique dual-band SRS microscopy system capable of 

simultaneously acquiring hyperspectral SRS image stacks in two arbitrary vibrational frequency 
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bands. This approach improves spectral coverage and image acquisition speed by at least 2-fold, 

without issues associated with sequential wavelength tuning, such as sample movement and laser 

drift. As a result, the reproducibility and reliability of spectral analysis are significantly enhanced. 

The detailed characterization of this system is reported in Chapter 2. The versatility of this system 

is demonstrated through its application to study fatty acid metabolism, cellular drug uptake, and 

lipid unsaturation levels in tissues. 

Subsequently, Chapters 3 and 4 describe the application of multi-band SRS microscopy for 

measuring single-cell growth rates in two-dimensional (2D) and three-dimensional (3D) cell 

cultures. Intratumoral heterogeneity is a major factor contributing to drug resistance in cancer 

treatments, and the ability to monitor cell growth at the single-cell level provides valuable insights 

into drug-cell interactions. By using deuterium-labeled amino acids, we developed a label-free 

ratiometric SRS approach to quantify cell growth rates with high sensitivity, providing a faster and 

higher content measurement than traditional assays. 

We further expand this technique by combining single-cell growth measurements with 

intracellular drug uptake analysis to explore differences between 2D and 3D cell culture systems 

during cancer drug treatment. It is well known that 3D cultures more accurately replicate the tumor 

microenvironment compared to traditional 2D cultures, often exhibiting increased resistance to 

drugs. Our study combines three-band SRS imaging to investigate how drug penetration, uptake, 

and resistance differ between 2D and 3D cell cultures. This provides deeper insight into the 

mechanisms of drug resistance in 3D microenvironments, which is crucial for the development of 

effective cancer treatments. 

The focus then shifts to applying SRS microscopy to study lipid metabolism in tissue samples. 

Nonalcoholic fatty liver disease (NAFLD) and its progression to nonalcoholic steatohepatitis 
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(NASH) involve complex lipid metabolic changes. Understanding the lipid composition and 

spatial distribution within the liver tissue can offer insights into the mechanisms driving disease 

progression. In Chapter 5, we employed our dual-band hyperspectral SRS microscopy to classify 

and quantify different lipid molecules in liver tissue sections from patients, correlating their 

distribution with disease progression. In conjunction with polarization microscopy, this approach 

allowed for the detailed investigation of lipid species, including cholesteryl esters and 

triglycerides, and provided new information on the association of birefringent crystals with NASH. 

Finally, in Chapter 6, this dissertation examines lipid peroxidation during ferroptosis, a form of 

regulated cell death driven by the accumulation of lipid peroxides. Different exogenous lipids 

mediate ferroptosis differently. Experimentally characterizing different lipid peroxidation 

mechanisms and products in cells is vital for understanding this process. Using SRS microscopy, 

we explore the spectral and intensity changes caused by peroxidation of different lipids, providing 

experimental evidence for the formation of lipid peroxides and their intracellular localization 

during ferroptosis. These findings enhance our understanding of ferroptosis mechanisms and may 

facilitate therapeutic approaches for conditions involving oxidative stress. 

Overall, this dissertation highlights advancements in SRS microscopy techniques and their 

applications for studying protein and lipid metabolism in both cellular and tissue contexts. By 

enhancing the capabilities of SRS microscopy and applying it to relevant biological problems, this 

work aims to deepen our understanding of metabolic processes and provide insights that may 

support the development of targeted therapies for various diseases. 
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CHAPTER 2.  SIMULTANEOUS DUAL-BAND HYPERSPECTRAL 

STIMULATED RAMAN SCATTERING 

MICROSCOPY WITH FEMTOSECOND 

OPTICAL PARAMETRIC OSCILLATORS 

The work presented in this chapter has been published in the following article100: 

Xu, F. X.; Rathbone, E. G.; Fu, D. Simultaneous Dual-Band Hyperspectral Stimulated Raman 

Scattering Microscopy with Femtosecond Optical Parametric Oscillators. J. Phys. Chem. B 2023, 

127 (10), 2187–2197. https://doi.org/10.1021/acs.jpcb.2c09105. 

2.1 INTRODUCTION 

As described in the previous chapter, Raman spectroscopy is a non-destructive and non-invasive 

technique with a wide range of applications, from molecule identification to material 

characterization to biomedical imaging.101 Because spontaneous Raman microscopy directly 

probes intrinsic vibrational modes of molecules in inhomogeneous biological specimens such as 

cells and tissues at the laser focus, it allows non-perturbative spatially resolved biochemical 

analysis.102,103 However, it suffers from low signal and long acquisition time. Stimulated Raman 

scattering (SRS) microscopy addressed these drawbacks by employing ultrafast laser excitation 

and a high-frequency phase-sensitive detection system to increase imaging sensitivity and improve 

the acquisition speed substantially.104,71,70 In an SRS process, two synchronized ultrafast lasers of 

different frequencies, referred to as pump and Stokes, coherently excite a specific vibrational 

transition that matches the photon energy difference. The SRS signal has a linear dependence on 

chemical concentration and therefore allows quantitative analysis of targeted molecules.  

https://doi.org/10.1021/acs.jpcb.2c09105
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However, the application of SRS microscopy is hindered by its narrow spectral coverage 

compared to spontaneous Raman microscopy. Traditional SRS microscopy using picosecond 

pulses with a narrow bandwidth of <10 cm–1 can only probe a single Raman transition at a time. 

Laser wavelength tuning is required to achieve hyperspectral SRS imaging, i.e., acquiring a stack 

of SRS images at a range of different frequencies.70,90–92 Although the picosecond laser-based SRS 

system offers excellent spectral resolution, the wavelength tuning limits the acquisition speed for 

an image stack. Meanwhile, power drifting or sample movement may occur during the wavelength 

tuning process, degrading the spectral fidelity. Different methods, such as spectral focusing, 

spectral dispersion, modulation multiplexing, and Fourier transform SRS, have been implemented 

to improve the imaging speed of hyperspectral SRS without needing sequential wavelength 

tuning.93–98 The spectral focusing method is the most widely used method due to the ease and 

robustness of the implementation. It starts with two broad-bandwidth femtosecond laser pulses and 

stretches out the pulses to picoseconds to focus excitation into a single narrow Raman band.95–97,99 

Frequency tuning is achieved by translating a mechanical delay stage, significantly improving the 

tuning speed and reproducibility. Other methods use a pair of broadband and narrowband lasers to 

excite multiple Raman bands simultaneously. The difference in these methods is how the Raman 

frequencies are resolved. Spectral dispersion uses a grating to separate the broadband laser into 

different wavelengths, each one corresponding to one Raman band.105,106 Modulation multiplex 

SRS uses a narrowband Stokes pulse and a broadband pump pulse divided into a series of 

wavelength bands, each modulated at a different frequency.94,107 Fourier transform SRS resolves 

the broadband excitation light by its interferogram.108 Regardless of the implementation method, 

they are all limited in spectral coverage due to the modest bandwidth of the femtosecond laser, 

which is typically around 100-300 cm-1. The spectral coverage can be improved by using 
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femtosecond lasers with larger bandwidth. One example of bandwidth broadening was 

demonstrated with a parabolic fiber amplifier, where the Stokes laser bandwidth is increased from 

6 nm to 60 nm, enabling a spectral coverage of >600 cm-1.109 This broader range is important for 

distinguishing chemical compositions in the fingerprint region.110,111  

In most SRS applications, it is not necessary to capture the entire Raman spectral range. 

However, collecting SRS images in two separate Raman spectral regions is valuable for 

background subtraction, ratiometric analysis, or high-accuracy chemical identification. 

Approaches toward this goal can be generally classified under two categories: one is to excite the 

target transitions sequentially and optimize the spectral tuning speed, and the other is to employ 

three laser pulses to probe two transitions concurrently. Ni et al. constructed a multi-window SRS 

imaging system using a widely tunable picosecond fiber laser with a wavelength tuning time of 5 

ms.112 However, the fiber laser-based SRS is susceptible to higher laser relative intensity noise and 

thus requires a complicated auto-balanced detection system to achieve a good SNR. Furthermore, 

acquiring SRS images at two Raman transitions simultaneously is more desirable to minimize laser 

fluctuation and sample variation. Heuke et al. achieved this goal with a three-beam system using 

narrowband picosecond lasers.113 Their system enables the simultaneous acquisition of two SRS 

images at two arbitrary vibrational frequencies but still relies on laser wavelength tuning for 

collecting hyperspectral SRS images. They further developed a dual-vibrational frequency SRS 

imaging system utilizing a broadband pump and two narrowband Stokes beams. However, it only 

allows for the simultaneous detection of two Raman transitions within 100 cm-1 limited by the 

bandwidth of the pump beam.114 Other approaches, such as two-color SRS using a polarization 

encoding scheme, also have a limited separation between the two targeted Raman transitions of 

around 100-300 cm-1.115–117  
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Here, we present a spectral-focusing SRS imaging system capable of simultaneous acquisition 

of hyperspectral image stacks in two separate vibrational frequency regions, each with a spectral 

coverage of >300 cm-1. Our system utilizes a femtosecond laser pulse as the Stokes beam and two 

femtosecond pump beams at different wavelengths generated by two synchronously pumped 

optical parametric oscillators to probe two desired vibrational frequency bands between 650 – 

3280 cm-1. We show the capability of dual-band SRS imaging in investigating fatty acid 

metabolism, drug uptake in cells, and lipid unsaturation in tissues. We also demonstrate the ability 

to perform broadband fingerprint SRS imaging by making a simple adjustment to our typical setup. 

We can achieve a spectral coverage of 1100 – 1800 cm-1 without wavelength tuning. Overall, our 

presented simultaneous dual-band hyperspectral SRS microscopy technique enables accurate 

ratiometric analysis and provides at least a two-fold increase in hyperspectral image acquisition 

speed without sacrificing image quality. To the best of our knowledge, this is the first reported 

SRS microscopy system that is capable of simultaneous dual-band hyperspectral SRS acquisition. 

2.2 MATERIALS AND METHODS 

2.2.1 Cells culture 

The human lung adenocarcinoma cell line, A549 cells (ATCC), were maintained at 37°C in a 

humidified 5% CO2 incubator and cultured in Dulbecco’s modified eagle medium (DMEM, Gibco) 

supplemented with 10% fetal bovine serum (Hyclone) and 1% penicillin-streptomycin (Gibco). 

For fixed cell imaging, the cells were seeded on glass coverslips overnight and fixed with 4% 

paraformaldehyde (PFA) solution for 15 minutes. 
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2.2.2 Fatty acid (FA) labeling 

To label A549 cells with fatty acids (FA) or deuterated FA, we first prepared FA/bovine serum 

albumin (BSA) stock solution by the following procedure: we dissolved 5 mg of FA in hexane and 

pH-neutralized with 1 M NaOH; evaporated the solution with dry nitrogen to produce FA salts; 

then added 1 mL of warm water to dissolve the salts, followed by 4 mL of warm 10%w/v BSA 

solution. The FA/BSA solution was supplemented into the DMEM cell culture medium to the 

desired concentration. After seeding the A549 cells on glass coverslips for 1 day, we incubated the 

cells in the FA-supplemented medium for 13 hours to perform fatty acid labeling.  

For deuterated FA labeling, A549 cells were supplemented with 0.4 mM deuterated stearic acid 

(SA-d35). After incubation, we fixed the cells and imaged them in the C–H region, 2800 – 3070 

cm-1, and the C–D region, 1970 – 2300 cm-1.  

For lipid unsaturation quantification, we supplemented A549 cells with 0.2 mM oleic acid (OA) 

or palmitic acid (PA). The cells were fixed before being imaged in the C–H region, 2800 – 3070 

cm-1, and the fingerprint region, 1400 – 1760 cm-1. 

2.2.3 Kinase inhibitor treatment 

Lapatinib (Selleckchem) was dissolved in deuterated DMSO (DMSO-d6) to make a 10 mg/mL 

stock solution. The stock solution was diluted with cell culture medium to 2 µM for drug treatment. 

A549 cells were seeded on coverslips for 1 day before being treated with 2 µM lapatinib for 29 

hours. Control cells were treated with DMSO-d6 only. After treatments, we washed the cells with 

phosphate-buffered saline and immediately performed live cell imaging in the C–H region, 2800 

– 3070 cm-1, and the fingerprint region, 1235 – 1665 cm-1.  
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2.2.4 Mouse adipose tissues 

Adipose tissues were dissected from a mouse carcass and stored in phosphate-buffered saline. 

The mouse tissues were imaged in the C–H region, 2800 – 3070 cm-1, and the fingerprint region, 

1400 – 1760 cm-1. 

2.2.5 Dual-band SRS imaging 

The simultaneous dual-band SRS microscopy setup is shown in Figure 2.1A. The output of a 

femtosecond oscillator (Light Conversion FLINT-FL2) with a repetition rate at 77.2 MHz and a 

center wavelength at 1030 nm is split into two beam paths by a polarizing beam splitter (PBS). 

One beam serves as the Stokes beam for SRS imaging, and the other is directed into a homebuilt 

dual-output optical parametric oscillator (OPO) system (Figure 2.1B). In the dual-OPO system, 

the second harmonic generation (SHG) of the input laser is split into two pulse trains with a 50/50 

nonpolarizing beam splitter (NBS) to pump the two tunable OPOs. OPO 1 has an emission 

wavelength range of 700 – 800 nm, allowing the excitation of vibrational modes from 2790 cm-1 

to 4580 cm-1. OPO 1 is typically set at 790 nm for SRS imaging in the C–H stretching region. OPO 

2 has a broad tuning range of 770 – 965 nm, allowing the excitation of a wide range of vibrational 

frequencies from 650 cm-1 to 3280 cm-1. The OPO emission spectra are shown in Figure 2.1D - E.  

The two tunable OPO output beams are then combined by an 808 nm long pass (LP) dichroic 

mirror (Edmund Optics) and chirped to approximately 2 ps with high dispersion SF11 dense flint 

glass rods (GR, Newlight Photonics). The Stokes beam is modulated at 19.3 MHz with an electro-

optical modulator (EOM, Thorlabs EO-AM-NR-C2) and chirped to approximately 2 ps using a 

grating stretcher (GS, LightSmyth). The three beams are combined with a 1000 nm short pass (SP) 

dichroic mirror (Thorlabs) and temporal overlapped using two motorized delay stages (DS, Zaber 

X-DMQ-AE and Thorlabs MCM3000). The overlapped pulses are sent into a homebuilt upright 
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laser scanning microscope system equipped with a 40X water immersion objective (Nikon 

N40XLWD-NIR, NA = 1.15) and an oil immersion condenser (Nikon MEL41410, NA = 1.4). For 

simultaneous dual-band SRS imaging detection, the two pump beams are isolated using a 1000 nm 

SP filter, separated with an 808 nm LP dichroic mirror, and then detected by two amplified Si 

photodiodes (PD). The signals detected by both PDs are demodulated with a multi-channel lock-

in amplifier (LIA, Liquid instruments Moku:Pro) at a time constant of 4 µs to generate 512 × 512 

pixel SRS images with an estimated spatial resolution of around 400 nm. The pixel size was 0.39 

µm/pixel. A delay stage controls the interpulse delay between the Stokes beam and the pump 

beams. As a result, the system allows us to collect hyperspectral SRS images at two desired 

vibrational frequency regions. 
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Figure 2.1. Schematic diagram of the simultaneous dual-band hyperspectral SRS microscopy 

system and spectral characteristics of the pump lasers. (A) Diagram of the SRS system pumped by 

a high-power femtosecond oscillator FLINT-FL2. PBS: polarizing beamsplitter; OPO: optical 

parametric oscillator; DS: delay stage; LP: long pass dichroic; SP: short pass dichroic; GS: grating 

stretcher; obj: microscope objective; cond: microscope condenser; PD: photodiode; LIA: lock-in 

amplifier. (B) Zoom-in diagram of the two homebuilt OPO systems. SHG: second-harmonic 

generation; OC: output coupler. (C) Diagram of the chirped Stokes and two pump beams and their 

probed SRS bands. Green arrows indicate the frequency tuning through spectral focusing. (D) 

Tunable emission spectra of OPO 1. (E) Tunable emission spectra of OPO 2. 

2.3 RESULTS AND DISCUSSION 

2.3.1 Simultaneous C–D/C–H imaging for visualizing fatty acid uptake in cells 

We first applied simultaneous dual-band SRS microscopy to investigate fatty acid (FA) uptake 

and accumulation in cells. The FA transport in lipid droplets is an essential component of lipid 

metabolism in cells. FA/BSA solutions supplemented cell culture medium has been established 

for in vitro lipotoxicity models to monitor the cellular uptake of lipid molecules.118 As cells grow 

in a deuterated FA-supplemented culture medium, they incorporate deuterated FA in membranes 

and lipid droplets. It has been verified that the alternation from non-deuterated FA to deuterated 

FA does not affect cellular activity; hence, deuterated FA is an ideal probe for studying cellular 

FA uptake.119 Previous research has shown that combined with deuterium labeling, SRS 

microscopy can be used to explore and quantify FA uptakes in single cells and tissues.82,120,79 To 

achieve accurate quantification of FA metabolism, it is important to image the sample at both the 

C–D and C–H regions concurrently to minimize errors caused by laser fluctuation, power 

variation, or focus drifting. 

To visualize deuterated FA uptake in a cancer cell model, we treated A549 cells with SA-d35. 

We set the OPO 1 output at 790 nm for C–H band imaging and tuned the OPO 2 output to 845 nm 
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to probe the C–D region. Figure 2.2A - B show the representative SRS images of SA-d35 labeled 

A549 cells at 2105 cm-1, the SA-d35 Raman peak in the C–D region, and at 2850 cm-1, the lipid 

CH2 stretching peak in the C–H region. We can observe the high FA accumulation in cell lipid 

droplets by taking the ratio between the two images, as demonstrated in Figure 2.2C. The relative 

rate of FA uptake is quantifiable at the single lipid droplet level based on their intensities in the 

ratiometric image. To generate the ratiometric image, we first created a cell mask by thresholding 

the C–H images, and applied the binary mask to the calculated ratiometric image to eliminate noisy 

pixels in the background regions. The SRS spectra in both the C–D and C–H regions were 

generated from two hyperspectral image stacks acquired simultaneously. The C–D spectrum of the 

selected cell lipid droplets matches the SRS spectrum of the pure SA-d35 sample, confirming the 

identity of accumulated lipids. The control cells, shown in Figure 2.2D - F, do not have visible 

signals in the C–D channel and the C–D/C–H ratiometric image. The C–D SRS spectrum of the 

highlighted control cell, shown in Figure 2.2G, validates that the control cells only have extremely 

low signal due to non-Raman background in the C–D spectral region. 
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Figure 2.2. Representative SRS images and spectra of SA-d35 labeled and control A549 cells. 

(A-C) C–D, C–H, and C–D/C–H ratiometric SRS images of SA-d35 labeled cells. (D-F) C–D, C–

H, and C–D/C–H ratiometric SRS images of control cells. (G-H) C–D and C–H region SRS spectra 

of selected cellular regions and pure SA-d35 sample. Pixel dwell time: 12.8 µs. Power: OPO 1 

beam (790 nm) 40mW, OPO 2 beam (845 nm) 40 mW, and 1030 nm beam 100 mW. Scale bar: 

20 µm. 
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2.3.2 Fingerprint/C–H imaging for tracking intracellular drug uptake 

Hyperspectral SRS has been used to directly visualize and quantify drug uptake in live cells with 

submicron resolution and high sensitivity.121,122 In order to obtain a high contrast from the drugs 

at a low concentration in cells, it is typically desirable to image at a drug peak that is distinct from 

the cell background. Tuning the laser wavelength to acquire additional cellular morphological 

information is necessary for a typical SRS setup. However, cell organelles such as lysosomes move 

rapidly during live cell imaging experiments. Therefore, simultaneous dual-band SRS detection is 

crucial to colocalize drug and cell organelles. 

To validate the capability of visualizing intracellular drug uptake, we performed live cell dual-

band SRS imaging on A549 cells treated with a cancer drug lapatinib. The OPO 1 output was at 

790 nm to probe the C–H region for cellular morphology mapping. We set the OPO 2 output to 

900 nm to excite the spectral region covering prominent lapatinib peaks in the fingerprint region. 

As shown in Figure 2.3G, the lapatinib solution has a prominent peak at 1368 cm-1 with a weaker 

shoulder at 1412 cm-1. We selected the strongest peak at 1368 cm-1 for the ratiometric analysis. An 

example SRS image at this drug peak is shown in Figure 2.3A. By taking the ratio between the 

images at the lapatinib peak and the cell peak at 2930 cm-1 (Figure 2.3B), Figure 2.3C highlights 

the localization of drug accumulation in the cell. Based on the well-established lysosomotropic 

effect that the acidic environment in lysosomes protonates the weakly basic drugs and 

consequently enriches drug molecules123, we postulate that the localization of high lapatinib 

buildup correlates with lysosome dense regions. The control cells showed no peak at 1368 cm-1 

(Figure 2.3G). The cell signals in Figure 2.3D were contributed by the broad cell peak at 1480 cm-

1. The control cells’ 1368 cm-1/2930 cm-1 ratiometric image in Figure 2.3F has relatively low 
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intensity, confirming that the high signals in the lapatinib-treated cells’ ratiometric image are 

predominately due to accumulated drug molecules. 

 

Figure 2.3. Representative SRS images and spectra of lapatinib-treated and DMSO-d6 vehicle 

control A549 cells. (A-B) SRS images at the lapatinib peak in the fingerprint region at 1368 cm-1 

and cell peak in the C–H region at 2930 cm-1. (C) The 1368 cm-1/2930 cm-1 ratiometric image 

of the treated cells, highlighting the intracellular drug uptake. (D-F) The lapatinib peak, cell peak, 
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and ratiometric SRS images of a control cell. (G) The 1235 – 1665 cm-1 fingerprint SRS spectra 

of selected cellular regions and lapatinib stock solution. Pixel dwell time: 12.8 µs. Power: OPO 1 

beam (790 nm) 40mW, OPO 2 beam (900 nm) 22.5 mW, and 1030 nm beam 100 mW. Scale bar: 

20 µm. 

2.3.3 C = C/C–H imaging for quantifying lipid unsaturation in cells and tissues 

Next, we demonstrate the use of dual-band SRS imaging to determine lipid unsaturation. The 

unsaturation degree of lipid species has been suggested as one of the essential factors for metabolic 

syndrome.124,125 For example, growing evidence indicates that monounsaturated fatty acids, such 

as oleic acid, can increase insulin sensitivity, while saturated fatty acids promote insulin 

resistance.126,127 Raman techniques, including SRS microscopy, have been established as excellent 

tools for the quantitative determination of lipid unsaturation levels in biological samples by 

measuring the ratio between the quantity of carbon-carbon double bonds (C = C) within lipid acyl 

chains and CH2 bonds.124,80,128–134 Here, we utilized our dual-band SRS imaging system to explore 

the lipid unsaturation pattern in fatty acid-labeled cells and mouse adipose tissues. 

To excite the Raman vibrational transition of lipid acyl chain C = C bond stretching at 1656 cm-

1, we tuned the OPO 2 output to 884 nm, while the OPO 1 output stayed at 790 nm to probe the 

strong CH2 stretching mode at 2850 cm-1. We show representative SRS images of A549 cells 

labeled with unsaturated oleic acid (OA) at the 1656 cm-1 C = C peak and 2850 cm-1 CH2 peak in 

Figure 2.4A - B, respectively, and the corresponding images of cells labeled with saturated palmitic 

acid (PA) in Figure 2.4D - E. The 1656 cm-1/2850 cm-1 ratiometric images enabled direct 

visualization of the distinct lipid unsaturation levels in FA-labeled cells as demonstrated by Figure 

2.4C and G. It has been established that the ratio between the unsaturation peak in the C–H region 

at around 3015 cm-1 and the CH2 stretching peak at 2850 cm-1 can be used to quantitatively identify 

lipid unsaturation level.129 Therefore, we validated the 1656 cm-1/2850 cm-1 ratiometric images by 
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comparing it to the 3015 cm-1/2850 cm-1 images (Figure 2.4D and H) and obtained consistent 

results. The lipid droplets in OA-treated cells have higher intensities in both ratiometric images, 

indicating a higher unsaturation level compared to PA-treated cells. The lipid droplet SRS spectra 

of cells under different treatments match the SRS spectra of pure fatty acids (Figure 2.4I and J). 

We note that lipid droplets in PA-treated cells have a small peak at 1656 cm-1, which is dominantly 

contributed by protein amide signals from the cells due to the small size of droplets. 

After validation and calibration for the 1656 cm-1/2850 cm-1 SRS images, we performed 

ratiometric imaging on mouse fat tissues to explore the lipid unsaturation pattern of adipose cells. 

In the representative ratiometric image of mouse adipose tissues, Figure 2.4M, we observed that 

most large lipid droplets are close to saturated, whereas smaller lipid droplets have a higher 

unsaturation level. The unsaturation level in each of the imaged lipid droplets is relatively uniform. 

It is important to note that the outer ring of all lipid droplets appears to have a slightly higher 

unsaturation level, and this is most likely caused by the edge effect of the surrounding solvent 

spectrum mixed with the lipid spectrum.  
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Figure 2.4. Representative SRS images and spectra of FA-treated A549 cells and mouse 

adipose tissue. (A-D) The C=C at 1656 cm-1, C–H at 2850 cm-1, 1656 cm-1/2850 cm-1, and 3015 

cm-1/2850 cm-1 ratiometric SRS images of A549 cells labeled with oleic acid. (E-H) Corresponding 

SRS and ratiometric images of A549 cells labeled palmitic acid. (I-J) SRS spectra of pure fatty 

acids and lipid droplets in fatty acid-labeled cells. (K-M) SRS images at 1656 cm-1 C=C peak, 
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2850 cm-1 C–H peak, and 1656 cm-1/2850 cm-1 ratiometric image of mouse adipose tissues. Pixel 

dwell time: 12.8 µs. Power: OPO 1 beam (790 nm), OPO 2 beam (884 nm), and 1030 nm beam 

are all at 40 mW. Scale bar: 10 µm. 

2.3.4 Broadband fingerprint imaging with a dual-modulation scheme 

Lastly, we demonstrate broadband hyperspectral SRS imaging using the dual-band SRS 

microscopy system with a simple modification to the setup and careful selection of laser 

wavelengths. The schematic diagram of the modified system is illustrated in Figure 2.5. An 

additional EOM, indicated by the red arrow, is added to the OPO 1 beam path and modulates the 

OPO 1 output pulse at 10.3 MHz. The pulse scheme diagram in Figure 2.6A shows the interaction 

between the three laser pulses. Instead of using two photodiodes to detect both OPO pulses as in 

the regular dual-band imaging system, only one photodiode is used for the detection of the OPO 2 

pulses, which acts as the Stokes for the OPO 1 beam and the pump for the 1030 nm beam. The 

multi-channel lock-in amplifier demodulates the Raman signals at two different frequencies. At 

10.3 MHz, the SRS signals are in the spectral region between 1100 cm-1 to 1500 cm-1 probed by 

the OPO 1 pulse at 790 nm and the OPO 2 pulse at 884 nm; meanwhile, at 19.3 MHz, the SRS 

signals are in the spectral region of 1500 – 1800 cm-1 excited by the OPO 2 pulse at 884 nm and 

the 1030 nm beam. By concatenating the SRS hyperspectral images collected at the two 

frequencies, we can obtain SRS spectra with a wide spectral coverage of nearly 700 cm-1 in the 

fingerprint region.  
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Figure 2.5. Schematic diagram of the modified dual-band SRS microscopy setup for 

broadband fingerprint region hyperspectral SRS imaging. The OPO 1 output pulse is modulated at 

10.3MHz by an additional EOM (indicated by the red arrow). Only the OPO 2 pulse is detected 

and demodulated at two frequencies to retrieve SRS signals in two bands.  

 

The 1100 – 1800 cm-1 fingerprint region contains abundant signature spectral information of 

major biomolecules, such as proteins, lipids, and DNA, and hence has been frequently used for 

cell state classification and cancer diagnosis.135–137 To demonstrate the performance of fingerprint 

region imaging with our broadband hyperspectral SRS microscopy system, we first applied it to 

five pure liquids - nitrobenzene, benzonitrile, oleic acid, acetone, and toluene, and plotted the 

collected fingerprint region SRS spectra in Figure 2.6B. The spectral resolution is approximately 

15 cm-1, estimated as the full width at half maximum of the nitrobenzene 1346 cm-1 peak. The 

results match the spontaneous Raman spectra of those liquids in terms of peak positions and 

spectral shapes.109,138,139 Relative peak intensities are slightly different due to the intrinsic 

limitation of the spectral focusing method: peaks near the two ends of the spectral coverage are 

weaker compared to peaks close to the center. We then performed broadband fingerprint region 

SRS imaging on fixed A549 cells. A representative SRS image at 1656 cm-1 and the fingerprint 

region SRS spectrum with main peak assignments are shown in Figure 2.6C - D, respectively. We 

note that the cell spectrum in the 1100 – 1500 cm-1 region is noisier than the other half due to 

weaker signals. Nevertheless, we can identify the expected cellular Raman peaks, primarily 

contributed by amide bands and C–H bending in proteins and lipids, in the acquired spectrum. 

The dual-modulation configuration also allows hyperspectral SRS imaging at two separated 

vibrational frequency bands. The main advantage of this approach is that it enables the excitation 

of low wavenumber vibrations (<650 cm-1), which is unattainable with the single-modulation 

configuration, limited by the OPO 2 tuning range. However, compared to the single-modulation 
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approach, this method requires synchronized movements of two motorized stages for simultaneous 

hyperspectral stacks acquisition, which may decrease the acquisition speed. The dual-modulation 

approach can be optimized by implementing a delay stage in the OPO 2 beam path. 

 

Figure 2.6. Broadband fingerprint region hyperspectral SRS imaging with modified dual-band 

SRS microscopy setup. (A) Diagram of the chirped beams and their probed SRS bands in the 

broadband SRS imaging system. (B) The 1100 – 1800 cm-1 fingerprint region SRS spectra of 

nitrobenzene (red), benzonitrile (blue), oleic acid (green), acetone (magenta), and toluene (orange). 

(C) Representative SRS image of A549 cells at 1656 cm-1 acquired with the modified dual-band 

SRS microscopy setup. (D) Average SRS spectrum of these cells. Pixel dwell time: 32 µs. Power: 

OPO 1 beam (790 nm) 26 mW, OPO 2 beam (884 nm) 40 mW, and 1030 nm beam 40 mW. Scale 

bar: 20 µm. 
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2.4 CONCLUSIONS 

SRS microscopy has emerged to be a powerful method for biomedical imaging with high spatial 

and temporal resolution. The hyperspectral imaging capability enables quantitative biochemical 

analysis in cells and tissues. However, such analysis often requires ratiometric imaging and careful 

evaluation of background.140 As a result, it is desirable to acquire SRS images at two separate 

spectral regions. Most existing hyperspectral SRS imaging methods have a limited spectral 

coverage of <300 cm-1. We presented a dual-band SRS microscopy system that enables the 

simultaneous acquisition of hyperspectral SRS image stacks in two arbitrary vibrational frequency 

bands, between 650 – 3280 cm-1. The laser system is comprised of two homebuilt tunable OPO 

systems pumped by the SHG output of a broadband femtosecond laser. The direct output of the 

femtosecond oscillator is the Stokes beam which interacts with the two synchronous pump beams 

from OPOs to probe two separate vibrational transitions. Both OPOs are tunable, allowing 

independent and flexible control of the Raman frequency range. The spectral focusing 

configuration allows us to perform simultaneous hyperspectral SRS imaging in the two vibrational 

regions without wavelength tuning. This leads to an improvement in the image stack acquisition 

speed by at least 2-fold without problems associated with sequential wavelength tuning such as 

sample movement and laser drifting, therefore increasing the reproducibility and reliability of 

spectral analysis.  

In this work, we demonstrated selected applications of the dual-band hyperspectral SRS system, 

including visualizing and quantifying fatty acid accumulation, drug uptake in cells, and lipid 

unsaturation levels in tissues. These examples show the system's capability of acquiring 

quantitative chemical information in the fingerprint region or cell silent region with Raman tags, 

such as deuterium labeling and alkyne tags, while simultaneously obtaining high-fidelity 
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morphological features from the C–H stretching region. In addition, it is possible to tune the OPOs 

to simultaneously excite the O–H and C–H stretching modes for cell density and tissue lipid and 

protein concentration measurements.117,141 With the three-dimensional imaging capability of SRS, 

we can also extend this technique to 3D tissue and in vivo applications. Furthermore, we showed 

the potential of the system in broadband SRS imaging with a dual-modulation configuration, which 

allows rapid collection of rich spectral information of major biochemical constituents, including 

proteins, lipids, and DNA.  

It is important to point out that our OPO wavelength tuning, especially of greater than 50 nm, 

requires power optimization and slight realignment. The spectral resolution in different vibrational 

regions also needs individual optimization by changing the length of glass rods in the OPO beam 

paths or translating the grating stretcher in the Stokes beam path. Fully automated laser 

optimization and pulse stretching adjustment would further improve the system's usability. For 

many applications, it is not necessary to acquire hyperspectral stacks across broad spectral regions.  

Collecting SRS images at selected wavenumbers can be more efficient. Currently, the delay 

adjustment is achieved with motorized stages. Faster delay adjustment using a galvanometer mirror 

in each arm can be implemented to achieve arbitrary discrete sampling of SRS spectra to accelerate 

the imaging process. Moreover, machine learning and deep learning can be incorporated to 

augment the imaging capability of our imaging system. For example, by employing a deep learning 

denoising architect for image processing, it is possible to shorten the image acquisition time.142 It 

is also possible to retrieve spectrally-resolved SRS images from sparse SRS sampling or even 

convert them to specific organelle labeling using deep learning, which significantly increases 

imaging speed and specificity.143–145 Overall, this technique provides a powerful platform for fast, 
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quantitative ratiometric SRS analysis of biological specimens in various cell and tissue 

environments.  
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CHAPTER 3. MEASURING DRUG RESPONSE WITH SINGLE-

CELL GROWTH RATE QUANTIFICATION 

The work presented in this chapter has been published in the following article146: 

Xu, F. X.; Wu, R.; Hu, K.; Fu, D. Measuring Drug Response with Single-Cell Growth Rate 

Quantification. Anal. Chem. 2023, 95 (49), 18114–18121. 

https://doi.org/10.1021/acs.analchem.3c03434. 

3.1 INTRODUCTION 

Drug resistance is a primary obstacle to chemotherapy or other drug treatments for cancer, 

highlighting the importance of accurately evaluating cellular response to drugs during drug 

discovery and development.147 However, the majority of existing drug response measurement 

techniques, such as cell viability assay and proliferation assay, have two main limitations. Firstly, 

these drug testing assays rely on bulk measurements and cannot resolve variations of single cells. 

Intra-tumoral heterogeneity is a significant contributor to drug resistance development, and the 

natural cell-to-cell variation resulting from genetic mutation or gene expression difference can lead 

to diverse cellular responses to drug treatments.148–153 Therefore, techniques that can monitor and 

measure cell exposure and response to drugs at a single-cell level are crucial for investigating 

cancer cell-drug interactions. By analyzing the response of individual cells to drugs, researchers 

can better understand the heterogeneity within a population of cancer cells and develop new 

treatments that target specific subpopulations of cells.154,155 The other limitation of most drug 

testing assays is that they only measure traditional pharmacometrics, such as half maximal 

inhibitory concentration (IC50) or half maximal effective concentration (EC50) values, which 

depend heavily on cell proliferation rate, assay duration, and growth condition, making it difficult 

https://doi.org/10.1021/acs.analchem.3c03434
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to generalize and compare between different cell lines.156 Such end-point cell response 

measurements also fail to provide information on the dynamic cellular changes or insights into the 

drug mechanisms of action.157  

Cell growth, a tightly regulated process that plays an essential role in cell cycle progression and 

proliferation, can be used as an indicator of drug response, as suggested by previous research on 

single-cell growth rates. 3,158–163 Growth rate inhibition has been demonstrated as a more robust 

metric for cellular biochemical response to drugs than traditional metrics such as IC50 and EC50.
156 

However, techniques for accurately quantifying single-cell growth regulation and deregulation are 

limited. Two currently established methods have shown the ability to determine cell growth rates 

accurately.164,165 One method relies on measuring cell buoyant mass using micro-electro-

mechanical systems (MEMS) sensors. The single-cell buoyant mass is calculated as the product of 

cell volume and density difference between the cell and the fluid in the microfluidic system.166,167 

A high mass accuracy of 0.05% of cell buoyant mass has been achieved.164 However, the 

requirement for the cells to be isolated and suspended significantly limits the system throughput 

to only 60 mammalian cells per hour.168 The other technique of measuring cell growth rate relies 

on the determination of dry mass, the mass of all cellular components except water, using 

quantitative phase imaging (QPI).169 The accuracy of QPI dry mass measurement has been 

reported to be <10 pg, or 1% of cell drymass.164,170 However, the QPI techniques have only been 

applied to monolayer cell growth measurements. The limited capability of imaging isolated or 

monolayer cells hinders the quantification of cellular response to drugs in actual three-dimensional 

(3D) tissue environments. 

Stimulated Raman scattering (SRS) microscopy is a powerful label-free chemical imaging 

technique with 3D subcellular spatial resolution.69 It has demonstrated its great potential in 
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visualizing protein and amino acids metabolism by combining with deuterium labeling in previous 

studies.72,73,171,172 Specifically, Wei et al. reported that deuterium amino acids are generally non-

perturbative to live cells and can be used for spatial mapping of newly synthesized proteomes in 

cells and tissues.72,73 Miao et al. showed that deuterium-labeled glutamine enables imaging of 

protein aggregation in Huntington’s disease.171 Spratt et al. demonstrated the visualization of 

deuterated methionine incorporated into Drosophila tissue in vivo.173 These applications 

collectively verified the qualitative capability of SRS microscopy in investigating protein and 

amino acid metabolism in cells and tissues both in vitro and in vivo. Furthermore, SRS microscopy 

has shown its capability in rapid antimicrobial susceptibility testing by measuring deuterium oxide 

(D2O) metabolic incorporation at the single-bacterium level.174–178 It is important to note that while 

both biosynthetic and uptake pathways can be used for deuterium labeling, quantitative analysis 

requires well-defined pathways with no or minimal competing reactions that depend on the cell 

microenvironment.   

In this work, we leveraged the quantitative capability of SRS to further extend this technique for 

quantifying single-cell growth rates at high throughput by using selected deuterated amino acids 

as metabolic tracers. We chose three branched-chain essential amino acids, leucine, isoleucine, 

and valine (LIV), for deuterium labeling. Cell organisms cannot synthesize these essential amino 

acids endogenously and can only uptake them from the cell culture medium for protein synthesis. 

Moreover, these three amino acids are the most abundant in cell proteome, accounting for ~20% 

of all amino acids.179 They all contain –CD3 groups, which give well-defined Raman peaks around 

2100 cm-1 and are chemically stable. As the cells grow in the cell culture medium supplemented 

with deuterated LIV (d-LIV), cells uptake the d-LIV and incorporate carbon–deuterium (C–D) 

bonds in their newly synthesized protein. As a result, the ratio between the deuterium-labeled 
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proteins and the total unlabeled proteins accurately indicates the protein synthesis rate of each 

individual cell. With our ratiometric C–D/carbon–hydrogen (C–H) SRS imaging system, we 

simultaneously measured the C–D SRS signal from the deuterium-labeled proteins and the C–H 

SRS signal from unlabeled proteins to determine the cellular protein synthesis rate at a single-cell 

level. We demonstrate that this technique enables single-cell level drug testing for both 2D and 3D 

cells. The submicron resolution of SRS imaging allows us to closely examine the effects of 

different drugs on cell growth rate and morphology. We believe that our method is valuable for 

investigating cell-drug interactions in various types of cancer cell lines, tumor models, and patient-

derived samples. 

3.2 MATERIALS AND METHODS 

3.2.1 Simultaneous dual-band SRS imaging 

The simultaneous dual-band SRS microscopy setup has been reported in detail in Chapter 2.100 

Briefly, the output of a broadband femtosecond oscillator (Light Conversion FLINT-FL2) with a 

center wavelength of 1030 nm is split into two beam paths; one beam serves as the Stokes beam, 

and the other is used for pumping two tunable optical parametric oscillators (OPOs). The two 

synchronous OPO outputs serve as pump beams and interact with the Stokes beam to 

simultaneously excite two vibrational frequency bands. For C–D/C–H ratiometric imaging, we 

tuned the two OPO output wavelengths to 848 nm and 790 nm for simultaneous collection of SRS 

images at 2125 cm-1 and 2930 cm-1, respectively.  

The three synchronized laser beams were directed into a homebuilt upright laser scanning 

microscope system equipped with a 40X water immersion objective (Nikon N40XLWD-NIR, NA 

= 1.15) and an oil immersion condenser (Nikon MEL41410, NA = 1.4). For simultaneous dual-

channel SRS imaging detection, the two pump beams are isolated and detected by two amplified 
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Si photodiodes (PD). The signals detected by both PDs are demodulated with a multi-channel lock-

in amplifier (LIA, Liquid instruments Moku:Pro) with a time constant of 4 µs to generate 512 × 

512 pixel SRS images with a pixel size of 0.39 µm/pixel. The system also allows us to collect 

hyperspectral SRS images at the two vibrational frequency regions by translating a motorized stage 

(Zaber X-DMQ-AE) that controls the interpulse delay between the Stokes beam and the pump 

beams. 

For simultaneous C–D and C–H SRS imaging of cells and spheroids, 40 mW of C–D pump 

beam at 848 nm, 40 mW of C–H pump beam at 790 nm, and 150 mW of Stokes beam at 1030 nm 

were used. The average of 4 SRS images collected with a pixel dwell time of 3.2 µs was calculated 

for signal and ratio quantification. 

3.2.2 2D cell culture 

The human lung adenocarcinoma cell line, A549 cells (ATCC), were maintained at 37°C in a 

humidified 5% CO2 incubator and cultured in Dulbecco’s modified eagle medium (DMEM, Gibco) 

supplemented with 10% fetal bovine serum (Hyclone) and 1% penicillin-streptomycin (Gibco). 

For fixed cell imaging, the cells were seeded on glass coverslips overnight and fixed with 4% 

paraformaldehyde (PFA) solution for 15 minutes. 

3.2.3 3D spheroid culture 

The A549 cell line was first cultured in F-12K (Gibco) medium supplemented with 10% FBS 

(Hyclone) and 1% penicillin-streptomycin (Gibco) prior to the 3D spheroid culture. The cells were 

washed twice with PBS and detached from the dish with 0.25% trypsin (Gibco). The cells were 

centrifuged at 200 xg for 5 minutes at room temperature and resuspended in 5 mL medium. The 

cellular suspension was diluted to 10,000 cells/mL. The diluted cellular suspension was transferred 
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into each well of the 96-well low-attachment culture plate (Corning) to achieve 2,000 cells/well. 

The culture plate was centrifuged at 200 xg for 3 minutes at room temperature and incubated at 

37°C in a humidified 5% CO2 incubator. The cell culture medium was exchanged to DMEM after 

48 hours. The spheroids were fixed with 4% PFA solution for 20-30 minutes following drug 

treatment and deuterium labeling. The fixed spheroids were then transferred onto a microscope 

slide and sandwiched with glass coverslips using ~200-300 µm-thick tapes. Imaging of the 

spheroids was performed at a depth of 60 µm. 

3.2.4 Deuterium labeling 

Deuterated L-leucine-d10, L-isoleucine-d10, and L-valine-d8 (Cambridge Isotope Laboratories) 

were supplemented into LIV-deficient DMEM medium (Boca Scientific) at a concentration of 0.8 

mM. This concentration was chosen to match the concentrations of these amino acids in regular 

DMEM to achieve a full deuteration. To perform deuterium labeling, the cell culture medium was 

changed from the regular DMEM to the d-LIV supplemented medium, followed by incubation at 

37°C for the desired labeling time. 

3.2.5 Drug treatment 

Gefitinib (Selleckchem), lapatinib (Selleckchem), paclitaxel (Sigma-Aldrich), and etoposide 

(Sigma-Aldrich) were dissolved in dimethyl sulfoxide (DMSO) to make 10 mg/mL stock 

solutions. The stock solutions were diluted with cell culture medium to the desired concentrations 

for drug treatment. A549 cells were seeded on coverslips for 1 day before being treated with the 

tested drug. Control cells were treated with DMSO only. Drug solutions were prepared using the 

d-LIV supplemented medium for deuterium labeling. After incubation, cells were immediately 

fixed for SRS imaging. 
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3.2.6 MTT viability assay 

A549 cells were seeded in 96-well plates for 48 hours before incubation with drugs for 24 hours. 

After treatment, the cells were incubated with serum-free media and MTT reagent (Abcam 

ab211091) for 3 hours. We then added MTT solvent (Abcam ab211091) into each well after 

incubation and shook the plates on an orbital shaker for 15 minutes. The absorbance measurements 

were collected at 590 nm using a UV/visible microplate reader (Thermo Labsystems Multiskan 

Spectrum). 

3.3 RESULTS AND DISCUSSION 

We first validated that the deuterated amino acids do not induce toxicity to the cancer cells and 

the modification of LIV to their deuterated version does not affect cell growth rates. We performed 

the MTT cell viability assay on cells grown in regular DMEM and d-LIV supplemented DMEM 

for 24 hours and 72 hours. There was no statistically significant difference between the two groups 

for either incubation duration (Figure 3.1), which verified that the cell growth and proliferation 

rates were not altered by the replacement of the three amino acids.  

 

Figure 3.1. MTT assay absorbance measurements of A549 cells cultured in regular DMEM 

and d-LIV supplemented DMEM media for 24 hours (A, n = 16) and 72 hours (B, n = 24). There 
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is no statistically significant difference between the two groups with either 24-hour or 72-hour 

incubation. 

 

The SRS spectra of the d-LIV solution at different concentrations in the 2000 – 2300 cm-1 

vibrational frequency band are shown in Figure 3.2A. The three amino acids all have similar peaks 

in this cell-silent region of the Raman spectrum due to symmetric and asymmetric stretching of 

C–D bonds.72 We selected the middle vibrational peak at 2125 cm-1, indicated by the blue shaded 

line, for on-resonance C–D SRS imaging due to its highest signal intensity. To remove the non-

Raman background signal arising from a cross-phase modulation process, we selected 2030 cm-1 

(gray-shaded line) as the off-resonance frequency.180 The background-corrected d-LIV solution 

SRS signal intensity showed a good linear dependence on the d-LIV concentration with an R2 = 

0.9988, as demonstrated in Figure 3.2B, which confirmed the high-accuracy quantification 

capability of SRS microscopy.  

We then performed ratiometric SRS imaging on A549 cells grown in d-LIV supplemented 

culture medium for different time pulses from 0 hours (unlabeled) to 72 hours. To calculate the C–

D/C–H SRS ratio of each cell, we first created cell masks by thresholding the C–H SRS image at 

2930 cm-1, the protein peak in the C–H stretching region, and segmenting adjacent cells with the 

watershed algorithm. The average C–H signals of each cell were calculated from the 2930 cm-1 

SRS images, and the background-corrected C–D signals were calculated as IC–D = (Ion – Ion,bg) – 

(Ioff – Ioff,bg), where Ion,bg and Ioff,bg are non-cellular region background intensities at the on and off-

resonance frequencies, respectively. The average C–D and C–H signals of each cell were then 

divided to generate the SRS ratio values. We plotted the C–D/C–H SRS ratios of cells labeled for 

different time pulses in Figure 3.2C. During the first 8 hours after the cells were exposed to the d-

LIV supplemented cell culture medium, the average C–D/C–H SRS ratios increased linearly, as 
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shown in Figure 3.2D, with an R2 value of 0.9993. During this period, deuterated LIV amino acids 

replace the non-deuterated LIV amino acids as the cells grow and synthesize new proteins. After 

the cells grew in the d-LIV supplement medium for a while, deuterated LIV would replace both 

deuterated and non-deuterated amino acids, causing the C–D/C–H SRS ratio increase rate to slow 

down. Eventually, the C–D/C–H ratio in cells saturates at a level that matches the average fraction 

of the three amino acids in proteins. The C–D/C–H SRS ratio determined with A549 cells grown 

in the deuterium-labeled medium for 72 hours closely represents the saturation level, as the cells 

had proliferated for three generations.  

The representative C–D and C–H SRS images of A549 cells labeled with d-LIV for 4 hours and 

72 hours are demonstrated in Figure 3.2E, F, H, I with the same color contrast. The SRS spectra 

shown in Figure 3.2G validate that the C–D signal in cells corresponds to the incorporated d-LIV. 

Compared to the 4-hour d-LIV labeled cells, the 72-hour d-LIV labeled cells have a slightly lower 

C–H protein peak at 2930 cm-1, as shown in Figure 3.2J. This signal decrease indicates the 

deuteration of the LIV amino acids.  
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Figure 3.2. C–D/C–H ratiometric SRS imaging of d-LIV solution and A549 cells grown in d-

LIV supplemented culture medium. (A) C–D region SRS spectra of d-LIV solution of different 

concentrations. (B) Linear regression of background-corrected d-LIV solution signal intensity at 

different concentrations with the R2 value and standard deviations as error bars. (C) Single-cell C–

D/C–H SRS signal ratios of A549 cells labeled with d-LIV for different time pulses. (D) Linear 

regression of average C–D/C–H SRS signal ratio of A549 cells labeled with d-LIV for short time 

pulses, 0 to 8 hours. (E-F) Representative background-corrected C–D SRS images of A549 cells 

labeled with d-LIV for 4 hours and 72 hours. (G) A549 cell SRS spectra in the C–D spectral region. 



 

 

45 

(H-I) Representative 2930 cm-1 C–H SRS images of A549 cells labeled with d-LIV for 4 hours 

and 72 hours. (J) A549 cell SRS spectra in the C–H spectral region. Scale bar: 20 µm. 

 

With the simultaneous dual-band SRS imaging system, it takes less than 1 second to collect a 

pair of C–D and C–H SRS images. To improve the accuracy of cell signal measurements, we 

averaged 4 frames of SRS images to reduce the noise level. As a result, it takes 3.4 seconds to 

image one field of view, which on average captures >10 cells. This technique provides a method 

to perform fast, high-content drug testing by probing single-cell growth rate responses. To validate 

the drug testing performance of the system, we treated A549 cells with a targeted cancer drug, 

gefitinib (Gef), at varying concentrations from 0.2 µM to 300 µM for 24 hours. During the last 4 

hours of the drug treatment, the cells were incubated in d-LIV supplemented medium with drugs 

for deuterium labeling. We measured the C–D/C–H SRS ratio >200 cells under each treatment 

condition (Figure 3.3A) and compared the results to the well-established MTT cell viability assay 

(Figure 3.3B). We observed that the trend of cellular response to the increasing concentration of 

Gef agrees well between the two methods. Drug-induced growth rate inhibition, in contrast to 

traditional pharmacometrics, such as IC50 and EC50 values, is largely independent of cell division 

rate, culturing condition, and assay duration, and therefore provides a more robust cell response 

measurement.156 We calculate the drug concentration at which the cell growth rate is reduced by 

half (GR50) to be 14.7 µM based on a sigmoidal fitting on the SRS measurements. The GR50 value 

is 18.8 µM when determined by the MTT assay using a method reported by Hafner et al.156 It has 

been well-studied that gefitinib competes with ATP for binding to the kinase domain of epidermal 

growth factor receptor (EGFR) in cancer cells and consequently inhibits autophosphorylation and 

the activation of downstream signaling pathways, leading to inhibition of cell growth and induction 

of apoptosis.181,182 The correlation between the GR50 values measured by our SRS method and the 
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cell viability assay agrees with the gefitinib mechanism of action. It is important to note that, 

despite this correlation, cell growth rate and cell viability are two distinct measurements of cell 

behavior. Cell viability is a combined quantification of cell number and metabolism activity. 

Reduced cell viability could indicate either cell death or slower metabolism. In contrast, the SRS 

method dissects the measurement to solely quantify cell growth, which is a more targeted and 

precise marker for accessing drug efficacy. 

 

Figure 3.3. A549 cells were treated with different concentrations of gefitinib (Gef) for 24 

hours. (A) C–D/C–H SRS ratios of A549 cells with 4-hour d-LIV labeling. Vehicle control: A549 

cells treated with DMSO only. Unlabeled: untreated A549 cells grown in regular DMEM. (B) 

MTT cell proliferation assay absorbance measurements of A549 cells treated with Gef. 

 

In drug discovery, it is desirable to have a drug testing technique with a short turnaround time. 

Most cell viability assays require 24 – 72 hours of incubation for reliable measurements. The cell 

growth rate provides a more sensitive response than cell proliferation, which can be used for rapid 

drug testing. We treated A549 cells with different types of drugs, including two kinase inhibitors, 

gefitinib and lapatinib (Lap), a mitotic inhibitor, paclitaxel (Pac), and a topoisomerase II inhibitor, 

etoposide (Eto), at varying concentrations for 12 hours with 4-hour d-LIV labeling and reported 

the SRS measurements as violin plots in Figure 3.4. All treatments show significant changes in the 

cell C–D/C–H SRS ratios with increasing drug concentrations. These results confirm that 12 hours 
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is sufficient to quantify cellular response to drugs. It is possible to further shorten drug testing to 

4 hours by simultaneously starting drug treatment and d-LIV labeling. In contrast to the bulk 

measurements provided by cell viability assays, the single-cell level growth rate quantification 

allows us to discover potential subpopulation differences in cell response under drug treatments. 

For instance, around half of the A549 cells dosed with 5 µM of Lap had largely reduced cell growth 

rates, while the other half maintained regular cell growth, as indicated by the large variation in 

their C–D/C–H SRS ratios in Figure 3.4A. This heterogeneity in cell responses could be a result 

of inadequate drug exposure or varying drug uptake, potentially leading to the development of 

drug resistance.  

 

Figure 3.4. C–D/C–H SRS ratio of A549 cells treated with (A) gefitinib (Gef), lapatinib (Lap), 

(B) paclitaxel (Pac), and etoposide (Eto) of different concentrations for 12 hours with 4-hour d-

LIV labeling. Significance: **: p ≤ 0.01, ****: p ≤ 0.0001. 
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Another valuable advantage of our technique compared to traditional bulk assay is that SRS 

microscopy enables visualization of cell morphology at a submicron resolution. Cell morphology 

contains rich information that can be used for classifying cell types and cell states.183–186 By 

examining the morphology of A549 cells treated with 5 µM of Lap, we observed that 

approximately half of the cells exhibited apoptotic features such as shrinkage and rounding, while 

the other half maintained a healthy morphology. This heterogeneity in cell morphological changes 

aligns with the substantial variation in their growth rate measurements, indicating diverse 

population responses during this treatment. Moreover, morphological changes caused by drug 

treatment can provide insights into the drug mechanism of action. To illustrate the various 

morphological changes induced by different drugs, we show representative C–H SRS images at 

2930 cm-1 of A549 cells treated with DMSO (Figure 3.5A) kinase inhibitor (Figure 3.5B), mitotic 

inhibitor (Figure 3.5C), and topoisomerase II inhibitor (Figure 3.5D).  

Cell shrinkage was a prominent morphological feature of A549 cells after treatment with 

gefitinib, as shown in Figure 3.5B, which matches the previously reported morphological changes 

of cells dosed with protein kinase inhibitors.187 When treated with paclitaxel, a mitotic inhibitor, a 

large portion of cells were rounded as they entered the mitosis (M) phase of the cell cycle, followed 

by a mitotic arrest.188,189 We also observed blebbing of some cells, as indicated by red arrows in 

Figure 3.5C, which is likely an indication of cell necrosis induced by mitotic catastrophe.190 

Significant cell shrinkage and reduced signals from cell nuclei were found in A549 cells treated 

with etoposide, as demonstrated in Figure 3.5D. The cell nucleus signal loss is likely caused by 

the DNA fragmentation induced by etoposide, which targets DNA topoisomerase II 

activities.191,192 These morphological features provide additional insights into single-cell drug 

response besides growth rate inhibition. 
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Figure 3.5. Representative 2930 cm-1 C–H SRS images of A549 cells treated with (A) DMSO 

as vehicle control, (B) 50 µM gefitinib, (C) 125 nM paclitaxel, or (D) 10 µM etoposide. Scale bar: 

20 µm. Red arrows: cell blebbing. 

 

Although 2D cell culture is widely used for fundamental biological and disease studies, it does 

not represent the complex microenvironment of actual tumor tissues.193 Cells grown in a 3D 

environment exhibit different morphology, proliferation, differentiation, and cell-cell and cell-

matrix interaction features compared to monolayer-cultured cells.194,195 Growing evidence 

suggested that 3D cell culture systems are more reflective of the in vivo tissue environments and 

thus provide better models for drug screening studies.196–198 Here, we demonstrate the capability 

of our ratiometric C–D/C–H SRS imaging system for quantifying the growth rates of 3D spheroid 

cells. The representative SRS images of an A549 spheroid labeled with d-LIV for 12 hours are 

shown in Figure 3.6A-B. In single-channel SRS images, the boundary of the spheroid has higher 

SRS signals than the inner region due to light scattering and sample-induced aberration.199 This 

problem can be addressed with ratiometric SRS imaging by which the signal gradient is canceled 

out between the two channels. We can visualize the growth rate differences between cells in the 

same spheroid by generating the C–D/C–H ratiometric image, as demonstrated in Figure 3.6C. It 

is interesting to note that there are substantial growth rate variations within the spheroid, which 

suggest phenotypic differences that could lead to differences in drug response. We compared the 
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growth rate difference of A549 cells in 2D monolayer culture versus 3D spheroid culture with 12-

hour d-LIV labeling in Figure 3.6D and discovered that 3D cultured cells have lower growth rates. 

This result is consistent with previous studies showing that tumor cells have higher proliferation 

rates in 2D monolayers than in 3D, caused by their different gene and protein expression 

profiles.196,200,201  

To evaluate the performance of ratiometric SRS imaging for drug testing in 3D cell 

environments, we treated the A549 spheroids with different concentrations of gefitinib, ranging 

from 2 µM to 100 µM, for 12 hours coupled with 12-hour d-LIV labeling. We report the single-

spheroid C–D/C–H SRS ratios in Figure 3.6E. As the concentration of the drug increases, the 

average spheroid cell growth rate significantly decreases, reflecting the cellular responses to the 

treatments. A549 spheroids treated with a concentration higher than 100 µM started dissociating 

and shattering and therefore were not included in drug response quantification. We included the 

vehicle control and untreated spheroids to estimate the GR50 concentration of A549 spheroids 

treated with gefitinib for 12 hours as 104.8 µM, which is significantly higher than 2D cultured 

cells. Previous studies have shown that drug efficacy decreases in 3D cultured cells compared to 

2D cells due to differences in various cellular factors, including cell survival pathways, EGFR and 

EMT-associated protein expression, HER-family drug target expression, and mTORC1 signaling 

activity.202–204 These differences highlight the importance of developing techniques with the 

capability to quantify 3D cellular growth rates for investigating cell-drug interactions in complex 

multicellular environments. 
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Figure 3.6. Representative (A) C–D, (B) C–H, and (C) C–D/C–H ratiometric SRS images of 

an A549 spheroid with 12-hour d-LIV labeling. (D) Growth rate comparison of A549 cells cultured 

in 2D versus 3D. Significance: **: p ≤ 0.01. (E) C–D/C–H SRS ratio of A549 spheroid cells treated 

with different concentrations of gefitinib for 12 hours with 12-hour d-LIV labeling. Scale bar: 50 

µm. 

3.4 CONCLUSIONS 

Intra-tumoral heterogeneity plays a vital role in drug resistance development during cancer 

treatments, suggesting the need to measure drug exposure and response at the single-cell level. In 

this work, we report a method for visualizing and quantifying cell-drug interaction by measuring 

cell growth rates using ratiometric SRS microscopy and deuterium labeling. We replace three 

essential amino acids, leucine, isoleucine, and valine, with their deuterated version in the cell 

culture medium and assess cell protein synthesis rates by quantifying the ratio between the number 

of incorporated C–D bonds and the total number of C–H bonds. A simultaneous dual-band SRS 

imaging system is employed to improve ratiometric analysis accuracy and image acquisition speed.  
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In this study, we validated the drug testing capability of our system by comparing cell responses 

to drug treatments measured with ratiometric SRS imaging to the well-established MTT cell 

viability assay. We also showed that the reported technique allows rapid drug response 

measurements with a short turnaround time of <12 hours. During drug testing with a high dosage, 

a portion of apoptotic cells was washed away during fixation, which leads to a biased measurement 

towards higher average cell growth measurement. This problem can be avoided by performing live 

cell SRS imaging at lower optical power at the sample. It is important to note that our method 

focuses on cell growth rate measurement, which is a critical and complementary metric to cell 

proliferation measurement. Our method can be combined with cell viability or proliferation assays 

for a more comprehensive characterization of cellular response to drugs. In addition, deep learning 

algorithms can be adapted to enhance the signal-to-noise ratio of collected SRS images to optimize 

drug response measurement sensitivity and accuracy.142 Furthermore, deuteration of all amino 

acids has been reported to provide higher C–D SRS signals73, which can shorten the deuterium 

labeling and drug treatment time. However, a high deuterium content in the cell culture medium 

can reduce cell viability and metabolic activity due to the kinetic isotope effect.205 A careful 

assessment of the cytotoxicity effects of deuteration of all amino acids is crucial for accurately 

measuring cell growth rates. Moreover, the deuteration of non-essential amino acids may introduce 

variations in cell incorporation rates, as cells can synthesize these non-essential amino acids from 

other nutrients, potentially leading to inaccuracies in cell growth rate quantification. 

The submicron resolution imaging capacity of ratiometric SRS microscopy provides single-cell 

morphological information in addition to the cell growth rate measurements. We compared cells 

treated with different types of chemotherapeutic drugs and demonstrated that the cell 

morphological changes deliver valuable insights into the drug mechanism of action. Leveraging 
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morphological information, it is possible to examine drug response in co-cultured models by 

combining C–D/C–H SRS imaging with cell-type classification machine learning or deep learning 

algorithms.206,207 

Lastly, the C–D/C–H ratiometric SRS imaging system is capable of quantifying cell growth in 

a 3D cellular environment. We note that the spheroids were imaged at a depth of 60 µm in this 

study. The imaging depth was limited by the tissue scattering and system sensitivity. Tissue-

clearing methods can be utilized to greatly enhance the imaging depth and achieve a volumetric 

growth rate quantification of the entire spheroids.208 The 3D imaging capability of our technique 

enables further studies of cell-drug interactions in the actual tumor environments. By switching to 

an epi-detection setup, we can potentially measure in vivo cell growth rate and drug response in 

live animals. Overall, our reported ratiometric SRS imaging system, coupled with deuterium amino 

acids labeling, provides a valuable tool for rapid high-content quantification of single-cell growth 

rate and visualization of cell morphological changes in various 2D and 3D cell and tissue 

environments. Monitoring cell-cell and cell-drug interactions in complex cell models or in vivo 

tumor models can provide deep insights into the drug resistance development mechanism in cancer 

treatment. 



CHAPTER 4. ASSESSING DRUG UPTAKE AND RESPONSE 

DIFFERENCES IN 2D AND 3D CELLULAR 

ENVIRONMENTS USING STIMULATED 

RAMAN SCATTERING MICROSCOPY 

The work presented in this chapter has been published in the following article209: 

Xu, F. X.; Sun, R.; Owens, R.; Hu, K.; Fu, D. Assessing Drug Uptake and Response Differences 

in 2D and 3D Cellular Environments Using Stimulated Raman Scattering Microscopy. Anal. 

Chem. 2024, 96 (36), 14480–14489. https://doi.org/10.1021/acs.analchem.4c02592. 

4.1 INTRODUCTION 

Two-dimensional (2D) monolayer cell culture has traditionally been used for biological studies 

and drug screenings in vitro due to its simplicity and cost-effectiveness. However, 2D cell cultures 

are insufficient for capturing the in vivo tumor response during drug treatment, and three-

dimensional (3D) cell cultures offer more intricate and representative models.210 Analogous to in 

vivo tissue such as tumors, proliferating, quiescent, and necrotic cells coexist within 3D 

spheroids.196,211 Additionally, spheroids have been reported to have similar growth dynamics to 

solid tumors.212,213 As a result, in recent years, 3D cell cultures have emerged as increasingly 

popular models for drug screening and cancer treatment.214 The more complex cell-cell and cell-

matrix interactions and nutrient and oxygen gradients in 3D microenvironments result in distinct 

cellular structures, metabolic activities, and gene expression profiles from 2D cells.201,203,204,215,216 

The differences between 2D and 3D cells can lead to varied cellular responses to drug treatments; 

specifically, it has been reported that 3D-cultured cells generally exhibit higher resistance to 

drugs.196  

https://doi.org/10.1021/acs.analchem.4c02592
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The molecular mechanisms underlying the increased resistance in 3D cells are not fully 

understood, yet several hypotheses have been proposed: the extracellular matrix and cell-cell 

interactions within the 3D microenvironment may create physical barriers that impede drug 

penetration198,217; nutrient and oxygen availability disparities may alter cellular metabolism and 

survival pathways196,218,219; different gene expression and activation of signaling pathways may 

promote cell survival and drug efflux203,201,200; and the higher cell heterogeneity and 

microenvironmental gradients may lead to a selection of more resistant cell populations220,221 

Various techniques, notably genetic, transcriptomic, and proteomic analyses, have been employed 

to dissect these complex mechanisms. These methods, including gene expression analysis, 

Western blot, and multi-omics approaches, collectively identified diverse gene expressions, 

signaling pathways, and metabolic processes, including EGFR and EMT-associated protein 

expression, HER-family drug target expression, and AKT–mTORC1 signaling, that are 

significantly different between 2D and 3D cells and are potentially associated with reduced drug 

efficacy in 3D.202–204,222–228 While these techniques deliver essential insights into the potential 

causes of drug resistance evolvement, intracellular drug exposure within the complex 3D culture 

models, a key factor that determines heterogeneous cell response, has rarely been evaluated with 

existing techniques. Thus, it is crucial to integrate information gained from these methods with 

techniques that provide spatially resolved molecular profiling. 

Existing techniques for directly measuring intracellular drug concentration in 3D environments 

are limited. Current studies largely depend on biochemical assays, which provide bulk 

measurements that may overlook variability in drug uptake between individual cells and their 

complex spatial interactions within spheroids.229–231 Mass spectrometry imaging has also been 

utilized to map drug distribution in spheroids and tissues.232–235 However, the method requires 
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extensive sample preparation and cryosectioning, limiting its applications for live-spheroid 

imaging and cellular dynamic studies. The lack of precise 3D drug quantification could 

significantly hinder our understanding of in vivo drug efficacy. Typically, drug exposure within a 

tumor is assumed to be equivalent to plasma concentration; however, uneven or reduced drug 

exposure can lead to decreased treatment efficacy and the emergence of drug resistance.236–238 

Moreover, correlating drug concentration measurement with cellular response inhibition can be 

highly beneficial for understanding drug-cell interactions and resistance development 

mechanisms.  

Recently, stimulated Raman scattering (SRS) microscopy has shown great potential in both 

directly quantifying intracellular drug uptake and measuring single-cell growth rate as an indicator 

of drug response.146,239 In particular, Wong et al. leveraged the well-established lysosomotropic 

effect, in which the acidic environment in cell lysosomes protonates the weakly basic drugs and 

enriches drug molecules, and performed live cell hyperspectral SRS imaging in the fingerprint 

region to visualize and quantify drug uptakes in 2D-cultured cells.239 However, the compatibility 

of this technique with 3D cells has not been explored. Due to light scattering, the quantification of 

drug concentration becomes a challenge. Meanwhile, as reported in the previous chapter, we 

employed deuterated amino acids, leucine, isoleucine, and valine (d-LIV), as tracers and measured 

the ratio of carbon–deuterium (C–D) SRS signal from deuterium-labeled proteins and the carbon–

hydrogen (C–H) SRS signal from unlabeled proteins to determine the cell growth rate of 2D and 

3D cells.146 However, this method has only been applied to fixed cells.  

In this work, we present a robust, noninvasive three-band SRS imaging method that integrates 

the measurements of drug uptake and cellular response of live cells across 2D and 3D 

microenvironments. By collecting SRS images in the C–D, C–H, and fingerprint spectral regions, 
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we report the drug uptake and response differences between cells in 2D and 3D during drug 

treatments and closely examine the heterogeneous drug penetration and cell response patterns 

within 3D spheroids. Furthermore, by comparing different 3D spheroid culture methods, we 

explore the effects of extracellular matrix on drug delivery and cell growth inhibition. Overall, this 

work introduces a valuable tool for innovative experimental measurements of drug uptake and 

response differences between 2D and 3D cellular environments. It illuminates the intrinsic 

differences in the cellular response to drugs under different microenvironments and the 

contribution of limited drug penetration in 3D to drug resistance. Our findings offer empirical 

evidence to understand the complex mechanisms of drug resistance development in 3D cell models 

and have important implications in drug screening assay development as well as cancer therapies.  

4.2 MATERIALS AND METHODS 

4.2.1 Three-band SRS imaging 

The hyperspectral SRS microscopy setup has been reported in detail in our previous work.239 

Briefly, a broadband femtosecond dual beam laser system (Spectra-Physics Insight DS+) outputs 

a wavelength-tunable beam (pump) and a fixed beam at 1040 nm (Stokes) at an 80 MHz repetition 

rate. The pump beam is chirped to approximately 3 ps with high-dispersion SF11 dense flint glass 

rods (GR, Newlight Photonics). The Stokes beam is modulated at 20 MHz with an electro-optical 

modulator (EOM, Thorlabs) and coupled into a 4-m polarization-maintaining Yb-doped fiber 

(YB1200-10/125 DC-PM, Thorlabs) for parabolic amplification109, then chirped to approximately 

3 ps using a grating stretcher (GS, LightSmyth). The two beams are combined with a 1000 nm 

short pass (SP) dichroic mirror (Thorlabs) and temporally overlapped using a motorized delay 

stage (DS, Zaber X-DMQ-AE).  
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The synchronized laser beams are directed into a home-built upright laser scanning microscope 

equipped with a 40× water immersion objective (Nikon N40XLWD-NIR, NA = 1.15) and an oil 

immersion condenser (Nikon MEL41410, NA = 1.4). The pump beam is isolated with a 1000 nm 

SP filter (Thorlabs) and detected by an amplified Si photodiode (PD). The signal is then 

demodulated with a lock-in amplifier (LIA, Zurich Instruments H2FLI) with a time constant of 4 

μs to generate 512 × 512-pixel SRS images. For SRS imaging of live cells and spheroids, 40 mW 

of the pump beam at 800 nm for C–H, 858 nm for C–D, and 912 nm for fingerprint region, and 90 

mW of the Stokes beam were used. 

4.2.2 2D cell culture 

The human lung adenocarcinoma cell line, A549 cells (ATCC), was maintained at 37 °C in a 

humidified 5% CO2 incubator and cultured in Dulbecco’s modified Eagle's medium (DMEM, 

Gibco) supplemented with 10% fetal bovine serum (Hyclone) and 1% penicillin-streptomycin 

(Gibco). Cells were seeded at 200,000 cells per coverslip and incubated for 48 hours before drug 

treatment and deuterium labeling. 

4.2.3 3D spheroid culture 

For scaffold-free spheroid culture, the A549 cell line cultured in DMEM supplemented with 

10% FBS and 1% penicillin-streptomycin prior to the 3D spheroid culture was washed twice with 

PBS and detached from the dish with 0.25% trypsin (Gibco), then centrifuged at 200 × g for 5 min 

at room temperature and resuspended in medium. The cellular suspension was diluted and 

transferred into each well of the 96-well low-attachment culture plate (Corning) to achieve 2000 

cells/well. The culture plate was centrifuged at 200 × g for 3 min at room temperature and 
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incubated at 37 °C in a humidified 5% CO2 incubator for 48 hours before drug treatment and 

deuterium labeling. 

For scaffolded extracellular matrix spheroid culture, A549 cellular suspension was counted and 

diluted to 400,000 cells/mL. Matrigel (Corning) was stored under -20°C and thawed under 4°C 

overnight prior to use. A one-to-one ratio of Matrigel and diluted cellular suspension was mixed, 

and 35 µL of the mixture was transferred onto the center of a coverslip. The Matrigel and cell 

mixture was prepared on an ice block. The coverslip was then inverted so that the Matrigel and 

cell mixture was at a hanging drop orientation and incubated in a 37°C humidified 5% CO2 

incubator for 30 mins to allow polymerization. Then the coverslip was flipped back, and the 

Matrigel droplet was cultured with the immersion of DMEM in the incubator for 2-3 weeks before 

drug treatment and deuterium labeling, during which the culture medium was replaced every 2 

days. 

4.2.4 Deuterium labeling for single-cell growth rate measurement 

Deuterated L-leucine-d10, L-isoleucine-d10, and L-valine-d8 (d-LIV, Cambridge Isotope 

Laboratories) were supplemented into the LIV-deficient DMEM medium (Boca Scientific) at a 

concentration of 0.8 mM. This concentration matches the concentrations of these amino acids in 

regular DMEM to achieve full deuteration. To perform deuterium labeling, the cell culture medium 

was changed from the regular DMEM to the d-LIV-supplemented medium, followed by incubation 

at 37 °C for the desired labeling time. Specifically, 2D-cultured cells were labeled with d-LIV for 

6 hours before SRS imaging, and 3D-cultured spheroids were d-LIV labeled for 24 hours. 
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4.2.5 Single-cell and single-spheroid growth rate quantification 

Chapter 3 reported details on measuring single-cell growth rates with ratiometric SRS 

imaging.146 Briefly, d-LIV-labeled cells were imaged at 2125 cm-1 in the C–D region to quantify 

their newly synthesized deuterium-labeled proteins and at 2930 cm-1 in the C–H stretching region 

to measure their total unlabeled proteins. In addition, SRS images at 2030 cm-1 were collected as 

the off-resonance frequency to remove the non-Raman background signal in the C–D SRS images. 

For 2D-cultured cells, we generated cell masks by thresholding the C–H SRS image and 

segmenting adjacent cells with the watershed algorithm. For 3D cells, each spheroid was manually 

segmented using its C–H SRS image. The cell and spheroid masks were then used to calculate C–

D/C–H SRS ratios as growth rate measurements.  

4.2.6 Drug treatment for intracellular drug uptake measurement 

Lapatinib (Selleckchem) and paclitaxel (Sigma-Aldrich) were dissolved in dimethyl sulfoxide 

(DMSO) to make 10 mg/mL stock solutions. The stock solutions were diluted with cell culture 

medium to the desired concentrations for drug treatment. Control cells were treated with DMSO 

only. Drug solutions were prepared using the d-LIV-supplemented medium for deuterium labeling. 

For both 2D and 3D cells, the drug treatment time was 24 hours. 

4.2.7 Intracellular drug uptake quantification 

Details on measuring single-cell drug uptake with fingerprint region hyperspectral SRS imaging 

have been previously reported.239 Briefly, live A549 cells and spheroids treated with lapatinib were 

imaged at the 1300 – 1600 cm-1 spectral band, which captures the cell peak at 1450 cm-1 and 

lapatinib peaks. The single-cell or single-spheroid SRS spectrum was extracted with cell or 

spheroid masks generated from C–H SRS images as described above. A spectral unmixing 
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algorithm was then performed using the lsqr function in MATLAB to determine the linear 

combination coefficients of cell, lipid droplet, drug, and background solvents. In the previous 

work, the absolute concentration was determined by comparing the drug signal to calibration. In 

the presence of light scattering in 3D spheroids, the intracellular drug uptake was quantified as the 

calculated coefficient of the drug component divided by its cell signal intensity at 1450 cm-1. This 

normalization step is necessary to remove the contribution of light scattering-induced intensity 

loss. 

4.3 RESULTS AND DISCUSSION 

We first validated the capability of measuring both intracellular drug uptake and growth rate 

inhibition of the same cells in 2D using our three-band SRS imaging system. We selected A549 

cells, a non-small-cell lung cancer cell line, as the cell model for this study. We treated the cells 

with lapatinib (Lap), an FDA-approved tyrosine kinase inhibitor (TKI) for both the epidermal 

growth factor receptor (EGFR) and human epidermal growth factor receptor 2 (HER2), at varying 

concentrations for 24 hours. The molecular formula and structure of lapatinib are shown in 

Appendix A Figure A.1. The SRS images in three different vibrational bands, fingerprint, C–D, 

and C–H regions, were acquired for 150-300 cells for each treatment. We performed hyperspectral 

SRS imaging in the 1300 – 1600 cm-1 spectral band to quantify the single-cell drug uptake. 

Representative SRS images and spectra of cells treated with 5 µM of lapatinib were shown in 

Figure 4.1A-B. Lapatinib has 4 distinct peaks, at 1325, 1360, 1390, and 1535 cm-1, that are well-

separatable from the 1450 cm-1 cell peak in this region. We detected strong drug signals at its most 

prominent peak in the imaged spectral region, at 1360 cm-1 (Figure 4.1A left), consistent with 

previous reports that the drug is highly enriched in lysosomes to reach a detectable range.121,239 

However, the drug concentration is not quantifiable from this single SRS image as signals from 
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cells also contribute to this frequency (Figure 4.1B). Leveraging the linear dependence of the SRS 

signal on chemical concentration, we apply a linear least-squares algorithm on cell spectra to 

unmix the cellular and drug compositions. To correct for signal variation induced by light 

scattering, we quantify single-cell intracellular drug uptake by normalizing the drug coefficient to 

the 1450 cm-1 cell peak, resulting from CH2 deformation of protein and lipid. We plotted 2D cell 

drug uptake as a function of lapatinib concentrations in Figure 4.1C. We note that the unit of the 

lapatinib uptake measurement is normalized intensity of the drug/cell ratio. The 2D cells were 

dosed with up to 10 µM lapatinib only, as higher drug concentrations dramatically diminished cell 

viability. Overall, as the drug dosage increases, the measured intracellular drug uptake increases 

as expected, confirming the sensitivity of our method. To confirm that the normalization by 1450 

cm-1 does not bias results, we also normalized the drug coefficient to the C–H stretching peak at 

2930 cm-1 and obtained the same trend, as demonstrated in Appendix A Figure A.2A. Although 

both cell peaks at 1450 cm-1 and 2930 cm-1 can be used for the normalization, light scattering is 

wavelength-dependent, and therefore, it is more desirable to use the 1450 cm-1 peak despite its 

higher noise since the same wavelength is used for excitation of the peaks in the fingerprint region.  
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Figure 4.1. Representative SRS images and spectra of live 2D and 3D A549 cells and their 

intracellular drug uptake and growth rate changes during treatment with a tyrosine kinase inhibitor, 

lapatinib (Lap). (A) SRS image of 2D A549 cells treated with 5 µM of lapatinib at 1360 cm-1, the 

most prominent drug peak (red shaded line in B), and at 1450 cm-1, the cell peak (gray shaded line 

in B). (B) SRS spectra of Lap-treated cells were decomposed into cellular and drug components 

using a linear least-squares algorithm to measure drug uptakes. (C) The intracellular drug uptake 

in 2D cells treated with Lap at varying concentrations for 24 hours. (D) SRS images of 2D A549 

cells at 2125 cm-1 in the C–D region and 2930 cm-1 in the C–H region. Their ratiometric image (E) 

reflects cellular growth rate. (F) The growth rate response of 2D cells labeled with d-LIV for 6 

hours under different lapatinib treatments. (G, I) SRS image of 3D spheroid treated with 5 µM of 

lapatinib at drug, cell, C–D, and C–H peaks. (H, J) Single-spheroid drug uptake and growth rate 

response under lapatinib treatment of varying concentrations and 24-hour d-LIV labeling. Scale 

bars: 40 µm. 
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To measure the single-cell growth rate, we labeled the 2D A549 cells with d-LIV for 6 hours, 

which provides a sufficient C–D signal-to-noise ratio (SNR) for reliable quantification (Figure 

4.1D). Figure 4.1E shows the C–D/C–H ratiometric image that allows visualization of different 

cell growth rates. The 2D single-cell growth response was plotted as a function of lapatinib 

concentration in Figure 4.1F. It has been reported that lapatinib significantly reduces various 

cellular activities in A549 cells, including cell proliferation, DNA synthesis, and colony formation 

capacity.240 As the concentration of drug treatment increases, the C–D/C–H ratios decrease, 

agreeing with the expected growth inhibition. 

We then performed the three-band SRS imaging method to quantify drug uptake and growth 

response in 3D cells. We cultured A549 cells in low-attachment plates to form spheroids and 

treated the spheroids with up to 100 µM lapatinib. 3-4 spheroids were imaged under each 

treatment. Representative drug peak, cell peak, C–D, and C–H SRS images of the middle cross-

section of a spheroid treated with 5 µM of lapatinib are shown in Figure 4.1G and I. It has been 

reported that 3D-cultured cells have a slower proliferation rate compared to monolayer 

cells196,200,201; therefore, we performed 24-hour d-LIV labeling on 3D spheroids to obtain a 

sufficient C–D signal (Figure 4.1I). Different from 2D cell imaging, mosaic tile scans were needed 

to capture an entire spheroid middle cross-section at a depth of ~120 µm. However, as illustrated 

in Appendix A Figure A.3A, the field curvature of each field-of-view (FOV) results in obvious 

stitching artifacts that can greatly reduce the accuracy of our measurements. To address this 

problem, we generated an FOV normalization mask using cell-free regions for each spectral 

region. The masks were normalized to have an intensity ranging from 0 to 1. We then divided each 

tile image by the FOV mask to correct for the field curvature. As shown in Appendix A Figure 
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A.3B, this FOV normalization method significantly minimizes stitching artifacts and resultant 

intensity variations.  

We observed stronger drug signals around the outer ring of the spheroids and weaker signals in 

their inner layers (Figure 4.1G). We note that cells in the center of the spheroid experienced much 

stronger light scattering and sample-induced aberration and thus have lower SRS signals.199 This 

is reflected in all four channel images. This problem can be addressed by normalizing the drug 

uptake measurement to the 1450 cm-1 cell peak intensity. The C–D/C–H ratio also normalizes this 

contribution and provides quantitative single-cell growth measurement. Figure 4.1H and J 

demonstrate the single-spheroid drug uptake and growth rate response as a function of lapatinib 

concentration. As the drug dosage increases, the measured intracellular drug uptake increases, and 

the growth rate decreases. Interestingly, the increase in intracellular drug concentration began to 

level off at concentrations above 50 µM. As stated above, our SRS method primarily quantifies 

the intracellular drug uptake through the lysosomotropic effect, and pH-driven lysosomal 

sequestration is saturable.241 The intracellular drug uptake level of spheroid treated with 50–100 

µM likely indicates saturated lapatinib accumulation. These trends confirm the capability of our 

SRS method to detect and quantify both 2D and 3D drug uptake and cellular response 

simultaneously during treatments. 

To further investigate differences in drug uptake and cellular response between 2D and 3D 

environments, we compared the intracellular lapatinib uptake, cell growth rates, and normalized 

cell growth rates for cells treated with the same concentrations in Figure 4.2. Figure 4.2A 

demonstrates that intracellular drug uptake levels are similar between single cells cultured in 2D 

and single spheroids in 3D, with no significant differences observed within each treatment 

concentration. The same trend was observed when using C–H peak intensity for drug uptake 
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measurement normalization (Appendix A Figure A.2C). To compare growth inhibition differences 

between 2D and 3D-cultured cells, we adjusted the C–D/C–H ratio of 2D-cultured cells by 

multiplying it by a factor of 4, accounting for the 4-fold differences in d-LIV labeling duration. As 

shown in Figure 4.2B, 2D cells have significantly higher growth rates compared to 3D cells under 

identical treatment conditions. Interestingly, when we compared the relative growth rate changes 

during drug treatment by normalizing 2D and 3D cell growth rates to the median growth rates of 

their respective vehicle controls, we found that cells in the 3D environment exhibited higher 

normalized growth rates than those in the 2D environment, as illustrated in Figure 4.2C. This 

observation confirms that, with similar levels of drug uptake, the proliferation of 3D-cultured cells 

is more resistant to lapatinib treatment than their 2D-cultured counterparts, consistent with our 

observation that 3D cell culture can tolerate much higher concentration lapatinib treatment. This 

trend aligns with our previous drug response study of A549 cells treated with another TKI, 

gefitinib, in which the drug dosage that reduces cell growth rate by half increased by ~7-fold from 

2D to 3D.146  
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Figure 4.2. Comparison of intracellular drug uptake (A), cell growth rate (B), and normalized 

cell growth (C) between 2D-cultured cells and 3D-cultured spheroids treated with varying 

concentrations of lapatinib. Significance determined by Student’s t-test: *: p ≤ 0.05, ****: p ≤ 

0.0001. 

 

It is important to note that the 3D measurements in Figure 4.2 represent the averaged data from 

all cells in the imaged cross-section, resulting in much smaller variances compared to 2D 

measurements. This averaging does not capture the heterogeneity in drug uptake or response of 

cells within the individual spheroid. To explore potential reasons behind the increased resistance 

observed in 3D-cultured cells, we examined the correlation between drug penetration and cell 

response heterogeneity. Given the challenge of segmenting individual cells within each spheroid 

due to their dense packing and the limited SNR in the spheroid center, we segmented the spheroids 
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into layers to study how the drug diffuses and influences cell responses. Using spheroids treated 

with 10 µM of lapatinib as an example, we compared their drug uptake and response at different 

layers against control spheroids. Figure 4.3A shows the drug/C–H ratiometric SRS image of a 

representative Lap 10 µM-treated spheroid. Such ratiometric images enable direct visualization of 

drug accumulation and localization within the spheroids. Figure 4.3B provides a zoom-in view of 

a drug-enriched area. By comparing the ratiometric image with the C–H SRS image, we observed 

a high spatial correlation between lapatinib accumulation, appearing as bright yellow spots, and 

cell cytoplasm. We note that the drug uptake measurements were normalized to the 1450 cm-1 cell 

peak. The C–H image was used here only for this visualization because of its higher SNR. Overall, 

we observed significant aggregations of lapatinib molecules in the outer and middle layers of the 

spheroid. This observation matches the lapatinib uptake plot in Figure 4.3C. The intracellular drug 

concentration is at a constant level between the boundary of the spheroid and around 60 µm from 

the center, then decreases rapidly as getting closer to the spheroid center.  
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Figure 4.3. Cellular drug uptake and response in 3D-cultured spheroids treated with lapatinib. 

(A) The drug/C–H ratiometric image of a representative spheroid treated with 10 µM of lapatinib. 

(B) zoom-in ratiometric image and the corresponding C–H SRS image of a drug-enriched area 

(region indicated by green square in A). Spheroids were separated into layers to investigate drug 

penetration and cell response heterogeneity. (C-D) Plots of intracellular lapatinib uptake (C) and 

growth rate (D) of cells at different distances from the center of control and Lap-treated spheroids.  

(E-F) Plots of intracellular drug uptake (E) and growth rate (F) of cells in the inner, middle, and 

outer layers of spheroids treated with different concentrations of lapatinib (3 layers indicated by 

cyan circles in A). Scale bars: (A) 40 µm; (B) 10 µm. 
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Figure 4.3D illustrates the growth rates of cells at different layers in the spheroids. Cells in the 

vehicle control spheroids exhibited similar growth rates across all layers. It is important to note 

that the spheroids studied in this work have diameters of less than 300 µm and, therefore, do not 

have a significant oxygen concentration and nutrient penetration gradient. Spheroids exceeding 

400–500 µm in diameter begin to develop a necrotic core242, where we would expect a reduced 

cell growth rate at the center. Cells in all layers of the spheroids treated with 10 µM of lapatinib 

exhibited decreased growth rates. Interestingly, despite having a significantly lower intracellular 

drug uptake, cells closer to the spheroid's center exhibited a greater reduction in growth rates. This 

finding is counterintuitive, and we hypothesize that inner layer cells are potentially more sensitive 

to drugs than outer cells. It is possible that inner layer cells, having more limited access to nutrients 

and oxygen, are more likely to enter a quiescent state under treatment, in which cells are not 

proliferating or responsive to the drugs.243–245 It has been studied that quiescent cells can lead to 

the emergence of therapy resistance and tumor recurrence246,247, thus suggesting that the drug-

induced quiescence of these cells could paradoxically enhance their survival capabilities and 

eventually contribute to increased resistance. However, further investigations are needed to 

elucidate the actual reasons behind the observed phenomenon. 

We observed similar trends in spheroids treated with different drug concentrations. The imaged 

spheroids were divided into three layers, inner, middle, and outer, as illustrated in Figure 4.3A 

with cyan circles. Figure 4.3E displays lapatinib uptake in cells across three spheroid layers under 

varying dosages. With a lapatinib dosage of 1–50 µM, we can see a penetration gradient where the 

intracellular drug uptake level is the highest at the outer layer and lowest in the inner layer. When 

the drug dosage is below 5 µM, cells in the inner layer have no observable drug uptake. As dosage 

increases, the intracellular drug uptake level in all layers increases, with a higher drug uptake in 
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outer layer cells than inner layer. The drug uptake becomes similar across different layers when 

the intracellular lapatinib concentration reaches a saturation level. These results indicate that the 

drug diffusion and penetration gradient across spheroids are concentration-dependent. Figure 4.3F 

shows the corresponding cellular responses. Overall, as lapatinib concentration increases, the 

growth rates of cells in all layers decrease. Similar to the trend we discussed above, cells in the 

inner layers exhibit higher growth inhibition. Such an effect was more obvious at higher drug 

concentrations. By combining drug uptake and growth rate measurements from the same 

spheroids, we gained valuable insights into how drugs of different concentrations penetrate 

through 3D-cultured cells and consequently lead to heterogeneous cellular response gradients. 

Next, we explored the effects of the extracellular matrix (ECM) on drug uptake and response of 

3D spheroids. The spheroids studied in the previous sections were cultured with low-attachment 

plates, which is a scaffold-free approach. Although scaffold-free 3D culture methods have many 

advantages, including high throughput and better reproducibility, they fail to provide cell-matrix 

interactions in tissue. Here, we used Matrigel, a protein-based hydrogel that is a well-established 

biomedical material for growing spheroids.248,249 Figure 4.4A shows the C–H SRS images 

depicting a selection of representative spheroids cultured in Matrigel, showcasing significant 

variations in their size, shape, and structure. Most of the spheroids we selected for this study range 

from 200 to 400 µm in diameter. Compared to the round and densely packed spheroids observed 

in the scaffold-free method, as shown in Figure 4.1 and Figure 4.3, scaffold-based spheroids 

exhibit a more irregular shape and morphology. Notably, scaffold-based spheroids often display 

distinct cell-free regions within their structures, a characteristic not observed in scaffold-free 

spheroids. We postulate that these differences are likely caused by the distinct spheroid formation 

processes between the two approaches. In scaffold-free methods, spheroids are formed solely 
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through cell aggregation without the presence of surrounding supporting materials. Cells aggregate 

and adhere to each other, facilitated by cell-cell adhesion molecules, resulting in a tightly packed 

spherical structure.250–252 Subsequent cell growth and division lead to the enlargement of these 

spheroids. Conversely, in scaffold-based methods such as Matrigel culture, cells initially adhere 

to the surrounding extracellular matrix, forming an outer layer of the spheroid. Over time, these 

cells proliferate and gradually fill the inner regions of the spheroids, resulting in holes of various 

sizes and shapes between cells. 

 

Figure 4.4. Effects of extracellular matrix on lapatinib uptake and response of 3D cells. (A) 

Example C–H SRS images of 3D spheroids cultured in Matrigel. (B-D) Intracellular drug uptake 

(B), growth rate (C), and normalized growth rate (D) comparison between scaffold-based and 

scaffold-free 3D spheroids treated with lapatinib at 10 µM and d-LIV-labeled for 24 hours. Scale 

bars: 40 µM. 

 

To study the impact of the ECM on drug delivery and penetration, we treated Matrigel-cultured 

spheroids with 10 µM of lapatinib for 24 hours. We then compared the lapatinib uptake in these 
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spheroids to that in scaffold-free spheroids under the identical treatment. The single-spheroid drug 

uptake measurements were normalized by the 1450 cm-1 cell peaks. Figure 4.4B demonstrates that 

the drug uptake level in scaffold-based spheroids is significantly lower than in scaffold-free 

spheroids. Contrary to scaffold-free culture, where spheroids are directly exposed to drug 

solutions, the presence of the ECM in scaffold-based culture creates a physical barrier for drug 

diffusion. The observed disparity in drug uptake levels between the two culture methods highlights 

the significant role of the ECM in impeding drug penetration in the 3D tumor environment. 

Following our investigation into drug delivery and uptake, we compared spheroid growth rates 

between the two culture methods, as shown in Figure 4.4C. The control Matrigel-cultured 

spheroids exhibited slightly lower C–D/C–H SRS ratios, indicating a variance in growth rates. 

This reduction in growth rate can be attributed to the presence of ECM, which sterically hinders 

cell motion and migration and causes a less efficient nutrient delivery.201 Additionally, both control 

and drug-treated scaffolded spheroids displayed a larger variation in their growth rates compared 

to scaffold-free spheroids, likely arising from their diverse sizes, shapes, and structures. 

Furthermore, by normalizing the growth rates of drug-treated spheroids to those of their respective 

controls, we observed a smaller decrease in growth rates for scaffolded spheroids, depicted in 

Figure 4.4D. This is likely due to their significantly lower drug exposure, underscoring how the 

extracellular matrix influences not only drug penetration but also the resultant cellular responses 

to treatment. Notably, contrasting the significant reduction in drug uptake due to the extracellular 

matrix, the inhibition of spheroid growth was less pronounced. This suggests that while spheroid 

growth inhibition is related to drug concentration, the relationship is not linear. Given the much 

higher drug tolerance of 3D spheroids, modest growth rate inhibition changes at 10 µM of lapatinib 

treatment are expected despite large drug uptake changes. Overall, our findings highlight the 
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profound impact of spheroid culture conditions on drug delivery and cellular responses, 

demonstrating that the physical and biochemical environment significantly modifies the 

effectiveness of therapeutic interventions.  

Lastly, we investigated differences in 2D and 3D cell growth rate response to a chemotherapeutic 

drug, paclitaxel (Pac), molecular formula and structure shown in Appendix A Figure A.1B. We 

first calculated the drug concentration at which the 2D cell growth rate is reduced by half (GR50) 

using fixed A549 cells. The cells were treated with paclitaxel at varying concentrations, ranging 

from 0.2 to 5000 nM, for 24 hours. As shown in Figure 4.5A, by applying a sigmoidal fitting on 

the growth rate inhibition as a function of paclitaxel concentration, the GR50 concentration of 2D 

cells was determined to be 47.5 nM. Based on this measurement, we dosed cells and spheroids 

with 10, 50, and 100 nM of paclitaxel and performed live-cell SRS imaging after 24 hours of 

treatment. Representative C–H SRS images of drug-treated 2D and 3D cells are shown in Figure 

4.5B. In the 2D cellular environment, at a concentration of 10 nM, many cells showed 

morphological features corresponding to mitotic arrest and became multinucleate. When the 

dosage is as high as 100 nM, most 2D A549 cells lose their nuclei and other cellular contents, 

indicating mitotic cell death. These observations align with the reported treatment outcomes of 

paclitaxel as a microtubule-stabilising drug.253 Spheroids exhibited much less change under the 

same treatments. At a dosage of 10 nM, only very few cells around the spheroid periphery rounded, 

while the majority of cells maintained a healthy morphology. At a paclitaxel dosage of 100 nM, 

cells around the spheroid periphery rounded up, and their nuclei disappeared, showing signs of 

mitotic arrest. However, most cells in the spheroid remained less affected.  
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Figure 4.5. Cellular growth rate inhibition of 2D and 3D A549 cells treated with paclitaxel 

(Pac). (A) Growth rate response of fixed 2D cells treated with varying concentrations of Pac for 

24 hours. (B) Representative C–H SRS images of Pac-treated cells and spheroids. (C) Growth rate 

inhibition comparison between 2D and 3D cells. Scale bars: 40 µm. 

 

The growth inhibition comparison between 2D and 3D cells shown in Figure 4.5C matches these 

observations. In both 2D and 3D environments, the cell growth rate decreases as paclitaxel 
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concentration increases. Yet, the decreasing rate, i.e., the growth rate inhibition, is significantly 

less in 3D, showing the same trend as the lapatinib treatment (Figure 4.2C). Given that the dosed 

paclitaxel concentrations are below the limit of detection of our SRS method, the drug penetration 

is not measurable. It is possible that paclitaxel has low penetration through the spheroids, leading 

to minor growth inhibition.  

4.4 CONCLUSIONS 

Different cell culture architectures and microenvironments lead to distinct cellular responses 

during drug treatment. Cells cultured in 3D environments generally exhibit higher drug resistance 

compared to cells in 2D monolayer, but the effect could be highly dependent on drug property and 

mechanism of action. Understanding such differences is important not only for designing more 

effective drug screening approaches during drug development but also for optimizing dosage and 

improving drug treatment in patients. By exploring the spatial features and growth differences 

between 2D and 3D cells during drug exposure, we can illuminate potential reasons for increased 

resistance. Our drug imaging efforts complement existing genetic and proteomic techniques that 

can identify a broad spectrum of genes, proteins, and biochemical pathways contributing to these 

cellular response differences.  

Applying a robust three-band SRS imaging method capable of visualizing and quantifying both 

intracellular drug uptake and cellular growth response in 2D and 3D models, we performed a 

quantitative comparative analysis of drug uptake and its growth inhibition across different cell 

culture systems. For 3D cell imaging, most spheroids studied in this work, especially those cultured 

with the low attachment method, have a similar size of 240-270 µm diameter. Imaging at different 

depths would potentially fail to capture the innermost cells. To avoid such bias, the imaging depth 

was determined as the middle cross-section of the spheroids, which was ~120 µm. Since it was the 
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middle cross-section, it captures an entire range of uptake and response of cells in the spheroids. 

The z-sectioning resolution is around 1 µm, less than the lateral resolution. However, it is the same 

for 2D and 3D samples if we neglect small contributions from aberration. In addition, the 

ratiometric analyses (C–D/C–H and drug/cell peak) can largely correct the signal loss induced by 

imaging depth differences and aberration. Our findings reveal that despite the similar intracellular 

drug levels in both 2D and 3D A549 cells during treatment with lapatinib, the 3D spheroids exhibit 

a notably lower impact on their growth, indicating an increased tolerance that likely stems from 

the complex 3D microenvironment. We note that when comparing 2D and 3D cell growth rates, 

we multiplied the C–D/C–H SRS ratio of 2D cells by a factor of 4, which was determined by the 

d-LIV labeling duration difference between 2D and 3D cells. We have previously discovered that 

the C–D/C–H ratio of 2D cells has a linear dependence on d-LIV labeling time during the first 8 

hours; in this period, deuterated LIV replace their nondeuterated counterparts as cells grow and 

synthesize new proteins. After the cells grew in the d-LIV-supplemented medium for a while, 

deuterated LIV would replace both deuterated and nondeuterated amino acids, causing the C–D/C–

H SRS ratio increase rate to eventually slow down. Therefore, we multiplied the C–D/C–H SRS 

ratio of 2D cells labeled for 6 hours by a factor of 4 to estimate 2D cell growth of 24 hours. On the 

other hand, 3D spheroids have significantly lower growth rates and, therefore, were labeled with 

d-LIV for 24 hours for sufficient C–D signal. While it is possible that the C–D/C–H ratio slightly 

underestimates 3D cell growth, the normalized C–D/C–H ratio is independent of labeling duration 

and provides a more robust comparison of growth response differences between the two cellular 

environments. 

Our investigations further showed that limited drug penetration contributed to drug gradients in 

3D cell cultures. Interestingly, we discovered that even though the inner layer cells in spheroids 
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have less drug exposure and uptake, their growth rates experienced stronger inhibition, likely due 

to limited nutrient and oxygen availability. We also demonstrated that the presence of ECM can 

alter the spheroid structure, morphology, and growth and serve as a physical barrier that 

significantly impedes drug diffusion and uptake. The reduction in drug exposure can then lead to 

less prominent growth inhibition. These observations highlight how drug efficacy can be 

significantly modulated by the physical and biochemical environment surrounding the cells. 

Furthermore, our study extended beyond lapatinib to a chemotherapeutic drug, paclitaxel. Both 

morphological and quantitative information confirmed that cells in 3D exhibited significantly 

lower growth inhibition than in 2D under the same treatment. The agreement in spheroids having 

reduced growth inhibition than monolayer cells between different mechanisms of action drug 

treatments validated a generally enhanced drug tolerance in the 3D microenvironment. It is 

important to note that although the drugs studied in this work exhibited a similar trend in 2D and 

3D cell growth response, drugs with different mechanisms of action could have varied effects. Our 

SRS methodology provides an essential platform for further investigation of various drugs and 

their unique properties and interactions in different cellular environments. Moreover, while we 

focused on the A549 cell, a well-established cancer cell model, for this manuscript, our SRS 

method applies to other cell lines and culture methods. We anticipate that the general trend of 3D 

cells having higher drug tolerance than their 2D counterparts will extend to other cells, as this 

phenomenon has been reported in previous studies.196 Future studies can explore the drug uptake 

and response differences of drug-resistant cells or cells with gene mutations. These studies can 

broaden our understanding of cell-drug interactions and the development of drug resistance, 

helping to validate and expand the applicability of our conclusions across a wider range of cellular 

contexts. 
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Our three-band SRS imaging method not only advances our understanding of how biochemical 

and physical interactions affect drug resistance in 2D and 3D cellular systems but also sets the 

stage for more sophisticated drug testing with complex 3D culture models such as patient-derived 

organoids. The compatibility of SRS microscopy with tissue imaging enables the investigation of 

drug uptake and cell proliferation in patient-derived organoids and tissues. With the incorporation 

of epi-mode detection, this technique may also allow for in vivo monitoring and measuring drug 

penetration and cellular response in actual tumors in mice. Additionally, it is important to note that 

cell growth inhibition does not necessarily correlate with cell death. To enhance the robustness of 

our findings, our method can be integrated with viability measurements, such as live/dead staining 

and fluorescence imaging, to provide a more comprehensive profile of cellular responses during 

treatment in varying microenvironments. Moreover, coupling our results with RNA sequencing 

could identify specific genetic differences between cells under different culture conditions and 

drug treatments, thereby refining our understanding of the intricate drug resistance mechanisms. 

Overall, we anticipate that the continued refinement and application of these methods will yield 

critical insights necessary for understanding and overcoming drug resistance and improving 

treatment outcomes in clinical settings. 

 



CHAPTER 5. DISCRIMINATION OF LIPID COMPOSITION AND 

CELLULAR LOCALIZATION IN HUMAN 

LIVER TISSUES BY STIMULATED RAMAN 

SCATTERING MICROSCOPY 

The work presented in this chapter has been published in the following article254: 

Xu, F. X.; Ioannou, G. N.; Lee, S. P.; Savard, C.; Horn, C. L.; Fu, D. Discrimination of Lipid 

Composition and Cellular Localization in Human Liver Tissues by Stimulated Raman Scattering 

Microscopy. J Biomed Opt 2024, 29 (1), 016008. https://doi.org/10.1117/1.JBO.29.1.016008. 

5.1 INTRODUCTION 

In this chapter, we shift the focus from protein synthesis in cells to using SRS microscopy to 

study lipid metabolism in liver tissue samples. The molecular mechanisms driving the 

development of advanced fibrosing nonalcoholic steatohepatitis (NASH) and cirrhosis in a 

relatively small subset of persons with nonalcoholic fatty liver disease (NAFLD) are incompletely 

understood. Lipotoxicity is a prominent pathogenetic mechanism postulated to explain the 

progression of fatty liver disease from “simple steatosis” (or nonalcoholic fatty liver, NAFL) to 

NASH, accompanied by the development of hepatic necroinflammation and fibrosis. Lipotoxicity 

theories of NASH suggest that certain lipid molecules (e.g., cholesterol, ceramides, di-

acylglycerol, or free fatty acids) are responsible for initiating and/or driving the inflammation and 

fibrosis that characterizes NASH, whereas other lipid molecules (e.g., triglycerides) may be 

innocent bystanders that are present in NASH, even in relatively large quantities, but do not 

necessarily drive disease progression. The cellular (e.g., hepatocytes versus Kupffer cells versus 

stellate cells) and subcellular (e.g., within lipid droplets versus endoplasmic reticulum) localization 

https://doi.org/10.1117/1.JBO.29.1.016008
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of potentially harmful lipid species is also critical to understanding how lipotoxicity may 

contribute to NASH pathogenesis. We, and others, have been particularly interested in the potential 

role of cholesterol and cholesteryl esters as critical lipotoxic molecules in NAFLD progression, 

including the implications of both its cellular and subcellular localization.255–259 

Raman microscopy is a technique that has been applied to NAFLD only recently and has great 

potential in further clarifying the role of lipotoxicity in NASH because it can characterize both the 

type and spatial localization of relevant lipid molecules.260–264 Specifically, Minamikawa et al. 

applied Raman microscopy to visualize the distribution of lipid droplets in hepatocytes in NASH 

model mice liver tissues and demonstrated its capability of characterizing the molecular features 

of accumulated microvesicular and macrovesicular lipid droplets.260 Takemura et al. utilized 

spontaneous Raman to evaluate steatosis and retinol content in rat liver tissues at the nascent state 

of NAFLD.261 Diagnosing states of NAFLD in mice models can also be achieved by Raman micro-

spectroscopy combined with machine learning algorithms.262–264 Our group has been involved in 

the development of hyperspectral stimulated Raman scattering (hsSRS) microscopy as an 

advancement over traditional Raman microscopy, which offers several advantages such as 

increased imaging sensitivity and acquisition speed.69–71,265 Moreover, the SRS signal has a linear 

dependence on the analyte concentration, making it an ideal tool for quantitative chemical 

composition analysis.266 Previous research has demonstrated the utility of SRS microscopy in 

investigating subcellular distributions and metabolic dynamics of lipid molecules in cells and 

tissues.76,84,82,267–271 By leveraging the spectral differences between lipid species, SRS microscopy 

has shown its potential in classifying different types of lipid molecules. Specifically, our lab has 

applied hyperspectral SRS imaging, i.e., acquiring SRS images at a series of vibrational 

frequencies, in the carbon–hydrogen (C–H) stretching region, between 2825 and 3050 cm–1, to 
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quantitatively differentiate and localize cholesteryl esters and triglycerides in cells and mouse liver 

and adrenal gland tissues.82 Wang et al. demonstrated that fingerprint region (within 400 – 1800 

cm-1) SRS imaging enables the classification of crystalline cholesterol, cholesteryl esters, and 

triglycerides in atherosclerotic arterial tissues. 84 Moreover, SRS microscopy can also distinguish 

saturated lipid molecules (i.e., fatty acid (FA) chains have all single carbon–carbon bonds) from 

unsaturated lipids (fatty acid chains contain carbon–carbon double bonds) and determine the 

saturation level of specific lipid species. For instance, Jia et al. employed SRS imaging for 

quantifying triglycerides of different saturation degrees based on the ratio between the =C–H band 

at 3010 cm-1 and the CH2 band at 2850 cm-1 in fibrotic liver tissues.271 

In this work, we applied the dual-band SRS imaging system presented in Chapter 2 that 

simultaneously acquires hyperspectral data from both C–H stretching and fingerprint region to 

accurately classify free cholesterol, saturated cholesterol ester, unsaturated cholesterol ester, and 

triglyceride. We also report our image analysis pipeline that enables characterizing the content and 

cellular localization of these lipid species in liver tissue sections from NAFL and NASH patients 

and compare them with traditional polarization microscopy used for identifying cholesterol 

crystals. We anticipate that the SRS imaging and analysis pipeline we developed here can be used 

in future studies to provide insights into how these lipid molecules might exert lipotoxic effects 

and contribute to the progression from NAFL to NASH. 

5.2 MATERIALS AND METHODS 

5.2.1 Patients with biopsy-proven NAFL and NASH 

Patient data, serum specimens, and liver tissue were derived from a biorepository at Veterans 

Affairs Puget Sound Healthcare System (VAPSHCS). This biorepository prospectively recruited 

patients undergoing clinically indicated liver biopsies and stored liver tissue that was flash-frozen 
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in liquid nitrogen immediately after the liver biopsy. We identified patients with NAFLD based 

on histological hepatic steatosis on liver biopsy in the absence of hepatitis C virus (negative serum 

HCV antibody and HCV RNA), hepatitis B virus (negative serum HBV surface antigen), excessive 

alcohol consumption (dedicated alcohol questionnaire administered on the day of the liver biopsy), 

iron overload (hepatic stain and serum iron markers), or markers of autoimmune liver diseases. 

Liver slides were prospectively reviewed by a hepatopathologist who scored the grade of steatosis 

(1-3), inflammation (0-3), ballooning degeneration (0-2), and the stage of fibrosis (0-4) according 

to the system proposed by Kleiner et al.272 We randomly selected frozen liver tissue specimens 

from patients with NAFLD who either had histological “isolated steatosis (NAFL)” or “fibrosing-

NASH” defined as follows: 

A. “Isolated Steatosis”, also known as “nonalcoholic fatty liver” or NAFL 273 (n=5): Defined by 

histological steatosis grades 1-3, inflammation grade 0-1, fibrosis stage 0, and ballooning 

degeneration grade 0. 

B. “Fibrosing-NASH” (n=7): Defined by histological steatosis grades 1-3, inflammation grade 

1-3, fibrosis stage 1-3, and ballooning degeneration grade 1-2. We purposefully selected patients 

with NASH who had fibrosis because fibrosis is the histological feature most strongly associated 

with adverse long-term outcomes in patients with NAFLD.274,275 

5.2.2 NAFLD tissue sectioning and slide preparation 

A 2-3 mm piece of repository stored frozen human liver biopsies were snap frozen in OCT 

Compound. 10 µm sections of the livers were cut on a cryostat, placed on glass slides, and stored 

at -70 degrees. For polarization and SRS analysis, the slides were thawed at room temperature for 

10 minutes and then coverslipped with Aquamount (ThermoFisher, Kalamazoo, MI) using No.1.5 
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cover glass. Sections were immediately viewed using a polarizing microscope followed by the 

SRS imaging system. 

5.2.3 Dual-band hsSRS microscopy system 

The schematic diagram of the SRS imaging setup used for this project is shown in Figure 5.1. 

The Stokes beam was generated by an ultrafast oscillator (Light Conversion FLINT-FL2) at a 

center wavelength of 1030 nm. The pump beams were generated using two home-built optical 

parametric oscillators (OPOs) at center wavelengths of 790 and 880 nm that probe the C–H and 

fingerprint regions, respectively. The synchronized femtosecond laser pulses were chirped to 

approximately 2 ps using SF11 glass rods. The temporal delay between the pump and Stokes pulses 

was controlled by a motorized delay stage (Zaber X-DMQ-AE). The combined beams were sent 

into a home-built microscope equipped with a 40x water immersion objective (Nikon N40XLWD-

NIR, NA = 1.15). A polarizing beam splitter was used to control the polarization state of the 

incident beams at the sample plane. The polarizing beam splitter was configured to transmit 

linearly polarized light along the y-direction. At the sample, the power of both pump and Stokes 

beams was 40 mW. The two pump beams were separated by a dichroic after the sample and 

detected separately using an amplified Si photodiode, and the SRS signals were extracted by a 

dual-channel lock-in amplifier (Liquid instruments Moku:Pro). All images collected were 512 × 

512 pixels with a spatial resolution of approximately 400 nm.  
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Figure 5.1. Schematic diagram of the dual-band hyperspectral SRS microscopy system for 

liver tissue imaging. The Stokes beam is generated directly by an ultrafast laser, FLINT-FL2, at a 

center wavelength of 1030 nm. The second harmonic of 1030 nm pulse is used to pump two optical 

parametric oscillators (OPOs) to generate two synchronized pump beams at 790 nm and 880 nm. 

The two pump beams are combined by an 808 nm long pass (808 LP) dichroic mirror. The three 

beams are then combined with a 1000 nm short pass (1000 SP) dichroic mirror and synchronized 

using a delay stage (DS). The overlapped pulses are sent into a homebuilt upright microscope 

system (obj: objective; cond: condenser). The SRS signals are detected by two photodiodes (PDs) 

and demodulated with a multi-channel lock-in amplifier (LIA). 

5.2.4 Spectral unmixing and lipid classification 

To determine the cellular distribution of free cholesterol, cholesteryl ester (CE), and triglyceride 

(TAG), we collected the calibration standard SRS spectra of free cholesterol (Sigma-Aldrich), 

saturated CE (cholesteryl palmitate (13.1% CE, Sigma-Aldrich) and cholesteryl stearate (1.94% 

CE, Sigma-Aldrich)), unsaturated CE (cholesteryl linoleate (47.1% CE, Sigma-Aldrich) and 
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cholesteryl oleate (20.3% CE, Sigma-Aldrich)), and TAG (1,3-dioleoyl-2-palmitoyl glycerol 

(11.7% TAG, Cayman Chemical), glyceryl trioleate (3.25% TAG, Sigma-Aldrich), 1-myristoyl-

2-oleoyl-3-palmitoyl-rac-glycerol (0.911% TAG, Cayman Chemical), 1,2,3-tri-heptadecenoyl 

glycerol (~0.1% TAG, Cayman Chemical)). We selected these CE and TAG calibration samples 

based on their high abundance in three human NAFLD tissue samples (2 diagnosed as NAFL and 

1 as NASH) measured with MS-spectroscopy in our laboratory.  

We examined previously frozen liver tissue samples from 12 NAFLD patients, including 5 

classified as NAFL and 7 as fibrosing-NASH. For each liver tissue slice, we acquired hyperspectral 

stacks of SRS images in both the C–H stretching region in the high wavenumber window, between 

2800 and 3060 cm-1, and the C=C/C=O stretching region in the fingerprint window, between 1645 

and 1780 cm-1. The lipid droplets were segmented from the surrounding non-lipid components, 

such as collagen, by thresholding the 2850/2930 cm-1 ratiometric image. A nonnegative linear 

least-squares spectral unmixing algorithm (MATLAB Isqnonneg) was applied to both the C–H 

and the fingerprint region spectra for spectral unmixing of each pixel in lipid droplets. The spectral 

unmixing results from the two spectral bands were combined to generate lipid composition maps. 

5.2.5 Brightfield and polarized light microscopy system 

Liver tissue section slides were viewed by the Nikon Ni-E microscope using brightfield and 

polarization filters prior to hyperspectral SRS imaging. Images were taken using a Nikon color 

camera. 

5.2.6 Assessment of hepatic free cholesterol 

Free cholesterol was extracted with water, methanol, and chloroform solvents (1:1:1 v/v/v). The 

chloroform fractions were dried using nitrogen gas, and the residues were dissolved in deuterated 
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chloroform. NMR spectra were obtained using an 800 MHz Bruker Avance III spectrometer. Free 

cholesterol signal was identified, and its concentration was obtained using the residual solvent 

signal from the solvent as the internal reference. 

5.2.7 Assessment of other hepatic lipids 

Lipids were extracted using dichloromethane/methanol after the addition of 54 isotope-labeled 

internal standards. The extracts were concentrated under nitrogen and reconstituted in 10 mM 

ammonium acetate in dichloromethane:methanol (50:50). Lipids were analyzed using the Sciex 

Lipidyzer platform consisting of a Shimadzu LC and AB Sciex QTRAP 5500 MS/MS system 

equipped with SelexION for differential mobility spectrometry (DMS). Multiple reaction 

monitoring (MRM) was used to target and quantify lipids in positive and negative ionization 

modes with and without DMS. 

5.3 RESULTS 

5.3.1 Quantitative classification of lipid molecules 

We obtained SRS spectra of several lipid standard samples as calibration standards to facilitate 

the identification of different lipid molecules. The normalized C–H region and fingerprint region 

SRS spectra of free cholesterol, CE, and TAG are demonstrated in Figure 5.2A and B, respectively. 

The SRS spectra of all imaged lipid standard samples are presented in Appendix B Figure B.1. We 

observed clear spectral differences between free cholesterol, CE, and TAG. The relative peak 

heights in the 2850 – 2950 cm-1 region and around 3010 cm-1 are distinctive between different 

molecules. The spectral separations in the fingerprint are also distinct. Free cholesterol has a single 

sharp peak, resulting from C=C stretching, at 1673 cm-1 and no peak near 1740 cm-1; whereas both 

CE and TAG molecules contain C=O bonds that contribute to an additional peak at around 1740 
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cm-1. Compared to CE, the C=C Raman peak of TAG shifts lower while the C=O shifts slightly 

higher. More interestingly, we observed a significant spectral difference between saturated CE and 

unsaturated CE. As indicated with shaded lines in Figure 5.2, in the C–H region, saturated CE has 

a strong peak at around 2880 cm-1, a small peak at 2850 cm-1, and no peak at 3010 cm-1, whereas 

unsaturated CE has four peaks at 2865 cm-1, 2900 cm-1, 2930 cm-1, and 3010 cm-1. Additionally, 

the saturated CE has a strong Raman peak at 1667 cm-1 in the fingerprint region (green shaded 

line), and unsaturated CE has a peak near 1656 cm-1 (blue shaded line). These differences allow 

spectral separation and identification of the saturated and unsaturated CE. 

 

Figure 5.2. SRS spectra of cholesterol crystal, saturated cholesteryl ester, unsaturated 

cholesteryl ester, and triglyceride in the C–H region (A) and fingerprint region (B). Shaded lines: 

main spectral differences between saturated CE (green) and unsaturated CE (blue). (C) Ternary 

plot of the calculated fractions of three-component mixtures using SRS imaging and the spectral 

unmixing algorithm. Black circles: lipid standard mixture fractions. Red dots: calculated lipid 

fractions. 

We then evaluated the accuracy of the classification and quantification of different types of lipid 

molecules with a ternary solution system. We performed SRS imaging and the linear least-squares 

spectral unmixing analysis on mixtures of cholesterol, cholesteryl oleate (representing CE), and 

glyceryl trioleate (representing TAG) at different ratios in CDCl3 solutions. The SRS spectra of 
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cholesterol, unsaturated CE, and TAG in both the C–H stretching region (2800 – 3060 cm-1) and 

fingerprint region (1645 – 1780 cm-1) were used for the unmixing analysis. The quantitative 

determination of lipid concentrations in three-component mixtures is shown in Figure 5.2C, with 

black circles representing the lipid standard mixture percentages and red dots indicating the 

calculated lipid percentages. The accuracies of the calculated concentrations are above 92%, with 

an average of 95.3%, validating that our imaging and analysis system provides a quantitative 

identification and classification of different lipid molecules based on their spectral information. 

5.3.2 Lipid composition and cellular localization in human NAFLD tissues 

We examined frozen liver sections from 12 NAFLD patients (7 NASH, 5 NAFL) via 

hyperspectral SRS imaging in the C–H and fingerprint regions, followed by linear least-squares 

spectral unmixing analysis. Our image processing pipeline is shown in Figure 5.3. In the acquired 

SRS images, many non-lipid tissue components, predominantly proteins, contain abundant CH3 

bonds and therefore generate strong signals at the CH3 peak at 2930 cm-1. In contrast, all lipid 

species are CH2 bond-rich and hence produce strong signals at the CH2 peak around 2850 cm-1.68 

Leveraging this spectral difference, we can separate lipid molecules from their surrounding 

components by taking the ratio between SRS images at 2850 cm-1 and 2930 cm-1, which highlights 

lipid contents and suppresses signals from other species. We generated a binary lipid map for each 

tissue by thresholding the R2850/2930 ratiometric image (Figure 5.3C). After isolating lipid droplets 

from non-lipid backgrounds, including collagen and cell cytoplasm, we apply the linear least-

squares spectral unmixing algorithm on each pixel of the lipid droplets in hyperspectral SRS 

images of both spectral regions to obtain the molar percentages of free cholesterol, saturated CE, 

unsaturated CE, and total TAG. We note that 100% is defined as the total concentration of these 

four aforementioned lipid species. We then plotted the mole percent measurements as percentage 
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maps for each classified lipid type, as shown in Figure 5.3F - I. To evaluate the performance of 

the fitting algorithm, we demonstrated three example pixel SRS spectra and their spectral 

unmixing algorithm fitted results in Appendix B Figure B.2A - C. The spectral unmixing results 

were determined as the sum of each individual lipid spectrum multiplied by its calculated 

percentage. The three pixels were selected from regions that were classified with higher 

percentages of TAG (Appendix B Figure B.2A), saturated CE (Appendix B Figure B.2B), or free 

cholesterol (Appendix B Figure B.2C). Overall, the spectral unmixing results overlap well with 

the SRS spectra. We also generated fitting error maps for spectra in both C–H and fingerprint 

regions individually (Appendix B Figure B.2D). We evaluated the fitting error by the squared 

value of the fitting residual norm. A smaller residual norm value represents a more accurate fitting 

result. We also explored the distributions of TAG at different unsaturation levels by including 

spectra of TAG containing both saturated and unsaturated FA chains and TAG containing 

exclusively unsaturated FAs in the spectral unmixing algorithm. We demonstrated the comparison 

between lipid percentage maps generated by the two versions of the spectral unmixing algorithm 

in Appendix B Figure B.3. Both spectral unmixing algorithm versions generated similar free 

cholesterol, saturated CE, and unsaturated CE percentage maps with comparable fitting error maps. 

The total TAG map generated in version 1 matches the sum of the two different unsaturation level 

TAG maps in version 2. 
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Figure 5.3. Schematic diagram of the image analysis pipeline and representative SRS images 

and lipid composition maps of a liver tissue section from a patient with NASH. From the SRS 

images at 2850 cm-1 (A) and 2930 cm-1(B), we use the R2850/2930 ratiometric image to create a 

binary lipid map (C). We then perform the linear least-squares spectral unmixing analysis on both 

C–H and fingerprint region hyperspectral SRS images of lipid molecules (D-E) to generate mole 

percentage maps of free cholesterol, saturated CE, unsaturated CE, and TAG (F-I). The percentage 
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maps of free cholesterol and saturated CE are also shown with a scale extending only from 0-10% 

(for cholesterol) and 0-40% (for saturated CE) rather than for 0-100% in order to make more 

apparent the distribution of these lipids that are present in much lower relative percentages than 

unsaturated CEs and TAGs. Scale bar: 50 µm. 

 

We discovered that in the examined tissues, the localization of TAG and unsaturated CE are 

overall uniform across all lipid droplets. TAG is the dominant lipid species in the majority of lipid 

droplets, with an average percentage above 50-60%. We observed that distributions of TAG of 

different saturation levels are also uniform, with a slightly higher percentage of higher unsaturation 

degree TAG (Appendix B Figure B.3). Interestingly, saturated CE and free cholesterol have much 

lower percentages and less uniform distributions compared to TAG and unsaturated CE in all 

tissues. We adjusted the contrast of both percentage maps from 0 – 100% to 0 – 40% and 0 – 10%, 

respectively, to better visualize saturated CE and free cholesterol in the representative field-of-

view shown in Figure 5.3. In Figure 5.3G, saturated CE forms a cluster below the center of the 

image but is not present in other lipid droplets. In Figure 5.3F, we observed that the algorithm 

classifies the outer periphery of most lipid droplets as free cholesterol. This pattern agrees with the 

localization of free cholesterol determined by filipin staining (Appendix B Figure B.4). However, 

it is important to note that because free cholesterol abundance is quite low, this percentage map is 

potentially susceptible to fitting errors. As illustrated in Appendix B Figure B.2C, the fingerprint 

region spectral unmixing result of a pixel selected from a region classified with higher free 

cholesterol shows a lower fitting accuracy with its SRS spectrum compared to the other pixels. 

The SRS spectrum is nosier in the 1700 – 1780 cm-1 region due to the lower SRS intensity from 

C=O vibration, which could lead to higher spectral unmixing inaccuracy. Additionally, as shown 

in the corresponding C–H region spectra fitting error map in Appendix B Figure B.2D, the squared 

residual norm value is higher around the edges of all lipid droplets. Based on lipidomics analysis 



 

 

93 

data shown in Appendix B Table B.1, the average percentage of free cholesterol in a NASH tissue 

sample is at the level of 0.001%. If its distribution is only at the surface of droplets, as filipin 

staining suggested276,277, the local concentration could be much higher and reach the detection limit 

of SRS. Nonetheless, quantifying free cholesterol with current SRS sensitivity may suffer from a 

lower accuracy compared to the other lipid species. 

The submicron resolution of SRS microscopy allows us to investigate the subcellular distribution 

of analyzed lipid species in each lipid droplet. Three representative lipid droplets in an examined 

NASH tissue are shown in Figure 5.4. Most interestingly, we discovered that saturated CE tends 

to self-associate into a heterogeneous subcellular localization pattern. Saturated CE molecules are 

observed to be predominantly near the boundary of the lipid droplet. In lipid droplets such as lipid 

droplet 1 in Figure 5.4, saturated CE appears as arcs surrounding the central TAG and unsaturated 

CE core. In certain areas, as shown by lipid droplet 2, an enriched condensate of saturated CE can 

form crescent-like deposits. We hypothesize that these saturated CE molecules are inclined to self-

aggregate to create a microenvironment where they can easily interact with the lipid droplet 

envelope consisting of phospholipids and free cholesterol at the periphery. It is also possible that 

the crescent-like localization of saturated CE allows them to bind to abundant membrane proteins. 

Occasionally, further enrichment of saturated CE leads to a uniform deposit pattern across the lipid 

droplet, as shown in Figure 5.4 lipid droplet 3. Overall, the heterogeneity in the spatial distribution 

of specific lipid molecules confirmed that imaging techniques with spatially resolved capability 

are essential for investigating the functions and interactions of various lipid species. We note that 

the polarization state of the incident laser beams at the sample plane may also contribute to the 

observed lipid distribution patterns. However, we found that the localization patterns of lipid 



 

 

94 

molecules in general displayed random orientations and shapes across multiple samples, which 

suggests that they were not dominated by the laser polarization state. 
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Figure 5.4. The 2850 cm-1 SRS images and percentage maps of three representative lipid 

droplets selected from the frozen liver section of a patient with NASH. The three lipid droplets 

demonstrate homogeneous TAG and unsaturated CE compositions but heterogeneous free 

cholesterol and saturated CE compositions. Scale bar: 10 µm. 

5.3.3 Identifying the origin of birefringent crystals in NAFLD tissues 

Polarized light microscopy has been used to investigate the association of cholesterol crystal 

formation with high cholesterol uptake in NAFLD tissues. It was hypothesized that cholesterol 

crystal leads to strong birefringence, which can be easily detected with polarized light microscopy. 

These crystals were indeed observed in both mouse tissue and human liver sections from patients 

with NASH.258,278 Furthermore, the birefringence signals of these crystals were found to be 

strongly correlated with NASH progression.256 However, the identity of those birefringent crystals 

was never conclusively determined due to a lack of spatially resolved chemical information. To 

investigate the chemical composition of the birefringent crystals, we performed SRS imaging and 

analysis on human tissue sections immediately after acquiring polarization images using polarized 

light microscopy. The brightfield, polarization images, and SRS imaging generated percentage 

maps of the same regions for two NAFLD tissues are shown in Figure 5.5. We selected a typical 

NAFL tissue section region with no birefringent signals (A) and a NASH tissue section region 

with abundant birefringent crystals (B). The NASH tissue contains a high accumulation of 

birefringent crystals in the center region and low birefringent signals in the surrounding lipid 

droplets. This pattern matches the saturated CE percentage map. The spatial difference between 

the polarization image and saturated CE percentage map is caused by the imaging tissue depth 

difference, as the polarized light microscope has a much larger depth of focus compared to SRS 

microscopy. Similarly, the extremely low percentage of saturated CE in the selected NAFL tissue 

(Figure 5.5A) agrees with its corresponding polarization image. The distributions of free 
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cholesterol, unsaturated CE, and TAG suggested by their percentage maps have low spatial 

correlations with the strong birefringent signals. In both NAFL and NASH tissue images, the 

calculated free cholesterol accumulates around the periphery of lipid droplets, and the unsaturated 

CE and TAG localizations are uniform across the entire imaged regions. 
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Figure 5.5. Brightfield, polarization images, and percentage maps of a NAFL tissue section 

region with low birefringent signals (A) and a NASH tissue section region with abundant 

birefringent crystals (B). Pixel percentage correlation plots between birefringent signals in 

polarization images and different lipid species. Scale bar: 50 µm. (C) Evaluation of spatial 

correlation between the polarization images and lipid percentage maps for 7 NAFLD tissues with 

standard deviations as error bars.  

 

We observed the same correlation trends in all imaged human liver tissue samples. We evaluated 

the spatial correlation between birefringent signals and different lipid molecules by converting the 

polarization images and lipid percentage maps to binary maps and comparing their pixel values. 

The correlation score was calculated for each tissue image as the number of matching pixels 

between the two binary images divided by the total number of pixels. A correlation score closer to 

1 indicates a better matching between the two images. We report the correlation scores of the four 

lipid molecules for 7 NAFLD tissues in Figure 5.5C. The average correlation score of saturated 

CE is as high as 0.94, with a low standard deviation of 0.06, indicating a strong spatial correlation 

between birefringent signals in polarization images and saturated CE accumulation. The average 

correlation scores between birefringent signals and other lipid molecules, free cholesterol, 

unsaturated CE, and TAG, are 0.72, 0.63, and 0.60, respectively, with high standard deviations of 

0.18, 0.22, and 0.22. These lower average correlation scores and larger variations indicate lower 

matchings between the distribution of birefringent signals and the localization of these lipid 

molecules. This reveals that these lipid species play less significant roles in birefringent crystal 

formation. 

We plotted out the average percentages of different lipid species based on SRS-imaged regions 

of liver tissue sections from patients diagnosed with NAFL and NASH (Appendix B Figure B.5). 

The two groups had no statistical significance for all lipid species, partially due to the limited 
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sample size for each patient. More importantly, we observed abundant birefringent crystals in some 

regions of NAFL tissues and specifically selected these regions for SRS imaging, resulting in a 

selection bias with much higher percentages of saturated CE. These regions with strong 

birefringent crystals in NAFL may indicate the development of NASH. In homogeneous sample 

measurements, such as lipidomics analysis, these early signs of NASH development are 

susceptible to being overlooked because of their low percentages compared to the rest of the tissue. 

With larger tissue size and unbiased sampling, our SRS method is suitable for detecting regions 

with abundant saturated CE to provide insights into the progression from NAFL to NASH. 

5.4 DISCUSSION 

Understanding the molecular mechanisms underlying the disease progression from NAFL to 

NASH is crucial for both the prevention and treatment of NASH. Lipotoxicity induced by different 

lipid molecules is thought to play a critical role in the development and progression of NASH. 

Lipidomics analysis is a well-established technique for quantifying lipid composition, but it does 

not provide spatial information and therefore hinders the investigation of lipid localization 

heterogeneity in the analyzed specimens. In comparison, SRS microscopy offers both spatial 

(cellular and subcellular) and chemical information on lipid species classification and 

quantification. In this work, we presented an SRS method that combines C–H and fingerprint 

region to characterize the distribution of different lipid species in liver tissue sections from 

NAFLD patients. We note that the dual-band hyperspectral SRS system is not a fundamental 

requirement for the study, as the same analysis pipeline can be applied to images acquired with 

conventional single-band SRS systems by tuning laser wavelength. However, the simultaneous 

acquisition of SRS images in the two separate spectral regions without wavelength tuning 

improves imaging speed by two-fold and minimizes imaging inaccuracy caused by sample 
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movement, focus drift, or laser power fluctuation. By collecting spatial and spectral information 

from hyperspectral SRS imaging in both the high wavenumber C–H stretching region and the 

fingerprint C=C/C=O stretching region, we demonstrated spatially resolved mapping of free 

cholesterol, saturated CE, unsaturated CE, and TAG distribution in lipid droplets. We developed 

an image acquisition and processing pipeline that allows us to explore the cellular and subcellular 

localization patterns of these different lipid molecules.  

We found that TAG is the most abundant lipid species and distributes uniformly across all 

hepatocyte lipid droplets in the human NAFLD tissues, followed by unsaturated CE. Saturated CE 

has a much lower mole percentage than TAG and unsaturated CE. These results agree with 

lipidomics analysis. Importantly, we found that only saturated CE and free cholesterol have a 

heterogenous distribution pattern: saturated CE molecules tend to self-aggregate around the 

periphery of a small percentage of lipid droplets, and further enrichment can lead to a relatively 

uniform localization within the lipid droplets, while the outer periphery of lipid droplets is the 

most probable location for free cholesterol to accumulate. The cholesterol distribution is supported 

by filipin staining, but quantification is susceptible to fitting errors due to its low abundance and 

thus requires further validation. 

We then used the developed pipeline to investigate the composition of birefringent liquid crystals 

that have been previously associated with NASH progression. We discovered a high spatial 

correlation between the birefringent crystals and saturated CE by comparing SRS images and 

polarization images of the same tissues. This finding is supported by previous studies reporting 

that CE molecules can form liquid crystalline lattices in lipid droplets.279 Indeed, we have observed 

the emergence of liquid crystals with typical “Maltese crosses” in liver biopsies of animal models 

of NASH preceding the onset of inflammation and fibrosis.278 The strong spatial correlation 
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indicates that the main composition of these birefringent liquid crystals is saturated CE, suggesting 

that the presence and the fate of saturated CE (e.g., lipolysis, phase equilibrium, and phase 

transition of cholesterol) may also play a vital role in NASH progression. It is important to note 

that the spatial correlation between the polarization and SRS images is reduced by two factors: one 

being the imaging depth mismatch between the polarized light and SRS microscopy systems, and 

the other is that other components, mainly collagen, also generate birefringent signals in the 

polarization images. In polarization images, the collagen signals can overlap with signals of the 

birefringent crystals of interest, hindering the visualization of crystal distribution. Our developed 

SRS imaging and analysis system addressed this problem by separating signals from non-lipid 

components, such as collagen, to only focus on lipid molecules. With the spatially resolved 

capability of SRS imaging, we observed that some small regions in clinically diagnosed NAFL 

tissue sections contain accumulated saturated CE, which are potential indicators of NASH 

development. Future studies will focus on elucidating the origin of saturated CE aggregation in 

lipid droplets and its role in the pathogenesis of NASH. The SRS microscopy platform can be used 

to test specific hypotheses of lipotoxicity and may have potential clinical applications in the future 

if SRS “markers” associated with clinical outcomes are identified.262–264 

Our work has some limitations. We only focused on free cholesterol, cholesterol esters (saturated 

and unsaturated), and triglycerides (of different saturation levels) in this work. Due to their lower 

percentages in examined NAFLD tissues (~3% TAG), the classification of TAG containing only 

saturated FAs, i.e., saturated TAG, was not included in this work. The Raman spectral difference 

between saturated TAG and other lipid species has been explored in previous studies. As Czamara 

et al. reported, although saturated TAG has a similar Raman spectrum as saturated CE in the C–H 

stretching region with subtle peak shifts and relative peak intensity differences, they have 
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significant spectral differences in the C=C/C=O stretching region in the fingerprint window. 

Specifically, saturated TAG has no peak near 1660 cm-1 due to a lack of C=C bond and has double 

peaks at 1743 cm-1 and 1729 cm-1.280 Leveraging these spectral differences, classification of 

saturated TAG can also be achieved using the SRS spectral unmixing algorithm. Moreover, future 

studies can expand the SRS technique to explore other lipid species, such as free fatty acids and 

phospholipids. However, it is important to note that there is a limitation in the number of lipid 

species that can be classified by SRS imaging depending on the spectral difference between 

different lipid molecules. Increasing the spectral window in the fingerprint region may help, but 

due to the limited sensitivity of SRS imaging, it is difficult to reliably quantify lipid species with 

a molar percentage at the level of or below 5%. Therefore, while SRS imaging is not a substitute 

for other techniques such as lipidomics in the comprehensive profiling of lipids, it can be used in 

conjunction with lipidomics to provide complementary spatial information and a more detailed 

characterization of the lipid composition in NAFLD tissues. In conclusion, we believe that the 

SRS imaging and analysis pipeline we developed provides a valuable tool for characterizing the 

spatial distribution of different lipid species in human liver sections, which appear to be 

inhomogeneous in NAFL/NASH. It offers great potential for gaining new insights into the 

molecular mechanisms of the progression from NAFL to NASH. 

 



CHAPTER 6. INVESTIGATION OF LIPID PEROXIDATION IN 

CELL FERROPTOSIS USING STIMULATED 

RAMAN SCATTERING MICROSCOPY 

 

 

6.1 INTRODUCTION 

In this chapter, we demonstrate another unique and powerful capability of SRS microscopy by 

leveraging its spectral analysis capabilities to investigate chemical reaction mechanisms, 

specifically focusing on lipid metabolism during cell ferroptosis. Ferroptosis is an iron-dependent, 

lipid peroxidation-driven form of regulated cell death that is distinct from other types of cell death, 

such as apoptosis, necrosis, and autophagy.281–284 Unlike these other forms of cell death, ferroptosis 

is characterized by the accumulation of lipid peroxides within a cell, ultimately leading to oxidative 

damage and permeabilization of cellular membranes.285 This process is dependent on iron, which 

acts as a catalyst in the formation of reactive oxygen species (ROS) through Fenton chemistry, 

which drives the peroxidation of polyunsaturated fatty acids (PUFAs) within membrane 

phospholipids.286 Glutathione peroxidase 4 (GPX4) is a critical enzyme that inhibits ferroptosis by 

reducing lipid hydroperoxides to their corresponding alcohols, thereby preventing the 

accumulation of toxic lipid peroxides.287 RSL3 is a small molecule that directly inhibits GPX4, 

thereby promoting the accumulation of lipid peroxides and inducing ferroptosis.288 

Lipid peroxidation is a free radical-mediated process that proceeds through three main steps: 

initiation, propagation, and termination.289–292 The initiation step involves the formation of a lipid 

radical (R•), which occurs when a PUFA is attacked by a reactive radical species, such as a 

hydroxyl radical (•OH), leading to the abstraction of a hydrogen atom. The propagation step is the 
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core of lipid peroxidation, during which lipid peroxyl radicals (ROO•) are generated and propagate 

the chain reaction. This step can occur through two potential mechanisms. The first mechanism is 

hydrogen atom transfer (HAT), in which a lipid peroxyl radical (ROO•) abstracts a hydrogen atom 

from a neighboring lipid molecule (RH), forming a new lipid radical (R•) and lipid hydroperoxide 

(ROOH). The newly formed lipid radical can react with another oxygen molecule to form another 

peroxyl radical, thereby continuing the chain reaction. The second potential mechanism is peroxyl 

radical addition (PRA), during which the lipid peroxyl radical (ROO•) adds directly to the double 

bond of another lipid molecule, resulting in the formation of a more stable, conjugated radical. The 

PRA mechanism often leads to the formation of electrophilic lipid species, which are highly 

reactive and can modify proteins and other cellular components, contributing significantly to 

cytotoxicity.293–295 This cycle of hydrogen abstraction and radical formation is a defining feature 

of the propagation phase and leads to the spread of lipid peroxidation across the cellular membrane. 

Finally, the termination step of lipid peroxidation occurs when two radical species react to form a 

non-radical product, effectively halting the chain reaction. This step often requires the presence of 

antioxidants, such as vitamin E (α-tocopherol), which donate a hydrogen atom to lipid peroxyl 

radicals, thereby preventing further propagation.296 

Previous studies have demonstrated that different exogenous lipids can either protect against or 

promote lipid peroxidation and ferroptosis in cells. For instance, monounsaturated fatty acids 

(MUFAs) have been shown to inhibit ferroptosis by preventing lipid ROS accumulation at the 

plasma membrane.297,298 Nonconjugated PUFAs, such as linoleic acid (NLA 18:2) and arachidonic 

acid (AA 20:4), have been shown to sensitize cells to ferroptosis due to their susceptibility to 

oxidation via HAT, which leads to the formation of lipid peroxyl radicals. Conjugated PUFAs, 

such as conjugated linoleic acid (CLA 18:2), have exhibited a higher cytotoxicity than 
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nonconjugated PUFAs, possibly due to their propensity to undergo oxidation via peroxyl radical 

addition. It has been shown that oxidation via PRA proceeds at a much faster rate than oxidation 

via HAT.294 These findings collectively suggest that the structure of fatty acids, specifically the 

presence of conjugated versus nonconjugated double bonds in PUFAs, plays a crucial role in 

determining their reactivity and impact on ferroptosis. 

Despite current findings, most of the techniques used to study lipid peroxidation and ferroptosis 

are still limited. Many of these methods, such as cell viability assays, rely on bulk measurements 

that average signals across large populations of cells, obscuring important heterogeneity at the 

single-cell level. Additionally, endpoint assays, such as lipidomics and fluorescence-based 

detection of lipid peroxides, provide only static snapshots of lipid peroxidation, lacking the ability 

to capture the dynamic nature of lipid oxidation and cell death processes.299,300 The required 

extensive sample processing or staining for these techniques may alter the targeted chemicals, 

biasing the results. These limitations highlight the need for new approaches that can provide real-

time, spatially resolved information on lipid peroxidation in live cells. Recently, stimulated Raman 

scattering (SRS) microscopy, a label-free, vibrational imaging technique, has demonstrated its 

great potential in visualizing the subcellular lipid peroxidation reaction sites in cells.301 In this 

work, we propose to leverage SRS’s capability of detecting and quantifying specific chemical 

bonds within biological environments to monitor changes in lipid composition and oxidation states 

at the subcellular level. Specifically, we aim to use SRS microscopy to differentiate between the 

peroxidation mechanisms of conjugated and nonconjugated PUFAs, providing valuable 

experimental evidence on their distinct chemical bond changes during lipid peroxidation. 
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6.2 METHODS AND MATERIALS 

6.2.1 Hyperspectral SRS microscopy 

The hyperspectral SRS microscopy setup has been reported in detail in our previous work.21 

Briefly, a broadband femtosecond dual beam laser system (Spectra-Physics Insight DS+) outputs 

a wavelength-tunable beam (pump) and a fixed beam at 1040 nm (Stokes) at an 80 MHz repetition 

rate. The pump beam is chirped to approximately 3 ps with high-dispersion SF11 dense flint glass 

rods (GR, Newlight Photonics). The Stokes beam is modulated at 20 MHz with an electro-optical 

modulator (EOM, Thorlabs) and coupled into a 4-m polarization-maintaining Yb-doped fiber 

(YB1200-10/125 DC-PM, Thorlabs) for parabolic amplification22, then chirped to approximately 

3 ps using a grating stretcher (GS, LightSmyth). The two beams are combined with a 1000 nm 

short pass (SP) dichroic mirror (Thorlabs) and temporally overlapped using a motorized delay 

stage (DS, Zaber X-DMQ-AE).  

The synchronized laser beams are directed into a home-built upright laser scanning microscope 

equipped with a 40× water immersion objective (Nikon N40XLWD-NIR, NA = 1.15) and an oil 

immersion condenser (Nikon MEL41410, NA = 1.4). The pump beam is isolated with a 1000 nm 

SP filter (Thorlabs) and detected by an amplified Si photodiode (PD). The signal is then 

demodulated with a lock-in amplifier (LIA, Zurich Instruments H2FLI) with a time constant of 4 

μs to generate 512 × 512-pixel SRS images. For SRS imaging of the HT-1080 cells, 40 mW of the 

pump beam at 800 nm for C–H, 851 nm for C–D, and 887 nm for fingerprint region, and 72 mW 

of the Stokes beam were used. 
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6.2.2 Cell culture and slide preparation 

HT1080 cells (ATCC) were cultured in high-glucose DMEM containing 10% fetal bovine serum 

and 1% penicillin-streptomycin (Gibco). One day prior to imaging, cells were seeded at a density 

of 1.2 x 103 cells per well in 8-well glass bottom chamber slides (ThermoFisher). The cells were 

allowed to adhere to the slide for 8 hours, and then media was replaced with media containing 80 

uM lipid. All lipids in this study were obtained from Cayman Chemical. On the day of imaging, 

the media was replaced with media containing 50 nM RSL3 and incubated for 0-4 hours. Once 

treatment was complete, the media was aspirated and slides were rinsed with phosphate buffered 

saline (PBS) (Gibco). The cells were fixed on the slides using 4% paraformaldehyde. PBS was 

added to the wells after fixation to prevent morphological changes associated with drying.  

6.3 PRELIMINARY RESULTS 

6.3.1 SRS imaging of cells undergoing RSL3-induced ferroptosis 

Our preliminary results show that SRS microscopy can effectively visualize lipid droplets and 

track the process of lipid peroxidation in live cells (Figure 6.1). HT-1080 cells were treated with 

RSL3 for 0-4 hours. The cells were imaged with the SRS setup demonstrated in Figure 6.1A 

immediately after fixation. An interesting feature we observed is illustrated in Figure 6.1B. In a 

small population of cells, small hollow features began to form in the cell cytoplasm with RSL3 

treatment. As the RSL3 treatment time increased, this phenomenon progressed and caused more 

and bigger holes to form. Although this observation has not been reported previously, we 

hypothesize that these holes indicate damaged ER membranes since ER has been reported as the 

primary site for lipid peroxidation.301 
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Figure 6.1. SRS imaging of HT-1080 cells during RSL3-induced ferroptosis. (A) Schematic 

diagram of the SRS microscopy system. (B) SRS images show the morphological changes during 

ferroptosis, with arrows indicating holes formed in the cell cytoplasm. (C) Cell area change (left) 

and 2930 cm-1 C-H SRS intensity change (right) during RSL3 treatment, with error bars showing 

standard deviations.  (D) Averaged SRS spectra of cell cytoplasm in the C-H stretching (left) and 

amide (right) regions. Scale bars: 20 µm. 
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Another notable change during RSL3-induced ferroptosis is cell size. As presented in Figure 

6.1C, the cell area remained consistent with a small increase during the first 2 hours, then decreased 

significantly after 3-4 hours of treatment. During the later 2 hours of treatment, the majority of 

cells shrank and started to round up, which is an indication of cell death.302 The corresponding cell 

intensity change shows an opposite trend. The cell intensity slightly decreased and then increased 

with increased RSL3 treatment time. This trend could be attributed to two factors. The first factor 

is the change in the cell area. When the cells were flattened out, the averaged SRS intensity of the 

whole cell was lower compared to when the cells rounded up. The other factor is lipid droplet (LD) 

formation, a reported phenomenon during the early stage of ferroptosis303, which leads to an 

increase in SRS intensity.  

Since the onset of lipid peroxidation primarily occurs in organelles within the cell cytoplasm301, 

we segmented out the cell cytoplasm regions and illustrated their C-H stretching region (2800 – 

3035 cm-1) and amide region (1575 – 1760 cm-1) SRS spectra in Figure 6.1D. The RSL3 treatment 

did not introduce notable spectral shifts. The cell cytoplasm intensity changes in both spectral 

regions followed a similar trend as the whole cell signal intensity change. 

6.3.2 Lipid peroxidation of conjugated PUFAs 

To investigate the different peroxidation reaction mechanisms and potential products of 

conjugated versus nonconjugated PUFAs, we first incubated HT-1080 cells with conjugated 

linoleic acid (CLA 18:2) overnight before RSL3 treatment and SRS imaging. The SRS images of 

CLA-incorporated cells are shown in Figure 6.2A. Compared to control cells without exogenous 

lipids (Figure 6.1B), CLA-incorporated cells demonstrate significantly higher cytotoxicity with 

severe cell shrinkage and loss of cellular content, especially after 4 hours of RSL3 treatment. This 

is also reflected in Figure 6.2B, in which the cell cytoplasm SRS intensity decreased with a longer 
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treatment time. This observation is likely caused by the higher reactivity of conjugated PUFAs 

towards oxidation than their non-conjugated counterparts, as they preferentially undergo oxidation 

via peroxyl radical addition rather than hydrogen atom transfer (Figure 6.2D).  
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Figure 6.2. SRS imaging of lipid peroxidation of conjugated linoleic acid (CLA 18:2). (A) 

SRS images of CLA-incorporated cells during RSL3 treatment. (B) Cell cytoplasm SRS spectra 

in the C-H stretching region. (C) Normalized SRS spectra of cell cytoplasm in the C=C/amide 

region. Left: SRS spectra normalized by the amide peak for visualizing lipid-to-protein ratio. 

Middle: Zoomed in on the CLA peak of the normalized spectra. Right: Normalized CLA peak with 

Lorentzian fitting to visualize the spectral shift induced by lipid peroxidation. (D) Proposed 

oxidation mechanisms and products of CLA.  

 

CLA has a strong conjugated C=C SRS peak at 1653 cm-1, which induces a shift and a significant 

intensity increase in the cell cytoplasm SRS spectra in CLA-incorporated cells. To visualize the 

lipid-to-protein ratio change during lipid peroxidation, we normalized the cell cytoplasm 

C=C/amide SRS spectra by the amide peak. As demonstrated in Figure 6.2C, the lipid-to-protein 

ratio, in general, decreased as RSL3 treatment time increased, indicating the degradation and 

peroxidation of the lipid. We applied Lorentzian fitting to smooth the SRS spectra for better 

visualization of the lipid spectral shift. A longer RSL3 treatment time leads to a blue shift of the 

lipid peak. This trend shows the loss of the conjugated C=C bond, which aligns with our expected 

mechanisms shown in Figure 6.2D. 

6.3.3 Lipid peroxidation of nonconjugated PUFAs 

The NLA C=C peak overlaps with the amide peak at 1656 cm-1, as shown in Figure 6.3C. In 

order to dissect the effects of peroxidation on NLA from the contribution of amide spectral 

information, we employed C13-NLA, which has its C=C peak at ~1598 cm-1, well-separated from 

the amide peak. Although the overall cell intensity change was less than in CLA-incorporated cells 

(Figure 6.3A-B), we also observed a lipid-to-protein ratio decrease (Figure 6.3D). Interestingly, 

the NLA C=C peak exhibits a slight blue shift as RSL3 treatment time increases. The primary 

hydroperoxide product of HAT-mediated peroxidation has a conjugated double bond (Figure 
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6.3E), which would lead to a red shift of the peak. We hypothesize that the primary hydroperoxides 

then undergo PRA oxidation, forming a more complicated hydroperoxide product. The strong 

electron withdrawing group can lead to a blue shift of the lipid peak, which matches what we 

observed experimentally in NLA-incorporated cells. Further investigations are needed to validate 

our proposed oxidation mechanism (Figure 6.3E). 

 
Figure 6.3. SRS imaging of lipid peroxidation of nonconjugated linoleic acid (NLA 18:2). (A) 

SRS images of NLA-incorporated cells during RSL3 treatment. (B) Cell cytoplasm SRS spectra 

in the C-H stretching region. (C) Spectral difference of cells incorporating C12 or C13-NLA. (D) 

Normalized SRS spectra of C13-NLA-incorporated cell cytoplasm in the C=C/amide region. Right: 
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C13-NLA peak with Lorentzian fitting to visualize the spectral shift induced by lipid peroxidation. 

(E) Proposed oxidation mechanisms and products of NLA. 

6.4 SUMMARY OF PRELIMINARY RESULTS AND NEXT STEPS 

We observed that cells treated with conjugated linoleic acid (CLA 18:2) exhibited higher levels 

of cytotoxicity compared to cells treated with nonconjugated linoleic acid (NLA 18:2) or vehicle 

control. Furthermore, subtle shifts in the Raman peak positions corresponding to C=C bonds were 

detected, indicating changes in the conjugation state of lipids during peroxidation. Specifically, 

we observed a blue shift in the lipid peak, which indicates the loss of conjugation during 

peroxidation. We also discovered a blue shift in the NLA peak, the cause of which requires further 

investigation. These findings demonstrate the potential of SRS microscopy to provide new insights 

into the mechanisms of lipid peroxidation and ferroptosis, particularly with respect to the unique 

reactivity of conjugated versus nonconjugated PUFAs. 

By revealing how different fatty acids undergo distinct chemical transformations during lipid 

peroxidation, our approach offers new insights into the molecular underpinnings of ferroptosis. 

This knowledge is crucial for understanding how lipid metabolism influences cell fate and for 

identifying new therapeutic strategies to modulate ferroptosis in diseases such as cancer and 

neurodegeneration.  
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CHAPTER 7. CONCLUSIONS AND FUTURE DIRECTIONS 

7.1 DISSERTATION SUMMARY 

This dissertation presents significant advancements in stimulated Raman scattering (SRS) 

microscopy and its applications in protein and lipid metabolism studies. The work described across 

the chapters highlights the potential of SRS microscopy as a versatile and powerful tool for 

investigating complex biological systems with high spatial, temporal, and chemical resolution, 

providing novel insights at cellular and molecular scales and demonstrating its unique capabilities 

in biomedical applications. 

In Chapter 2, we introduced a novel multi-channel SRS microscopy system capable of 

simultaneous imaging in two distinct spectral regions. This system, developed using a femtosecond 

laser combined with dual-output tunable optical parametric oscillators (OPOs), enables 

hyperspectral imaging with significantly expanded spectral coverage. By eliminating the need for 

sequential wavelength tuning, the system enhances imaging speed, reproducibility, and reliability, 

addressing key limitations of conventional SRS microscopy. These improvements allow for more 

accurate quantification of both chemical and morphological features in biological samples. This 

dual-band system was applied to visualize and quantify fatty acid accumulation, drug uptake, and 

lipid unsaturation levels, demonstrating its potential for concurrent spatial and biochemical 

analysis. This technological advancement sets the stage for the subsequent applications explored 

in this dissertation. 

Chapters 3 and 4 focused on protein metabolism, specifically leveraging SRS microscopy to 

study cell growth rates and drug response in 2D and 3D microenvironments. In Chapter 3, we 

developed a ratiometric SRS imaging-based technique utilizing deuterium-labeled amino acids to 

quantify protein synthesis rates at the single-cell level. This approach offered a robust and rapid 
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method for evaluating drug responses with a short turnaround time, providing complementary 

insights to traditional cell viability and proliferation assays. Chapter 4 extended this methodology 

to compare intracellular drug uptake and growth inhibition in 2D monolayer cells and 3D 

spheroids, uncovering critical differences in their drug-cell interactions driven by intricate 

microenvironmental factors in 3D cultures. These results highlight the importance of studying 

cellular responses using physiologically relevant models during drug discovery and testing. 

In Chapter 5, we shifted our focus to lipid metabolism, where SRS microscopy was employed 

to analyze lipid composition and spatial distribution in liver tissue sections from patients with 

different stages of nonalcoholic fatty liver disease (NAFLD). Utilizing dual-band hyperspectral 

SRS imaging, we mapped key lipid species, including free cholesterol, saturated and unsaturated 

cholesterol esters, and triglycerides, correlating their distributions with disease progression. This 

study showcases the ability of SRS microscopy to provide spatially resolved biochemical 

information, offering new insights into lipid metabolism and its dysregulation in metabolic 

disorders. 

Chapter 6 explored the promising capability of SRS microscopy to investigate chemical reaction 

mechanisms, with a focus on lipid peroxidation during ferroptosis. By analyzing subtle spectral 

shifts associated with the oxidation of polyunsaturated fatty acids (PUFAs), we identified distinct 

chemical pathways linked to different conjugation levels in PUFAs. This study provided valuable 

insights into the molecular mechanisms underlying ferroptosis, advancing our understanding of 

how lipid oxidation contributes to this regulated cell death process. These findings demonstrated 

the potential of SRS microscopy to leverage its spectral analysis capabilities for detailed 

mechanism studies, broadening its applications in biochemical research. 
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Collectively, this dissertation showcases the tremendous potential of SRS microscopy in life 

sciences, addressing critical challenges in studying metabolic processes and enabling novel 

applications in complex biomedical research. 

7.2 FUTURE DIRECTIONS 

The advancements presented in this dissertation pave the way for expanding the capabilities of 

SRS microscopy in future research. The noninvasive and label-free nature of SRS microscopy 

makes it ideal for monitoring dynamic biological processes, including cell-drug interactions, in 

real time. Spectral focusing SRS is particularly well-suited for studying rapid biochemical 

changes, such as lipid remodeling or protein synthesis, by enabling fast delay adjustments and 

arbitrary discrete spectral sampling. This approach provides unparalleled insights into time-

sensitive processes like cell division, signal transduction, and drug responses. Additionally, SRS 

microscopy can be utilized to track disease progression or evaluate drug efficacy dynamically, 

making it a powerful tool for studying cellular responses to environmental changes. 

SRS microscopy’s compatibility with tissue and organoid imaging presents unique opportunities 

for studying complex biological systems. Patient-derived organoids, which mimic tissue structures 

and functions, serve as robust models for disease research and drug development.304,305 SRS 

imaging provides spatially resolved metabolic information in these models, complementing 

traditional assays for evaluating therapeutic responses. Furthermore, with epi-detection setups, 

SRS microscopy could be extended to in vivo studies, enabling real-time monitoring of metabolic 

processes in animal models and bridging the gap between preclinical studies and clinical 

applications. 

Integrating SRS with complementary techniques creates a comprehensive platform for studying 

biological systems, driving innovation in both fundamental research and translational applications. 
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One critical integration is coupling SRS microscopy with fluorescence microscopy. While 

fluorescence microscopy excels in sensitivity and specificity, SRS microscopy provides label-free 

imaging of endogenous molecules. Combining these techniques enables simultaneous mapping of 

labeled and unlabeled targets, facilitating a deeper understanding of metabolic pathways. For 

instance, fluorescence microscopy can track specific biomolecules or cellular structures, while 

SRS provides complementary information on broader morphological and biochemical contexts.122 

Additionally, combining SRS with live-dead staining assays can decouple measurements of cell 

viability and growth, offering richer insights into cellular responses to treatments. This dual-

modality approach is particularly valuable for studying protein-lipid interactions, drug 

localization, and metabolic dynamics in cells and tissues. 

The integration of SRS microscopy with omics technologies, such as proteomics and lipidomics, 

further enhances its utility. Proteomics enables comprehensive profiling of protein expression and 

post-translational modifications, while lipidomics provides detailed quantification of lipid species 

and molecular composition. When combined with the spatial resolution of SRS, these approaches 

bridge molecular and spatial information, offering a multidimensional view of metabolic 

processes. For example, correlating SRS imaging data with mass spectrometry-based proteomics 

could reveal how protein localization influences functional pathways in disease progression. 

Similarly, combining SRS with lipidomics could elucidate the interplay between lipid spatial 

distribution and metabolic regulation, providing critical insights into diseases like NAFLD and 

cardiovascular disorders. 

In addition, integrating SRS microscopy with transcriptomics offers new opportunities for 

comprehensive studies of metabolic regulation.306 Transcriptomics reveals changes in gene 

expression that drive metabolic alterations, while SRS maps the spatial and biochemical outcomes 
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of these changes. This combination could elucidate how genetic regulation influences metabolic 

phenotypes, offering insights into disease mechanisms or therapeutic responses. For instance, 

correlating transcriptomic profiles with SRS imaging could uncover connections between gene 

expression patterns and localized biochemical alterations in cells and tissues, advancing our 

understanding of cellular and molecular processes. 

Finally, the incorporation of artificial intelligence (AI) into SRS microscopy presents immense 

potential for advancing its capabilities. AI-driven tools can enhance image quality through 

denoising or unmixing spectral data, enabling faster and more accurate identification of different 

molecular species.142 Deep learning models can predict biochemical patterns from sparse data, 

facilitating high-throughput studies of metabolic pathways.307 Moreover, AI-based algorithms can 

support automated classification of cellular organelles, identification of disease-specific 

biomarkers, and efficient analysis of large datasets.144 These capabilities significantly broaden the 

scope of SRS microscopy applications in biomedical research. 

In conclusion, integrating SRS microscopy with complementary techniques such as fluorescence 

microscopy, omics technologies, transcriptomics, and AI offers a pathway for exciting 

advancements in biomedical research. These combinations provide a more comprehensive 

understanding of biological systems, driving innovation in studying protein and lipid metabolism, 

disease mechanisms, and therapeutic development. The future of SRS microscopy lies in its ability 

to evolve and integrate with emerging technologies, solidifying its role as a cornerstone technique 

in life sciences. 
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APPENDIX A 

 

 

Figure A.1. Molecular formulas and structures of (A) lapatinib and (B) paclitaxel, drugs used 

in this study. 
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Figure A.2. Intracellular drug uptake measurements with normalization using the C–H peak 

intensity at 2930 cm-1. (A) 2D A549 cells treated with lapatinib (Lap) of 1–10 µM. (B) 3D A549 

spheroids treated with Lap of 1–100 µM. (C) Comparison of 2D and 3D cellular drug uptake. 
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Figure A.3. Field-of-view (FOV) normalization for spheroid imaging. The natural curvature 

of each FOV can result in severe stitching artifacts (left in A). We generated FOV normalization 

masks using cell-free regions and normalized them to have an intensity ranging from 0 to 1. Each 

SRS image was divided by the FOV mask before stitching. The stitching artifacts were 

significantly reduced (right in A). (B) Signal intensity profiles before and after FOV normalization. 

Scale bars: 40 µm. 
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APPENDIX B 

 

Figure B.1. C–H region and fingerprint region SRS spectra of cholesteryl esters (CE) and 

triglycerides (TAG) of different saturation levels. 
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Figure B. 2. Representative pixel SRS spectra and corresponding spectral unmixing algorithm 

fitting results (A-C) and fitting error maps (D) of a representative liver tissue section from a patient 

with NASH. The corresponding free cholesterol, saturated CE, unsaturated CE, and total TAG 

percentage maps are shown in Figure 5.3F - I. (A) SRS spectra of a pixel selected from a TAG-
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dominated region. (B) SRS spectra of a pixel selected from a saturated CE-dominated region. (C) 

SRS spectra of a pixel selected from a high cholesterol percentage region. The intensity of each 

pixel in the fitting error maps (D) represents the square of the fitting residual norm. A lower square 

residual norm value means more accurate fitting. Scale bar: 50 µm.  
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Figure B.3. Comparison of two spectral unmixing algorithm versions with a representative 

liver tissue section from a patient with NASH. Spectral unmixing algorithm version 1: SRS spectra 

of free cholesterol, saturated CE, unsaturated CE, and average TAG (Figure 5.2) were used for 

spectral unmixing. Spectral unmixing algorithm version 2: spectra of free cholesterol, saturated 



 

 

150 

CE, unsaturated CE, and two TAG of different unsaturation levels (Figure B.1, 1-Myristoyl-2-

Oleoyl-3-Palmitoyl-rac-glycerol as TAG containing both saturated and unsaturated FAs, and 

1,2,3-Tri-Heptadecenoyl Glycerol as TAG containing only unsaturated FAs) were used for spectral 

unmixing. Scale bar: 50 µm.  
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Figure B.4. Filipin staining for free cholesterols in the same liver tissue (different section) as 

Figure 5.3 from a patient with NASH. Free cholesterol tends to localize around the outer periphery 

of lipid droplets. Scale bar: 50 µm. 
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Figure B.5. Average percentages of different lipid species in the imaged regions of liver tissue 

sections from patients diagnosed with NAFL versus NASH. 

 

  



 

 

153 

 

Group 

CE 
Free 

Cholesterol 
TAG DAG FFA 

nmol/ 

mg liver 

nmol/ mg 

liver 

nmol/ mg 

liver 

nmol/ 

mg liver 

nmol/ mg 

liver 

NAFL  

Average 2065.303 1.297 54328.152 5679.604 22542.003 

St Dev 1108.389 0.810 38711.715 3727.636 8573.912 

% of total lipids 1.847 0.001 48.581 5.079 20.157 
      

NASH  

Average 3040.530 1.179 92521.356 9542.998 31285.772 

St Dev 1753.570 0.578 49763.588 5249.500 14950.443 

% of total lipids 1.831 0.0007 55.708 5.746 18.838 
      

Ratio of 

NASH/NAFL 
1.472 0.909 1.703 1.680 1.388 

t-test 0.104 0.663 0.035 0.039 0.084 

 

Table B.1. Average NAFL and NASH human liver biopsy hepatic lipid composition measured 

by lipidomics analysis.  

Statistical analysis was performed using the Student t-test. CE: cholesteryl ester; TAG: 

triglyceride; DAG: diglyceride; FFA: free fatty acid. 
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